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Abstract 

 

This PhD thesis investigates the impact of ground-level ozone (O3) pollution on wheat 

yields, focusing on areas in Europe, Asia, and particularly in China's productive arable 

regions. The research employs a mechanistic photosynthesis-stomatal conductance 

model (ὃ Ὣ άὩὧὬ), DO3SE-crop, integrated with an O3 damage module to develop a 

new flux-based dose-response relationship for wheat crops in Europe, utilizing a 

comprehensive dataset from European O3 fumigation experiments. The model's 

robustness (R2 = 0.82) is demonstrated, showing its effectiveness in simulating stomatal 

conductance (Ὣ ) and photosynthesis (ὃ ) under high O3 concentrations and in 

predicting yield loss determinants such as the timing of senescence. 

The thesis further extends the DO3SE-crop model, integrating it with the JULES-Crop. 

This integrated DO3SE-crop model successfully simulates crop development and yield, 

reflecting the differential impact of O3 on tolerant and sensitive wheat cultivars with high 

accuracy when evaluated for 2007, 2008, and 2009, with an R² of 0.73 and an RMSE of 

58.41 g/m². Moreover, the thesis identifies the variance in yield reduction as primarily due 

to premature senescence and reduced carbon assimilation under elevated O3 levels, 

advancing leaf senescence by 7-9 days.  

The DO3SE-Crop model, when calibrated for different Chinese agro-ecological zones 

(AEZs), exhibited an acceptable level of precision in simulating crop phenology, with 

estimated emergence and maturity dates aligning within a margin of 2.5 weeks of the 

observed data. The model also effectively simulates crop yield, with an accuracy range of 

± 84 g/m2 as a mean yield by AEZ. However, the study also reveals the importance of 

accounting for regional climatic conditions in O3 damage assessment, highlighting the 

disproportionate impact of early O3 flux accumulation on certain AEZs. The study 

underscores the necessity of considering regional differences in AEZs for accurate 

parameterization of crop models, aiming to enhance their relevance and improve O3 

damage assessment across varied international contexts. 
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1. Introduction 

 

1.1 Global food security 

Global food security is a pressing issue, especially considering the projected growth in 

world population from 7.4 billion in 2017 to 9.7 billion in 2050 (Fukase and Martin, 2020). 

This surge in population demands a significant increase in agricultural output. By 2050, 

an expected increase of 70% in agricultural production from current levels is required to 

ensure food security, including raising annual cereal production to 3 billion tonnes 

(FAO,2009; Muhie, 2022). Cereal grains, especially rice and wheat, meet the global 

populationsô calorific needs (Reynolds et al., 2022). In developing countries, cereals 

provide between 60%-80% of daily calories compared to 30% in developed countries 

(Reynolds et al., 2022). Wheat offers essential calories and is a crucial source of dietary 

protein, serving as a staple for 35% of the global population (Grote et al., 2021). 

Moreover, it is, therefore, a vital crop for global food security; the current global 

distribution of wheat production as M kcal of energy produced is shown in Fig 1 

(Reynolds et al., 2022).  

Fig. 1. Geography of wheat production (estimated M kcal energy produced by wheat per 

pixel. ca 10 x 10 km2) prepared using SPAM 2010 and other sources (Reynolds et., 

2022). Here, the global map highlighting the food calorie supply from wheat production in 

different regions of the world. The color-coded legend on the bottom of the map indicates 

the amount of food calories supplied in millions of kilocalories, with a spectrum ranging 

from light grey for less than 1 million kcal, to dark red for regions supplying over 100 

million kcal. 
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Wheat's adaptability to various growing conditions also makes it a versatile crop and, 

hence, one that is cultivated around the globe as a staple crop. For instance, in 

2009/2010, 226 million hectares were used for wheat cultivation, yielding 650 million 

metric tons (MMT) of grain (Reynolds et al., 2022). This production increased to 750 

MMT in 2016-2018, as reported by FAO in 2019. The global wheat production in 2020 is 

760 MMT, with China, India, and Russia accounting for 41% of this total (Reynolds et al., 

2022); these countries have been significant wheat producers since the 1960s. However, 

China and India have increased wheat production tenfold from some 10+ MMT each in 

the early 1960s to each surpassing 100 MMT currently(Reynolds et al., 2022).This has 

led China and India to become the top two global producers of wheat (Reynolds et al., 

2022). Asia also stands out as the primary aggregate consumer of wheat, with 53% of 

global wheat consumption. By contrast, Europe comprises 26% of global wheat 

consumption, with the Americas and Africa each taking approximately 10% of the share 

in consumption (Reynolds et al., 2022).  

Future agricultural production and output are very likely to be vulnerable to climate 

change and air pollution. Crop yields, particularly for wheat, rice, and maize, will 

decrease by 5ï10% in the next 30 years in China as a result of climatic changes (Xiao et 

al., 2005). An increase in extreme temperature with increasing mean temperatures can 

severely affect critical crops (Liu et al., 2016). 1-degree Celsius increase into the more 
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extreme temperatures above a threshold of 30°C leads to a 0.3-0.58 % decrease in 

wheat grain filling duration in irrigated wheat (Ishaque et al., 2023). Furthermore, another 

modelling study has estimated that global wheat yields would decrease by 6% with a 1-

degree Celsius rise in global mean temperature (Asseng et al., 2015). Temperature 

changes will also affect wheat phenology; crop modelling studies have found that higher 

mean growing season temperatures affect phenology, usually resulting in faster growth 

rates and shorter growing and reproductive seasons of up to 25 days (Ishaque et al., 

2023). Such studies have also predicted that anthesis would occur earlier (Ishaque et al., 

2023). There is a consensus that drought reduces crop yield. For example, drought has 

contributed to a significant yield loss of 1.28% per year in main wheat-growing regions in 

China (Chen et al., 2016) between 1964 and 2015, droughts and heatwaves reduced EU 

wheat yields by 11.3% (Brás et al., 2021). Ground- level ozone (O3) is arguably the most 

important air pollutant known to pose a phytotoxic threat to arable productivity (Pleijel 

et.al., 2022. Low levels of tropospheric O3 concentration exist naturally in the 

environment and are termed ónaturalô or óbackgroundô O3 concentrations (Emberson, 

2020a). However, O3 precursor gases (e.g., nitrogen oxides (NOx) and volatile organic 

compounds (VOCs)) are emitted due to anthropogenic activities related to industry, 

transport, and power generation and lead to elevated O3 concentrations (Yadav et al., 

2019; Li et al., 2020). The resulting O3 pollution is considered the air pollutant most 

damaging to arable productivity (Zhao et al., 2020). This is primarily due to the high 

phytotoxicity of O3 and its high concentrations over rural (and hence agricultural) regions 

due to the secondary nature of O3 pollution (i.e., it is formed from primary óprecursorô air 

pollutant emissions under hot, sunny conditions prevalent during crop growing seasons 

(Emberson et al., 2018). 

The Intergovernmental Panel on Climate Change's Fifth Assessment Report (AR5) 

predicts a significant rise in global surface temperatures throughout the 21st century 

across all examined scenarios for greenhouse gas emissions (Challinor et al., 2014; 

Konduri et al., 2020). This warming is expected to significantly increase the frequency, 

intensity, and duration of extreme weather phenomena, including heatwaves and heavy 

rainfall, in many parts of the world. 

The IPCC AR5 Working Group 2's report on Food Security and Food Production Systems 

includes graphics (referred to as Fig. 2 A and B) that compile findings from multiple 

studies on the effects of climate change on four key crops worldwide (Konduri et al., 
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2020). The synthesis of these studies predominantly indicates a downward trend in crop 

yields during the historical period from 1960 to 2013, as illustrated in Figure 1A (Challinor 

et al., 2014; Konduri et al., 2020) . Furthermore, many of these studies forecast 

significant yield reductions in various global regions, particularly as the twenty-first 

century progresses, as depicted in Figure 1B (Challinor et al., 2014; Konduri et al., 2020). 

This anticipated decrease in yields towards the century's end underscores the potential 

challenges in maintaining food security amid changing climate conditions. 

Fig. 2. is derived from the IPCC's Fifth Assessment Report (AR5), illustrates anticipated 

changes in global agricultural output due to alterations in temperature and precipitation 

patterns, predicting a notable reduction in crop production worldwide. Furthermore, it 

suggests that climate change will likely lead to greater year-to-year fluctuations in crop 

yields in various regions. Part A of the figure provides an overview of the estimated 

effects of climate changes from 1960 to 2013 on four principal crops across different 

global regions, with the number of studies referenced for each crop type indicated in 

parentheses. Part B offers a synthesis of future yield projections throughout the 21st 

century, considering various greenhouse gas emission scenarios and factoring in the 

potential impacts in both temperate and tropical regions, with and without the 

implementation of adaptation strategies (Challinor et al., 2014; Konduri et al., 2020). 
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Short-term predictions from the IPCC indicate potential yield increases in Europe and 

North America, where warmer conditions could prolong the growing seasons at higher 

latitudes, and elevated CO2 levels may enhance crop growth (Godde et al., 2021). 

However, in lower latitudes and particularly in the tropics, the benefits of increased CO2 

are unlikely to outweigh the adverse effects of climate change, with yields expected to 

diminish (Godde et al., 2021). The impact on wheat, rice, and maize across tropical and 

temperate zones is anticipated to be harmful once local temperatures rise by 2°C or more 

from late 20th-century levels, barring any adaptive measures (Godde et al., 2021). While 

some areas might see benefits, the overall projection indicates a mix of outcomes, with 
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some models suggesting yield increases of over 10% and others forecasting losses 

greater than 25% between 2030 and 2049 relative to late 20th-century benchmarks. A 

global temperature rises of approximately 4°C or more, coupled with an increasing 

demand for food, presents a substantial threat to food security on both global and 

regional scales, underscoring the critical need for effective adaptation strategies to 

safeguard future food supplies (Godde et al., 2021). 

Using a modelled approach, the study estimated that under the climate and CO2 

conditions prevalent in the 2000s, wheat productivity suffered a loss due to O3 of 1.1-

13.3%. The loss is projected to increase to 6.5-21.8% in the 2020s across the region 

examined (Tao et al., 2017). Meta-analytical experiments have shown that wheat yields 

may decrease by 3-50% when O3 levels, defined as a 7-hour daylight average over the 

growing season, vary between 5-115 parts per billion (ppb) (Mills, Sharps, Simpson, 

Pleijel, Broberg, et al., 2018). Utilizing dose-response relationships from such 

experiments for risk assessments (Pleijel et al., 2007), it is estimated that O3-related yield 

reductions globally range from a mean 9.9% in the northern hemisphere and 6.2% in the 

southern hemisphere, resulting in a production decline of about 85 MMT (Mills, Sharps, 

Simpson, Pleijel, Broberg, et al., 2018). In the future, increasing global atmospheric CO2 

and temperature trends will lead to a significant change in climate. Such changes can 

directly affect O3 concentration; additionally heat waves can increase the probability of 

extreme O3 concentration events (Guarin et al., 2019). These studies help to exemplify 

the interconnectedness between climate change and O3 air pollution stressors to global 

arable agriculture.  

1.2 Global trends in ozone formation, transport, deposition, and removal 

As a secondary pollutant O3 is intricately linked to the emissions of precursor pollutants 

and the chemical rates of production in the atmosphere, as well as any chemical 

destruction and deposition processes Fig. 3. is formed as precursors undergo 

photochemical reactions with light of wavelengths <430 nm in the atmosphere (Sharma 

et al., 2016). These O3 precursors, namely VOCs, CO, NOx (NO and NO2), and methane 

(CH4) can be either natural or anthropogenic. NOx and VOCs, in particular, are 

considered chief O3 precursors near the ground surface, while CO and CH4 contribute 

towards O3 formation mainly in the free troposphere (10-20 km), but in high 

concentrations, they also contribute to near-surface O3 production (Reid et al., 2008; Lu 

et.al., 2019). Understanding these processes and their implications is crucial for us, as it 
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empowers us to make informed decisions and take necessary actions to mitigate the 

impact of O3 air pollution on global arable agriculture. 

Fig. 3. A schematic view of the sources and sinks of O3 formation and transport in the 

atmosphere. (Young et al., 2018). This diagram illustrates the complex interactions of 

ozone (O3) within Earth's troposphere and its exchange with the stratosphere. It depicts 

the photochemical reactions driven by sunlight (hv) that produce ozone from precursor 

molecules like nitrogen oxides (NOx), carbon monoxide (CO), and volatile organic 

compounds (VOCs) from both natural and anthropogenic sources. The schematic also 

shows the transport mechanisms, such as advection, which move these compounds and 

ozone throughout the atmosphere, as well as the mixing and deposition processes. 

Highlighted are the dynamic processes between land, ocean, and atmosphere that 

contribute to the atmospheric life cycle of ozone, a critical component in air quality and 

environmental health. 

 

1.2.1 Formation of tropospheric ozone 

Ozone is a secondary pollutant formed in the air through a complex set of sunlight-

initiated reactions of its precursors. The main ozone precursors are NOx (NO2, NO) 

gases and VOCs (hydrocarbons, aldehydes, and alcohols) (Tibrewal etal., 2019). 

The significant catalytic reactions that lead to O3 formation are summarised in the steps 

below. Initially, VOCs react with a hydroxyl (OH) radical and oxygen molecule to produce 
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hydroperoxyl radicle (HO2) (or organic analog (RO2)). The HO2 radicles further react with 

NO to produce NO2, and OH radicles NO2 in the presence of sunlight (Ȉ<420) release 

oxygen radicles, which combine with oxygen molecules in the next step of the catalytic 

reaction to form O3 (Kleinman et al., 2001). 

VOCs + OH+ O2  HO2 +H2O 

HO2 +NO  NO2 +OH  

NO2 +hȏ (Ȉ>420nm)  NO + O 

O + O2         O3 

Net: VOCs + 4O2  2O3 +H2O 

1.2.2 Ozone removal processes 

The primary mechanism for O3 removal within the planetary boundary layer is called dry 

deposition, which involves the transfer of O3 to the Earth's surface and comprises 

approximately 20-25% of total O3 removal from the troposphere globally. Notably, O3 dry 

deposition rates on terrestrial surfaces are about ten times higher than on marine 

surfaces (Barten et al., 2021). In terrestrial ecosystems, dry deposition is predominantly 

influenced by stomata, responsible for facilitating O3 uptake, accounting for a substantial 

portion, ranging from 30% to 90% of the total O3 absorbed by ecosystems (Ainsworth et 

al., 2012; Emberson, 2020).  

 The magnitude of O3 dry deposition is controlled by the combined effects of all removal 

pathways, which include stomatal and non-stomatal uptake to vegetation and deposition 

to soils or any other external surface (Huang et al., 2016). Stomatal uptake is the primary 

mechanism for O3-associated damage within plants (Emberson, 2020). The non-stomatal 

sinks for O3 removal include O3 deposition onto plant cuticles, other surfaces, and the soil 

(Emberson, 2020). The effectiveness of stomatal and non-stomatal processes depends 

on various factors, such as leaf and soil moisture levels, soil composition, and the 

structure of the plant canopy, which changes diurnally and seasonally (Osborne et al., 

2019). The non-stomatal processes for O3 removal do not harm plants; on the contrary, 

they mitigate the overall damaging impact of O3 by reducing its concentration in the 

atmosphere (Emberson, 2020). However, stomatal O3 uptake above a threshold 

determined by a plantôs ability to detoxify O3 is thought to lead to biochemical and 



28 
 

physiological changes, including inhibition of carbon assimilation from photosynthesis 

(ὃ ) that can result in reduced agricultural yields (Huang et al., 2016). 

1.2.3 Background versus peak ozone concentrations 

Ozone is naturally present in the environment, but industrialization has steadily increased 

O3 concentration (Emberson, 2020) to the extent that 30% of the present-day 

tropospheric O3 burden is attributable to human activity (Gaudel et al., 2018). The 

Industrial Revolution, which occurred at different times across the globe, saw countries 

experience rapid economic growth and urbanization, which resulted in higher energy 

demands and an increase in traffic pollution. This caused increases in various air 

pollutants associated with emissions from the burning of fossil fuels, including O3 (Chen 

et.al., 2022). Since the industrial revolution, O3 levels have steadily increased from 

average O3 concentrations of less than 20 ppb in pre-industrial times to current levels of 

30ï50 ppb in Northern mid-latitude regions (Emberson, 2020). Since the 1950s to 2010s, 

mean O3 concentrations have been growing at 1ï5 ppb/decade in the Northern 

Hemisphere (NH) and by 2 ppb/decade in the Southern Hemisphere (Cooper et al., 2014; 

Emberson, 2020a). Over recent decades, there have been efforts to reduce O3 precursor 

emissions. However O3 levels remain high in many rural and urban areas of Europe, 

North America, and Japan (Osborne et al., 2019). Ozone concentration profiles have also 

been changing recently such that the frequency of peak O3 values tends to show a 

declining trend while background O3 concentrations are increasing (Fuhrer, 

2009;Emberson, 2020). Such persistently high background O3 levels have been recorded 

over key agricultural regions; 18% of the agricultural land area in Europe, which totals 

approximately 401,000 squares kilometres, experienced O3 concentrations above the 

target thresholds of 886 ppb.hr set for the protection of vegetation (European 

Environment Agency, 2023). Additionally, both background and peak O3 levels are rising 

in South Asia's Indo-Gangetic plains (IGP) (Shah et al., 2019) and the North China Plain 

in East Asia (Wang et al., 2009; Liu et al.,  2016). For example, a five-year study from 

2010 to 2015 in the IGP region of India recorded a 19.2% rise in the annual average O3 

levels. Additionally, the study measured the daytime ozone peak, observing an initial 

level of 48.6 ± 22.3 ppb in the IGP that rose to 55.5 ± 23.2 ppb by 2015, indicating a 

14.2% growth from the figures reported in 2010 (Kumari et al., 2020). Similarly, urban 

O3 concentrations in mainland China reached peaks of 90 ppb in 2018, and the annual 

mean O3 concentration was 77 ȉg/m3 from 2015 to 2020 (Yao et al., 2023). Another 
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important agricultural region, the Yangtze Delta region of China, observed a decrease in 

the average O3 concentration but an increase in the daily amplitude of the diurnal 

variation in O3 concentrations due to increasing frequencies at both high and low ends of 

the O3 distribution profile, the most likely cause was believed to be an increase in 

NOx concentrations across the region (Xu et al., 2016). 

1.2.4 Ozone precursors: Variability by global region  

Ozone formation dominates in rural areas of industrialised countries, experiencing 

moderate NOx pollution levels (Emberson, 2020). These areas also tend to include major 

crop-growing regions of the world such locations where the rate of O3 formation 

increases with increasing NOx are referred to as NOx-limited regions. By contrast, where 

O3 formation is inhibited by increasing NOx (since this leads to NOx titration) in urban 

locations with very high NOx levels (e.g., approximately 1000 ppt), O3 is referred to as 

VOC limited (Liu and Shi, 2021). Titration refers to the process where nitrogen oxides 

(NOx) react with ozone (O ) in the atmosphere, often leading to the reduction of ozone 

levels in certain conditions. This process is particularly relevant in urban and polluted 

environments where NOx emissions are significant. The primary mechanism involves the 

reaction between nitrogen dioxide (NO ), a component of NOx, and ozone. The reaction 

can be simplified as follows ὔὕ ὕσO ὔὕς ὕς . This reaction suggests that nitrogen 

oxide (NO) reacts with ozone to form nitrogen dioxide (NO ) and oxygen (O ) (Nguyen et 

al., 2022). These dynamics can vary significantly by region and are influenced by many 

factors, including local emissions, weather patterns, and geography. For instance, during 

winter, a more significant proportion of the globe (7%) falls under this VOC-limited regime 

compared to summer (3%)., as indicated by (Liu et al., 2022). Currently, North America, 

Europe, and East Asia primarily face VOC- limited O3 formation regimes. However, future 

projections suggest a shift towards NOx limitations in North America and Europe are 

primarily due to decreasing NOx emissions (Liu et al., 2022). The study also compared 

current and future ozone levels under SSP3-7.0 (Shared Socioeconomic Pathway 3 with 

a radiative forcing of 7.0 W/m² by 2100) scenarios, finding a 4% increase in ozone 

burden with a 0.7-0.9 ppb rise, a 7% decrease with a 3.2-5.2 ppb drop, and a 5% 

decrease in methane alone decreased by 438 ppb compared to the present. Therefore, 

methane reduction effectively decreases ozone despite a higher ozone mixing ratio in the 

future under low methane. This highlights the critical need for a thorough understanding 

of how shifts in VOC and NOx levels impact O3 concentrations under various 
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environmental scenarios; this will be a key consideration in formulating region-specific 

emissions reduction strategies in the future (Liu et al., 2022). 

1.2.5 Diurnal and seasonal ozone cycles in urban and rural locations 

Another critical aspect of O3 pollution related to vegetation impacts is the diurnal and 

seasonal cycle. The diurnal variation of O3 concentration in O3 levels is influenced by a 

combination of various elements that either contribute to its creation (e.g., local 

photochemical reactions and horizontal or vertical transport) and depletion (e.g., 

deposition or chemical reactions (Zhu et al., 2015). During the day, the O3 concentration 

profile shows substantial diurnal variations at lowland sites where O3 destruction 

dominates during the night, and vertical mixing with photochemical activity causes the 

highest levels in the afternoon (Ma et al., 2021). For instance, in the Northwest-Shandong 

Plain of China, at a relatively low elevation, 28 m above sea level (a.s.l), peak ozone 

concentration, 128.4 ppb, is highest at 16:30 (Zhu et al., 2015). In North China Plain, for 

the site, Raoyang National, 18m a.s.l, the O3 concentration was found maximum at 

around 16:00 LT (120ppb) from July 2 to 8 and around 14:00 LT (100ppb) from July 13 to 

16 (Xu et al., 2020). 

Given this variation in the O3 diurnal profile, it is important to consider the diurnal 

variation in key plant physiological variables that determine O3 sensitivity (such as 

Ὣ  and ὃ ) and use O3 damage assessment methods that incorporate this type of 

variation. The seasonal O3 cycle  also correlates with local climate conditions and varies 

by geographic region (Boleti et al., 2020). Seasonal O3 concentrations generally peak 

during the late spring and early summer months, coinciding with the wheat grain filling 

period. For instance, research indicates that O3 concentrations in some of the main 

Chinese agricultural regions (Tibetan Plateau, Yangtze River Delta, Hainan, Guangdong, 

Guangxi) are highest during wheat's grain-filling phase (which occurs between March and 

May) (Li et al., 2022). The impact of seasonal O3 fluctuations on crops varies, influenced 

by crop type and planting timing. Adjusting sowing dates can mitigate high O3 exposure, 

particularly during grain filling. This approach, tested using modelling studies, compares 

yields of early-sown versus traditionally sown crops, demonstrating potential benefits as 

discussed in section 5.7 (Porter, 1984; Ghosh et al., 2020; Yadav et al., 2021). 

1.2.6 Hemispheric transport 
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In the atmospheric boundary layer, O3 has an atmospheric lifetime of a few hours to days, 

and its precursorôs lifetimes range from a few to several weeks to months (as seen in 

Table 1). 

Table 1. Atmospheric lifetime of the O3 precursors and O3 in the atmospheric boundary 

layer and free troposphere. 

Trace gas 

(O3 

precursors 

and O3) 

Approximate lifetime in 

the atmosphere 

boundary layer 

Approximate lifetime 

in the free 

troposphere 

Reference 

NO2 hours Days (Pommier, 2023) 

CH4 10 years 10 years (Monks et al., 2015) 

VOCs Hours to months Hours to months (Ragothaman and 

Id, 2017) 

CO Weeks to months Weeks to months ¶ (Iii and Cheung, 

1960) 

O3 Hours to days Weeks to months (Monks et al., 2015) 

 

Therefore, due to strong upwelling in the tropics, hemispheric transport of O3 precursors 

is quite common (Singla et al., 2011). In-situ and satellite data have shown that O3 

pollution plume transfer is not only from one part of the hemisphere to another but can 

circle the entire globe (Wang et al., 2022). This means that background O3 and its 

precursors, once released, are not confined to their area of origin but can be carried 

across continents by atmospheric currents. In the case of East Asia, a substantial amount 

of ozone in the higher atmospheric layers comes from distant sources, particularly during 

spring when the westerlies are strong, facilitating the movement of ozone from Asia 

towards Europe more directly than via North America (Archibald et al., 2020). 

Observations have shown that Asian outflows can contribute tropospheric O3 mixing 

ratios of 3.5 to 6.6 ppb into Europe, with the highest inflow recorded in Mace Head 

(Ireland) (Derwent et al., 2004). 

The phenomenon of ozone traveling vast distances is evidenced by the observed 

intercontinental transport of ozone from Asia to North America; Asian O3 outflow 
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contributions to the western United States are in the range of 3 to 10 ppb (Yienger et al., 

2000), and then to Europe. This global interchange highlights how emissions in one part 

of the world can influence air quality in distant regions, underlining the 

interconnectedness of our atmospheric systems (Archibald et al., 2020). 

The mechanisms governing the movement of ozone are intricate, varying with seasons 

and influenced by meteorological phenomena such as the East Asian monsoon. This 

seasonal pattern affects the vertical distribution of ozone in the atmosphere over East 

Asia, showcasing the dynamic and complex nature of atmospheric transport processes 

(Han et al., 2019). 

1.3 Trends in ozone precursor emissions  

The importance of various O3 precursors to the overall pollution burden varies globally. In 

North America, key O3 precursors are primarily nitrogen oxides (NOx) and VOCs, which 

have shown varying trends over recent decades due to the impact of air quality policies 

and other factors (Wolff et al., 2001; U.S. EPA., 2020). Studies indicate a general 

decrease in O3 concentrations across most of the United States from the mid-1980s to 

the mid-1990s, with mixed trends in Canada, where some urban sites experienced O3 

concentration increases. In contrast, most regionally representative sites showed 

decreases or no significant change (Wolff et al., 2001). Ozone precursor emissions 

originate largely from the energy and surface transportation sectors; policies 

implemented to reduce NOx and VOC emissions from these sectors significantly 

contributed to the decrease in summertime O3 concertation in the United States from 

1995 to 2019, though winter levels increased partly due to weakened NOx titration 

processes and contributions from aviation, shipping emissions, and transpacific transport 

of O3 from Asia (Li et al., 2023). In addition, biogenic sources significantly contribute to 

VOC emissions. Biogenics are particularly important in parts of Eastern North America 

and Southern Europe, indicating the influence of natural sources alongside human 

activities in O3 formation (Pun et al., 2002; U.S. EPA., 2020). Traffic-related O3 

concentrations in Europe also highlight the significant role of the transportation sector in 

contributing to O3 precursor emissions (Mertens et al., 2024). 

Furthermore, CH4, predominantly emitted from the agricultural sector from a variety of 

sources (e.g., rice cultivation, field burning of agricultural residues, enteric fermentation, 

and manure management (Li et al., 2023), has contributed a steady increase to globally 

well-mixed VOC concentrations over the past few decades.  
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Since the pre-industrial era, the levels of atmospheric methane have risen by 

approximately 150% (Karlsson et al., 2017). Over the course of the industrial age, from 

1750 to 2014, variations in emissions of precursors and methane concentrations have 

resulted in alterations in ground-level ozone (O3), an increase in the tropospheric ozone 

burden, and an augmentation in ozone's radiative forcing by +8 ppbv, +76 Tg, and +0.3 

W mī2 respectively (Turnock et al., 2019). Furthermore, the long-term impact of air quality 

policies in North America and Europe has reduced anthropogenic emissions of O3 

precursors since the 1990s, contributing to lower tropospheric O3 trends in northern mid-

latitudes (Sicard et al., 2021). This reduction contrasts with equatorial regions, where 

emissions have continued to increase (Sicard et al., 2021). The complexity of these 

trends is further influenced by factors such as the relatively long lifetime of tropospheric 

O3, hemispheric transport of O3, and other sources of O3 precursors such as tropical 

biogenic and biomass burning emissions (Russo et al., 2023). 

It is important to understand the role that O3 precursors play in contributing to the 

formation of O3 pollution. These can help understand the likely future trends in O3 

pollution as emission compositions change under varying meteorological climates. 

Although declines in O3 precursor emissions and associated O3 concentrations have 

been observed in North America and Europe in recent decades (Chang et al., 2017), O3 

concentrations continue to rise in developing regions, especially in the East and South 

Asia (Xu et al., 2016; Lu et al.,2018). 

An increase in O3 precursor emissions in India and a major increase in CH4 emissions 

globally are the main reasons for rising future trends in South Asian O3 concentrations. A 

global spatial analysis of O3 concentrations and associated impacts was recently 

conducted (Hsu et al., 2012), and it was found that the highest O3 concentrations and 

potential O3 impact were found in the northern hemisphere. Different global atmospheric 

chemistry transport models (CTMs) have been used to predict the influence of O3 

precursor emissions on O3 concentrations under different RCP scenarios (Sicard et al., 

2017). AOT40 metrics (the accumulated ozone concentration above a 40-ppb threshold; 

designed to emphasise peak O3 concentrations) reveal trends for three RCP scenarios. 

Representative Concentration Pathways (RCPs) are scenarios in climate modelling that 

describe different greenhouse gas concentration trajectories. The "worst-case" scenario 

often refers to RCP 8.5, which assumes high greenhouse gas emissions and significant 

climate change by the end of the century (Thomson et al., 2011). This scenario is 
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characterized by continued population growth, high energy demand, and a heavy 

reliance on fossil fuels. On the other hand, the intermediate scenario, often related to 

RCP 4.5 or 6.0, assumes moderate changes in emissions without significant new climate 

policies (Thomson et al., 2011). Another, RCP 2.6, is a scenario that represents a 

pathway where global warming is likely to be limited to below 2°C above pre-industrial 

levels (Thomson et al., 2011). These scenarios project a stabilization of climate change, 

although still with significant impacts. RCP 8.5 is used for highlighting the risks of 

inaction, while RCP 4.5 and 6.0 offer more moderate outcomes, and the RCP 2.6 

scenario is characterized by aggressive mitigation strategies leading to a substantial 

decrease in greenhouse gas emissions (Thomson et al., 2011). 

RCP 8.5 predicted an increase in O3 concentration of between 4-5 ppb; on the contrary, a 

decrease in O3 (2-10ppb) is predicted by RCP 2.6 (Szopa et al., 2013). Similarly, another 

study showed that under RCP 2.6, a decrease in O3 concentration of approximately 0.07 

ppbv/year would be seen in the Northern Hemisphere, whilst an increase in O3 

concentrations in some tropical regions such as India and China would be likely. Under 

the RCP 8.5 scenario, significant increases in O3 burden (+30Tg from 2010 to 2100) were 

estimated (Szopa et al., 2013). Globally, all O3 precursor emissions decreased after 2030 

in RCP 8.5 except for CH4. CH4 was, therefore, found to be the primary cause of future 

increasing O3 precursors across the globe (Szopa et al., 2013). Regional O3 

concentration changes have also been modelled for South Asia. For example, although 

RCP 4.5 and RCP 6 follow a similar emission trajectory, spatial differences are evident; 

RCP 6 showed an increase in O3 concentrations in China and Indonesia, whereas RCP 

4.5 showed a decrease in O3 concentrations in China and an increase in the O3 burden in 

India (Szopa et al., 2013). 

1.4 Ozone impacts on crops 

Ozone has been found to have detrimental impacts on crops where it occurs at elevated 

concentrations over agricultural regions worldwide. Ozone can alter the physiology, 

morphology, and biochemical characteristics of various crops (Feng et al.,2008; 

Emberson et al., 2018; Feng et al., 2022). It can either lead to acute or chronic leaf injury. 

Programmed and unregulated cell death are considered acute responses, where 

symptoms like lesions, rashes, stippling, etc., on leaf surfaces, could be seen within a 

few hours of plants being exposed to relatively high O3 concentrations (Tamaoki, 2008). 

Conversely, chronic injury symptoms developed after only a few days or weeks of 
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exposure to low O3 concentrations and have been found to accelerate leaf senescence, 

among other effects (Feng et al., 2022). These effects can impact the overall 

development and growth of the crop as they modify biochemical processes, reduce 

carbon assimilation, and hence affect yield (Emberson et al., 2018; Yadav et al., 2020).  

Ozone mainly harms plants when it enters through the stomatal pores (Emberson et al., 

2018). However, O3 can also settle on external plant cuticular surfaces; this is usually 

minor, if any, damage. However, once inside a leaf, O3 rapidly transforms into reactive 

oxygen species (ROS) like hydroxyl, peroxyl, and superoxide radicals. This process 

activates the plant's defence mechanisms, notably increasing the activity of antioxidants 

such as superoxide dismutase and peroxidases. These antioxidants help protect against 

oxidative damage in the apoplast, the space outside the plant's cells (Rai and Agrawal, 

2012; Mina et al., 2019). Some plants react to O3 stress by producing isoprene, which 

can neutralize O3 before it converts into harmful ROS (Mina et al.,2010). However, these 

defence responses require significant metabolic resources, consuming carbon, and other 

nutrients. This often leads to heightened mitochondrial respiration in plants, especially 

crops, due to increased metabolic demands (Ainsworth et al., 2012; Emberson, 2020a). 

ROS can oxidize essential proteins and lipids in the plasma membrane if these protective 

measures are overwhelmed, leading to dysfunction (Paoletti et al., 2019). This can trigger 

a cascade of harmful reactions, including the formation of toxic compounds, visible leaf 

damage, impaired ὃ , and leaf senescence (Emberson et al., 2018). The damage 

mechanisms are shown in Fig. 3. 

1.4.1 Ozone effects on stomatal conductance (Ὣ ) 

Experiments with wheat and other plants have demonstrated that exposure to O3 

reduces ▌▼◄▫. This reduction is primarily attributed to ozone's effect on ═▪▄◄, possibly due 

to increased internal CO2 concentration in the palisade mesophyll cells. For instance, 

research by (Feng et.al., 2008) found that elevated O3 levels led to comparable 

decreases in both photosynthetic rates and Ὣ  in wheat crops, of around 20% and 22% 

respectively. However, the connection between ὃ and Ὣ  in wheat is complex and not 

entirely linear and can vary depending on the experimental conditions and species 

involved (Gago et al., 2016). This happens because the initial increases in Ὣ  can 

proportionally boost ὃ  due to higher CO2 availability; excessive stomatal opening may 

not significantly enhance ὃ  but may increase water loss. These findings suggest a 
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need for models that can more accurately simulate the complex relationship between Ὣ  

and ὃ . 

1.4.2 Ozone effects on ═▪▄◄ 

Several studies have revealed that high levels of O3 suppress photo-assimilate 

accumulation, and such reduction varies with species and cultivars (Yadav et al., 2020). 

The central biochemical processes controlling ὃ  are, the maximum carboxylation 

efficiency (ὠὧ ), which reflects in vivo activity of Rubisco (Rogers & Humphries, 2000), 

and the maximum rate of RuBP regeneration (ὐ ). Many physiological studies have 

shown damages in photosynthetic machinery due to O3 leading to a progressive loss of 

Rubisco activity and reduction in carbon fixation even in the absence of any visible injury 

(Feng et al., 2008; Feng et al., 2011). These studies showed that leaf area index (LAI) 

and specific leaf area (SLA) were not significantly affected by elevated O3, whereas a 

20% decrease in leaf photosynthetic rate and a 21% increase in leaf dark respiration rate 

were induced. Lower photosynthetic rates may have resulted from the combined effects 

of decreases in Rubisco activity, ὠὧ ȟ and Ὣ , and a large decrease in chlorophyll 

content (by up to 40%) and light use efficiency (by up to 11%) (Feng et al., 2008). Along 

with the decrease in leaf Fv/Fm (variable to maximal fluorescence), which shows the 

reflects the maximum light energy conversion efficiency of the PS reaction center (Meng 

et al., 2012), leaf photosynthetic light and dark reaction capacity was decreased, which 

should have resulted in less available carbon for growth and grain formation when 

exposed to elevated O3. The effects of growth at elevated O3 were due primarily to a 

lower 6Ã  (Biswas et al., 2013). 

1.4.3 Ozone effects on carbon allocation and yield  

Ozone exposure in plants leads to elevated levels of soluble sugars and carbohydrates in 

the leaves, which are essential for the plant's defence, maintenance, and repair 

mechanisms (Singh Yadav et al., 2020; Feng et al., 2024). However, this increased 

retention of sugars and carbohydrates results in lower availability of carbon compounds 

for the development of biomass, affecting both aboveground and belowground parts of 

the plant (Hansen et al., 2019). Additionally, ozone's detrimental effect on cellular 

membranes disrupts the transport of photosynthates via the phloem (Hansen et al., 

2019). This disruption reduces the production of photosynthates and hampers the 
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transfer of carbon from the source (leaves) to the sink (grains), adversely affecting 

carbon fixation during the crucial grain-filling phase (Hansen et al., 2019). Consequently, 

this impairment in the reproductive phase of crop growth can lead to the reduction in both 

the number of grains and the weight of a thousand kernels, culminating in diminished 

grain yields (Feng et al., 2024). However, it's worth noting that certain studies have 

indicated that while the grain's weight may be affected, the actual number of grains 

produced in wheat crops may remain unchanged (Broberg et al., 2015). Further studies 

have shown that O3 exposure increases the carbon-to-nitrogen (C: N) ratio in straw, with 

a slight but non-significant decrease in the grain C:N ratio at harvest compared to normal 

conditions (Brewster et al., 2024). This change in C:N ratios indicate that O3 exposure 

alters nutrient distribution within different parts of the wheat plant (Brewster et al., 2024). 

One of the primary reasons for this alteration is premature aging or early onset of 

senescence, a typical response of wheat to O3 stress (Feng et al., 2024). This premature 

senescence, characterized by a shortened grain filling period, limits the time for carbon 

and nutrient translocation to the grains, thus reducing yields and nutritional quality (Feng 

et al., 2024). 

1.4.4 Ozone effect on senescence 

It has been proposed that the primary effect of O3 on plants is the degradation of 

enzymes linked with advancing senescence (Feng et al., 2016; Feng et al., 2022). A 

prominent indicator of leaf aging is leaf yellowing, also known as chlorosis (Kittipornkul et 

al., 2021). While not always a part of the senescence process, yellowing can occur due to 

the bleaching of chlorophyll, even without senescence (Kittipornkul et al., 2021). Leaf 

senescence encompasses a variety of degradative processes beyond just chlorophyll 

breakdown and is marked by distinct shifts in metabolic activity, including changes in the 

activity of essential enzymes (Grandjean and Grandjean, 1989). Adverse growth 

conditions during the post-anthesis period can affect metabolic activity, potentially 

reducing the carbohydrate supply available for grain development and leading to earlier 

leaf senescence in crops like wheat (Buchner et al., 2015). 

Research has shown that increased O3 concentrations can lead to an earlier onset of leaf 

senescence (by approximately 20 days) compared to control or non-filtered treatments 

(Chen et al., 2020). Leaf aging is characterized by a significant decrease in chlorophyll 

content (evidenced by measurements of óchlorophyll aô fluorescence), which indicates 
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reduced photochemical efficiency and quantum yield of Photosystem II under light 

conditions; accelerations in this process have been found as a consequence of growth 

under elevated O3 levels, varying with the O3 dose and type of crop species (Feng et al., 

2011). Additionally, this acceleration in leaf aging is linked to alterations in protein content 

and metabolic activities, as identified in studies by (Heyneke et al., 2019; Feng et al., 

2022). Commonly, senescence includes a reduction in Rubisco activity and other 

assimilatory enzymes coupled with a temporary rise in the activities of degradative 

enzymes. In this context, the activity of GDH (glutamate dehydrogenase) was monitored 

due to its known increase during senescence, which mainly relies on the de novo 

synthesis of at least one GDH protein (Liu et al., 2008). Findings indicate that the typical 

increase in GDH protein activity during senescence is evident and is especially significant 

in flag leaves exposed to higher levels of O3 (Grandjean and Grandjean, 1989). 

Therefore, senescence accelerated by increased O3 levels is marked by shifts in 

metabolic activities, potentially involving new protein synthesis. These findings support 

the notion that chronic O3 exposure may reduce leaf lifespan in crops, a phenomenon 

also observed in various crop studies (Feng et al., 2011; Feng et al., 2022). O3 has also 

been shown to impact the timing of flag leaf maturity, (Shi et al., 2009) observed an 8-day 

earlier maturation in elevated O3 conditions (50% higher than ambient) compared to 

treatments with ambient O3 levels. 

Fig. 4. The mechanism by which ozone and its Reactive Oxidant Species (ROS) result in 

crop damage (Emberson et al., 2018). The figure depicts a complex interplay between 

ozone and its reactive derivatives with crop physiological processes, highlighting the dual 

nature of ozone-induced injuries: acute and chronic. It maps out the movement of ozone 

and its by-products (open arrows) and the plant's defensive responses (#1-11), alongside 

mechanisms possibly hindering ozone entry (hatched arrows). Feedback loops 

influencing stomatal conductance (Ὣ ), critical in controlling ozone influx, are marked by 

dotted arrows (#A-E). This review encapsulates the intricate responses and adaptations 

of crops to ozone stress, underpinning the significance of understanding these 

interactions to mitigate the adverse impacts on crop vitality and yield. 
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1.5 Determinants of ozone sensitivity by plants  

Research on different crop cultivarsô sensitivity to O3 has been conducted on a range of 

staple crops, including wheat (Feng et al., 2016), soybean (Chutteang et al., 2016), mung 

bean (Kittipornkul et al., 2021), and rice (Sinha et al., 2015). This has led to the 

categorization of cultivars into three distinct groups: tolerant, intermediate, and sensitive 

(Feng et al., 2016; Singh et al., 2018). A key factor in determining a crop and crop 

cultivars tolerance to O3 is its genetic ability to maintain high ratios of ascorbate to 

dehydroascorbate enzymes (Yoshida et al., 2006). For instance, in wheat, the ability to 

endure O3 stress is linked to reducing O3 uptake through stomatal closure and, more 

crucially, sustaining carbon assimilation rates under such stress (Feng et al., 2022). 

Interestingly, studies have shown that modern wheat cultivars tend to be more sensitive 

to O3, with an average yield reduction of 7ï10% found for more recent cultivars grown in 

the northern hemisphere compared to old/ traditional wheat cultivars (which has 

(Brewster et al., 2019; Sarkar et al., 2021). The study Brewster et al., 2019 examined a 

high-yielding wheat variety named 'Skyfall' introduced in 2014 (T. aestivum L., cv. 

Skyfall), alongside an older variety named 'Maris Dove' that was released in 1971 (T. 

aestivum L., cv. Maris Dove). Their findings indicated that 'Maris Dove' exhibited a lower 

sensitivity to ozone compared to 'Skyfall'. Furthermore, 'Skyfall' was previously identified 

to be more susceptible to ozone damage than varieties introduced during the 1980s and 

1990s, based on assessments of seed head biomass and the weight of a thousand 

grains. This increased sensitivity in newer cultivars has been primarily attributed to their 
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higher Ὣ , which allows for greater O3 uptake (Yadav et al., 2020). However, high Ὣ  is 

essential for high yield, making it a critical factor from an agronomic crop breeding 

perspective. Therefore, the focus needs to shift towards comparing modern high Ὣ  

varieties to uncover alternative sources of tolerance that do not rely on restricting O3 flux 

into leaves through lower Ὣ  (Biswas et al., 2008). This approach aims to balance the 

need for high productivity with the necessity of developing O3-resistant crop varieties. 

Furthermore, the way crops are managed, including irrigation timing and planting to 

coincide with adequate rainfall, plays a significant role in modulating the impact of O3 

(Teixeira et al., 2011). Ozone's impact on crops accumulates throughout the growing 

season and can intensify during discrete O3 episodes, often characterized by elevated O3 

levels during spring and summer ( Feng et al., 2022). These episodes typically occur 

when climatic conditions conducive to O3 formation coincide with significant emissions of 

O3 precursors, as detailed by Wilkinson et al. (2012). This pattern underscores the 

complex interaction between crop management, environmental factors, and O3 

sensitivity, highlighting the need for a nuanced approach to agriculture in the face of 

changing atmospheric conditions (Wilkinson et al., 2012).  

1.6 Approaches for modelling ozone exposure, uptake, and damage 

  

To estimate the impact of O3 on yield and other physiological characteristics, O3 

experimental studies and O3 modelling- based risk assessment studies have been 

conducted, the latter for crops across large regions (e.g. national, regional, and global 

domains). These studies have tended to use concentration based O3 exposure metrics 

Table 2 to characterise the levels of O3 causing impacts on crops. These studies can be 

divided into experimental and model-based studies.  

1.6.1 Experimental studies  

1) Ethylene di-urea (EDU) studies involves crops being treated with EDU, which is a 

chemical protectant that reduces O3 toxicity inside the plant. These studies provide data 

from which the relative yield of crop cultivars at different O3 concentrations can be 

inferred. This can be used to define the sensitivity of different cultivars (see Table 2).  

2) Open top chambers studies, which include a) filtration and b) fumigation methods, 

where plants are grown in chambers either provided with O3-filtered air with low or 
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negligible O3 concentrations as compared to ambient conditions or with elevated O3 

compared to ambient conditions respectively (see Table 2). 

3) Ozone - Free air concentration enrichment studies enabled the ozone exposure 

studies to be conducted in the field, thereby facilitating the dose-response relationships 

to be derived from the field experiments without the chamberôs effect. The dose-response 

relationships for wheat can be utilised to forecast the effects of increased O3 levels in 

China and India. FACE-Ozone presents a distinct chance for studying underlying 

mechanisms. By exposing the whole vegetation to elevated O3 levels while maintaining 

the integrity of both the above and below-ground environments, it becomes possible to 

examine how plant processes react to O3 as a component of the broader ecosystem 

responses (Kobayashi, 2015) (see Table 2). 

 

Table 2. The table outlines 7 studies on the impact of ozone exposure on wheat cultivars 

conducted at different locations in China. Each study differs in its experimental setup, 

ranging from field experiments with ethylene diurene urea (EDU) treatments, open-top 

chamber (OTC)treatments, and free air ozone and carbon dioxide enrichment (FAOCE). 

These studies collectively highlight the varying sensitivity of wheat cultivars to ozone 

exposure and the significant potential for yield loss, underscoring the importance of 

considering ozone levels in agricultural management and breeding programs for ozone 

tolerance. 
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Reference Study site Experiment
al type, 
(growth 
period) 
-field/pot-
ozone  
monitoring 
method 

Year Cultivar (data 
points) 

M7/M12 
Ozone 
concentration 
in ppb 

AOT40  
ppm h 

Relative  
Yield loss 
(range 
shows for 
different 
cultivars) 

Feng et al., 2018 XiaoTangShan 
town (40Á 19Ź 
N, 116Á 13Ź E), 
Changping 
District, 
Northwest of 
Beijing, China 

Field; EDU, 
Ambient 

2016 15 cultivars 
winter wheat 

40-60ppb 
(hourly 
average for 
the 
experimental 
period) 

0-17.4 6.5-
40.2% 

Wang et al., 2007 Shuangqiao 
Farm (31° 
53ŹN, 121Á 
18ŹE) Jiaxing 
City, Zhejiang 
Province 

Field; EDU 
, Ambient 

2005 Yangmei 185  No data 12.7% 

Feng et.al., 2003 

Gucheng 
(39Á08ŹN, 
115Á48ŹE) 

Pot 
CF, NF, 
50,100,200p
pb 

1999  No data No data 4.7-
58.6% 

Wang et.al., 2012 

Jiaxing 
(31Á53ŹN, 
121Á18ŹE 

Field; 2006 
ozone 
exposure is 
diurnal 

2004, 
2006, 
2007, 
2008 

Yangmai185(200
4-2005), 
Jia002(2006-
2008);  

No data 0-
61.91,0-
24.22,0-
9.17,0-
27.67 for 

8.5-58% 
40-73% 
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Ozone 1 (75 
or 100ppb) 
Ozone 2 
(150-
200ppb) 

the year 
2004 to 
2008 in 
ppm h 

 
 
Tong et. Al.,2011 

Changping 
(40Á12ŹN, 
116Á08ŹE) 

Field; NF, 
NF+30, 
NF+60, 
NF+90ppb 

2010     

Zhu et al., 2011 

Jiangsu 
(32Á35ŹN, 
119Á42ŹE) 

Open air O3 
fumigation 
system-
Field-Ozone 
analyser 
A-O3 
E-O3- 50% 
higher than 
ambient 

2007,2008,2
009 

Yannong 19 
(Y19), Yangmai 
16 (Y16), 
Yangmai 15 
(Y15), Yangfumai 
2 (Y2) 
 

46.4,46,44 
56.9,57.6,57.
3 

7.8,8.3,6.
8 
14.7,16.4
,15.1 

10.2-33.6 
(loss 
relative to 
ambient) 

Feng et al., 2012 

Jiangsu 
(32Á35ŹN, 
119Á42ŹE) 

Open air O3 
fumigation 
system-
Field-Ozone 
analyser 
A-O3 
E-O3- 50% 
higher than 
ambient 

2006ï2007, 
2007ï2008, 
2008ï2009 
and 2009ï
2010 

Yannong 19 
(Y19), Yangmai 
16 (Y16), 
Yangmai 15 
(Y15), Yangfumai 
2 (Y2) 
Datapoints: 24 

No data 4.2-
13pph 

POD-20-
58% 
AOT40- 
10-48% 
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1.6.2 Metrics of O3 exposure 

1.6.2.1 Concentration based metrics 

Concentration-based metrics that have been commonly used to estimate O3 responses 

are 1) M7 and 2) M12, 3) W126, 4) SUMO6, which were developed in North America, and 

4) AOT40, which was developed in Europe (see Table 3). The AOT40 European metric is 

deemed more suitable to estimate the effects of moderate to high O3 concentrations 

whereas the North American metrics are better suited to estimate the O3 impact on crops 

at more chronic O3 concentrations (Mauzerall and Wang, 2001). Other metrics developed 

are 5) the seasonal percentile metric, which is basically used to study the long-term 

variations of O3 and avoids potential misinterpretation in a risk analysis using mean O3 

concentration (Avnery et al., 2011). All these metrics are well recognised and can help 

inform a precautionary approach to state the need for measures to control O3 precursors, 

but they lack the ability to accurately estimate the impact of O3 on crops as they assume 

that the plant is exposed to the same amount of O3 concentration to which it is exposed in 

the atmosphere. This is not always the case, as certain environmental conditions, such 

as soil water stress, high temperature, and vapour pressure deficits, can lead to stomatal 

closure and decouple the levels of ambient O3 concentration from the amount of stomatal 

O3 uptake (Emberson et al., 2018).  

 These metrics can be defined as follows, and further details with references are 

provided in Table 3. 

M7 and M12 metrics: These are mean concentration metrics that represent the average 

of the daily maximum 7-hour (M7) and 12-hour (M12) ozone concentrations over a 

specified period, usually during the growing season when crops are most sensitive to 

ozone damage. M7 and M12 are designed to capture the peak ozone levels that occur 

during daylight hours, which are most relevant for plant exposure (Mauzerell and Wang 

2001). 

W126 metric: This is a weighted cumulative exposure index used in the United States. 

The W126 index integrates all hourly ozone concentrations over a defined period 

(typically the growing season) but weights the concentrations so that higher levels have a 

disproportionately larger impact on the index. This weighting reflects the non-linear 

response of plant damage to ozone concentrations; higher ozone levels are more 

damaging than lower levels, even over the same exposure time (Mauzerell and Wang, 
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2001). 

SUM06: This metric sums all hourly ozone concentrations above 0.06 parts per million 

(ppm) during daylight hours over the growing season. It is used to estimate the 

cumulative exposure of plants to ozone concentrations that are likely to cause damage. 

By focusing on higher ozone concentrations, the SUM06 metric aims to represent the 

potential for significant plant injury (Mauzerell and Wang, 2001). 

AOT40 metrics: Developed in Europe, the AOT40 (Accumulated Ozone exposure over a 

Threshold of 40 parts per billion) metric sums all hourly ozone concentrations above 40 

parts per billion (ppb) during the daylight hours (typically from 8:00 to 20:00 local time) 

over a specified period, which is often the growing season for crops. AOT40 is 

specifically designed to estimate the effects of moderate to high ozone concentrations on 

sensitive vegetation and is widely used in European ozone risk assessments (Mauzerell 

and Wang, 2001). 

Seasonal percentile metrics: This metric looks at the distribution of ozone concentrations 

over a season and identifies a certain percentile (e.g., the 95th percentile) to assess 

ozone levels that occur less frequently but may have significant impacts. This approach 

helps in understanding long-term variations in ozone exposure and avoids potential 

misinterpretation that could arise from using mean ozone concentrations. It is particularly 

useful in risk analysis for evaluating the extremes of ozone exposure that are not 

captured by average-based metrics (Xu et al., 2008; Lefohn et al., 2018). 

1.6.2.3 Flux based metrics 

To address this problem, the flux-based approach was developed, which assesses O3 

impacts based on the O3 taken up through the stomates. The Deposition of Ozone for 

Stomatal Exchange (DO3SE) model was developed to estimate O3 impacts on vegetation 

using this flux-based approach (Emberson et al., 2000). The DO3SE model has been 

incorporated into the European Monitoring and Evaluation Programme (EMEP) photo-

oxidant CTM, which is used by the United Nations Economic Commission for Europe 

(UNECE) in their air pollution impact assessments (UNECE, 2017). DO3SE considers 

various resistances to O3 deposition to a vegetated surface from an O3 concentration at 

some height in the atmosphere. Resistances include a) Aerodynamic resistance, b) the 

quasi-laminar resistance above the canopy, c) the surface resistance, which further 

divides into stomatal and non-stomatal resistances. Non-stomatal resistance represents 
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canopy aerodynamic resistance and the soil resistance to decomposition to soil surface 

(Emberson et al.,  2001). The stomatal resistance (the inverse of which is stomatal 

conductance) is calculated using a multiplicative Ç  approach (and used to estimate 

stomatal O3 flux to a representative leaf of the upper sunlit canopy Emberson et al., 

2000). Accumulated stomatal O3 flux for a period over the course of the crop growing 

season has been found to be a useful metric to characterise the effect of O3 on crop yield 

losses (Danielsson et al., 2003; Pleijel et al., 2007). Flux-based (empirical) and 

concentration-based approaches have been used to develop dose-response 

relationships for the European region (Pleijel et al., 2007). These dose-response 

relationships provide a link between a pollutant dose and a crop response of concern and 

are ideally developed from coordinated standardised experimental trials (LRTAP,2017). 

Such dose-response relationships have been used to define ócritical levelsô of O3 (the 

level below which no statistically significant effect of O3 is expected to occur) (UNECE, 

2017). Dose-response relationships can also be used in risk assessments to estimate 

crop yield losses across broad geographical regions (Emberson et al., 2018). The flux-

based approaches are considered more biologically meaningful than the concentration-

based approach (Mills et al., 2011,2018) but still lack some detail on how crucial 

processes important in determining O3 impacts play out, which include: - 1) Detoxification 

of the incoming O3 flux in cell wall 2) the effect of O3 on carbon allocation patterns, mostly 

important for crops and trees.  

 

1.6.2.4 Mechanistic ὃ Ὣ  models 

 

Building on this understanding, there has been a notable shift in the process of crop 

development, i.e., with the development of mechanistic ὃ Ὣ  models, specifically 

tailored for wheat. This approach innovatively connects ὃ  a crucial determinant of plant 

development rate to Ὣ . The strength of such models lies in their foundation in leaf 

physiology, enabling a more accurate estimation of O3 flux and its impact on crop yield 

(Schauberger et al., 2019). These models consider various environmental conditions, like 

light, temperature, and soil water, which are known to influence crop development, 

growth, and yield (Emberson et al., 2018). 

Several models have delved into the interactive effects of O3 and climate variables. 

Notably, the LPJml model by (Schauberger et al., 2019), a process-based big leaf model, 
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stands out as the first to simulate the interactive effects of O3 with temperature, water 

stress, phenology, and CO2 on global wheat crops. The MCWLA-Wheat model by (Tao et 

al., 2017), more region-specific than LPJml and parametrized for eight Chinese 

provinces, assesses the interactive effects of climate change, O3, and CO2 on crop 

growth and productivity. Additionally, the LINTULLC2 model, as researched by (Feng et 

al., 2022), focuses on the impact of ozone at the canopy level and has been 

parametrized for both sensitive and tolerant German wheat species. 

Further progress in this study includes the development of the DO3SE-crop model, an 

adaptation of the DO3SE modelôs stomatal deposition component. This modification is 

crucial as it allows the model to simulate both CO2 uptake for carbon assimilation and 

ozone uptake through the stomata. The UK JULES crop model, a part of the UK Earth 

System Model (UKESM), complements this by distributing assimilated carbon to various 

plant parts based on the cropôs developmental stage. This model also factors in the 

impact of ozone on ὃ  , leaf senescence and the timing of crop maturity, employing 

algorithms from (Ewert and Porter, 2000). This integration is vital for comparing the UK 

JULES Crop model, based on (Sitch et al., 2007), with the alternate ozone damage 

mechanisms within DO3SE-crop. It plays a key role in assessing biogeochemical cycles, 

including ozone, between the atmosphere and the land surface. The development of the 

DO3SE-crop model encompasses various elements: phenology, processes at the leaf 

scale, scaling up to the canopy level, and carbon allocation. It has been calibrated and 

parametrized for European and 47 Chinese sites. Such models are capable of simulating 

key physiological variables, crop development, biomass, yield, and ozone deposition 

across canopy layers. Importantly, it facilitates the development of dose-response 

relationships and critical levels for regional scale risk assessments. 

1.6.2.5 Flux- response relationships 

One of the primary applications of this model lies in its use for flux-response 

relationships. Currently, these relationships are often developed using an empirical 

approach, specifically the multiplicative Ὣ  model, as cited in the LRTAP Convention of 

2017. This methodology is employed to calculate the stomatal O3 flux for crops, 

particularly those grown in European filtration and fumigation experiments (Osborne et 

al., 2019). By utilizing these experimental datasets, it is possible to compute the 

accumulated stomatal O3 flux (PODy) over a crop's growing season (Emberson et al., 

2018). This flux can then be plotted against the relative yield loss observed under various 
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experimental ozone treatments (Emberson et al., 2018). From this, a response 

relationship can be derived, usually through statistical linear regression of these pooled 

data points, as indicated by research from (Pleijel et al., 2022). In Europe, specifically, 

the flux-response relationships for wheat have been established based on data gathered 

from four European countries (LRTAP, 2017. This data encompasses a period of nine 

years and includes observations from five different wheat cultivars, as documented in the 

LRTAP Convention of 2017. 

However, there is a growing consensus that flux-response relationships developed using 

Mechanistic ὃ Ὣ  models could be more beneficial (Emberson et al., 2018). These 

models are more closely aligned with the plant's primary physiological requirements for 

gas exchange (Schauberger et al., 2019). This includes the uptake of CO2 for carbon 

assimilation through ὃ  and understanding the mechanisms of the ozone damage. 

Such an approach would likely provide a more accurate and meaningful basis for the 

development of flux-response relationships (Schauberger et al., 2019). By focusing on 

these mechanistic models, researchers can gain a deeper understanding of how 

environmental factors like O3 impact crop health and productivity, leading to more 

effective strategies for crop management and protection. 

Table 3. delineates various ozone metrics, their purposes, algorithms, and references, 

serving as a crucial tool for understanding and managing ozone concentrations in 

different environments. These metrics provide a robust scientific foundation for their 

application in environmental monitoring and policymaking. 

Metrics Purpose Algorithms References 

AOT40 (12-

h(8am-7pm) for 

growing season) 

Suitable for 

moderate or 

high O3 

concentration

. 

AOT40 = 

В ὅ  τπ for  

ὅ ] Ó 40 ppb, during 

daylight hours; units 

ppbh 

Mauzerell and 

Wang 2001 

 

Mapping 

Manual 2017 

W126 (12-h 

weighted 

average for 

growing season) 

 Suitable for 

moderate or 

high O3 

W126 =В ὅ z ύ 

where ύz = 1/ (1 + 

4403 ezxp (ī0.126 

 zὅ)); units ppbh 

Mauzerell and 

Wang 2001 
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concentration

. 

SUMO6 ( Suitable in 

urban areas 

where 

summer 

smog and O3-

related health 

issues are 

more 

prevalent. 

 

SUM06 = В ὅ   for 

ὅ ] Ó 60 ppb; units 

ppbh 

Mauzerell and 

Wang 2001 

 

Seasonal 

Percentiles 

(median, 5th, 

25th, 75th, 95th, 

98th, and 99th) of 

hourly average 

O3 values 

 Used during 

summer 

 (Xu et al., 2008; 

Lefohn et al., 

2018) 

Daily 12-hand 7-

h average for 

various months 

and daily periods 

 Suitable for 

low to 

moderate O3 

concentration  

M7, M12 = *В ὅ   

From hours includes 

0900 to 1559 h for M7 

metrics; and 8:00ï19:59 

for M12 metrics 

Mauzerell and 

Wang 2001 

 

 

1.8 Policies  

Various global regions have implemented diverse strategies to evaluate and mitigate the 

effects of O3 on vegetation. These strategies typically encompass monitoring O3 

concentrations, establishing exposure limits, and enforcing measures to diminish O3 

pollution. To quantitatively evaluate the influence of ground-level O3 on crops, different 

exposure-based metrics have been developed through use of data collected from open-
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top field chamber (OTC) and free atmospheric concentration enrichment (FACE) 

experiments. 

In Europe, the Convention on Long-Range Transboundary Air Pollution (LRTAP), 

initiated in 1979, has been pivotal in developing O3 exposure indices (Pleijel et al., 2022). 

Initially, indices focused on averaging daylight hourly O3 concentrations over a growing 

season (i.e., the M7 (7-hour) or M12 (12-hour) indices) (Mills et al., 2007). The LRTAP 

Convention later adopted the AOT40 index, which accumulates hourly O3 concentrations 

that exceed 40 ppb during daylight hours over the growing season. This index was found 

to provide statistically robust predictions of changes in yield with changes in AOT40 (Mills 

et al., 2007). The M7 and M12 metrics still tend to be the preferred metrics for use in the 

United States. These metrics were in the US EPA's National Crop Loss Assessment 

Network (NCLAN) (Mauzerall and Wang, 2001). 

Nevertheless, these methods have their shortcomings. Conventional O3 indices, which 

rely on external ambient O3 concentrations, are not always able to provide a true 

characterisation of O3 damage (Schauberger et al., 2019). This is because plant 

responses to O3 are more directly related to the internal concentration of O3, which is 

controlled by Ὣ  (Emberson et al., 2018). This insight led to the development of the flux-

based metricðthis new metric estimates the internal O3 'dose,' considering the 

environmental conditions that influence Ὣ  and hence stomatal O3 uptake (Emberson et 

al., 2018). The flux-based approach has proven more adept at forecasting plant 

responses (Mills et al., 2011) and has been integrated into the chemical transport model 

used by the European Monitoring and Evaluation Programme (EMEP) (Simpson et al., 

2012) so that regional scale estimates of stomatal O3 uptake can be simulated. 

Increasing harmful pollutants and environmental degradation have gained the 

government's attention in China (Li et al., 2020). The Ministry of Environment Protection 

developed a nationwide network to monitor urban and suburban air pollution, which has 

been operational since 2013 (Li et al., 2020). This network's data and the Tropospheric 

Ozone Assessment Report (TOAR) data have informed revisions to China's O3 standards 

(Li et al., 2020). However, these standards focus on human health, with no specific 

standards set for vegetation (Li et al., 2020). Recent studies in Asia, including work on 

dose-response relationships for crops such as wheat, have tended to use AOT40 metrics 

but have highlighted the need for flux-response relationships and a standard critical limit 

for vegetation (Yadav et al., 2021; Feng et al., 2022).  
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Capturing the variation in O3 sensitivity among different species and cultivars presents an 

additional challenge. Concentration-based indices like AOT40 can be adjusted for 

varying sensitivity levels by modifying the critical level below which adverse effects on 

different plant species would be expected to occur (Pleijel et al., 2022). By contrast, flux-

based models can address this variation in species sensitivity to O3 by applying species-

specific maximum rates of Ὣ  and thresholds for hourly stomatal O3 flux accumulation; 

such variations can be used to simulate the accumulated stomatal ozone flux above a 

threshold over the course of a growth period, resulting in the PODY metric (Yadav et 

al.,2021). Another approach, proposed by (Massman, 2004), combines estimated O3 

uptake through stomata with the plant's detoxification capability to produce the 'effective 

ozone dose.' However, modelling or estimating a plant's detoxification capacity remains a 

challenge (Paoletti et al., 2019). 

These different metrics can be used to develop dose-response relationships. Once 

established, dose-response relationships can then be used to define Air Quality 

Standards (in Europe, these are referred to as óCritical Levelsô) which provide a target for 

emission reductions in that achieving the AQG should eliminate any adverse effects of 

pollutant concentrations on vegetation (Emberson et al., 2018). Therefore, these air 

quality standards therefore aid policymakers in their efforts to reduce harmful emissions 

(Emberson et al., 2018). Exceedance of these AQG standards would be expected to 

oblige policymakers to develop local, regional, and national action plans to reduce 

emissions, targeting emission reductions to specific locations where AQGs are 

exceeded, therefore optimizing emission reductions according to an óeffects-basedô 

approach (Emberson et al., 2018).  

1.9 Aims and Objectives  

In summary, there is substantial evidence that ground-level O3 is causing damage to 

vegetation and in particular, sensitive crop species, affecting crop development, growth, 

and yield. It is also clear that the severity of such O3 damage is dependent upon 

prevailing environmental conditions and other abiotic stresses (e.g., temperature and 

water stress) as well as the sensitivity of different cultivars to O3 stress.  Current O3 

concentrations remain high across many parts of Asia, and projections of likely emission 

trajectories would suggest that these O3 concentrations may remain high in the coming 

decades. At the same time, climate change is also projected to cause stress on crop 

productivity, especially in relation to temperature and water stress. A key limitation of the 
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current concentration- or flux-based risk assessment models is that they are unable to 

incorporate the full effects of different abiotic stresses acting in combination. They are 

also limited in their ability to simulate O3 damage outside the range of environmental 

conditions under which the data used to develop dose-response relationships have been 

collected. As such, there is a need to develop new approaches for O3 risk and damage 

assessment that can provide additional information to optimise emission reduction efforts 

and potentially to identify adaptation options for agricultural management that might limit 

O3 damage under a range of future abiotic stresses.  

To date, flux-based methods have relied on multiplicative Ὣ  models, which are rather 

an empirical by nature and require rather extensive parameterisation for different 

vegetation types (Osborne et al., 2019). Mechanistic ὃ  -based Ὣ   models (ὃ Ὣ  ), 

could provide an alternative estimate stomatal ozone flux and at the same time provide a 

more direct relationship between O3 uptake, carbon assimilation, allocation, and hence 

growth and yield as well as crop development.  The development of robust ὃ Ὣ  flux-

response relationships could prove that this type of Ὣ  model is suitable for O3 damage 

assessment and provide a segway to the development of photosynthetic-based crop 

modelling approaches that incorporate O3 damage. Developing the DO3SE model (which 

has been used extensively for vegetation assessment in Europe) to incorporate such 

crop modelling approaches is also helpful since it incorporates important O3 deposition 

terms (required to estimate canopy height concentrations from atmospheric chemistry 

output) and maintains a connection and ability to apply other approaches for O3 risk 

assessment for comparative purposes.        

Finally, given the threat that elevated O3 concentrations pose in Asia, both currently as 

well as most likely into the future, it also makes sense to focus on the development and 

calibration of such a new crop modelling method for Chinese conditions.  

Therefore, the overall aim of this PhD thesis is the development and application of the 

newly developed DO3SE-crop model to understand and predict ozone (O3) induced yield 

losses in crops, with a specific focus on Europe and China Agro-Ecological Zones. This 

involves a comprehensive evaluation of different stomatal conductance models (Ὣ  

models) for their ability to develop robust dose-response relationships, the integration of 

these models with the JULES-Crop model to simulate site-specific ozone-induced yield 

loss, and the application of the integrated model across different agro-ecological zones in 

China to estimate yield losses due to ozone exposure. 
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In essence, the thesis aims to enhance the understanding of how ozone impacts crop 

yields and to provide a robust modelling framework that can be used to simulate these 

effects with high accuracy across diverse conditions. This could serve as a valuable tool 

for agricultural scientists, policymakers, and farmers for planning and mitigating the 

impacts of ozone on food production. 

This PhD thesis, therefore, has the following research objectives: - 

1. Can the ὃ Ὣ  model be used to develop robust dose-response relationships? 

This research question is addressed in Chapter 2, which compares the ability of three 

different Ὣ  models (i.e., the DO3SE multiplicative Ὣ  model (Ὣ Ὡάὴ, ii. an empirical 

ὃ Ὣ  model (ὃ Ὣ Ὡάὴ, and iii. a mechanistic ὃ Ὣ  model (ὃ Ὣ άὩὧὬ to 

derive robust dose-response relationships. To evaluate model performance, we use a 

dataset which describes O3-induced yield losses for a number of cultivars, years and 

experimental fumigation sites across Europe.    

2. Can the DO3SE model (including a mechanistic ὃ Ὣ  model) be combined with 

the JULES Crop model to simulate site-specific O3 induced yield loss in China.  

This research question is addressed in Chapter 3, which describes the development, 

calibration, and evaluation of a new model, DO3SE-Crop. Development of this model 

involves bringing together the various aspects of DO3SE that are useful for both O3 

deposition and stomatal O3 flux and interfacing the ὃ Ὣ  models carbon assimilation 

with the JULES crop models carbon allocation algorithms, ensuring alignment of crop 

development.    

3. Can DO3SE-Crop be applied across China to estimate O3-induced yield losses for 

different agro-ecological zones?   

Chapter 4 addresses this research questions by describing the calibration of the DO3SE-

Crop model for the main winter wheat-producing agro-ecological zones in China. Here, 

we focus on the effectiveness of methods to calibrate phenology and yield across China 

and use model results to understand potential climatic differences that might influence O3 

damage and the importance of cultivar sensitivity to yield loss estimates.  
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2. Ozone dose-response relationships for wheat can be derived using photosynthetic-

based stomatal conductance models. 

 

2.1 Abstract  

Ground-level ozone (O3) pollution occurs across many important agricultural regions in 

Europe, North America, and Asia, negatively impacting O3 -sensitive crops such as wheat. 

Risk assessment methods to quantify the magnitude and spatial extent of O3 pollution have 

often used dose-response relationships. In Europe, the dose metrics used in these 

relationships have evolved from concentration- to flux-based metrics since stomatal ozone 

flux has been found to correlate better with yield losses. Estimates of Ὣ  have, to date, 

used an empirical multiplicative model. However, other more mechanistic approaches are 

available, namely the coupled photosynthetic-stomatal conductance (ὃ Ὣ ) model. This 

study used a European O3 OTC and solardome fumigation experimental dataset 

(comprising 7 cultivars, 4 countries, and 12 years) to develop a new flux-based dose-

response relationship for wheat yield using the mechanistic ὃ Ὣ  model (ὃ Ὣ άὩὧὬ). 

The ὃ Ὣ άὩὧὬ model was found to be equally robust (R2 =0.82) compared to the flux-

response models derived from empirical Ὣ   models. In addition, the mechanistic ὃ Ὣ  

model was found to be better at predicting the effect of high O3 concentrations on diurnal 

and seasonal profiles of Ὣ  and ὃ  . It was also better able to simulate changes of up 

to, 7 and 12 days respectively, in the start (SOS) and end (EOS) of senescence, an 

important determinant of yield loss, over a range of O3 treatments. We conclude that 

mechanistic ὃ Ὣ  models can be used to derive robust flux-response relationships.  
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2.2 Introduction  

Empirical evidence from Europe, North America, and Asia shows that O3 is causing a 

range of impacts on staple crops such as wheat (Hansen et al., 2019; Feng et al., 2022; 

Büker et al., 2015). These impacts include altered Ὣ  (Danielsson et al., 2003; Ghosh et 

al., 2020), reduced ὃ   (Ojanperä et al.,1998), and early and enhanced leaf senescence 

(Osborne et al., 2019; Gelang et al., 2000). Effects on leaf senescence can lead to a 

reduction in ὃ  and Ὣ  and a shorter grain-filling period (Gelang et al., 2000), thus 

decreasing yield (Pleijel et al., 2022) and biomass (Feng et al., 2021).  Experimental 

meta-analyses have found that wheat yield losses can range from 3-50% when O3 

concentrations (described as a 7-hour daylight mean over the growing season) range 

from 5-115 ppb (Mills et al., 2018). Risk assessments performed on the application of 

dose-response relationships derived from such experimental data (Pleijel et al., 2007) 

estimate O3-induced yield losses of between 12 to 15 % globally, causing production 

losses of approximately 85 million tonnes (Mills et al., 2018). These losses in productivity 

are a cause for concern, given the importance of wheat as a staple crop for 

approximately 35% of the global population (Grote et al., 2021) and that the annual 

consumption of wheat worldwide is approximately 791 million tonnes (US Department of 

Agriculture, 2023). Evidence also suggests that the threat from O3 pollution will continue 

into the future. Background O3 concentrations have remained high over agriculturally 

important regions (Feng et al., 2019; Arnold et al., 2021; Boleti et al., 2020; Sicard et al., 

2021) and in particular across Europe (Rega et al., 2020) and both background and peak 

O3 are increasing in the Indo-Gangetic plains in south Asia (Shah et al., 2019), and the 

North China Plain in East Asia (Liu et al., 2016). Therefore, to estimate the threat from O3 

pollution, risk assessment modelling methods have been developed to assess the current 

and future effects of O3 on crop growth and yield at national, regional, and global scales 

(Emberson et al., 2018). These methods often use experimental O3 filtration/fumigation 

data to derive dose-response relationships and hence require the identification of a 

suitable dose metric capable of predicting O3 damage (i.e., yield loss for crops). Metrics 

would ideally be able to incorporate the effects of species and cultivars as well as 

management practices (e.g., irrigation) that are known to alter sensitivity to O3 pollution 

(Mills et al., 2018; Anav et al., 2016; Osborne et al., 2019). Metrics have evolved over the 

past decade, moving from concentration- to flux-based indices (Grulke and Heath, 2019; 

Pleijel et al., 2007; Mills et al., 2018) with the flux-based approach allowing O3 
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concentrations to be decoupled from O3  exposure when conditions (e.g., high 

atmospheric or soil water deficits) limit stomatal O3  uptake (Emberson et al., 2018; Tai et 

al., 2021) This capability of the flux-based approach has been shown to give more 

reliable estimates of the spatial extent of O3  damage (Mills et al., 2011).   

Consequently, the stomatal O3 flux metric, denoted as Phytotoxic Ozone Dose (PODy), 

has been adopted by the UNECE Convention on Long-Range Transboundary Air 

Pollution (LRTAP) to develop dose-response relationships for the derivation of ócritical 

levelsô for Europe; these are levels below which crop damage would not be expected to 

occur according to current knowledge (LRTAP Convention, 2017). These ócritical levelsô 

have been used to establish national and regional air quality standards for the 

formulation of emission reduction policy (Massman et al., 2000; Emberson et al., 2000; 

Mills et al., 2011). Current flux-response relationships have been developed using an 

empirical multiplicative Ὣ  model (LRTAP Convention, 2017), a component of the 

DO3SE O3 deposition model used in European scale modelling (Simpson et al., 2012) to 

calculate stomatal O3 flux for crops grown in European filtration/fumigation experiments. 

This approach datasets allow accumulated stomatal O3 flux (PODy) to be calculated over 

a growing season and plotted against relative yield loss for a range of experimental O3 

treatments. A response relationship can then be derived from statistical linear regression 

of these pooled data points (Pleijel et al., 2022).  In Europe, flux-response relationships 

for wheat are based on data from 4 European countries, encompassing 14 years and 6 

cultivars (LRTAP Convention, 2017).  

An important criticism and limitation of existing flux-response relationships is that the 

estimate of Ὣ  is not related to the plant's main physiological requirement for gas 

exchange, which is the uptake of CO2 for carbon assimilation by ὃ . This creates a 

disconnect between O3 stomatal uptake and critical physiological processes such as 

ὃ , respiration, carbon accumulation and allocation, development, growth, and yield 

(Wang et al., 2009). Stomatal conductance models coupled to ὃ were developed in the 

early 1990s (Leuning etal., 1995) and worked on a supply and demand basis whereby 

Ὣ  is determined according to the requirement of CO2 for ὃ . These models are more 

complex than the empirical multiplicative Ὣ  model since they require an estimate of 

ὃ , which often involves applying a biochemical model to simulate plant physiological 

processes (Büker et al., 2007; Op De Beeck et al., 2010). However, using a multiplicative 

model requires more parameters and cannot consider the interaction of different 
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environmental variables at the same time. Using an ὃ Ὣ  approach would also allow a 

more mechanistic representation of O3 effects on growth and yield to be explored 

(Emberson et al., 2018; Büker et al., 2007). This is important as O3 is thought to cause 

damage via both an instantaneous effect on ὃ as well as a longer-term effect that 

induces early onset senescence, which may lead to earlier maturity and a shorter time 

period for grain filling (Ewert and Porter, 2000; Emberson et al., 2018).  

In this chapter, we develop leaf-level ὃ Ὣ models suitable for quantifying stomatal O3 

flux. The aims of this paper are (i) to assess the ability of the multiplicative Ὣ  (Ὣ Ὡάὴ, 

ὃ Ὣ models (an empirical ὃ Ὣ model (ὃ Ὣ Ὡάὴ) and a mechanistic 

ὃ Ὣ model (ὃ Ὣ άὩὧὬ )  to simulate Ὣ (and ὃ ), (ii) to assess the ability of 

ὃ Ὣ  models to simulate O3  damage to ὃ  and leaf senescence, and (iii) to compare 

the ability of (Ὣ Ὡάὴ and ὃ Ὣ  models to simulate yield loss and hence derive flux-

response relationships. This will be achieved by re-analysis of the European wheat flux-

response data used to derive the current UNECE LRTAP Convention flux response 

relationship (LRTAP Convention,2017) along with additional data from the UK and 

Sweden, which provide further insight into the effects of O3 concentrations on leaf 

physiology and senescence. The three models described above were not designed to 

simulate dynamic crop growth or yield over time; rather, they simply associated the fluxes 

of ozone with the yields that were observed. However, they were tested with observed 

ὃ t, Ὣ ȟ and Chlorophyll Content Index (CCI) data. 
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2.3 Methods  

2.3.1 Stomatal conductance (▌▼◄▫) models  

2.3.1.1 Ὣ Ὡάὴ model  

The Ὣ Ὡάὴ model is an empirical model that estimates Ὣ  according to environmental 

modifications to a species-specific maximum stomatal conductance value (Ὣ ) (Jarvis, 

1976; Emberson et al., 2000; Pleijel et al., 2007) written as:  

Ὣ Ὣ ȢάὭὲὰὩὥὪ Ὢ ȟ Ὢ ȢὪ ȢάὥὼὪ ȟὪ ȢὪ ȢὪ                   Eq. 1    

Where Ὣ  is the flag leaf stomatal conductance (mmol O3 mī2 PLA sī1 where PLA is the 

sunlit projected leaf area) and Ὣ  is the species-specific maximum Ὣ . The 

parameters ὰὩὥὪ Ὢ , Ὢ , Ὢ , Ὢ , Ὢ , and Ὢ  account for the effect of 

phenology, O3, light, temperature, vapour pressure deficit (VPD), and soil water potential 

(SWP) on Ὣ . Ὢ  is the fractional minimal daylight Ὣ . These functions these 

functions can have values ranging from 0 to 1. Since wheat grown in the 

filtration/fumigation studies was always well-watered, we assume that Ὢ   equals 1. The 

DO3SE algorithms and parameters for these functions are described in Eq. SI. 1- Eq. SI. 

5 and Table. SI. 3, respectively, after the (Grünhage et al., 2012) and LRTAP Convention 

(2017). Graphical representation of these factors is also shown in Fig. SI. 2. a-e. 

2.3.1.2  ὃ Ὣ Ὡάὴ model  

The coupled ὃ Ὣ Ὡάὴ model provides a consistent estimate of the exchange of CO2 

(driven by supply and demand of CO2 for ὃ  and its products) on consideration of water 

loss controlled by Ὣ . The ὃ Ὣ Ὡάὴ model consists of a combination of two separate 

models: a) the mechanistic and biochemical ὃ  model (Farquhar et al., 1980; Harley et 

al., 1992) that estimates net ὃ ,  and b) the coupled ὃ Ὣ  model  (Leuning, 1995) 

that estimates Ὣ . 

The ὃ model assumes that ὃ  is limited, according to prevailing environmental 

conditions, by three different mechanisms: i. rubisco activity (ὃ); ii. the regeneration of 

ribulose-1,5-bisphosphate (RuBP), which is limited by the rate of electron transport (ὃ) 

and iii. the rate of transport of photosynthetic products (ὃ ) (Sharkey et al., 2007). These 

influences on ὃ  are calculated by determination of the smaller of these theoretical CO2 

assimilation rates less the rate of dark respiration (Ὑ ) (Harley et al., 1992), see Eq. 2-Eq. 

6. 
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! ÍÉÎ!ȟ!ȟ! 2            Eq. 2 

Where, 

!
ᶻȢ Ȣ Ȣ  

                                                                        Eq.3 

ὃ ὐȢ
ᶻ

Ȣ Ȣᶻ
                                                                                                                   Eq.4 

ὃ  πȢυ Ȣὠ             Eq. 5 

Where 6  is the maximum rate of RuBP carboxylation catalysed by the enzyme 

Rubisco at 25°C (leaf temperature), ὅ and ὕ are the intercellular CO2 and O2 

concentrations respectively; ὑ and ὑ  are the Rubisco Michaelis-Menten constants for 

CO2 and O2 respectively; ῲ  zis the CO2 compensation point in the absence of respiration. J is 

the electron transport rate, which increases linearly with incident photosynthetically active 

photon flux density (Q, µmol/m²/s) until light saturation is reached, beyond which J 

approaches a maximum value known as ὐ . In the photosynthetic model by Sharkey et 

al. (2007), the parameters 'a' and 'b' reflect conservative estimates for the electron 

transport rate during carboxylation and oxygenation, assumed to be 4 and 8 electrons 

respectively, which are pivotal for the regeneration of RuBP and consequently impact the 

formation of NADPH and ATP in the Calvin cycle (Sharkey et al., 2007). ὃ is modified to 

include Ὢ  and leaf fphen to empirically define the effect of leaf age and O3 induced 

senescence on Ὣ  (Ewert, Van Oijen and Porter, 1999). This allows ὠ  to change 

throughout the growing season. Since O3 primarily causes a limitation to Rubisco we do 

not include O3 damage in estimates of ὃ ὥὲὨ ὃ .   

Ὣ  is calculated from ὃ  using an empirical relationship between Ὣ , ὃ  and 

environmental variables following an approach first developed by (Ball et al.,1987) and 

modified by Leuning (1995) as described in Eq. 6. 

Ὣ Ὢ άȢὃ ȢὪ Ⱦὧ ῲ                               Eq. 6 

Where Ὢ   is the minimal daylight Ὣ  value (Leuning,1995). The parameter ά 

describes the sensitivity of Ὣ  to the carbon assimilation rate accounting for 

atmospheric water status (determined according to ὠὖὈ) and CO2 concentration at the 

leaf surface. ὧ is the CO2 concentration at the leaf surface and  ῲ is the CO2 

compensation point and Cs is the humidity deficit.The use of the multiplicative Ὣ  
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models Ὢ  relationship (Danielsson et al., 2003; Pleijel et al., 2007;LRTAP 

Convention,2017 ) ensures consistency between the Ὣ Ὡάὴ and ὃ Ὣ Ὡάὴ  

modelling methods used in this study see equation Eq. 7 

 Ὢ ρ                       Eq. 7 

where ὠὖὈέ is the VPD threshold parameterised to reflect a more gradual decrease in 

Ὣ  with increasing ὠὖὈ of the   Ὢ  relationship compared to that previously suggested 

by Leuningôs (1995) hyperbolic function (Fig. SI. 1). 

2.3.3.3 ὃ Ὣ άὩὧὬ model  

The ὃ Ὣ άὩὧὬ model simulates the loss of instantaneous photosynthetic activity and 

the acceleration of leaf senescence using a mechanistic approach to modify the Rubisco-

limited rate of photosynthesis (ὃ  following the approach of Ewert & Porter (2000) as 

described in Eq. 8 

ὃ
ᶻȢ Ȣ ȟ Ȣ

                                                                              Eq. 8 

The short-term impact of O3 on ὃ is calculated according to the ὪὕȟὨ term, the 

cumulative daylight hour effect of O3 on Vcmax, which allows for an instantaneous effect of 

O3 on ὃ  when stomatal O3 flux overwhelms detoxification and repair mechanisms 

(Betzelberger et al., 2012; Feng et al., 2022). ὪὕȟὨ is estimated by calculating Ὢ ȟὬ 

(representing the linear relationship between stomatal O3 flux (Ὢ )) and a decrease in ὃ 

calculated for every hour as described in  Eq. 9 

Ὢ ȟὬ  ρ Ƞ                                                                     Ὢέὶ Ὢ                                                   

Ὢ ȟὬ  ρ  ‎ρ  ‎ςz  Ὢ                                    Ὢέὶ  Ὢ                         

Ὢ ȟὬ  π Ƞ                                                                     Ὢέὶ Ὢ
 

                                      Eq. 9 

where ‎ρ and ‎ς are both short-term O3 damage coefficients, with  representing the O3 

detoxification threshold below which no damage occurs to the photosynthetic system and  

‎ς determining the effect of Ὢ  on ὃ; ὪὕȟὨ and Ὢ ȟὨ ρ are calculated as 

described in Eq. 10 

Ὢ ȟὨ  Ὢ ȟὬ ὶz ȟ                                                 Ὢέὶ ὖὃὙυπ‘άέὰȾά Ⱦί                                                  
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Ὢ ȟὨ  Ὢ ȟὬ Ὢz ȟὨ ρ           Ὢέὶ ὖὃὙυπ‘άέὰȾά Ⱦί              Eq. 10 

where ὶ ȟ represents incomplete recovery from Ὢ  overnight which depends on leaf age 

according to equation Eq. 11 

ὶ ȟ  Ὢ ȟὨ ρ ρ Ὢ ȟὨ ρ Ὢz                                                                 Eq. 11 

Where fLA defines leaf age and calculated as 

Ὢ ρȠ                                                         Ὢέὶ ὝὝ ὸὰȟὩά 

Ὢ ρ Ƞ                           Ὢέὶ ὸὰȟὩά ὝὝ ὸὰ                                          

Ὢ πȠ                                                                Ὢέὶ ὝὝ ὸὰ                                             Eq. 12 

The long-term impact of O3 on ὠὧ  represented by the Ὢ  term represents the longer-

term accumulation of stomatal O3 flux (ὥὧὧ  causing degradation to the Rubisco 

enzyme triggering early and enhanced senescence of mature leaves (Gelang et al., 

2000; Osborne et al., 2019). The simulation of Ὢ  (and Ὢ  used in the short-term O3 

effect) are related to thermal time defined periods over the course of the flag leaf life span  

defined as a mature (ὸὰȟὩὴ) and a senescing (ὸὰȟίὩ) stage which together comprise ὸὰȟάὥ, 

the full flag leaf life span  equivalent to ὰὩὥὪὴὬὩὲ in the empirical models.  The ὸὰȟὩὴ stage 

defines the period between the start of anthesis and start of senescence (SOS). The ὸὰȟίὩ 

stage simulates an abrupt decline in chlorophyll content and depicts the period between 

SOS and end of senescence (EOS). See 2.3.4 for the description of the SOS and EOS 

calculation. TTleaf represents the cumulative thermal time, which varies on a daily basis. 

This value is determined by taking the mean of the temperature recorded hourly over a 

24-hour period and then integrating it with the thermal time accumulated up to the 

previous day. 

 See Eq. SI. 5-Eq. SI. 6 for ὰὩὥὪὴὬὩὲ and tl,ma equations and Fig. SI. 3 to see the 

relationship between leaffphen, Ὢ  and Ὢ . The O3 effect on Ὢ  is first simulated by 

estimating a weighted accumulated Ὢίὸ  (Ὢὕσȟὰ) modified from Ewert and Porter (2000) 

by: 

Ὢὕσ ρ ÍÁØ ÍÉÎ‎σz ὥὧὧȟρȟπ                   Eq. 13 

where ‎σ determines the reduction in ὸὰȟάὥ as ὥὧὧ (in µ mol m-2) increases. The SOS 

is determined by ‎τ, with ‎υ which determining maturity (or EOS), 
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ὸὰ ὸὰ ᶻρ ρ Ὢὕσ ‎zτ   

ὸὰ ὸὰ ᶻρ ρ Ὢὕσ ‎zυ ᾀὧ                                     Eq. 14 

ᾀὧὸὰ ὸὰ   

Where, ὸὰ  is ὸὰ  with an O3 effect which may bring senescence earlier, and ὸὰ is 

ὸὰwith an O3 effect which may bring maturity earlier. Ὢ  is estimated by, 

Ὢ ρȠ                                                                   Ὢέὶ ὝὝ ὸὰȟὩά ὸὰȟὩὴ  

Ὢ ρ Ƞ                           Ὢέὶ ὸὰȟὩά ὸὰȟὩὴ ὝὝ ὸὰ             Eq. 15 

Ὢ πȠ                                                                Ὢέὶ ὝὝ ὸὰ  

2.3.2 Estimation of O3 uptake (█▼◄ and ╟╞╓◐  

For all models used in this study Ὢ  (in nmol O3 PLA m-2 s-1) are calculated as a function 

of O3 concentration at the leaf boundary layer, Ὣ ȟ and O3 deposition to the external leaf 

surface (see equations Eq. 16, Eq. 17, Eq. 18 following the LRTAP Convention (2017). 

Ὢ   ὕσ  zὫίὸέz  
 

                   Eq. 16 

ὰὩὥὪ  ρȢσ z ρυπ z ίήὶὸ                     Eq. 17 

ὰὩὥὪ ὰὩὥὪ
  

                              Eq. 18 

Where ὕσ is the  O3 concentration at the upper surface of the quasi-laminar boundary layer 

of the flag leaf  (nmol/mol), Ὣίὸέ is leaf stomatal conductance (m/s) as described in 

equation 6, ὰὩὥὪ is the quasi laminar leaf boundary layer resistance (s/m), ὒά is the cross 

wind leaf dimension (m), όὬ is the windspeed at the canopy surface (m/s), ὰὩὥὪ is leaf 

surface resistance (s/m), ὫὩὼὸ is the external plant cuticle conductance (s/m). Here we 

assume that the O3 concentrations measured within the field chambers of the 

filtration/fumigation experiments represent a reasonable estimate of O3 at the leaf 

boundary layer due to the enhanced air circulation. Parameters value provided Table. SI. 

4. 
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This study uses the ὖὕὈώ  stomatal flux-based index currently used by the UNECE 

LRTAP Convention (2017) to assess damage to European wheat calculated using a ώ 

threshold value of 6 nmol O3 m-2 PLA s-1 according to Eq. 19 for all three models.   

ὖὕὈ    В Ὢ ώ z  Ƞ   Ὢέὶ Ὢ  ² ώ ὲάέὰ ά  ὖὒὃ ί                        Eq. 19 

where Ὢ  is the hourly mean O3 flux in nmol O3 m-2 PLA s-1 (see equation [14]) and ὲ is 

the number of hours within the accumulation period. ώ (equivalent to y ȟ which is equal 

to 6 (nmol m-2 PLA s-1) and is subtracted from each hourly averaged Ὢ  (nmol O3 m-2 PLA 

s-1) value only, when Ὢ ώ, during daylight hours (when PAR > 50 W m-2). The term 

(3600/106) converts to hourly fluxes and to mmol O3 m-2 PLA. 

2.3.3. Datasets  

The Ὣ  models were applied to simulate ὖὕὈ for O3 filtration/fumigation experimental 

datasets conducted since the 1980s in Europe that described wheat yield losses due to 

different O3 treatments. These datasets represent 4 countries (Belgium, Sweden, 

Finland, and United Kingdom) 7 cultivars, and 12 years. These are predominantly the 

same data used to derive the UNECE LRTAP flux-response relationships (LRTAP 

Convention,2017), exceptions being the exclusion of an Italian dataset due to 

experiments not being performed on the flag leaf), and the inclusion of new data from the 

UK and Sweden which have the benefit of also providing important physiological and 

chlorophyll content data. A detailed description of these datasets is given in the Table. SI. 

1. 

2.3.4 Parameterisation for the ▌▼◄▫ models  

The Ὣ Ὡάὴ model uses the same parameters as described in theLRTAP 

Convention,2017. Full details are provided in Table. SI. 3.  

Both the ὃ Ὣ Ὡάὴ ὥὲὨ ὃ Ὣ άὩὧὬ  models require parameterisation of ὠ  

ȟὐ  and ά. Parameters, such as █άὭὲ, representing the minimum stomatal 

conductance (set at 0.01 µmol CO2 m-2 s-1), are sourced from (Ewert and Porter, 2000), 

while ὠὖὈ  (set at 2.2 kPa and detailed in section 2.3) are determined empirically.  

However, the ὃ Ὣ άὩὧὬ model also needs extra parameters for the damage module 

(represented by Ȃ coefficients). On the other hand, the ὃ Ὣ Ὡάὴ model employs the 
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same fO3 function as the multiplicative Ὣ  model for estimating ozone damage, without 

the need for calibration. 

A systematic literature review was conducted to extract data to define the likely range 

and initial values (range mean) of ὠ ,  ὐ  and ά values occurring in wheat 

across Europe, this approach is similar to that used to parameterise the Ὣ Ὡάὴ model 

(LRTAP Coonvention,2017). ὠ  and ὐ  values were recorded for fully developed 

flag leaves growing under ambient atmospheric concentrations of O3 and CO2 for crops 

grown in the field/or large pots under a stress-free environment (see, Fig. SI. 4). 

Information describing the bio-geographic region and the prevalence of rainfed or 

irrigated management were also recorded (Fig. SI. 5). A diagrammatic representation of 

the systematic literature review is provided in Fig. SI. 6. 

The parameterisation of ά needs to be considered in relation to ὠὖὈ   since the slope of 

the relationship ά found when plotting  ὃ  against Ὣ  represents a compromise 

between the cost and benefit of Ὣ  relative to CO2 uptake for ὃ  vs. water loss 

affecting intrinsic water use efficiency (Medlyn et al., 2011). Here, the approach of 

Medlyn et al. (2011) was followed and calibrate ά to ensure that the modelled maximum 

 ὃ  against Ὣ  aligns accurately with the maximum observed  ὃ  against Ὣ  values.  

The parameters Ȃ3, Ȃ4, and Ȃ5 are exclusively utilised in the ὃ Ὣ άὩὧὬ   damage 

module to simulate the rate of senescence. They were calibrated to ensure that the start 

and end of the senescence period matched observed senescence timings. These 

observations were derived from data describing the Chlorophyll Content Index (CCI) 

using the óbreak pointô analysis method (Mariën et al., 2019). This method determines the 

change in the seasonal pattern of the CCI (and hence senescence) as a function of day 

of the year through piecewise linear regressions. The first segment of the regression (i.e., 

leaf expansion to mid-anthesis) was constrained to zero since it is assumed the leaf does 

not undergo senescence during this period. The slope of the second segment (from mid-

anthesis to harvest) was allowed to be greater than zero on the assumption that the 

senescence of the flag leaf will only occur after mid-anthesis. The slope with the lowest 

RMSE, indicating the smallest deviation between the measured CCI data points and the 

values estimated by the piecewise linear regression model, was assumed as the 

breakpoint for the SOS. Furthermore, a polynomial regression line, which delineates the 

period of senescence, was employed to determine the end of the season (EOS), as 

depicted in Fig. SI. 7. The SOS and EOS of the flag leaf determined from breakpoint 
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analysis of the UK (2015) and Swedish (1997 and 1999) datasets are given in the Table. 

SI. 5. The SOS and EOS of the flag leaf determined from break-point analysis of the UK 

(Mulika and Skyfall,2015) and Swedish (Dragon,1997 and 1999) datasets 

Details of the initial values and the associated ranges for calibration of all 

ὃ Ὣ  parameters are provided in Table 4.  

Table 4. presents a detailed overview of the parameters, ranges and optimised values 

after calibration that are employed in calibrating.ὃ Ὣ  models, which are critical in 

understanding plant physiological responses. 

Parameters Description  Units Initial 

Parameter 

Range Parameters 

used (This 

study) 

Reference 

ὠ  Maximum 

catalytic 

rate at 25oC 

µmol 

CO2 m-

2 s-1 

90 60-180 88.91 (Büker et al., 

2007) 

systematic 

literature 

review (this 

study) 

 

ὐ  Maximum 

rate of 

electron 

transport at 

25oC 

µmol 

CO2 m-

2 s-1 

180 150-

250 

173.83 

ά Species-

specific 

sensitivity to 

ὃ   

- 7 5-15 7.87 (Kosugi et al., 

2003; Collatz 

et al., 1991; 

Baldocchi 

and Meyers, 

1998; Miner 

et al., 2017)  

‎ρz  Short term 

O3 impact 

coefficient 

nmol 

O3  

m-2 s-1 

0.027 - 0.027 Ewert & 

Porter (2000) 

‎ςz   Short term 

O3 impact 

coefficient  

 0.0045 - 0.0045 
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‎σz  Long term 

O3 impact 

coefficient 

(nmol 
O3  
m-2 s-

1)-1 

0.1 0.1-0.7 0.11 Break point 

method (this 

study, see 

2.3.4) 

 

 

‎τz  Long term 

O3 impact 

coefficient 

(µmol 
O3  
m-2)-1 

0.1 0.1-0.5 0.16 

‎υz  Long term 

O3 impact 

coefficient 

 0.1 0.1-0.5 0.44 

*Ȃ parameters only used for ὃ Ὣ ὕ  

In constructing the ὃ Ὣ άὩὧὬ model, meticulous calibration has been applied to both 

the leaf physiological and ozone-related parameters. This comprehensive approach to 

calibration gives the model with the potential for enhanced precision and reliability in its 

analytical capabilities, mainly when applied to the datasets introduced in this 

investigation, notably the novel Bangor datasets from 2015 and 2016. Consequently, this 

refined calibration methodology is posited to confer a superior operational performance 

on the ὃ Ὣ άὩὧὬ model in comparison to its counterparts, the ὃ Ὣ Ὡάὴ modelð

which has undergone calibration solely in the context of leaf physiological parametersð

and the Ὣ Ὡάὴ models. In contrast, the calibration of the Ὣ Ὡάὴ model and the ozone 

module within the ὃ Ὣ Ὡάὴ model adheres to the parameters delineated in the 

LRTAP 2017 framework.2.3.5 Calibration of the ὃ Ὣ Ὡάὴ ὥὲὨ ὃ Ὣ άὩὧὬ models 

The parameters for the multiplicative model were applied as outlined in the LRTAP 

Convention, 2017, indicating that the model was utilised without any calibration 

adjustments in this study. 

ὃ Ὣ Ὡάὴ uses the same set of ὠ , ὐ  and ά values as used in ὃ Ὣ άὩὧὬ 

after performing calibration (step1-3 below). Ozone damage parameters are used as 

outlined in the LRTAP Convention, 2017. 

For ὃ Ὣ άὩὧὬ, calibration of the ὠ , ὐ  and ά models for European conditions 

is performed in steps (as outlined below) using Ὣ ȟ ὃ  ὥὲὨ ὅὅὍ Ὠὥὸὥ  fromvarious sub-

sets of the fumigation/filtration dataset.  
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In the first step, initial values for ὠ , ὐ  and ά  are identified, aiming for a maximal 

Ὣ  of between 500-600 mmol O3 m-2 PLA s-1 and maximum  ὃ  of between 30-35 µmol 

CO2 m-2 s-1, consistent with the experimental dataset for Bangor and published studies 

across Europe (Uddling and Pleijel, 2006; Sharma et al., 2015). This step only uses low O3 

treatment data (n=14) to ensure leaf physiology is unaffected by O3. 

In the second step, the focus is on establishing initial values for O3 damage parameters 

(Ȃ1 to Ȃ5) using datasets from both low (n=11) and very high (n=10) O3 treatments. The O3 

coefficients Ȃ1 and Ȃ2 were set to give a detoxification threshold of 6 nmol O3 m-2s-1, while 

Ȃ3, Ȃ4, Ȃ5 were calibrated based on the observed start and end of senescence data, 

identified through the breakpoint method discussed in section 2.3.4. 

Moving to the third step, the model uses all O3 treatment data, segmenting them into 

training and test sets as detailed in Supplementary Table 5. This uses a bootstrapping 

resampling technique (Hesterberg, 2011), using R software to create bootstrap samples 

(n=5) that randomly select dataset with replacement i.e., in a sample, there can be 

duplicates of the same dataset (Table. SI. 6). Such an approach ensures that the initial 

parameters from steps one and two, along with their defined ranges drawn from both these 

steps and existing literature, are robustly tested across diverse data combinations from the 

fumigation/filtration experiments.  

The calibration process then proceeds with these training samples (n=5), aiming to 

calibrate the model to find the best parameters for ὠ , ὐ  and ά, and O3 damage 

parameters (Ȃ3 to Ȃ5). This calibration employs a computational genetic algorithm (Wang, 

1997), an optimisation technique, with gradient descent to find the best parameters. The 

process requires an initial value and a range) and uses a combination of crossover strategy 

(selecting parameters randomly from parameter pairings) and mutation strategy (which 

takes a parameter range and uses incremental step changes) to identify the parameters 

with the highest R2 and lowest RMSE value. Finally, the calibration outcomes from each 

training sample are aggregated using weighted averages following Eq. SI. 7, to establish 

the final set of parameters.  These parameters are then used to construct the flux-response 

relationships, ensuring the model's applicability and accuracy. 

The model's efficacy is then tested using test datasets (n=5), which apply these final 

parameters. The performance metrics for these tests, specifically theR2 values for the flux-

response relationships ofὃ Ὣ άὩὧὬ, ranged between 0.68-0.77 (Fig. SI. 9) and RMSE 
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between 0.003-1.7, underscoring the model's reliability and precision across different 

datasets. 
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2.4 Results  

2.4.1 Leaf physiology 

Leaf physiology data (Ὣ  and ὃ ) from the UK were used to assess the ability of the 

different models to simulate key physiological variables necessary to estimate 

ὖὕὈunder both low background and peak O3 treatments over the course of the growing 

season.  

Fig. 5. a. shows a scatter plot of model simulations of hourly mean Ὣ  values plotted 

against observed values for the 2015 and 2016 background and peak O3 treatments for 

Mulika and Skyfall wheat varieties. All Ὣ models performed similarly under the 

background O3 treatments with R2 values of between 0.36 and 0.50, with the 

ὃ Ὣ άὩὧὬ model performing the best. All Ὣ  models performed less well under the 

peak O3 treatment with the R2 range between 0.07 to 0.44; with the ὃ Ὣ άὩὧὬ model 

performing the best for the peak O3 treatment, the ὃ Ὣ άὩὧὬ model tends to 

overestimate Ὣ  whilst the other two models tend to underestimate Ὣ  in relation to the 

1:1 line. Similarly,  ὃ Ὣ Ὡάὴ and ὃ Ὣ άὩὧὬ models provided simulations of ὃ  

under background O3 treatments that corresponded closely with observed data, 

achieving R2 values ranging from 0.83 to 0.86 Fig. SI. 9 both the model the ὃ Ὣ Ὡάὴ 

and ὃ Ὣ άὩὧὬ models tends to underestimate maximum values of ὃ  by ~10 µmol 

CO2 m-2 PLA s-1. 

All models were able to simulate the mean diurnal (see Fig. SI. 11) and mean daily 

maximum (see Fig. 5.b) Ὣ  values equally well for the background O3 treatment. For the 

peak O3 treatments, the ὃ Ὣ άὩὧὬ model tended to overestimate mean diurnal Ὣ  by 

about 50 mmol O3 m-2 PLA s-1, whilst the other two models tended to underestimate Ὣ  

by the same margin. Similarly, models were able to simulate the mean diurnal (see Fig. 

SI. 12) and mean daily maximum ὃ  values (see Fig. SI. 10. b) equally well for the 

background O3 treatment. As for Ὣ , all models struggled to predict ὃ  under the peak 

O3 treatments with a tendency to overestimate ὃ  in relation to the 1:1 line but to 

underestimate maximum ὃ  values. ὃ  was comparatively better predicted by 

the ὃ Ὣ άὩὧὬ model with R2 values of 0.56 compared to 0.32 for ὃ Ὣ Ὡάὴ model. 

Fig. SI. 10. shows that the ὃ Ὣ άὩὧὬ model exhibits enhanced performance in 

simulating the impact of peak O3 concentrations throughout the entire lifespan of the flag 
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leaf, thereby capturing the effects of senescence on stomatal conductance with a 

correlation coefficient (R2) of 0.56. This is in comparison to the ═▪▄◄▌▼◄▫▄□▬ model, 

which demonstrated a lower R2 value of 0.32.  By contrast the Ὣ Ὡάὴ and ὃ Ὣ Ὡάὴ 

models simulated an overly sensitive senescence response of Ὣ  to O3 compared to the 

observations. Similar to the Ὣ  results, the ὃ Ὣ  models overestimated the decline in 

ὃ  at the end of the growing season compared to the observations (see Fig. SI. 10. a). 

However, the ὃ Ὣ άὩὧὬ model gave a closer fit to the observations than the 

ὃ Ὣ Ὡάὴ model. 

Despite the ὃ Ὣ άὩὧὬ being parameterized for ozone parameters; it still exhibits 

biases when juxtaposed with the observed dataset. The root of these discrepancies lies 

in the model's dependency on the CCI dataset for estimating the Start of Senescence 

(SOS) and End of Senescence (EOS), which is derived from experimental studies. The 

CCI dataset, however, only provides values from mid-anthesis up to ten days before 

maturation, leading to a critical gap. 

This limitation is especially concerning due to the lack of continuous data collection for 

the anthesis to complete leaf senescence (maturity) and the complete absence of data 

during the final stages of the growing season. This gap in data can lead to either an early 

or a late forecast of the start and end of senescence (SOS and EOS), which 

compromises the accuracy of the model.  

Addressing this issue, therefore, hinges on the integration of additional datasets into the 

model. By incorporating data from both empirical studies and satellite observations, the 

model can be fortified against the inconsistencies born out of incomplete data coverage. 

This enrichment is poised to significantly bolster the robustness of the model's outcomes, 

providing a more reliable framework for understanding senescence dynamics. 

Fig. 5. Scatter plots for Background and peak O3 treatments for Mulika and Skyfall wheat 

cultivars, fumigated in Bangor over the 2015 and 2016 growing seasons, were used to 

plot a) Observed against modelled Ὣ  values estimated using the three different Ὣ  

models. In each plot, the red solid line represents the regression line, showing the 

relationship or fit between the modelled and observed values. The black dashed line 

represents the 1:1 line, which would indicate a perfect match between the modelled and 

observed values. Data points are scattered across each plot, and the coefficient of 

determination (R2) is provided for the regression, indicating the proportion of variance 
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explained by the model. The closer the data points and the red regression line are to the 

black dashed line; the better the model's prediction matches the observed data. b) 

Average daily maximum Ὣ  values simulated over the flag leaf life span by each of the 

three Ὣ  models and observed maxima Ὣ  data were also shown. Error bars, 

indicating the standard error of the observed data, are included, and shown with black 

lines extending from the red observed points, providing a visual representation of 

uncertainty in the measurements. 

a.) 

 

b.) 
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2.4.2 Leaf Senescence 

The CCI data are available from the UK (cv Mulika) and Swedish (cv Dragon) 

filtration/fumigation datasets were used with the breakpoint method to estimate the start 

(SOS) and end (EOS) of senescence. Results in Fig. 6 show that the higher O3 treatment 

(low background vs very high peaks for the UK) brought forwards the SOS by 7 days and 

EOS by 12 days. Similar results are found for Sweden (CF vs. NF++ experiment) for 

Sweden (Fig. SI. 8)  

Fig. 6. Leaf senescence profiles of O3 induced leaf senescence for cv Mulika for the low 

background and very high peak O3 treatments in the UK dataset. The timing of the SOS 

and EOS (vertical dotted black lines) determined by applying the breakpoint method to 

the CCI (red circle with standard errors) are shown in relation to the empirical (minimum 

of Ὢ  and ὰὩὥὪ Ὢ )  and Ὢ  simulations of senescence.  

 

 

It is also useful to assess the senescence effects of the O3 treatments applied in the 

datasets explored in this study and compared them against the observed datasets. Table 

5 summaries this information by dataset for the extreme O3 treatments (i.e., comparing 

lowest with highest). The difference in O3 treatment causing these senescence effects is 
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indicated by the ὖὕὈ values for the flag leaf life span. The mechanistic approach used by the ὃ Ὣ άὩὧὬ model simulated SOS 

and EOS more closely to the observations.  

Table 5. This table provides a detailed comparison of the deviation in days for the Start of Senescence (SOS) and End of 

Senescence (EOS) across various treatments from the observed values, presented as bias. For each listed location and year, the 

table places different treatments like CF (Controlled Fertilization), NF+++ (Nitrogen Fertilization with additional nutrients), LB (Low 

Biomass), and VHP (Very High Pollution), followed by their 24-hour mean concentrations in ppb. The "SOS bias" and "EOS bias" 

columns indicate the deviation in days at the start (SOS) and end of the season (EOS), respectively, from an observed dataset for 

both empirical and mechanistic approaches. Positive values denote a delay, while negative values signify an advancement in 

seasonal timing relative to observed data. PODy at SOS" and "PODy at EOS" columns measure the Phytotoxic Ozone Dose at the 

season's start and end, respectively, in mmol per square meter (mmol m2), indicating the cumulative ozone exposure above a 

harmful threshold to vegetation. 

Location 

and 

Country 

Year Treatments 

comparison 

(24-h Mean 

in ppb) 

ὃ Ὣ Ὡάὴ 

SOS bias 

(in days) 

ὃ Ὣ Ὡάὴ 

EOS bias 

(in days) 

ὃ Ὣ Ὡάὴ 

PODy at 

SOS 

(mmol m-2) 

 

ὃ Ὣ Ὡάὴ 

PODy at 

EOS (mmol 

m-2) 

 

ὃ Ὣ άὩὧὬ 

SOS bias 

(in days) 

ὃ Ὣ άὩὧὬ 

EOS bias 

(in days) 

ὃ Ὣ άὩὧὬ 

PODy at 

SOS (mmol 

m-2) 

 

ὃ Ὣ άὩὧὬ 

PODy at 

EOS (mmol 

m-2) 
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Ostad, 

Sweden 

1997 CF (11.5)  -6 7 0 0 -8 0 0.13 0.13 

NF+++ 

(22.2) 

-9 1 3.3 6.26 3 -4 5.6 7.94 

Ostad, 

Sweden 

1999 CF (17.1) -9 3 0 0 -16 3 0 0.01 

NF+ (35.2) -14 -4 4.3 7.5 3 -8 6.9 9.2 

Bangor, 

UK 

2015 LB (26.94) -12 6 2.07 3.3 -4 -1 3.1 4.07 

VHP (55.73) -9 14 2.78 8.07 1 -4 8.5 11.4 
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2.4.3 Flux-response relationships 

Each of the three Ὣ  models were used to develop flux-response relationships based on 

ὖὕὈ using the O3 filtration/fumigation data Fig. 7. The robustness of the flux-response 

relationship can be determined by the strength of the linear regression (i.e., R2 value). 

The  ὃ Ὣ άὩὧὬ model (R2=0.82) performed similarly to the Ὣ Ὡάὴ model (R2=0.82) 

in deriving flux-response relationships. The ὃ Ὣ Ὡάὴ model performed slightly less 

well (R2=0.79). The slope of the relationships differs by -0.0323, -0.0305, and -0.03 for 

Ὣ Ὡάὴ, ὃ Ὣ Ὡάὴ and ὃ Ὣ άὩὧὬ. This is because the ὃ Ὣ  models simulate 

higher Ὣ  values under elevated O3 and during senescence, which will increase the 

ὖὕὈ values. This demonstrates the importance of consistency in using the same Ὣ  

method to estimate ὖὕὈ as is used to derive the flux-response relationship for yield loss 

estimates. Were ócritical levelsô to be derived from these relationships using the methods 

described in the LRTAP Convention (2017) (i.e., a 5% reduction on grain yield of the 

effect based on the slope of the relationship) values of 1.4, 1.5, and 1.6 mmol O3/m2 

would be found for Ὣ Ὡάὴȟ  ὃ Ὣ Ὡάὴ and ὃ Ὣ άὩὧὬ models respectively (also 

shown as dotted lines in the respective plots in Fig. 7). The range of these values reflects 

the high Ὣ  values modelled using the ὃ Ὣ  models.  

Fig. 7. The figures depict flux-response relationships for relative wheat yield using three 

different stomatal conductance to ozone (Ὣ ) modelsðnamely Ὣ Ὡάὴ, ὃ Ὣ Ὡάὴ and 

ὃ Ὣ άὩὧὬ ðto simulate the POD6 (Phytotoxic Ozone Dose above a threshold of 6 

nmol O3 m-2 PLA s-1). The plots show the modelled POD6 on the x-axis against the 

relative grain yield on the y-axis, with a clear negative trend indicating that as ozone 

exposure increases, the relative grain yield decreases. The 95% confidence intervals are 

indicated by the dotted lines surrounding the best-fit line, providing a visual 

representation of the uncertainty around the estimated response. Each figure should 

include the coefficient of determination (R2 value), which quantifies the proportion of 

variance in the relative grain yield that can be predicted from the modelled POD6 using 

the respective Ὣ  model. This value is a statistical measure of how well the regression 

line approximates the real data points. 
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2.5 Discussion  

We found that the process-based ὃ Ὣ άὩὧὬ model can derive robust flux-based dose-

response relationships (with an R2 value of 0.82), which are very similar to the empirical-

based models (Ὣ Ὡάὴ and  ὃ Ὣ Ὡάὴ). This suggests  ὃ Ὣ  models can be 

reliably used in the derivation of dose-response relationships and critical levels for 

regional scale risk assessments. However, the variability in the slope of the dose-

response relationship (which is also reflected in a higher critical level value of 1.6 mmol 

O3 m2/s) highlights the importance of consistency in application, i.e. that the same Ὣ  

algorithm used to derive the flux (ὖὕὈ-response relationship be used in the risk 

assessment. Our study also found that the  ὃ Ὣ άὩὧὬ model was better able to 

simulate the diurnal and seasonal variation in observations of both  ὃ  and Ὣ  found 

under low vs high O3 treatments in the Bangor experiment. This model attribute is 

particularly advantageous in estimating ὖὕὈ given that O3 concentration profiles can 

vary substantially across the global wheat growing regions, with some experiencing more 

chronic O3 concentrations (e.g., Europe, Karlsson et al., 2017) while others will 

experience more extreme, episodic concentrations (e.g., Asia, Lei et al., 2012).   

There are three important aspects to accurate  ὃ  and Ὣ  estimates, firstly the 

parameterisation of the leaf level  ὃ  model which is dependent upon ὠ , ὐ , ά 

and Ὀ , secondly, the instantaneous effect of O3  on  ὃ   and thirdly, the 

parameterisation of the module describing O3-induced leaf senescence; the latter is 

especially important to estimate  ὃ  and Ὣ toward the end of the growing season, in 

wheat, this coincides with the grain-filling period and is therefore crucial in determining 

yield (Neghliz et al., 2016). 

Parametrised values for ὠ  and ὐ  of 88 and 173 µmol CO2 m2/s, respectively, in 

this study compare well to the values of 62-75 and 150-195 µmol CO2 m2/s used for 

LINTULLC2 (Feng et al., 2022) and AFRCWHEAT (Oijen and Ewert, 1999) crop models 

which incorporate O3 damage modules for similar European wheat applications. We 

found limited evidence for variation in ὠ  and ὐ  with biogeographical regions 

with ὠ  varying between 55-180, 53-185, and 90-120 µmols CO2 m-2 s-1 for Atlantic, 

continental and Mediterranean biogeographic regions, respectively; no statistical 

difference by region was found. This contrasts with the Ὣ  value of the Ὣ Ὡάὴ model 

that has lower values for Mediterranean wheat cultivars (by 70 mmol O3 m-2 s-1, LRTAP 
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Convention, 2017). This study only used data from Atlantic, Boreal, or Continental 

regions. Were Mediterranean data to have been included, the ὠ  and ὐ  values 

may have warranted further investigation to establish whether a different ὠὧ  might 

be justified, especially since only 11 datapoints were retrieved for this region in our 

literature search (see Fig. SI. 4).  

 

The ratio between ὠ and ὐ  was found to vary between 0.2 and 0.8 (see Fig. SI. 

4) and was calibrated to a value of 0.51 for this dataset. This is consistent with a study by 

(Wullschleger, 1993), who found a ratio of 0.38-0.55 for wheat even as growth and 

temperature varied. However, other research found that the ratio may range from 1-3 

(Camino et al., 2019; Day et al., 1982), which may be attributed to ὐ  being more 

reliant on light than ὠ  causing the ratio to decrease when light intensity decreases 

(Dai et al., 2004). The value of 7.87 for ά used in this study is also within the range of 5 

and 15 found for many different cultivars of wheat (Kosugi et al., 2003; Collatz et al., 

1991; Baldocchi and Meyers, 1998; Miner et al., 2017). The ὠὖὈ  value is markedly 

different (2.2 kPa) from that of Luening et al. (1995) and means that  ὃ  can be 

maintained under high values of VPD; this is consistent with the Ὢ  relationship and 

observational data (Danielsson et al., 2003). 

  

The validity of the ὃ Ὣ άὩὧὬ  model also depends on the appropriate 

parameterisation of the key O3 damage mechanisms. These damage mechanisms are 

assumed to have both an instantaneous (Ὢ ȟὨ) effect of O3 on ὃ  and a longer-term 

effect (Ὢ ) of accumulated O3 uptake promoting earlier senescence. The instantaneous 

effect reduces carboxylation via a reduction in Rubisco activity, which may, in turn, lead 

to a reduction in carbon assimilation when Rubisco activity (Ac) is limiting net ὃ . This 

reduction in rubisco activity is assumed to repair overnight, but with repair effectiveness 

decreases as the leaf ages. According to (Farage et al., 1991), the instantaneous impact 

of O3 was only seen with a significant reduction in carboxylation efficiency (>50%), 

causing a reduction in carbon assimilation. This could happen when crops are exposed 

to elevated O3 concentrations for long periods or if repeated high O3 exposures were to 

take place causing the crop to lose its ability to recover (Feng et al., 2022). By contrast, 

the length of the leaf senescence period is essential for determining the crop 

development cycle (Ding et al., 2022). The onset of leaf senescence causes a substantial 

decrease in carbon assimilation (ὃ ), primarily attributed to changes in chloroplast 
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structure and function, and hence the chlorophyll content in the flag leaf (Ding et al., 

2022; Gelang et al., 2000; Ojanperä et al., 1998), and contributes to the reduction in dry 

ear weight, which directly affects yield loss (Gelang et al., 2000). The Chlorophyll Content 

Index (CCI) has been shown to be a good predictor of the onset of senescence (Mariën 

et al., 2019; Osborne et al., 2019). It can also be used as a proxy for  ὠ  (Croft et al., 

2017), which is our modelling approach since we assume SOS will coincide with a 

reduction in ὠ  and consequently ὃ (see eq 8). We find that the ὃ Ὣ άὩὧὬ 

model can simulate SOS and EOS for the elevated O3 treatments in the UK and Sweden 

data better than the empirical models. For the UK, the flag leaf starts to senesce 6 days 

earlier in high (VHP) compared to low (LB) O3 treatment, and for Sweden, 7 days earlier 

in high (NF++) compared to carbon-filtered (CF) treatment. The number of days by which 

high O3 levels can bring forward the start of senescence is corroborated by other 

published studies (Pleijel et al., 1997; Grandjean and Fuhrer, 1989; Gelang et al., 2000) 

which found the flag leaf could senesce up to 25 days earlier in the very high O3 

compared to the carbon filtered treatments. O3 was also found to cause differences in the 

time to maturity of the flag leaf; (Shi et al., 2009) reported 8 days earlier maturity in 

elevated O3 (50% higher than ambient) compared to ambient O3 treatments. Similar 

results were found in this study, with the flag leaf maturing 12 days earlier in VHP 

compared to LB treatments. Although our results seem consistent, they are based on a 

limited number of CCI data points (approximately 11 and 13 for each treatment for the UK 

and Sweden, respectively) only captured from mid-anthesis to 10 days before maturity). 

Additional CCI data spread more evenly over the crucial crop growth period would 

improve our understanding of how O3 affects senescence. 

  

Parameters for the ὃ Ὣ  models were found using an automated calibration method, 

the genetic algorithm (GA) optimisation technique since this approach is considered 

superior in performance to more traditional techniques (Kuo et al.,2000; Dai et al., 2009; 

Vazquez-Cruz et al., 2014). The GA method was also chosen since it works with a range 

of parameter searches from a population of points and employs probabilistic transition 

rules, i.e., uses random sets of parameters instead of using fixed sets, which makes the 

optimisation process more robust (Kuo et al.,  2000). This study demonstrated the 

effectiveness of this approach with the five training samples that are used to form dose-

response relationships, giving RMSE ranges from 0.99 to 4.5*10-5 for the 

ὃ Ὣ άὩὧὬ model. Such a good performance suggests that the parametrisation derived 
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can give robust values for the  ὃ Ὣ   models for use in other European O3 risk 

assessment applications.  

 

The calibration approach to parameterise the ὃ Ὣ  models is different from that used 

to parameterise the Ὣ Ὡάὴ model, which identifies Ὣ  and Ὢ  values (as average 

maximum and minimum values, respectively) and the Ὢ functions using a boundary line 

analysis method (LRTAP Convention,2017).Since the ὃ  models are effectively 

calibrated to the output  of a sub-set of all datasets, it can be argued that this may 

improve the ability of this model type compared to the Ὣ Ὡάὴ model. As such, 

unequivocal claims that ὃ Ὣ  models are better than  Ὣ Ὡάὴ models need to be 

made with caution.  
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2.6 Conclusion  

Overall, we find that the  ὃ Ὣ άὩὧὬ model can be used to derive robust flux-response 

relationships when incorporating both short- and long-term O3 damage processes. The 

 ὃ Ὣ άὩὧὬ model also has the added benefit of estimating Ὣ  under variable O3 

concentrations and has a direct link to carbon assimilation. This studyôs establishment of 

the ὃ Ὣ άὩὧὬ flux-response relationship could be used to calibrate or constrain 

models that use the  ὃ Ὣ  approach (e.g., ὃ  based crop models, land surface 

exchange models, biogeochemical cycling models, and earth system models), thus 

supporting a move towards more process-based assessments of O3 damage and yield 

loss.   
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SI.1 Supporting Material 

SI.1.1 Boundary line analysis of relative ▌▼◄▫ data with ἤἜἎ 

Fig. SI. 1. Boundary line analysis of relative Ὣ  in response to vapor pressure deficit 

(VPD). The dataset includes points from various fields and open-top chamber studies 

conducted in Europe, illustrating the decreasing  Ὣ with increasing VPD. The solid line 

represents the VPD function used in this paper for ὃ Ὣ  models (LRTAP,2017) and 

dashed line represents the hyperbolic VPD function used in (Leuning, 1995) 

 

 

SI.1.2 Multiplicative model equations 

ρȢὪ ÍÁØ Ὢ ȟὝ Ὕ ȾὝ Ὕ ᶻ Ὕ ὝȾὝ Ὕ  Eq. SI. 1. 

Where;  ÂÔ =   

ςȢὪ άὭὲρȟάὥὼὪ ȟ ρ ὪάὭὲz Ὢ                       Eq. SI. 2 
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σȢὪ ρ ὉὢὖὰὭὫὬὸ ὖzὖὊὈ                                                                             Eq. SI. 3 

  

                                                      

τȢ  Ὢὕσ  ρ  ρ                                                                                  Eq. SI. 4 

υȢὰὩὥὪ Ὢ    ρ Ƞ Ὢέὶ άὭὨȤὥὲὸὬὩίὭίЈὅὨὥώίὰὩὥὪ Ὢ    

 ὰὩὥὪ Ὢ  ρ
  

    
ᶻ άὭὨȤὥὲὸὬὩίὭίЈὅὨὥώί ὰὩὥὪ Ὢ  ; 

Ὢέὶ άὭὨȤὥὲὸὬὩίὭίЈὅὨὥώίὰὩὥὪ Ὢ ὰὩὥὪ Ὢ ȟὥὲὨ άὭὨȤὥὲὸὬὩίὭίЈὅὨὥώί

ὰὩὥὪ Ὢ   

 ὰὩὥὪ Ὢ  π ȟὪὴὬὩὲ
  

ᶻ άὭὨȤὥὲὸὬὩίὭίЈὅὨὥώί

ὰὩὥὪ Ὢ  Ƞ ὪέὶάὭὨȤὥὲὸὬὩίὭίЈὅὨὥώί

 ὰὩὥὪ Ὢ ȟὥὲὨ  άὭὨȤὥὲὸὬὩίὭίЈὅὨὥώίὰὩὥὪ Ὢ                                      Eq. SI. 5 

 

Table. SI. 1 Definitions of Parameters for a Multiplicative Stomatal Conductance Model 

Parameters Definition 

Ὕ  Minimum temperature 

Ὕ  Optimum temperature 

Ὕ  Maximum Temperature 

Ὕ Air Temperature 

Ὢ  Minimum Stomatal 
conductance 

ὠὖὈ Vapour Pressure deficit 

ὠὖὈ  Minimum VPD 

ὠὖὈ  Maximum VPD 

ὰὭὫὬὸ Irradiance factor 

ὖὖὊὈ Photosynthetic photon flux 
density 

ὖὕὈ Phytotoxic Ozone Dose 

ὰὩὥὪ Ὢ   Thermal time at crop 
emergence 

ὰὩὥὪ Ὢ  Thermal time between mid- 
anthesis to start of flag leaf 
ageing 

ὰὩὥὪ Ὢ  Thermal time between mid- 
anthesis to start of flag leaf 
senescence 

ὰὩὥὪ Ὢ  Thermal time between mid-
anthesis to maturity 
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ὪὴὬὩὲ Thermal time at double 
ridge stage 

 

Plots for multiplicative functions 

Fig. SI. 2. a -e. Functional Relationships in Wheat Modelling. (a) Wheat ftemp relationship 

shows the relative conductance (g) response to temperature, comparing the Ὣ Ὡάὴ 

model function to datasets from Bunce (2000) and Danielsson (2003);(b) Wheat f_VPD 

relationship shows the relative conductance decline with increasing Vapour Pressure 

Deficit (VPD), with empirical data from Weber (1996), Teubner (1985), and Bunce (2000) 

alongside the Ὣ Ὡάὴ modelôs function; (c) Wheat flight relationship depicts the 

relationship between relative conductance and irradiance (PPFD), including empirical 

observations from Machado (1994), Gruters (1995), and Bunce (2000), contrasted with 

the New EMEP or Ὣ Ὡάὴ model's output function; (d) Spring wheat Canopy fphen and 

leaf fphen profiles within growing season" outlines the phenological development of wheat, 

marking the canopy and leaf fphen from sowing date to end of growing season (EGS), 

highlighting critical growth stages like anthesis; (e) fO3 function profile alongside thermal 

time. It shows the decline in fO3 as the thermal time increases (depicting the crop growing 

season). 
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b.) 

 

 

 

c.) 
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d.) 

 

e.) 
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f.) 

 

SI.1.3 Relationship between ἴἭἩἮ ἮἸἰἭἶ, ἮἘἡ and ἮἘἋ and thermal time intervals 

This section describes the link between the relationship between ὰὩὥὪ Ὢ , Ὢȟ and Ὢ  

and thermal time intervals of emerging (ÔÌ  and mature leaf or flag leaf) 

ὃ Ὣ άὩὧὬ model flag leaf phenology                                                                                                           

Life span of the flag leaf in the ὃ Ὣ άὩὧὬ model is defined as, 

ὸὰ  ὸὰ ὸὰ;  ὸὰ  πȢσσzὸὰȟὥὲὨȠ ὸὰ  ὸὰ ὸὰ       Eq. SI. 6 

where, ὸὰis the total flag leaf life span and calculated as the thermal time interval from 

start of the anthesis to the end of the anthesis. This determined by the multiplicative 

óὰὩὥὪ Ὢ ᴂ thermal time model and the ὸὰ is defined as occurring one third of the way 

through this period. ὸὰ is the thermal time between start of the anthesis and start of 

senescence. Using the values of these thermal time intervals and the age of the leaf (in 

°C) corresponds are used to calculate the factor Ὢ  (unitless) and Ὢ  (unitless). Ὢ  
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accounts for leaf age and calculated over the lifespan of the leaf, tl, and Ὢ  accounts for 

the effect of leaf senescence on ὃ. 

Fig. SI. 3. Relationship between Ὣ Ὡάὴ model leaf phenology (ὰὩὥὪ Ὢ ) and the 

ὃ Ὣ άὩὧὬ leaf senescence (Ὢ ) and leaf age (Ὢ ). Ὢ  and Ὢ  are unitless and 

thermal time is in °C day 

 tl  
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SI.1.4. Dataset details: 

The dataset includes thirteen field-based Open Top Chamber (OTC) studies performed 

between 1987 and 2015 from across Europe on field-grown spring wheat crops. The 

dataset incorporates 6 cultivars, 4 countries, and 14 growing seasons. Various crop 

responses to ozone were recorded, but all experiments and treatments assessed grain 

yield at harvest. These experiments were conducted using a standard protocol, i.e., the 

use of field-grown spring wheat cultivars, supplied fertilizers (N, P, and K) to ensure 

optimum soil fertility, applied insecticides and fungicides to guard against pests and 

diseases and irrigation to ensure the plants were not subject to water stress. The ozone 

filtration or fumigation process starts 15 days before anthesis with ozone treatments (i.e., 

filtration using charcoal filters to remove ozone (CF treatments) or application of 

additional ozone to enhance concentrations (NF+ treatments) applied daily between 

11:00 to 18:00 local time. The datasets have previously been collected, pooled, and 

analysed to derive the UNECE LRTAP flux-response relationship using the multiplicative 

Ὣ  model only (Mapping Manual, 2017).  

Additional datasets are included in this study conducted at an experimental site in 

Bangor, North Wales, performed for the years 2015 and 2016 in the UK on two spring 

wheat varieties, Mulika and Skyfall, for two different ozone concentration profiles, i.e., 

acute peaks and consisted of background level. Ozone fumigation starts 15 days before 

the start of the anthesis. In 2015, cv. Mulika and Skyfall were exposed to eight ozone 

treatments (i.e., ólow backgroundô (LB), ólow peakô (LP), ómedium backgroundô (MB), 

ómedium peakô (MP), óhigh backgroundô (HB), óhigh peakô (HP), óvery high background, 

(VHB), and óvery high peakô (VHP)). In 2016, cv. Skyfall was exposed to five ozone 

treatments (i.e., ólow peak 1ô (LP1), ólow peak 2ô (LP2), MP, HP, VHP). This dataset 

contains variables such as Chlorophyll content Index (CCI), Ὣ , ὃ ,  ὠ , ὐ ,  

Yield, which is used to evaluate the performance of the different models used in this 

study. For comprehensive details on the collection of this dataset, refer to (Osborne et al., 

2019). This study also incorporates supplementary CCI data derived from Ostad, 

Sweden, which includes measurements from charcoal-filtered (CF), non-filtered (NF), 

and enhanced non-filtered (NF+) treatments collected in the years 1997 and 1999. 
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Table. SI. 2. Details of the ozone fumigation/filtration experiments used to derive flux-response relationships using the various Ὣ  
models.  

Location 

and 

Country 

 

Biogeographic 

biomes 

Year Experiment

al method 

Cultivar Treatments Input variables & 

Time Step 

Evaluation 

Data 

Reference 

Tervuren

, 

Belgium 

Atlantic 1996, 

1995, 

1994 

 

OTCs, Field 

grown 

Minaret 

 

NF, CF 

 

PPFD, Tair, VPD, 

u, Pa, [O3]; hourly 

Yield (Bender et al.,1999) 

Ostad, 

Sweden 

Boreal 1995, 

1994, 

1988, 

1987 

 

OTCs, Field 

grown 

Dragon 

Darbant 

 

CF, NF, 

NF+, NF++, 

NF+++ 

 

CF, NF, 

NF+, NF++, 

 

PPFD, Tair, VPD, 

u, Pa, [O3]; hourly 

Yield Pleijel et.al,1999, 

Pleijel et.al.,1998, 

Pleijel et.al,1991 

Jokioine

n, 

Finland 

Boreal 1993, 

1992, 

1991 

 

OTCs, Field 

grown 

Satu CF, NF, 

NF+ 

PPFD, Tair, VPD, 

u, Pa, [O3]; hourly 

Yield (Ojanperä et al., 1988, 

1994); (Pleijel et 

al.,1997)  
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Ostad, 

Sweden 

Boreal 1999, 

1997 

OTCs, Field 

grown 

Dragon CF, NF, 

NF+, NF++, 

NF+++ 

PPFD, Tair, VPD, 

u, Pa, [O3]; hourly 

CCI, Yield (Gelang et al., 2000) 

Bangor, 

UK 

Atlantic 2015, 

2016 

Solardomes

, pot grown 

Mulika, 

Skyfall 

LB, LP, MP, 

MP, HB, HP 

VHB, VHP 

LP1, LP2, 

MP, HP, 

VHP 

PPFD, Tair, VPD, 

u, Pa, [O3]; hourly 

CCI, Ὣ , ὃ ,  

ὠ , ὐ ,  

Yield 

(Osborne et al., 2019) 

N.B: ólow backgroundô (LB), ólow peakô (LP), ómedium backgroundô (MB), ómedium peakô (MP), óhigh backgroundô (HB), óhigh peakô (HP), óvery high background, 

(VHB), and óvery high peakô (VHP)), ólow peak 1ô (LP1), ólow peak 2ô (LP2), ócharcoal-filtered (CF), non-filtered (NF), and non-filtered air with additional ozone 

(NF+, NF++,NF)
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SI.1.5 Parameters: Multiplicative model 

The filtration/fumigation data are from countries that are all within the Atlantic, boreal and 

continental region of Europe and hence only parameterisation for this region is used in 

this analysis even though parameterisation for wheat growing in other regions are 

available (e.g. Mediterranean).  

Table. SI. 3. Parameters used for Ὣ Ὡάὴ model (Mapping Manual, 2017) 

Parameter Units Atlantic, boreal & continental 

(bread wheat) 

gmax  mmol O3 m-2 PLA s-1 500 

fmin - 0.01 

fO3 - 6 

flight µmol/m2/s 0.0105 

Tmin, Topt, Tmax ƁC 12,26,40 

VPDmin, VPDmax  kPa 1.2,3.2 

× VPDcrit kPa 8 

leaf fphen - 0.3,0.7 

Flag leaf thermal time 

stages 

°days 1605 

(-200, 0, 100, 525, 700) 

Leaf dimension m 0.02 

gmax is maximum stomatal conductance. This is the maximum rate at which gases can pass through the 

stomata under optimal conditions. It's a characteristic of the plant species and its adaptation to its 

environment; fmin is minimum conductance factor. This sets a lower bound for stomatal conductance, 

ensuring that it does not fall below a certain threshold, even under adverse conditions. It represents the 

basal level of gas exchange that occurs even when stomata are mostly closed; fO3 is ozone factor. This 

reflects the impact of ozone concentration on stomatal conductance. High ozone levels can lead to 

stomatal closure or damage, reducing gas exchange, Light factor. Stomatal conductance is influenced by 

light levels, as light drives photosynthesis. This factor increases conductance in the presence of light, 

simulating the opening of stomata during the day; Tmin, Topt, Tmax is minimum, optimum and maximum 

temperature respectively; VPDmin and VPDmax is minimum and maximum vapour pressure deficit 

respectively; Sum VPDcrit is critical Vapor Pressure Deficit. leaf fphen denotes the maximum fraction of gmax 

at the start of flowering or anthesis and end of anthesis. 

SI.1.6. Parameters used for the estimation of the estimation of O3 uptake fst in ▌▼◄▫▄□▬ 

and ═▪▄◄ models 

Table. SI. 4. Parameters used for the estimation of the estimation of O3 uptake (fst) in 

Ὣ Ὡάὴ , ὃ Ὣ Ὡάὴ , and ὃ Ὣ άὩὧὬ for three different biogeographic regions 

(Atlantic, boreal and continental) 
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Parameter Units Atlantic, boreal & 

continental (bread wheat) 

External plant cuticle 

conductance (ὫὩὼὸ 

m/s 1/2500 

 

SI.1.7. Literature findings: ╥╬□╪● and ╙□╪● data 

Fig. SI. 4. Data extracted from literature showing the range of ὠ  in Atlantic (A) and 

Continental (C) and Mediterranean (M) biogeographic region, and variability in the ratio of 

ὠ : ὐ . ὠ  and ὐ  data extracted from the literature grouped by 

biogeographic region (Mediterranean (M), 11 datapoints from Spain & Italy; Atlantic (A) 

and Continental (C), 238 datapoints from UK, Germany, Slovakia and Hungary).The 

higher number of datapoints in A&C are due to a large number coming from two 

published studies conducted in the UK on 64 (Silva-Pérez et al., 2020) and >80 wheat 

varieties respectively (McAusland et al., 2020). The Continental region shows the most 

extensive range in values (51-186 µmols CO2 m-2 s-1) ((Olsovska et al., 2016)(Harnos 

et.al, 2002); (Tcherkez et al., 2020)whereas, the Mediterranean region showed the least 

range in values (88.3-122 µmols CO2 m-2 s-1) with some outliers from an Italian study 

(Dikhoshi., 2015), where ὠ  values were 190 and 240 for cultivars Triticum durum.  
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Fig. SI. 5. (a) The first figure presents a comparison of ὠ  values in wheat cultivated 

under irrigated and rainfed conditions. The box plots display a clear demarcation of 

central tendency and variability, with the red line representing the mean, the black line 

within the boxes indicating the median, and the box edges showing the 25th and 75th 

percentiles. Whiskers mark the range of data, extending to the maximum and minimum 

values, and there are no outliers indicated. 

(b) The second figure illustrates the variability in ὠ  and ὐ  for 64 varieties of 

wheat, measured both pre- and post-anthesis. The box plots employ the same 

conventions to indicate the mean (red line), median (black line), interquartile range 

(edges of the box), and range (whiskers). This visual comparison highlights the effects of 

the phenological stages on the photosynthetic parameters of wheat.  

 

Fig. SI. 6. This diagram outlines the process of a systematic literature review focused on 

physiology parameters (ὠ  and ὐ ) related to wheat. The flowchart begins with a 

broad systematic literature review and narrows down through various stages of filtering 
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and search string specificity, such as "Vcmax and wheat and Europe" and related terms. 

The search is conducted using Google Scholar, starting with an initial result pool of 

12,120 articles. This number is refined first to 436 after further criteria are applied, and 

finally to 238 articles that meet the specific inclusion criteria for the review. Each step is a 

successive refinement aimed at isolating the most relevant studies for the physiological 

parameters in question. 

 

SI.1.8. Flag leaf senescence  

Fig. SI. 7. This graph demonstrates the application of the breakpoint method to determine 

the onset of senescence in a Bangor low background ozone treatment study. The data 

points are plotted over time, with a noticeable breakpoint at the x-value of 195. This value 

indicates the transitional phase that signifies the start of senescence according to the 

model's prediction. The lines represent the fitted model's segments, both before and after 

the breakpoint, capturing the change in trend associated with the senescing process. 
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Fig. SI. 8. Leaf senescence profiles (Ostad, Sweden) simulated by the empirical 

(minimum of Ὢ  and ὰὩὥὪ Ὢ ) and mechanistic (Ὢ ) approaches compared to the start 

(SOS and end (EOS) of senescence as determined by the breakpoint method. Higher O3 

treatment brought forwards SOS by 6 days and EOS by 12 days. 
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Table. SI. 5. The SOS and EOS of the flag leaf determined from break-point analysis of 

the UK (Mulika and Skyfall,2015) and Swedish (Dragon,1997 and 1999) datasets 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

N.B: ólow backgroundô (LB), ólow peakô (LP), ómedium backgroundô (MB), ómedium peakô (MP), óhigh 

backgroundô (HB), óhigh peakô (HP), óvery high background, (VHB), and óvery high peakô (VHP)), ócharcoal-

filtered (CF), non-filtered (NF), and non-filtered air with additional ozone (NF+, NF++,NF+++). óStart of 

senescenceô (SOS) and óEnd of senescenceô (EOS).

SI.1.9. Training and Test datasets 

Table. SI. 6. Composition of Training and Test Data Samples (Sets 1-5) Derived via 

Bootstrap Resampling. Each dataset entry follows the format: 

 Mulika 2015 

(DOY) 

Skyfall 2015 

                

Bangor 

Treatment 

SOS 

 

EOS SOS 

 

EOS 

LB 195 210 204 211 

LP 191 210 198 209 

MB 195 210 201 210 

MP 191 210 195 209 

HB 195 210 201 210 

HP 191 210 195 209 

VHB 195 209 191 209 

VHP 183 209 183 209 

 Dragon 1997 

(DOY) 

Dragon 1999 

(DOY) 

Ostad, 

Sweden 

Treatment 

SOS 

 

EO

S 

SOS 

 

EOS 

 

CF 216 231 224 235 

NF 220 231   

NF+ 216 230 209 235 

NF++ 200 230   

NF+++ 192 230   
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CountryCode_Year_CultivarAbbreviation_TreatmentType. For instance, 

BE_1994_Mi_CF denotes a dataset from Belgium in the year 1994, involving the 

Minaret cultivar, subjected to carbon-filtered treatment. 

Set1 

Sample 

no. 

Training datasets Sample 

no. Testing datasets 

1 BE_1994_Mi_CF 7 FI_1993_Sa_CF 

2 BE_1994_Mi_NF 11 SE_1988_Dr_NF++ 

2 BE_1994_Mi_NF 12 SE_1994_Dr_NF+ 

3 BE_1995_Mi_NF 14 SE_1995_Dr_NF 

4 BE_1996_Mi_CF 18 BA_2015_Sk_LB 

5 FI_1991_Sa_NF 20 BA_2015_Sk_MB 

6 FI_1992_Sa_NF 23 BA_2015_Sk_HP 

8 FI_1993_Sa_NF+ 26 BE_1994_Mi_NF 

8 FI_1993_Sa_NF+ 29 BE_1996_Mi_NF 

9 SE_1987_Dr_NF 32 FI_1993_Sa_NF 

9 SE_1987_Dr_NF 41 SE_1999_Dr_NF+ 

9 SE_1987_Dr_NF 43 BA_2015_Mu_LP 

10 SE_1988_Dr_NF 45 BA_2015_Mu_MP 

13 SE_1994_Dr_NF+++ 47 BA_2015_Mu_LP 

15 SE_1997_Dr_CF 48 BA_2015_Mu_VHB 

15 SE_1997_Dr_CF 49 BA_2015_Mu_VHP 

15 SE_1997_Dr_CF 50 BA_2016_Sk_L1 

16 SE_1997_Dr_NF++ 51 BA_2016_Sk_L2 

16 SE_1997_Dr_NF++ 54 BA_2016_Sk_VH 

17 SE_1999_Dr_CF 

19 BA_2015_Sk_LP 

21 BA_2015_Sk_MP 

22 BA_2015_Sk_HB 

22 BA_2015_SK_HB 

24 BA_2015_Sk_VHB 
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25 BA_2015_Sk_VHP 

25 BA_2015_Sk_VHP 

25 BA_2015_Sk_VHP 

27 BE_1995_Mi_NF 

28 BE_1996_Mi_CF 

28 BE_1996_Mi_CF 

30 FI_1991_Sa_CF 

31 FI_1992_Sa_NF+ 

33 SE_1987_Dr_CF 

34 SE_1987_Dr_NF+ 

35 SE_1988_Dr_CF 

36 SE_1988_Dr_NF+ 

36 SE_1988_Dr_NF+ 

37 SE_1994_Dr_NF 

38 SE_1994_Dr_NF++ 

39 SE_1997_Dr_NF 

39 SE_1997_Dr_NF 

39 SE_1997_Dr_NF 

40 SE_1997_Dr_NF++ 

42 BA_2015_Mu_LB 

42 BA_2015_Mu_LB 

44 BA_2015_Mu_MB 

46 BA_2015_Mu_HB 

46 BA_2015_Mu_HB 

46 BA_2015_Mu_HB 

52 BA_2015_Sk_M 

52 BA_2016_Sk_M 

53 BA_2016_Sk_VH 

53 BA_2016_Sk_VH 

Set 2 

Sample 

no. 

Training datasets Sample 

no. 

Testing datasets 
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2 BE_1994_Mi_NF 1 BE_1994_Mi_CF 

3 BE_1995_Mi_NF 5 FI_1991_Sa_NF 

4 BE_1996_Mi_CF 7 FI_1993_Sa_CF 

26 BE_1994_Mi_NF 12 SE_1994_Dr_NF+ 

27 BE_1995_Mi_NF 16 SE_1997_Dr_NF++ 

28 BE_1996_Mi_CF 19 BA_2015_Sk_LP 

28 BE_1996_Mi_CF 25 BA_2015_Mu_VHP 

4 FI_1991_Sa_NF 29 BE_1996_Mi_NF 

6 FI_1992_Sa_NF 30 FI_1991_Sa_CF 

6 FI_1993_Sa_NF+ 36 SE_1988_Dr_NF+ 

6 FI_1993_Sa_NF+ 38 SE_1994_Dr_NF++ 

8 FI_1993_Sa_NF+ 42 BA_2015_Mu_LB 

31 FI_1992_Sa_NF+ 44 BA_2015_Mu_MB 

31 FI_1993_Sa_NF 45 BA_2015_Mu_MP 

9 SE_1987_Dr_NF 48 BA_2015_Mu_VHB 

9 SE_1987_Dr_NF 52 BA_2016_Sk_M 

33 SE_1987_Dr_CF 53 BA_2016_Sk_VH 

33 SE_1987_Dr_CF 54 BA_2016_Sk_VH 

34 SE_1987_Dr_NF+ 

10 SE_1988_Dr_NF 

10 SE_1988_Dr_NF 

10 SE_1988_Dr_NF 

11 SE_1988_Dr_NF++ 

35 SE_1988_Dr_CF 

50 SE_1988_Dr_NF 

13 SE_1994_Dr_NF+++ 

37 SE_1994_Dr_NF 

14 SE_1995_Dr_NF 

39 SE_1997_Dr_NF 

39 SE_1997_Dr_NF 

39 SE_1997_Dr_NF 

40 SE_1997_Dr_NF++ 

15 SE_1997_Dr_CF 
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Set 3 

Sample 

no. 

Training datasets Sample 

no. 

Testing datasets 

1 BE_1994_Mi_CF 2 BE_1994_Mi_NF 

4 BE_1996_Mi_CF 3 BE_1995_Mi_NF 

4 BE_1996_Mi_CF 7 FI_1993_Sa_CF 

4 BE_1996_Mi_CF 8 FI_1993_Sa_NF+ 

26 BE_1994_Mi_NF 10 SE_1988_Dr_NF 

27 BE_1995_Mi_NF 12 SE_1994_Dr_NF+ 

27 BE_1995_Mi_NF 18 BA_2015_Sk_LB 

27 BE_1995_Mi_NF 24 BA_2015_Sk_VHB 

32 SE_1999_Dr_NF+ 

41 SE_1999_Dr_NF+ 

17 SE_1999_Dr_CF 

17 SE_1999_Dr_CF 

14 BA_2015_Sk_LB 

18 BA_2015_Sk_LB 

20 BA_2015_Sk_MB 

21 BA_2015_Sk_MP 

21 BA_2015_Sk_HB 

22 BA_2015_Sk_HB 

23 BA_2015_Sk_HP 

24 BA_2015_Sk_VHB 

43 BA_2015_Mu_LP 

46 BA_2015_Mu_HB 

46 BA_2015_Mu_VHB 

47 BA_2015_Mu_LP 

47 BA_2015_Mu_VHB 

49 BA_2015_Mu_VHP 

50 BA_2016_Sk_L1 

50 BA_2016_Sk_L2 

51 BA_2016_Sk_L2 



  

102 
 

28 BE_1996_Mi_CF 29 BE_1996_Mi_NF 

5 FI_1991_Sa_NF 30 FI_1991_Sa_CF 

5 FI_1991_Sa_NF 37 SE_1994_Dr_NF 

5 FI_1991_Sa_NF 40 SE_1997_Dr_NF++ 

6 FI_1992_Sa_NF 43 BA_2015_Mu_LP 

31 FI_1992_Sa_NF+ 46 BA_2015_Mu_HB 

32 FI_1993_Sa_NF 48 BA_2015_Mu_VHB 

32 FI_1993_Sa_NF 50 SE_1988_Dr_NF 

32 FI_1993_Sa_NF 

9 SE_1987_Dr_NF 

33 SE_1987_Dr_CF 

34 SE_1987_Dr_NF+ 

34 SE_1987_Dr_NF+ 

35 SE_1988_Dr_CF 

36 SE_1988_Dr_NF+ 

11 SE_1988_Dr_NF++ 

13 SE_1994_Dr_NF+++ 

38 SE_1994_Dr_NF++ 

38 SE_1994_Dr_NF++ 

14 SE_1995_Dr_NF 

15 SE_1997_Dr_CF 

16 SE_1997_Dr_NF++ 

39 SE_1997_Dr_NF 

17 SE_1999_Dr_CF 

41 SE_1999_Dr_NF+ 

19 BA_2015_Sk_LP 

20 BA_2015_Sk_MB 

21 BA_2015_Sk_MP 

22 BA_2015_Sk_HB 

23 BA_2015_Sk_HP 

23 BA_2015_Sk_HP 

25 BA_2015_Mu_VHP 

25 BA_2015_Mu_VHP 
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42 BA_2015_Mu_LB 

42 BA_2015_Mu_LB 

42 BA_2015_Mu_LB 

44 BA_2015_Mu_MB 

45 BA_2015_Mu_MP 

47 BA_2015_Mu_VHB 

49 BA_2015_Mu_VHP 

51 BA_2016_Sk_L2 

52 BA_2016_Sk_M 

52 BA_2016_Sk_M 

53 BA_2016_Sk_VH 

54 BA_2016_Sk_VH 

54 BA_2016_Sk_VH 

 

Set4 

Sample 

no. 

Training datasets Sample 

no. 

Testing datasets 

4 BE_1996_Mi_CF 1 BE_1994_Mi_CF 

4 BE_1996_Mi_CF 2 BE_1994_Mi_NF 

24 BE_1996_Mi_CF 3 BE_1995_Mi_NF 

28 BE_1996_Mi_NF 6 FI_1992_Sa_NF 

28 BE_1996_Mi_NF 7 FI_1993_Sa_CF 

29 BE_1996_Mi_NF 8 FI_1993_Sa_NF+ 

29 BE_1996_Mi_NF 9 SE_1987_Dr_NF 

5 FI_1991_Sa_NF 10 SE_1988_Dr_NF 

5 FI_1991_Sa_NF 12 SE_1994_Dr_NF+ 

5 FI_1991_Sa_NF 15 SE_1997_Dr_CF 

31 FI_1992_Sa_NF+ 19 BA_2015_Sk_LP 

32 FI_1993_Sa_NF 22 BA_2015_Sk_HB 

11 SE_1988_Dr_NF++ 25 BA_2015_Mu_VHP 

11 SE_1988_Dr_NF++ 26 BE_1994_Mi_NF 

11 SE_1988_Dr_NF++ 27 BE_1995_Mi_NF 

13 SE_1994_Dr_NF+++ 30 FI_1991_Sa_CF 
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13 SE_1994_Dr_NF+++ 34 SE_1987_Dr_NF+ 

14 SE_1995_Dr_NF 43 BA_2015_Mu_LP 

14 SE_1995_Dr_NF 45 BA_2015_Mu_MP 

16 SE_1997_Dr_NF++ 47 BA_2015_Mu_VHB 

17 SE_1999_Dr_CF 

17 SE_1999_Dr_CF 

33 SE_1987_Dr_CF 

35 SE_1988_Dr_CF 

35 SE_1988_Dr_CF 

35 SE_1988_Dr_CF 

36 SE_1988_Dr_NF+ 

36 SE_1988_Dr_NF+ 

37 SE_1994_Dr_NF 

37 SE_1994_Dr_NF 

38 SE_1994_Dr_NF++ 

39 SE_1997_Dr_NF 

40 SE_1997_Dr_NF++ 

41 SE_1999_Dr_NF+ 

50 SE_1988_Dr_NF 

50 SE_1988_Dr_NF 

18 BA_2015_Sk_LB 

20 BA_2015_Sk_MB 

21 BA_2015_Sk_MP 

21 BA_2015_Sk_MP 

23 BA_2015_Sk_HP 

42 BA_2015_Mu_LB 

42 BA_2015_Mu_LB 

44 BA_2015_Mu_MB 

46 BA_2015_Mu_HB 

48 BA_2015_Mu_VHB 

49 BA_2015_Mu_VHP 

51 BA_2016_Sk_L2 

52 BA_2016_Sk_M 
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52 BA_2016_Sk_M 

53 BA_2016_Sk_VH 

53 BA_2016_Sk_VH 

54 BA_2016_Sk_VH 

54 BA_2016_Sk_VH 

 

Set 5 

Sample 

no. 

Training datasets Sample 

no. 

Testing datasets 

1 BE_1994_Mi_CF 2 BE_1994_Mi_NF 

1 BE_1994_Mi_CF 3 BE_1995_Mi_NF 

1 BE_1994_Mi_CF 4 BE_1996_Mi_CF 

26 BE_1994_Mi_NF 5 FI_1991_Sa_NF 

26 BE_1994_Mi_NF 6 FI_1992_Sa_NF 

27 BE_1995_Mi_NF 10 SE_1988_Dr_NF 

27 BE_1995_Mi_NF 11 SE_1988_Dr_NF++ 

28 BE_1996_Mi_CF 12 SE_1994_Dr_NF+ 

28 BE_1996_Mi_CF 13 SE_1994_Dr_NF+++ 

30 FI_1991_Sa_CF 14 SE_1995_Dr_NF 

31 FI_1992_Sa_NF+ 15 SE_1997_Dr_CF 

31 FI_1992_Sa_NF+ 19 BA_2015_Sk_LP 

7 FI_1993_Sa_CF 20 BA_2015_Sk_MB 

8 FI_1993_Sa_NF+ 23 BA_2015_Sk_HP 

9 SE_1987_Dr_NF 24 BE_1996_Mi_NF 

16 SE_1997_Dr_NF++ 25 BA_2015_Mu_VHP 

16 SE_1997_Dr_NF++ 29 BE_1996_Mi_NF 

16 SE_1997_Dr_NF++ 32 FI_1993_Sa_NF 

16 SE_1997_Dr_NF++ 33 SE_1987_Dr_CF 

17 SE_1999_Dr_CF 40 SE_1997_Dr_NF++ 

34 SE_1987_Dr_NF+ 42 BA_2015_Mu_LB 

35 SE_1988_Dr_CF 44 BA_2015_Mu_MB 

36 SE_1988_Dr_NF+ 53 BA_2016_Sk_VH 

36 SE_1988_Dr_NF+ 
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36 SE_1988_Dr_NF+ 

36 SE_1988_Dr_NF+ 

37 SE_1994_Dr_NF 

38 SE_1994_Dr_NF++ 

39 SE_1997_Dr_NF 

39 SE_1997_Dr_NF 

39 SE_1997_Dr_NF 

39 SE_1997_Dr_NF 

41 SE_1999_Dr_NF+ 

50 SE_1988_Dr_NF 

50 SE_1988_Dr_NF 

18 BA_2015_Sk_LB 

21 BA_2015_Sk_MP 

21 BA_2015_Sk_MP 

22 BA_2015_Mu_VHP 

22 BA_2015_Mu_VHP 

43 BA_2015_Mu_LP 

45 BA_2015_Mu_MP 

46 BA_2015_Mu_HB 

46 BA_2015_Mu_HB 

46 BA_2015_Mu_HB 

47 BA_2015_Mu_VHB 

47 BA_2015_Mu_VHB 

48 BA_2015_Mu_VHB 

49 BA_2015_Mu_VHP 

49 BA_2015_Mu_VHP 

51 BA_2016_Sk_L2 

51 BA_2016_Sk_L2 

52 BA_2016_Sk_M 

54 BA_2016_Sk_VH 

N.B.: For sets 1 -5 of training and testing, the countries included are Belgium (BE), Finland (FI), 

Sweden (SE), and Bangor (BA). The wheat crop cultivars studied are Minaret (Mi), Satu (Sa), Dragon 

(Dr), Skyfall (Sk), and Mulika (Mu). The treatments applied are categorized into: 'low background' 

(LB), 'low peak' (LP), 'medium background' (MB), 'medium peak' (MP), 'high background' (HB), 'high 
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peak' (HP), 'very high background' (VHB), and 'very high peak' (VHP). 'Charcoal-filtered' (CF), 'non-

filtered' (NF), and 'non-filtered air with incremental levels of added ozone' (NF+, NF++, NF+++). 

SI.1.10. Flux-response relationships for relative wheat yield derived using the 
ὃ Ὣ άὩὧὬȢ 

Fig. SI. 9. Flux-response relationships for relative wheat yield derived using the 

ὃ Ὣ άὩὧὬ to simulate the ὖὕὈ metric. 
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Weighted average equation: 

W = В ύὭ ὢὭȾ В ύὭ                  Eq. SI. 7 

Where, wi (weight applied to x values) = exp (-(error 10) maximum error and error is 

calculated during the automated calibration exercise, 

n= number of terms to be averaged, 

Xi =data values to be averaged 

SI.1.11. Diurnal and maximum ═▪▄◄  

Fig. SI. 10. The background and peak O3 treatments dataset for Mulika and Skyfall 

wheat cultivars fumigated in Bangor over the 2015 and 2016 growing seasons were 

used to plot a) observed against modelled ὃ  values estimated using the two 

different ὃ Ὣ  models. The black dashed line is the 1:1 line, where the best match 

between modelled and observed values would lie. The coefficient of determination 

(R²) is provided for each model, with an R² of 0.86 for the background and an R² of 

0.83 for the background and R² of 0.32 and R² of 0.56 for the peak treatments 

respectively for the ὃ Ὣ Ὡάὴ , (left) and ὃ Ὣ άὩὧὬ (right). b) Average daily 

maxima ὃ  values simulated over the flag leaf life span by the two ὃ Ὣ  models 

and observed maxima ὃ   values were also shown. Red circles represent the 

observed data points, and black vertical lines connected to the red circles illustrate 

the standard error associated with the observed data. 
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a.) 

 

 

b.) 

 

Fig. SI. 11. Average diurnal Ὣ  values simulated over the flag leaf life span by each 

of the three Ὣ  models for the background and peak ozone treatments for Mulika 

and Skyfall wheat cultivars fumigated in Bangor over the 2015 and 2016 growing 

season. Also shown are observed Ὣ  data collected and averaged over the same 

period. The observed Ὣ  values are indicated by red dots, with the standard error 

represented by the vertical black lines. Predicted Ὣ  values are plotted as blue and 

purple dashed lines, corresponding to the empirical (ὃ Ὣ Ὡάὴ) and mechanistic 

ὃ Ὣ άὩὧὬ) stomatal conductance models, respectively. 
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Fig. SI. 12. Average diurnal plots of ὃ  for the days 167-205 (n=32) for background 

O3 treatments and 167-211 for peak O3 treatments (n= 112) each of the two ὃ Ὣ  

models. The observed ὃ  values are indicated by red dots, with the standard error 

represented by the vertical black lines. Predicted ὃ  values are plotted as blue and 

purple dashed lines, corresponding to the empirical (ὃ Ὣ Ὡάὴ) and mechanistic 

(ὃ Ὣ άὩὧὬ) stomatal conductance models, respectively. 
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3. The development, parametrisation, and evaluation of the DO3SE Crop model for 

Xiaoji, China  

 

3.1 Abstract  

A substantial body of empirical evidence exists to suggest that elevated O3 levels are 

causing significant impacts on wheat yields at sites representative of highly 

productive arable regions of China. Here, the DO3SE model (designed to estimate 

total- and stomatal- O3 deposition for risk assessment) was extended to incorporate 

a coupled ὃ Ὣ  model to estimate O3 uptake, an O3 damage module (that impacts 

instantaneous ὃ  and the timing and rate of senescence), and a crop phenology, 

carbon allocation and growth model based on the JULES-Crop model. The model 

structure allows scaling from the leaf to the canopy to allow for multiple leaf 

populations and canopy layers.  The DO3SE-crop model is calibrated and 

parametrised using O3 fumigation data from Xiaoji, China for the year 2008 and for 

an O3 tolerant and sensitive cultivar. The calibrated model can simulate key 

physiological variables, crop development, and yield with a good level of accuracy 

compared to experimental observations.  DO3SE-crop accurately depicted the 

difference in yield reductions under ambient and elevated O3 treatments for wheat 

cultivars Y16 (tolerant) and Y2 (sensitive) with regressions of modelled and observed 

absolute yields resulting in an R² of 0.99 and an RMSE of 9.27 g/m². Further, when 

evaluated for 2007 and 2009 for all cultivars, the DO3SE-crop model simulated O3 

induced yield losses of 4-25% compared to observed yield losses of 12-34% 

observed, with an R² of 0.73 and an RMSE of 58.41 g/m². Additionally, our results 

indicate that the variance in yield reduction is primarily attributed to the premature 

decrease in carbon assimilation to the grains under elevated O3 exposure. This is 

linked to accelerated leaf senescence, which brings leaf senescence forward by 7-9 

days under elevated O3 treatments. 
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3.2 Introduction  

Ground-level ozone (O3) is the most critical air pollutant causing global crop damage. 

Elevated O3 concentrations are particularly problematic in Asia, where decades of 

rapid economic growth, industrialisation, and urbanisation have seen sharp rises in 

pollutant emissions associated with burning fossil fuels (Lin et al., 2017). At the same 

time, climate change is considered a substantial threat to arable productivity through 

changes in average and extreme temperature and precipitation profiles across the 

region (IPCC, 2007 & 2014). Reductions in precipitation are considered responsible 

for poor harvests in recent years (Liu et al., 2010), and rising temperatures that 

reduce the length of the crop growing season are thought to have caused losses in 

crop yield  (Malhi et al.,  2021).There is now substantial evidence showing that 

stresses from ozone pollution and climate variability interact, causing either additive, 

synergistic, or antagonistic responses in crop development, growth, and yield 

(Sillmann et al., 2021). The threat posed by these stresses is a particular cause for 

concern in Asia since the continent contributes approximately 43% of the global 

wheat production, with China contributing the highest production levels at 17% (Feng 

et al., 2021). O3 levels are rising substantially in important wheat-growing areas in 

China, such as the North China Plain and the Yangtze River Delta (Li et al., 2020; 

Zhang et al., 2023). This led to the implementation in 2013 of a range of policies to 

try to reduce O3 precursor emissions across China e.g., a comprehensive 

management plan to control volatile organic compounds (VOCs) from key industries, 

an atmospheric pollution prevention and control law of the Peopleôs Republic of 

China and the 2020 VOCs Management Plan (Li et al., 2021). As a result, nitrogen 

oxide (NOx) emissions, an important O3 precursor, have decreased significantly from 

2013 to 2017 by 21% (Li et al., 2021). By contrast, VOCs have only slightly 

decreased by 2% over the same time period. Since China has a VOC-limited O3 

regime, the reductions in NOx lead to rather insignificant changes in O3 

concentration (Li et al., 2021), though evidence suggests that reductions in O3 may 

be higher in rural than urban areas (Lee et al., 2020). This implies future policies to 

tackle ground-level O3 pollution in China need to increase their focus on reducing 

VOCs along with NOx (Lee et al., 2020). 

At present, methods to assess the risk to crop productivity from changes in O3 and 

climate variables have used a variety of methods. O3 risk assessment methods have 
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in the past relied heavily on dose-response relationships, empirically derived 

relationships that assess changes in a response variable (most commonly yield) 

against an ozone exposure metric (concentration or, more recently, flux-based 

indices). By contrast, methods to assess the impact of climate variables (most 

commonly changes in temperature, precipitation, and CO2 concentration) tend to use 

crop models since these allow the integration of the combined effect of a number of 

different variables acting simultaneously to affect crop development, growth and yield 

(Schauberger et al., 2019). There has been a growing awareness of the need to 

integrate the ozone effect within crop models so that a holistic assessment of the 

combined impacts resulting from these stressors can be achieved (Tao et al., 2017; 

Emberson et al., 2018; Schauberger et al., 2019).  

The DO3SE model is an ozone deposition model that can be embedded within 

atmospheric chemistry transport models (e.g. (Simpson et al., 2012)) and uses either 

a multiplicative- or coupled ὃ Ὣ  model to estimate stomatal ozone flux. 

Accumulated stomatal ozone flux has been successfully used as a damage metric 

(PODy - Phytotoxic Ozone Dose over a threshold y (LRTAP, 2017)) to predict ozone-

induced yield loss (Pande et al., sub). The ability of the DO3SE model to simulate 

ὃ , and the inclusion of a process-based ozone damage module for both 

instantaneous ὃ  and early and enhanced senescence (after (Ewert and Porter, 

2000)) lends itself to the development of the DO3SE model as a process-based crop 

model. The inclusion of resistance algorithms that can assess the transport of O3 

concentrations from a reference height above a canopy down to the canopy top, 

means the model can easily be embedded within existing atmospheric chemistry 

transport schemes and hence applied for regional or global scale O3 risk assessment 

whilst also accurately modelling O3deposition.   

In this study, the development of a new óDO3SE-Cropô model was described. The 

stomatal deposition component of the DO3SE model, so that both CO2 uptake for 

carbon assimilation, as well as ozone uptake via the stomata, can be modelled 

consistently was modified. Further, we have incorporated the UK JULES crop model 

(Osborne et al., 2015) to allocate assimilated carbon to plant components (roots, 

leaves, stems, and harvest organs) according to the crop development stage. We 

also take account of the modifying effect of ozone on instantaneous ὃ  as well as 

the onset and rate of leaf senescence and timing of crop maturity through the 
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incorporation of algorithms developed by (Ewert and Porter, 2000).The UK JULES 

crop model is used since this is the UK land surface exchange scheme in the UK 

Earth System Model (UKESM) (Osborne et al., 2015), which has recently been 

developed to include the exchange and impact of trace gases (including O3) along 

with other biogeochemical cycling between the atmosphere and the land surface 

(Leung et al., 2020). This would allow a comparison of the UK JULES Crop model, 

which are based on (Sitch et al., 2007), with the alternative O3 damage mechanisms 

used within DO3SE-crop. 

In this study, DO3SE-crop model, using an experimental FACE dataset collected in 

Xiaoji, China, was calibrated and evaluated. This allows us to investigate the ability 

of the model to simulate O3 damage for a global region where crop productivity is 

severely threatened by both ozone pollution and climate change. The key objectives 

of the paper are as follows: i). assess the ability of DO3SE-Crop to simulate key 

physiological variables (and their seasonal and diurnal profiles), crop development, 

biomass, and yield, ii). the ability of DO3SE-crop to simulate O3 deposition for 

different canopy layers, iii). the ability of DO3SE-crop to estimate the difference in 

yield loss caused by instantaneous versus long-term O3 impact, iv). the ability of the 

model to simulate the effects of ozone on the start and end of senescence, and v). 

the applicability of the prescribed UK JULES crop parameters for Chinese conditions 

and their ability to capture year-on-year variability in meteorology and O3 and cultivar 

sensitivity. 
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3.3 Methods: DO3SE-Crop Model development, calibration and Evaluation 

We describe the development and calibration of óDO3SE-Cropô, an ozone deposition 

model (Emberson et al., 2000; Simpson et al., 2012) that has been modified to 

simulate stomatal conductance from a coupled ὃ Ὣ  (Leuning, 1995). ὃ  is 

simulated using a biochemical model (Farquhar et al., 1980; Sharkey et al., 2007). 

The DO3SE model has also been extended to include a photosynthetic-based crop 

model based on the UK JULES land surface crop model (Osborne et al., 2015) with 

ozone damage functions incorporated after (Ewert and Porter, 2000). DO3SE-Crop is 

designed to simulate O3 deposition and stomatal uptake and the effects of O3 and 

climate related variables on crop development, biomass, and yield. The DO3SE-

Crop model has been developed to simulate wheat (Triticum aestivum) which is 

widely considered to be one of the most sensitive staple crops to ozone (Feng et al., 

2018) 

The key components of DO3SE Crop are illustrated in Fig. 18 and can be defined as 

i). crop phenology to ensure the correct length and timing of crop growth for carbon 

assimilation and ozone exposure; ii). leaf scale processes to ensure leaf level 

estimates of ὃ  and ὃ Ὣ   for sunlit and shaded leaves are able to accurately 

model carbon assimilation and stomatal ozone flux and associated damage over the 

leaf life span; iii). leaf-to-canopy upscaling that incorporates a within canopy 

irradiance and ozone concentration gradient and iv). carbon allocation processes to 

ensure carbon is allocated correctly to different crop compartments (roots, leaves, 

stem, grain) throughout the growing season. 

Fig. 8. Schematic of DO3SE-Crop model 

The schematic presented encapsulates the DO3SE-Crop model. This model 

synthesizes site-specific agronomic parameters, including but not limited to, leaf 

physiology and developmental timing, alongside a suite of meteorological variables 

such as solar irradiance, ambient temperature, and atmospheric moisture content. 

The multi-layered canopy structure is modelled with discrete resistance factors for 

ozone influx at varying wheat crop canopy layers, facilitating a nuanced simulation of 

ozone dynamics relative to canopy layers. Progression through phenological phases 

is meticulously monitored using developmental vegetation indices (DVI), from the 

initiation of sowing to the crop maturity (senescence). This framework is interfaced 
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with the JULES-Crop model to compute the net primary productivity (NPP), with 

detailed partitioning across root (Croot), harvest (Charv), stem (Cstem), reserve (Cresv), 

and leaf (Cleaf). Embedded within this structure is an ozone damage model, informed 

by the methodology of Ewert & Porter (2000), which adjusts the leaf area index (LAI) 

and net photosynthetic rates across critical growth intervals, thereby affecting the 

cumulative yield output. This integrative approach is pivotal for explaining crop 

physiological responses under varying ozone concentrations, thereby informing 

adaptive management strategies in agriculture to mitigate air quality stressors. 
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3.3.1 DO3SE Crop Phenology 

The DO3SE-Crop model uses thermal time (ὝὝ) to define the rate of crop 

development in relation to the timing of three key developmental stages, ὝὝ  (the 

period from sowing to emergence), ὝὝ  (the period of emergence to start of grain 

filling), and ὝὝ  (the period from the start of grain filling to maturity) based on the 

method of Osborne et al. (2015). ὝὝ is calculated by estimating an effective 

temperature (Ὕ ) using base (Ὕ , optimum (Ὕ ȟ and maximum (Ὕ  cardinal 

temperatures. 

Ὕ

ừ
Ử
Ừ

Ử
ứ
π                                                           Ὢέὶ Ὕ Ὕ
Ὕ Ὕ                                    Ὢέὶ Ὕ Ὕ Ὕ

Ὕ Ὕ  ρ          Ὢέὶ Ὕ Ὕ Ὕ

π                                                         Ὢέὶ Ὕ  Ὕ ữ
Ử
Ữ

Ử
ử

          Eq. 20 

 

Where, Ὕ  is the surface air temperature in o C, Ὕ  is at a maximum when Ὕ

Ὕ, this point denotes the highest developmental rate. Ὕ  declines as the 

temperature falls or rises above Ὕ, with a linear decrease in crop development. Ὕ  

is zero, i.e. no development, when ὝὥὭὶ falls below Ὕὦ and or rises above Ὕά i.e., Ὕά 

< ὝὥὭὶ < Ὕὦ. During the sowing to emergence phase, development is dependent on 

Ὕ, whereas during the vegetative and reproductive phase, development depends on 

Ὕ  or Ὕ. 

Winter wheat requires vernalisation (a period of exposure to low temperatures during 

germination to accelerate flowering). Vernalisation alters the length ὝὝ  and hence 

flowering initiation, with subsequent effects on later growth stages such as heading. 

Vernalisation occurs when the minimum (ὠὝ ) and maximum (ὠὝ ) daily 

temperature is less than 15°C and 30°C respectively (Zheng et al., 2015). 

Accumulated vernalised days ὠ ) are calculated as the sum of vernalised and 

devernalised days from emergence to the start of anthesis (Zheng et al., 2015). 

ὠ  Вὠ ὠ           Eq. 21 

where; 
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ὠ ρȢτ πȢχχψzὝ  ȟπȢυ ρσȢττ   for  ὠὝ  σπЈὅ ὥὲὨ ὠὝ

ρυЈὅ 

ὠ  άὭὲπȢυὝ σπȟὠὴὶὩὺ for ὠὝ σπЈὅ ὥὲὨ ὠ ρπ Ὠὥώί 

The vernalisation factor (ὠὊ) decreases from 1 to 0 as ὠ ) increases. ὠὊ depends 

on a cultivar-specific vernalisation coefficient (ὖὍὠ) as described by Eq. 22. 

ὠὊ  ρ  πȢππυτυτυὖzὍὠπȢπππσzυπ ὠ                            Eq. 22 

Photoperiod (ὖὖ) or day length also affects the occurrence and timing of the 

flowering stage and is calculated according to latitude using standard solar geometry 

to estimate daylength (Jones, 1992). The photoperiod factor (ὖὊ) represents the 

sensitivity to ὖὖ which decreases from 1 to 0 as the photoperiod shortens and is 

estimated according to a cultivar-specific photoperiod coefficient (ὖὍὈ) after Tao et 

al. (2012) as described in Eq. 23 

ὖὊ  ρ ᶻςπὖὖ         Eq. 23 

Crop development is related to the development index (ὈὠὍ) after (Osborne et al., 

2015), which takes values of -1 upon sowing, 0 on emergence, 1 at anthesis, and 2 

at crop maturity. The DO3SE-Crop model ὈὠὍ equations have been modified from 

(Osborne et al., 2015) to take account of the photoperiod and vernalisation for winter 

wheat (see Eq. 24); for spring wheat these factors are omitted. 

ρ ὈὠὍπ        Ὢέὶ ὸὨ ὝὝ  

π ὈὠὍρ         Ὢέὶ ὝὝ  ὸὨzὠὊzὖὊ  ὝὝ      Eq. 24 

ρ ὈὠὍς        Ὢέὶ ὝὝ ὸὨ ὝὝ  

DO3SE-Crop allows for any number of representative leaf populations ὴέὴ and 

canopy layers (ὲ to be defined over the course of the crop growing season. In this 

study, we used a single leaf population and 4 canopy layers (i.e. ὴέὴρȠ ὲ τ for 

simplicity. The crop sowing is assumed to be at DVI = -1 (start of ὝὝ ) and 

emergence at DVI =0 (start of ὝὝ ). The flag leaf is assumed to develop at ὈὠὍ=1, 

at the commencement of TTrep, marking the initiation of anthesis (ὃ  ȟflowering) 

and flag leaf emergence, which typically occurs 4-5 days prior to the onset  and is 
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further divided into expanding and senescing leaf periods (i.e., ὸὰ  and ὸὰ ) with a 

default ratio of 0.67 to 0.33 Maturity is assumed at DVI =2 end of ὝὝ ). The model 

allows estimation of the ὖὕὈώ metric by accumulating stomatal ozone flux from the 

start of anthesis to maturity. The total leaf life span (ὝὝ ) of the crop is distributed 

over the DVI between 0 and 2. The relationship between these different variables is 

described in Fig. 9).  

3.3.2 DO3SE-Crop leaf-level physiology 

Key leaf-level physiological variables of the DO3SE-Crop model are ὃ   and Ὣ . 

ὃ  is simulated using the biochemical photosynthesis-based model initially 

developed by (Farquhar et al.,1980) and since modified by (Sharkey et al., 2007). 

The coupled ὃ Ὣ  model of (Leuning, 1995) is used to estimate Ὣ  from ὃ ȟ 

which means that Ὣ  is regulated by the demand of CO2 for ὃ  on consideration of 

environmental conditions and crop physiology. Ozone stress, causing both 

instantaneous effects on ὃ  and long-term effects on leaf senescence, is simulated 

based on algorithms developed by (Ewert and Porter, 2000). 

3.3.2.1 Leaf ὃ  

The ὃ  model assumes that photosynthesis is constrained depending on prevailing 

environmental conditions according to three main mechanisms: Rubisco activity (ὃ); 

ribulose-1,5-bisphosphate (RuBP) regeneration, which is constrained by the speed of 

electron transport (ὃ); and the low rate of transfer of photosynthetic products (most 

frequently triose phosphate consumption) (ὃ ) (Sharkey et al., 2007), and by soil 

water stress Ὢ ; the algorithm for ὃ which is based on (Medlyn et al., 2002) and 

modified in DO3SE-crop to include the O3 damage functions is given in  Eq. 25. 

ὃ ὠ ȢὪ Ȣ
ᶻᶻ ȟ ᶻ

         Eq. 25 

where ὠὧ  (µmol CO2 m-2s-1) is the maximum carboxylation capacity at 25oC, ὅ 

(µmol mol-1) and ὕ (mmol mol-1) are the intercellular CO2 and O2 partial pressures; 

ὑ (µmol mol-1) and ὑ (mmol mol-1) are the Rubisco Michaelis-Menten constants for 

CO2 and O2; ῲᶻ (µmol mol-1) is the CO2 compensation point in the absence of 

respiration; ὪὕȟὨ is the factor that accounts for the cumulative stomatal O3 flux 

effect on ὠ  over the course of a day and; Ὢ  is the factor that accounts for the 
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cumulative stomatal O3 flux effect over the course of a leaf life span on leaf 

senescence. Section 3.3.2.2 gives a full description of the methods used to estimate 

O3 damage. The Ὢ  factor (as the blue line in the figure below) is calculated by Eq. 

26. 

Ὢ ρ                        for ὖὃὡ Ò PAW Ò 100%, 

Ὢ ρ
 

    for PAW < ὖὃὡ                                                                 Eq. 26 

Where PAW is plant available water. PAW is the amount of water in the soil (in%) 

which is available to the plants. At PAW=100% the soil is at field capacity, at 

PAW=0% the soil is at wilting point. PAWt is the threshold PAW, above which Ὣ  is 

at a maximum as described fPAW function. The constraint on ὃ  due to the rate of 

electron transport ὃ is described in Eq. 27. 

ὃ ὐz
ᶻ

ᶻ ᶻ
 z                 Eq. 27 

where J is the electron transport rate (µmol CO2 m-2s-1), the parameters ὥ and ὦ 

denote the electron requirements for the formation of NADPH and ATP respectively 

(Sharkey et al., 2007) 

Finally, the ὃ  limitation due to the low rate of transfer of photosynthetic products 

ὃ (µmol CO2 m-2s-1) is given in Eq. 28. 

ὃ πȢυz ὠ                  Eq. 28 

The net leaf photosynthetic carbon uptake ὃ  in µmol CO2 m-2s-1 is calculated by                                                              

Eq. 29 

ὃ ὃȟὃȟὃ  Ὑ                                                                Eq. 29 

Where leaf dark respiration (Ὑ ) in µmol CO2 m-2s-1 is calculated as  ὠὧ Ὑz    

where Ὑ  is the leaf dark respiration coefficient initially set equal to 0.015 after 

Clark et al. (2011), a value provided for C3 grasses.  

3.3.2.2 Short- and long-term O3 damage to ὃ   

The short-term impact of O3 on ὃ is calculated according to the ὪὕȟὨ factor 

(between 0 and 1) which allows for an instantaneous effect of O3 on ὃ  when 
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stomatal O3 flux Ὢ , in nmol O3 m-2 s-1 calculated as described later in 3.3.2.4 

Stomatal ozone flux (Æ), overwhelms detoxification and repair mechanisms 

(Betzelberger et al., 2012; Feng et al., 2022), and is estimated following (Ewert and 

Porter, 2000). Here, Ὢ ȟὬ represents the relationship between Ὢ  and a potential 

decrease in ὃ calculated for every hour by Eq. 30. 

Ὢ ȟὬ  ρ Ƞ                                                                     Ὢέὶ Ὢ                                                   

Ὢ ȟὬ  ρ  ‎ρ  ‎ςz  Ὢ                                    Ὢέὶ  Ὢ            Eq. 30 

Ὢ ȟὬ  π Ƞ                                                                     Ὢέὶ Ὢ
 

                            

where ‎ρ (dimensionless) and ‎ς (nmol O3 m-2 s-1)-1 are both short-term O3 damage 

coefficients, with ‎ρ representing the O3 detoxification threshold below which no 

damage occurs to the photosynthetic system and  ‎ς determines the effect of Ὢ  on 

ὃ once this detoxification threshold is exceeded; ὪὕȟὨ and ὪὕȟὨ ρ i.e. 

ὪὕȟὨ at the end of the previous day, are calculated by Eq. 31. 

Ὢ ȟὨ  Ὢ ȟὬ ὶz ȟ                                                 Ὢέὶ  ὬέόὶπȠ                                                   

Ὢ ȟὨ  Ὢ ȟὬ Ὢz ȟὨ ρ              Ὢέὶ Ὤέόὶπ             Eq. 31 

where ὶ ȟ (dimensionless) is incomplete recovery from O3 overnight which depends 

on leaf age according to Eq. 32. 

ὶ ȟ  Ὢ ȟὨ ρ ρ Ὢ ȟὨ ρ Ὢz                 Eq. 32 

The long-term impact of O3 on ὠ  represented by the Ὢ  term represents the 

longer-term accumulation of stomatal ozone flux (ὥὧὧ  causing degradation to the 

Rubisco enzyme which triggers early and enhanced senescence of mature leaves 

(Gelang et al., 2000b; Osborne et al., 2019). The simulation of Ὢ  (and Ὢ  used in 

the short-term O3 effect) are related to thermal time defined periods over the course 

of a leaf life span ὝὝ  as described in Fig. 9.  

Fig. 9. The division of thermal time defined periods (ὝὝ  , ὝὝ , ὝὝ  and ὝὝ  

and the relationship with Ὢ  and Ὢ ). This diagram illustrates the stages of crop 

development in relation to thermal time and the effects of vernalization and 

photoperiod. Thermal time, a measure of accumulated heat, is divided into periods of 
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emergence (ὝὝ  ), vegetative growth (ὝὝ ), reproduction (ὝὝ ), and leaf lifespan 

(ὝὝ  ). ὝὝ   encompasses the thermal time from a canopy leaves full expansion 

to its senescence, split into active (ὸὰ ) and senescing (ὸὰ ) phases. Vernalization 

and photoperiod can alter ὝὝ , affecting the timing of flowering. Crop development 

correlates with the Developmental Index (DVI), ranging from -1 at sowing, 0 at 

emergence, 1 at anthesis, to 2 at maturity, with total leaf lifespan distributed between 

DVI 0 and 2. The impact of ozone (O3) on the maximum rate of carboxylation 

(ὠ ) is indicated by short-term effects (Ὢ ), and long-term impacts (Ὢ ). 

 

The O3 effect on Ὢ  is first simulated by estimating a weighted accumulated Æ (Ὢὕσ) 

modified from (Ewert and Porter, 2000) by Eq. 33. 

Ὢὕσ ρ άὥὼ άὭὲ‎σz ὥὧὧ ὅὒίὕσȟρ ȟπ        Eq. 33 

where ‎σ determines the occurrence of senescence once a critical cumulative 

stomatal O3 flux ὅὒίὕσ (in mmol/m2) has been exceeded. The rate of senescence is 

determined by ‎τ, which determines the onset of senescence and ‎υ which 

determines maturity as described in Eq. 34. 

ὸὰ ὸὰ ᶻρ ρ Ὢὕσ ‎zτ   
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ὸὰ ὸὰ ᶻρ ρ Ὢὕσ ‎zυ ᾀὧ              Eq. 34 

ᾀὧὸὰ ὸὰ   

Where ὸὰ  is the effective temperature (ὸὩὪὪ) accumulated by a leaf in o C days 

between a fully expanded leaf and the start of leaf senescence, ὸὰ  is ὸὰ  with an 

O3 effect which may bring senescence earlier, ὸὰ  is the (ὸὩὪὪ)  between the onset of 

senescence and maturity and ὸὰ is ὸὰwith an O3 effect which may bring maturity 

earlier. Ὢ  is estimated by Eq. 35. 

Ὢ ρȠ                                                                   Ὢέὶ  ὸὩὪὪὝὝ ὸὰ  

Ὢ ρ Ƞ                           Ὢέὶ ὝὝ ὸὰȟὩὴ ὸὩὪὪ ὝὝ   

Ὢ πȠ                                                                  Ὢέὶ ὸὩὪὪὝὝ                                Eq. 35                     

3.3.2.3 Stomatal conductance 

The coupled ὃ Ὣ  model based on (Leuning, 1995) and modified for vapour 

pressure deficit (ὠὖὈ) (Danielsson et al., 2003) is used to estimate Ὣ , Ὣ to CO2 

in µmol CO2 m-2 s-1 as described in Eq. 36. 

Ὣ Ὢ άȢὃ ȢὪ Ⱦὧ ῲ                      Eq. 36 

where Ὢ  (µmol m-2 s-1) is the minimum daytime Ὣ  (Leuning, 1990). The 

parameter ά (dimensionless) is the composite sensitivity of Ὣ  to assimilation rate 

and vapour pressure deficit ὠὖὈ with the relationship between ὠὖὈ and relative 

stomatal conductance (Ὢ  estimated by eq. [18]. ὃ  (µmol m-2 s-1) is estimated 

from eq [10]. Ὢ  (Danielsson et al., 2003) is calculated by Eq. 37.  

 Ὢ ρ              Eq. 37 

where ὠὖὈ is an empirical parameter, defined using boundary line analysis, 

describing the variation in relative stomatal conductance with ὠὖὈ (Danielsson et al., 

2003; Pleijel et al., 2007). ὧ (mmol mol-1) is the external CO2 concentration at the 

leaf surface and is calculated from the external CO2 concentration at the upper 

surface of the leaf boundary layer ὧ (mmol mol-1) so that ὧ ὧ  after 
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Masutomi (2023) where Ὣ is the boundary layer conductance to CO2 (in mol m-2 s-

1), conversion factors for the boundary layer are given in the table SI. 7.. 

Finally, Ὣ  is converted to Ὣ  in mmol O3 m-2 s-1 by dividing by 1000 and using the 

conversion factor 0.96 which assumes that the ratio of the diffusivities of gases in air 

are equal to the inverse of the square root of the ratio of molecular weights (as 

described in (Campbell, G.S., Norman, 1998), see sections SI.2.1 and SI.2.2.  

3.3.2.4 Stomatal ozone flux (Ὢ ) 

Stomatal O3 flux Ὢ  (nmol m-2 s-1) is calculated after the method described in the 

UNECE Mapping Manual (UNECE, 2017) described in Eq. 38]. 

Ὢ ὅ  zὫ Ⱦᶻ
ȟ

             Eq. 38 

Where ὅ is the O3 at the upper surface of the laminar layer of a leaf (nmol O3 m-3). 

Ozone concentration in ppb can be converted to nmol m-3 by multiplying O3 in ppb by 

ὖ/(Ὑ*Ὕ ȟ) where ὖ is the atmospheric pressure in Pascal, Ὑ is the universal gas 

constant (8.31447 J/mol/K) and Ὕ ȟ is surface air temperature in degrees Kelvin; 

Ὣ Ⱦ (m/s) is Ὣ  to O3, to convert Ὣ  (mol O3 m-2 s-1) to Ὣ Ⱦ (m/s) we assume a 

standard temperature Ὕ (20oC) and air pressure ὖ  (1.013 x 105 in Pascal) and 

divide by 41 to give the conductance value in m/s. The ὶ/ὶȟ +ὶ term represents the 

O3 deposition rate to the leaf through resistances ὶ (the quasi-laminar resistance 

(s/m)) and ὶ (the leaf surface resistance (s/m)), which allow for both stomatal and 

non-stomatal deposition to the leaf surface.  ὶ is 1/ (Ὣ Ⱦ+Ὣ ) where Ὣ  is 

1/2500 (s/m). ὶ is estimated by Eq. 39 

ὶȟ ρȢσz ρυπz             Eq. 39 

Where the factor 1.3 accounts of the differences in diffusivity between heat and O3. 

and the value of 150 provides the equivalent conductance leaf layer for O3 as 

compared to forced convection of heat (Campbell et al., 1998), ὒ is the cross wind 

leaf dimension (m) and όis the windspeed (m/s) at the top of the leaf laminar 

boundary layer. The leaf boundary layer resistance to CO2 is estimated using a value 

of 1.24 for the difference between heat and CO2 in place of the 1.3 value for O3 

(Campbell, G.S., Norman, 1998). 
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3.3.3 DO3SE-Crop canopy  

The DO3SE crop model uses a multi-layer approach to scale from the leaf to the 

canopy. We assume that wind, irradiance, O3 concentration, and leaf nitrogen 

content are the key environmental conditions that change with cumulative canopy 

leaf area index (ὒὃὍ) and influence leaf physiology and, therefore, canopy layer 

estimates of ὃ , Ὣ  and Ὣ ; other environmental variables (e.g., Ὕ ȟ  and ὠὖὈ) 

are assumed to remain constant over the canopy.  

3.3.4 Canopy irradiance 

Changes in irradiance through the canopy are described as sunlit and shaded 

canopy fractions and the associated quantity of direct and diffuse photosynthetically 

active radiation ὖὃὙ (W/m2), these are estimated according to increasing levels of 

cumulative ὒὃὍ using the methods of (Pury and Earquhar, 1997); this method 

requires the canopy to be divided into layers of equal ὒὃὍ (including both green 

(ὒὃὍ) and brown (ὒὃὍ)), see Eq. 65. More details are given in the section SI.2.3. 

ὖὃὙ absorbed per unit leaf area is divided into ὖὃὙ, ὖὃὙ  which also includes 

scattered (re-reflected by the canopy) beam calculated by,  

ὖὃὙ ὒὃὍ ρ ” ‍  ὑᴂ Ὅπ ὩὼὴὯ ᴂὒὃὍ                                      Eq. 40 

ὖὃὙ  ὒὃὍ ρ ”  Ὧȭ Ὅπ ὩὼὴὯȭὒὃὍ                            Eq. 41                                

Estimates of the ὒὃὍ fractions of sunlit (ὒὃὍ and shaded (ὒὃὍ) parts of each 

canopy layer (Ὥ) are made by Eq. 42 and Eq. 43. 

ὒὃὍȟ ρ Ὡὼὴ πȢυz  z ςίὭὲ‍                     Eq. 42 

Where ‍ is the solar elevation angle, description given in Table 14. 

ὒὃὍȟ  ὒὃὍὒὃὍȟ                     Eq. 43 

The DO3SE-Crop model simulates ὒὃὍ as part of the crop growth model and LAI is 

assumed to be evenly distributed across all layers. 

Therefore, PAR for the sunlit part of each layer can be described as  

᷿ ὖὃὙ ᷿ ὒὃὍȟȢ  ὖὃὙ    ὖὃὙ  ‍  dLAI                         Eq. 44 
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Where   ᷿ ὖὃὙ  can be written as  ρ ”ὧὦ‍ ȢὑὦᴂȢὍὦπȢὩὼὴὑὦᴂὒὃὍ

ὩὼὴὑὦᴂὒὃὍ and ὖὃὙ  ‍  ρ  ʎὍπ  

Similarly, PAR for the shaded part of each layer can be described as  

᷿ ὖὃὙ ᷿ ὒὃὍȟȢ  ὖὃὙ   ὖὃὙὨὒAI                                          Eq. 45          

Where   ᷿ ὖὃὙ  ὒὃὍ can be written as ρ ”ὧὨȢὑὦᴂȢὍὦπȢὩὼὴὯᴂὒὃὍ

ὩὼὴὯᴂὒὃὍὨὒ and   ᷿ ὖὃὙ ὒὃὍ is Ὅ π  ὖὃὙ ρ

 „ὯȢὩὼὴὯὒὃὍ  ὩὼὴὯὒὃὍ                                                                   Eq. 46                                                      

where   ὖὃὙ ὒὃὍ  is diffuse irradiance (see eq.) and  ὖὃὙὒὃὍȟ direct scattered 

beam (another form of diffuse radiation) is calculated as:  

ὖὃὙὒὃὍ  ὖὃὙ π  ὖὃὙ ρ  „ὯὩὼὴὯὒὃὍ                                Eq. 47              

3.3.5 Canopy [O3] concentration  

O3 concentration will vary as a function of O3 loss to the canopy (i.e., deposition via 

the stomates and external plant parts) and O3 replacement from ambient air 

concentrations above the canopy. Limited data have been collected showing how O3 

concentrations vary with canopy depth in semi-natural communities (Jaggi et al., 

2006). These data suggest that a minimum, bottom canopy O3 concentration (ὧ ), is 

about 0.2 times that at the top of the canopy (ὧ ) and that the O3 concentration 

difference within the canopy is closely related to the ὒὃὍ of the canopy layers. 

Since each canopy layer can be assumed to be a parallel sink, the O3 flux to a layer 

depends on the conductance (inverse of resistance) of that layer and the O3 

concentration at the top of the layer (ὅ; with ὅ being ὧ  (i.e., the O3 concentration at 

height Ch, the top of the canopy)); we follow and generalise the work of Waggoner. 

1971 by separating the canopy into ὲὒ leaf layers. We calculate the O3 concentration 

for each layer, ὅ, from O3 intake, Ὅ, by, 

ὅ  ὶὍ                Eq. 48 

With ὶthe surface resistance for layer Ὥ. Ὅ is calculated as the solution to a system of 

linear equations. Relating ὶ, Ὅ, and Ὑ, the in-canopy aerodynamic resistance for 

layer Ὥ. Assuming above the canopy there is a uniform O3 concentration ὅ, we use 
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generalised equations from Waggoner,1971 for the difference in O3 concentration 

between the exterior air and leaf interior, which for the top layer is ὅ minus 0, so ὅ 

and for each lower layer the difference is 0. This O3 concentration difference is 

calculated by, 

ὅ  ὙВ Ὅ  ὶὍ                        Eq. 49 

For the top canopy layer, 

π  ὙВ Ὅ  ὶὍ  ὶ Ὅ              Eq. 50 

For each canopy layer Ὥ between the top layer and the bottom layer, and, 

π  Ὑ Ὅ  ὶὍ               Eq. 51 

For the bottom layer of the canopy, between the lowest leaf layer and the ground. 

These can also be written into the matrix form as below. 

ở

Ở
ờ

ὶ Ὑ Ὑ Ὑ Ễ Ὑ
ὶ ὶ Ὑ Ὑ Ễ Ὑ
π ὶ ὶ  Ὑ Ễ Ὑ
ể ể ể Ệ ể
π π π ȣ Ὑ ͺỢ

ỡ
Ỡ

ở

Ở
ờ

Ὅ
Ὅ
Ὅ
ể
Ὅ Ợ

ỡ
Ỡ
 

ở

Ở
ờ

ὅ
π
π
ể
πỢ

ỡ
Ỡ

                   Eq. 52 

Which can be numerically solved for Ὅ when ὶ π and Ὑ π. 

Resistances for each layer are calculated and described in the SI.2.4 using standard 

DO3SE deposition modelling methods (Emberson, L.D., Ashmore, M.R., Simpson, 

D., Tuovinen, J.-P. and Cambridge, 2001; Simpson et al., 2012).  

3.3.6 Canopy maximum carboxylation capacity (╥╬□╪●) 

We allow for an exponential decrease in leaf N with canopy depth, which will 

influence both the photosynthetic capacity ὠ  and hence dark respiration (Ὑ ).  

Photosynthetic capacity at each canopy layer Ὥ is calculated by Eq. 53 

 

ὠ ȟ ὲȢὲȢὩ  
                      Eq. 53                               

 

Where ὲ (mol CO2 mī2 sī1 kg C (kg N)ī1) is a constant relating leaf nitrogen to 

Rubisco carboxylation capacity, ὲ (kg N[kg C]-1) is the leaf N concentration at the 
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top of the canopy and Ὧὔ is a nitrogen profile co-efficient initially set at 0.78 after 

(Clark et al., 2011). 

3.3.7 Canopy Photosynthesis (═▪▄◄╬) 

Net canopy photosynthesis (ὃὲὩὸ) determines the amount of C assimilated by the 

entire canopy that can subsequently be allocated to different plant parts (i.e., less 

than the C respired for plant growth and maintenance, 3.5.1), the amount of C 

assimilation will ultimately determine whole plant biomass. The ὃ  for each canopy 

layer (ὃὲὩὸ is calculated according to the ὒὃὍ fraction of that layer that is sunlit 

(ὒὃὍȟ  and shaded (ὒὃὍȟ  within the layer (Ὥ), multiplied by the ὃ  of the sunlit 

(ὃὲὩὸȟȟ and shaded leaf (ὃὲὩὸȟȟ , respectively described by  Eq. 54 and Eq. 55 

ὃὲὩὸ  ὒὃὍȟ z ὃὲὩὸȟ  ὒὃὍȟ z ὃὲὩὸȟ                  Eq. 54 

with ὃὲὩὸ calculated by, 

ὃὲὩὸВ ὃὲὩὸ           Eq. 55 

ὃὲὩὸ is converted from µmol CO2 m-2 s-1 to kg C m-2 day-1, by multiplying by 3600 

(converting from seconds to hours), multiplying by 1.2 (representing the kg of C per 

mol) and summing each hourly ὃὲὩὸ over the course of a day. This ὃὲὩὸ is used in 

the equation 37. 

3.3.8 Canopy Stomatal Conductance (ἯἻἼἷἱ) 

Similarly, canopy layer (Ὥ) stomatal conductance to O3 (Ὣ  , which is converted 

from Ὣ  by assuming a diffusivity ratio of 0.96 to convert from CO2 to O3 and is 

calculated by Eq. 56 with whole canopy stomatal conductance calculated by Eq. 57. 

Ὣ   ὒὃὍȟ z Ὣ ȟ
 ὒὃὍȟ z Ὣ ȟ

           Eq. 56 

Ὣ В Ὣ                              Eq. 57 

This is converted from Ὣ  in eq. [33 by dividing the conductance value in mmol m-1 

s-1 by 41000 (assuming standard temperature (20oC) and air pressure (1.013 x 105 

Pa)) to give conductance in m/s.                        

3.3.9 Crop biomass, LAI, height and yield variables 
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The following section describes how to estimate crop biomass, important canopy 

characteristics (ὒὃὍ and crop height (Ὤ)), and yield variables from accumulated 

calculations of ὃὲὩὸ over the course of the growing season following (Osborne et al., 

2015). 

3.3.9.1 Crop biomass (ὔὖὖ and Ὃὖὖ) 

The simulation of crop growth requires an estimate of the net primary productivity 

(ὔὖὖ), which is calculated at the end of each day and summed over the growing 

season. Carbon is assumed to be allocated to five key crop components: root, leaf, 

stem, harvest, and reserve pools (Osborne et al., 2015). This carbon allocation is 

ultimately used to simulate leaf area index (ὒὃὍ), canopy height (Ὤ), biomass, harvest 

index, and yield at the end of each day throughout the growing season.  

Net primary productivity ὔὖὖ (kg C m-2 day-1) is accumulated throughout the day 

using the JULES-crop approach to model crop growth (Osborne et al., 2015) 

described in Eq. 58 

ὔὖὖὋὖὖ Ὑ               Eq. 58 

where Ὃὖὖ is the gross primary productivity (kg C m-2 day-1) and Ὑ is plant 

respiration divided into maintenance (Ὑ ) and growth (Ὑ ) respiration (kg C m-2 

day-1) (Clark et al., 2011) where Ὑ Ὑ Ὑ  and where Ὑ  is assumed to be a 

fixed fraction of the ὔὖὖ as shown in Eq. 59 

Ὑ Ὑ   ὋὖὖὙ        Eq. 59 

Where Ὑ  is the growth respiration co-efficient which was initially set to 0.25 

based on the value for all PFTs (i.e. forests and grasses including crops) in (Clark et 

al., 2011). Ὃὖὖ is calculated by Eq. 60 

ὋὖὖὃὲὩὸὪ Ὑ            Eq. 60 

where ὃὲὩὸ is net canopy photosynthesis (see eq. 28) and Ὢ Ὑ  is the soil-

moisture modified canopy dark respiration (kg C m-2 day-1) where Ὑ  ὠ ȟ z

Ὑ   with Ὑ  initially assumed to be 0.015 based on (Clark et al., 2011); 

ὠ  ȟ is the maximum carboxylation efficiency for each canopy layer Ὥ which 

decreases from the top to bottom of the canopy (see eq. ) and Ὢ  is calculated in    

Eq. 26.  
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Leaf maintenance respiration (Ὑ ) is assumed equivalent to the soil moisture 

modified canopy dark respiration, while root and stem respiration are assumed to be 

independent of soil moisture but to have the same dependencies on C content (Clark 

et al., 2011). We assume a fixed relationship between C and N contents of these 

organs so that Ὑ  can be estimated by Eq. 61 

Ὑ  Ὑ ᶻὪ   
 

                                                   Eq. 61 

The C accumulating as ὔὖὖ each day is divided into five carbon pools i.e. root 

(ὅ , leaf (ὅ ), stem ὅ , reserve ὅ , and harvest (ὅ ) (kg C m-2 day-1) 

according to partition coefficients (see Eq. 62) allowing for accumulation of C in these 

pools over the course of the crop growth period  

Ὠὅͅὶέέὸ

Ὠὸ
 ὴ ὔὖὖȟ 

 

ὨὅͅὰὩὥὪ

Ὠὸ
 ὴ ὔὖὖȟ 

 

ͺ
  ὴ ὔὖὖ ρ †ȟ                    

 

ὨὅͅὬὥὶὺ  

Ὠὸ
 ὴ ὔὖὖȟ 

 

 ὴ ὔὖὖ, †                                                                                            Eq. 62 

 

where † is the fraction of stem C that is partitioned into the reserve pool. ὴ ȟ ὴ ȟ

ὴ ȟὴ ρ. The partition coefficients are related to the crop development stage 

(ὈὠὍ) and hence effective thermal time (ὝὝ ) since emergence. The partition 

coefficients are based on Osborne et al. (2015) and provided as a function of ὈὠὍ 

using six parameters to continuously describe varying partition coefficients over the 

duration of the crop growing season. We use the same multinomial logistic as that 

described in (Osborne et al., 2015) to define this function according to Eq. 63  

ὴ  
  

      
     , 
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ὴ  
  

      
     , 

ὴ  
  

      
     ,                           

ὴ  
      

                                  Eq. 63 

Where ὈὠὍ is the development index;  ‌ and ‍ partition parameters. These 

parameters describe the shape of the thermal time varying partition coefficient for 

leaves, roots, and stems.  

Once C is no longer partitioned to stems, C from the stem reserve pool will mobilise 

to the harvest pool at a rate of 10% per day following (Osborne et al., 2015) 

described by Eq. 64. 

ὅ   ὅ   πȢρ ὅ  ὅ   πȢω ὅ           Ὢέὶ ὴ  πȢπρ       Eq. 64 

Total leaf C is divided between green leaf C (ὅ ȟ , and brown leaf carbon 

(ὅ ȟ . Carbon from the ὅ ȟ  will mobilise to the harvest pool at the rate of 

5% per day after (Osborne et al., 2015) and to the ὅ ȟ  at a rate of 24% per day 

once Ὢ  ρ as described in Eq. 65 

ὅ   ὅ   πȢπυ ὅ ȟ  ὅ ȟ   πȢψφ ὅ   ὅ πȢψφὅ ȟ

πȢςτὅ ȟ     Ὢέὶ Ὢ  ρ                                                                                  Eq. 65 

3.3.9.2 Leaf area Index (╛═╘) and stem height (▐) 

At the end of each day, the C content of the stem and leaf is used to estimate ὒὃὍ by      

Eq. 66 and Eq. 67. 

ὒὃὍ ὅ  ȾὪ  zὛὒὃ             Eq. 66 

where Ὓὒὃ  ɭ ὈὠὍ  πȢπφ            Eq. 67 

The values ɭ and ‏ were determined by fitting the values to the paired values of DVI 

and specific leaf area (Ὓὒὃ). The value of fc is 0.5 (unitless), denotes carbon fraction 

of dry matter.  

The amount of C in the stem is used to calculate the crop height Ὤ in m by Eq. 68 
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Ὤ  Ὧ ὅ  ȾὪ                          Eq. 68 

where Ὧ and ‗ were determined by fitting the value ὅ  and Ὤ. 

3.3.9.3 Yield variables 

According to (Osborne et al., 2015) yield can be calculated from the C allocated to 

the harvest pool (ὅ ) at the end of the growing season as described in Eq. 69 

ὣὭὩὰὨ  
ȢȾ  Ȣ Ȣ

             Eq. 69 

Where harvested C is converted to total biomass (using the conversion factor 

Ὢ=0.5), i.e., by multiplying the harvested C by 1/Ὢ, and then by 1/0.84 (Ὀ ) to 

account for the grain moisture content (Mulvaney and Devkota, 2020).  ὅ  includes 

both chaff and grain; however, O3 fumigation experimentalists tend to only include 

grain when calculating total crop yield at the end of the growing season, so we 

assume 15% of the yield is chaff and include a grain-to-ear ratio, Ὁ, of 0.85. Dividing 

by 1000 converts yield from kg C m-2 to g C m-2, the unit most often used to describe 

experimental yield results. 

Evaluation of the DO3SE-crop model uses a variety of growth ódry matter (Ὀὓ)ô 

metrics. Some of the most important metrics and their calculations are: óὛὸὶὥύ Ὀὓȭ 

which is calculated as the sum of carbon allocated to ὅ ȟὅ ȟ and ὅ ; óὉὥὶ Ὀὓô 

is calculated from ὅ  excluding the moisture content (Ὀ) conversion; óὋὶὥὭὲ Ὀὓô 

is calculated from ὅ  excluding both the moisture content (Ὀ ) conversion and 

removing the chaff fraction conversion  Ὁ; óὃὦέὺὩ ὫὶέόὲὨ Ὀὓô is the ίὸὶὥύ Ὀὓ plus 

the Ὁὥὶ Ὀὓ; óὄὩὰέύ ὫὶέόὲὨ Ὀὓô is converted from ὅ ; and óὌὥὶὺὩίὸ ὭὲὨὩὼô is the 

ὋὥὭὲ Ὀὓ divided by the ὃὦέὺὩ ὫὶέόὲὨ Ὀὓ.  In all cases the Ὢ conversion factor is 

used to convert from e.g. g C m-2 to g Ὀὓ m-2.  

3.3.10 DO3SE-Crop model calibration 

3.3.10.1 Xiaoji China experimental dataset 

The DO3SE-crop model was used to analyse the O3-FACE (Free Air Concentration 

Enrichment) experimental data collected in Xiaoji, Jiangsu, Jiangsu Province, China. 

This dataset includes four modern cultivars of winter wheat (Triticum aestivum L.) 

grown under ambient and elevated O3, with the elevated treatment being, on 

average, 25% above the ambient O3 of 45.7 ppb for the period early March/April to 
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the end of May each year. Pants were grown in fully open-air field conditions for 

three consecutive growing seasons from 2007 to 2009. Table 6 describes the hourly 

meteorological and O3 data that are required to run the DO3SE-Crop model, and 

which are provided at the Xiaoji site.  

Table 6. Hourly meteorological and O3 data measured at Xiaoji required to run the 

DO3SE-Crop 

Variable Unit Description Measurement 

height 

ὖὃὙ  W/m2 Direct and diffuse PAR at the 

top of the canopy 

- 

Ὕ  o C Surface air temperature in 

degrees Celsius 

2 m 

ὠὖὈ kPa Leaf to air vapour pressure 

deficit 

2 m 

ό m/s Wind speed at a reference 

height ᾀ 

2 m 

”ὥ Pa Surface air pressure 2m 

ὕσ ppb Ozone concentration at a 

reference height ᾀ 

2 m 

 

The wheat crop was well irrigated, so we assume there was no soil moisture stress. 

Any data gaps were filled following the AgMIP-O3 gap filling protocol (see SI.2.10). 

For large [O3] data gaps (i.e. greater than 2 weeks) which occur outside the [O3] 

fumigation period we use scaled WFRChem (version 4.2) data for Xiaoji (Conibear et 

al., 2018a) to ensure consistency in model calibration and potential applications 

across China. The four cultivars were Yannong 19 (strong-gluten wheat, hereafter 

Y19), Yangmai 16 (medium-gluten wheat, hereafter Y16), Yangmai 15 (weak-gluten 

wheat, hereafter Y15), and Yangfumai 2 (weak-gluten wheat, hereafter Y2). The 

dataset provides measurements of key physiological variables for the Y2 and Y16 



  

135 
 

cultivars (i.e., ὃ , ὠ , ὐ ȟ and Ὣ ) for the flag leaf which were used to evaluate 

the DO3SE-Crop modelôs simulations of these variables. 

Additional data also provide measurements of chlorophyll content Index (CCI), which 

can be used to assess the level of senescence experienced by the leaf (Mariën et al., 

2019).The dataset also provides grain yield components, including the number of 

ears per square meter, the number of grains per ear, and the grain dry matter 

(ὋὶὥὭὲ Ὀὓ (the latter in g m-2) (Feng et al., 2011, 2016). Further experimental details 

are provided by (Feng et al., 2011, 2016). 

3.3.10.2 DO3SE-Crop calibration and evaluation 

The Xiaoji experimental data were split into calibration (year 2008, Y2 and Y16 

cultivars) and evaluation (year 2007 & 2009, Y15 & Y19 cultivars). The calibration of 

DO3SE-Crop has two main steps, firstly, to calibrate for crop development and 

growth (i.e. phenology and C allocation). This calibration was performed using the Y2 

cultivar. Secondly, the calibration of the O3 damage module was calibrated using the 

Y2 cultivar (representing a sensitive cultivar and Y16 (representing a tolerant 

cultivar); these cultivar sensitivities followed the information provided by (Feng et al., 

2016). 

Calibration of the DO3SE-Crop model used a combination of automated (for 

phenology) and manual (for leaf physiology, canopy C allocation, and O3 damage) 

calibration methods. Both methods require defining an initial parameter value and a 

realistic range over which the parameter value may vary. These parameter values 

are defined from a combination of observations from the Xiaoji experimental dataset 

as well as values taken from the literature (see Table. SI. 10, Table. SI. 11, and 

Table. SI. 12 for details). The model is calibrated until certain conditions are satisfied, 

as explained below. 

The phenology module was calibrated using the Xiaoji 2008 dataset for the Y2 

cultivar. These data were used to determine the thermal life span of the canopy from 

sowing to maturity ὝὝ ) and calibrate key phenology parameters (Ὕ, Ὕ, Ὕ , 

ὠὝ , ὠὝ , ὖὍὠ, and ὖὍὈ, flag leaf emergence, ὃ  ȟ ὸὰ and ὸὰ). The 

phenology calibration was automated by computationally applying a genetic 

algorithm (Wang, 1997), an optimisation technique with gradient descent, to find the 
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best parameters. This uses a combination of crossover strategy (selecting 

parameters randomly from parameter pairings) and mutation strategy (which takes a 

parameter range and uses incremental step changes) to identify the parameters that 

give the highest R2 and lowest RMSE when compared with observations of the timing 

(day of year) of emergence, anthesis and maturity. The calibrated phenology 

parameters were tested on Y2 data for the other years (i.e., 2007 and 2009) to 

assess their ability to represent crop development between years. 

We conducted a sensitivity analysis to pinpoint the most critical parameters within the 

leaf physiology, carbon (C) allocation, and ozone (O3) damage modules that required 

calibration, as recommended by Iwanaga et al. (2022). This analysis highlighted 

several DO3SE-crop parameters for calibration, including: 

i. Leaf photosynthesis parameters ὠ ȟὐ ȟὯὔȟάȟὠὖὈ; ii. C allocation 

parameters (‌ ȟ‌ ȟ‌ ȟɭȟ†); iii. Dark respiration coefficients Ὑ ȟὙ ); 

iv. O3 damage module parameters related to senescence ‎σȟ‎τȟ‎υȢ 

The calibration process involved several steps, beginning with the establishment of 

initial leaf physiology parameters. We set targets for maximum stomatal conductance 

Ὣ  to range between 350-400 mmol O3 m-2 PLA s-1 and for net photosynthesis ὃ  

to fall between 30-35 µmol CO2 m-2 s-1. These targets align with peak values 

recorded in the Xiaoji dataset (Xhu et al., 2011). Subsequent calibration of C 

allocation parameters aimed to fulfil multiple criteria: 

1. A stem-to-leaf dry matter ratio of approximately 2:1, as observed by Huang et 

al. (2022). 

2. Relative growth of plant parts consistent with growth profiles documented in 

the literature (Osborne et al., 2015; de Vries et al., 1989). 

3. Aboveground dry matter values within the 1200-1600 g m^-2 range. 

4. A Leaf Area Index (LAI) between 4-7 m2 m-2. 

5. Dark respiration constituting 30 to 60% of assimilated ὃ  (Amthor et al., 

2019). 

6. An R2 value above 0.90 when comparing modelled Grain DM against 

observed Grain DM. 

Next, initial O3 parameters (‎σȟ‎τȟ‎υ were determined using senescence onset and 

cessation data derived through the breakpoint method (Section 3.4.1), and their 
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effects were analysed (Section 3.4.6). 

Ultimately, we utilized training datasets to fine-tune the model for the specific 

conditions at the Xiaoji site. The manual calibration relied on initial values and ranges 

established in the steps above and corroborated by literature (Feng et al., 2011, 

2016; Osborne et al., 2015). We began with the 2008 Y2 cultivar, adjusting the leaf 

physiology and carbon allocation parameters to match observed maximum Ὣ  and 

ὃ  values. Should the model output align with these targets, we proceeded to 

calibrate the carbon allocation parameters, which should again fulfil the multiple 

criteria state above; otherwise, we iterated the process, adjusting parameter values 

within the defined limits (refer to Table 17). This method was similarly applied for 

calibrating ozone parameters. However, to calibrate the model for cultivars with 

varying levels of tolerance to ozone, two distinct cultivars from the 2008 dataset, 

Y16(tolerant) and Y2 (sensitive) are used in the calibration of ozone parameters.  
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3.4 Results 

We first examine the model's ability to simulate the key phenological development 

stages since this is key to simulating the variation in C allocation over the course of 

the growing season and, hence, how O3 exposure will influence growth and yield, 

which is determined by the timing and length of the grain filling period. We also 

explore how DO3SE-Crop simulates within canopy O3 profiles to understand which 

layers of the canopy are most important in determining O3 response. We then 

examine the ability of the model to simulate leaf-level physiology and C allocation to 

the different parts of the crop. Lastly, the impact of both instantaneous and long-term 

O3 damage on the crop's final grain yield is evaluated.   

3.4.1 Crop Phenology  

The Xiaoji dataset provides sowing and harvest dates for all cultivars for each year. 

However, the date of the timing of anthesis is only provided for the year 2008 for all 

the cultivars. We assume that DVI = 1 is equivalent to the start of anthesis, as shown 

in Fig. 9. The model is calibrated using the 2008 Y2 data to provide the thermal times 

for ὝὝ  and ὝὝ  and uses the CCI data and associated breakpoint method to 

estimate ὸὰ and ὸὰ. We then assume that these values are consistent across 

cultivars and years. Fig. SI. 13. shows the timing of crop emergence, anthesis, and 

harvest in relation to simulated anthesis (i.e., at DVI=1). There is a variation of 4 to 

10 days for anthesis in relation to days from crop emergence between years. The Ὕ 

ranges between 1325 and 1478 o C days for the three years with crop emergence 

occurring between day of year 37-45 and harvest occurring between day of year 135-

151. The number of days from crop emergence to harvest was between 100 and 104 

for the three years.   

3.4.2 Within canopy stomatal O3 profile 

An important determinant of O3 deposition and damage is stomatal O3 deposition (or 

stomatal O3 uptake), which is a function of within canopy transfer of O3 and stomatal 

and non-stomatal deposition. The multi-layer aspect of the DO3SE-Crop model 

allows simulated stomatal and non-stomatal O3 deposition within the canopy. Fig. 10. 

shows the variation in key variables that determine total and stomatal O3 canopy 

deposition across 4 canopy layers as a mid-day average over the course of the ὸὰ 

period of the flag leaf for the year 2008 and the Y2 cultivar.   
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Fig. 10. Plot showing variation in key O3 deposition terms as daily maxima by canopy 

layer (N.B. Ὥ ρ is the top canopy layer, ὲ τ) a). [O3], b). ὶὦȟ , c). ὖὃὙ  and d). 

Ὣ  for the duration of the flag leaf period for the Y2 cultivar E-O3 treatment 2008.  

a).       b). 

  

c).       d). 

  

Fig. 10.a. shows a decrease within canopy [O3] from highs of around 140 ppb to 

values within the range of 10 to 50 ppb between the topmost and bottom canopy 

layer. Similarly, ὖὃὙ reduces from maximum values of around 200 W m-2 to 

values of around 100 W m-2 on sunny days (see Fig. 10 b). The leaf ÒÂ (Fig. 10. c) 

also increases with canopy depth from resistances in the region of approximately 100 

s m-1; and Ç  (Fig. 10.d) similarly reduces from around 300 to 20 nmol O3 m-2 s-1 

between canopy layers, these differences reduce with the onset of senescence.   
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3.4.3 Leaf physiology variables (═▪▄◄, ▌▼◄▫) 

The DO3SE-Crop model was able to simulate the seasonal ὃ  and Ὣ   with values 

ranging from 0 and 27 and 10 and 310 for ὃ  and Ὣ ȟ   respectively over the course 

of the growing season (see Fig. 11). The simulated daily maximum values of 

modelled Ç , of 310 mmolm-2 s-1 were in the range of the observed value of 340 

mmol O3 m-2 s-1. Similarly, the modelled maximum !  is 27 µmol CO2 m-2 s-1 

compared to the observed value of 28 µmol CO2 m-2 s-1 for the period between flag 

leaf emergence (Day 101) and anthesis (Day 121) for the year 2008, for both the Y2 

and Y16 cultivar. Although the steep declines in modelled ὃ  and Ç  values are 

seen as the model is showing the ὃ  and Ç  canopy level (that includes all leaves, 

including the flag leaf), and the observed ὃ  and Ç  values are at the leaf level 

(i.e., for the flag leaf). The flag leaf typically emerges at anthesis and is fully exposed 

to sunlight and, therefore, likely to show less declines because it maintains higher 

levels of photosynthesis for a longer period. 

Fig. 11. DO3SE-Crop modelled diurnal profile of a). Ὣ , and b). ὃ  for a fully-

expanded flag leaf prior to the start of senescence ὸὰ for the ambient ozone and 

seasonal profile of daily maxima, with data points plotted as open circles connected 

by a line, representing the average daily pattern c). Ὣ , and d). ὃ  for the flag leaf 

between  ὸὰ and ὸὰ for the ambient ozone treatments. The black line showing the 

Start of senescence (SOS). The black line in the plot c and d shows the start of 

anthesis. 

a).                                                                                      b).
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c).                                                                                       d). 

  

3.4.4 Crop growth and yield.  

The dry matter dynamics of the different parts of the crop are shown in Fig. 12. The 

modelled ὋὶὥὭὲ Ὀὓ  value of 843 g m-2 matched the observed value of 876 g m-2. 

The stem-to-leaf ratio is 2.1:1, in the range provided in the literature (Huang et al., 

2022). Above-ground biomass values of 1510 g m-2 also match well against the 

1200-1600 g m-2 range described in the literature (Huang et al., 2022; Liu et al., 

2022). Further, the partition fraction profiles are consistent with those of (Osborne et 

al., 2015) (see Fig. 12); the main differences are that the modelled stem and root 

partition profiles are somewhat higher and lower, respectively, as compared to 

(Osborne et al., 2015). 

Fig. 12. a). the partition fractions of the daily accumulated ὔὖὖ partitioned to roots, 

stems, leaves, and grains for modelled (solid lines) vs. the JULES Crop model 

(dashed line after (Osborne et al., 2015)) plotted against ὈὠὍ, which shows a crop 

development, ranging from -1 at sowing, 0 at emergence, 1 at anthesis, to 2 at 

maturity, with total leaf lifespan distributed between DVI 0 and 2 and b). the 

ὋὶὥὭὲ Ὀὓ  of daily accumulated ὔὖὖ partitioned to roots, stems, leaves, and grains 

plotted against ὈὠὍ, the observed grain dry matter (in g m-2) is shown as a filled red 

circle. 
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a).       b). 

  

3.4.5   Instantaneous and long-term O3 impact  

The ὣὭὩὰὨ is assumed to be damaged by both the instantaneous impact of O3 on 

ὃ  as well as the long-term O3 effect that can lead to enhanced senescence.  To 

explore which of these damage mechanisms is most important, we calculated the 

difference between the C accumulation that would be partitioned to the grain for the 

AA and E-O3 treatment as compared to a simulated very low [O3] treatment 

representing pre-industrial conditions for both the tolerant (Y16) and sensitive (Y2) 

cultivar for each of the three years (see Table 7). We found a negligible effect of O3 

(0-0.2 %) on C allocations due to the instantaneous effect of O3 on ὃ  compared to 

a highly significant (2.86-35.85 %) impact due to the long-term O3 effect via the 

enhancement of senescence on final ὣὭὩὰὨ. 

Table 7. The modelled % ὣὭὩὰὨ loss compared to a pre-industrial O3 scenario 

divided between that ὣὭὩὰὨ loss caused by the direct and instantaneous effect of 

O3 on ὃ  and that due to the long-term O3 impact on senescence. The dataset 

extends over a three-year period, encompassing the years 2007, 2008, and 2009. 

Within this framework, the analysis is applied to two wheat crop cultivars, tolerant 

(Y15 and Y16) and sensitive (Y2 and Y19). 

 

Year Tolerant: Instantaneous O3 

effect on % ὣὭὩὰὨ 

Tolerant: Long-term O3 effect 

on % ὣὭὩὰὨ 
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 Ambient 

versus pre-

industrial  

Elevated 

versus pre-

industrial 

Ambient versus 

pre-industrial 

Elevated 

versus pre-

industrial 

2007 0.01 0.01 2.86 6.6 

2008 0 0 3.29 17.57 

2009 0.03 0.03 6.40 25.41 

 Sensitive: Instantaneous O3 

effect on % ὣὭὩὰὨ 

Sensitive: Long-term O3 

effect on % ὣὭὩὰὨ 

 Ambient 

versus pre-

industrial 

Elevated 

versus pre-

industrial 

Ambient versus 

pre-industrial 

Elevated 

versus pre-

industrial 

2007 0 0.2 5.84 12.48 

2008 0 0 5.21 26.5 

2009 0.01 0.01 13.50 35.85 

 

3.4.6 Senescence 

The breakpoint method (Mariën et al., 2019) was used to determine the onset (SOS) 

and end (EOS) of senescence and maturity, respectively, using the chlorophyll 

content index (CCI) data which was available for the year 2008 and the Y2 and Y16 

cultivars. Results showed (Fig. 13) that the E-O3 treatment for cultivars Y2 and Y16 

brought forward the SOS by 9 and 7 days, respectively, and EOS by 4 and 2 days, 

respectively.  

Fig. 13. Leaf senescence profiles of O3 induced leaf senescence for the Y2 cultivar 

for the a). ambient (AA) and b). elevated (E-O3) O3. The timing of the SOS (solid 

black line) and EOS (dashed black line) were determined by applying the breakpoint 

method to the CCI data and are shown in relation to the Ὢ  simulations of 

senescence (grey line). The observed relative CCI data are also shown (open 

symbols). DVI is development vegetative index, which shows the crop development, 
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ranging from -1 at sowing, 0 at emergence, 1 at anthesis, to 2 at maturity, with total 

leaf lifespan distributed between DVI 0 and 2.  

     a).                                                                                     b). 

   

3.4.7 Simulations across years and between cultivars 

Fig. 14. shows a box plot that compares modelled versus observed grain yield 

(ὣὭὩὰὨ) for both sensitive (Y2) and tolerant (Y16) wheat cultivars under ambient 

(AA) and elevated ozone (E-O3) conditions, spanning the years 2007, 2008, and 

2009. The model accurately reflects the ὣὭὩὰὨ  differential between AA and E-O3 

treatments, with a simulated yield reduction of 29 g/m2 for the tolerant cultivar and 49 

g/m2 for the sensitive cultivar under AA conditions. For the E-O3 treatment, the 

reduction is 131 g/m2 and 196 g/m2 for the tolerant and sensitive cultivars, 

respectively. This is in contrast to the observed reductions of 81 g/m2 and 165 g/m2 

for tolerant cultivars and 54 g/m2 and 293 g/m2 for sensitive cultivars under the 

respective conditions. The most notable difference is that there is a larger range in 

the simulated ὣὭὩὰὨ losses of the modelled sensitive cultivar, though the mean 

value is more conservative at 610 g m-2 vs an observed value of 590 g m-2.  

Fig. 14. The figure presents a detailed comparison of the grain dry matter yield of 

wheat under two distinct ozone treatments: ambient (AA) and elevated (E-O3). The 

boxplots graphically summarize the distribution of both observed and simulated yield 

data for four wheat cultivars, categorized by their tolerance to ozone. Crosses denote 

the 0.01 and 0.99 percentiles, capturing the extreme values in the data set. The 

edges of the boxes represent the 25th and 75th percentiles, with the line inside the 
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box depicting the median. The solid squares indicate the mean yield, offering a direct 

measure of central tendency. The left cluster of boxplots under "Ambient treatment" 

contrasts observed yields with those simulated for ozone-tolerant cultivars Y15 and 

Y16 and ozone-sensitive cultivars Y2 and Y19. The right cluster, labelled "Elevated 

treatment," follows the same structure but under conditions of increased ozone 

exposure. This juxtaposition across treatments and cultivar responsesðcoupled with 

multiple years of data (2007, 2008, and 2009), provides a comprehensive view of the 

impact of ozone on wheat yield, illustrating the variability within and across cultivars 

and ozone treatments. 

 

 

Fig. 15 shows the relationship between modelled vs. observed 9ÉÅÌÄ (in g m-2) for 

the years 2007,2008, and 2009, encompassing four distinct cultivars. A linear 

regression through these data gives an R2 value of 0.73, indicating a moderately 

strong correlation between the modelled and observed yields. The data points for 

2007 overestimated the 9ÉÅÌÄ for the E-O3 treatments, i.e., underestimating the 

yield loss; this was due to the O3 treatment period being substantially shorter for the 

year 2007 compared to the other years (i.e., 2008 and 2009) by 38 days compared to 

92 days. Additionally, in the DO3SE-crop the Fst (stomatal ozone flux) accumulation 

begins prematurely during the initial stages of leaf development, while a more 

realistic approach would be to start accumulating Fst when the leaves have 

developed a significant Leaf Area Index (LAI). This would represent a stage where 
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the canopy has developed sufficiently for meaningful gas exchange, which is crucial 

for a more accurate assessment of ozone's impact on yield. 

Fig. 15. This scatter plot delineates the relationship between observed and modelled 

grain dry matter yields for wheat, aggregating data across four cultivars over three 

different yearsð2007, 2008, and 2009ðas part of the Xiaoji dataset. Each year is 

color-coded: black for 2007, blue for 2008, and red for 2009, with respective data 

points plotted to illustrate the comparison on an annual basis. The dashed line 

represents the 1:1 correspondence between observed and modelled yields, serving 

as a reference for perfect model accuracy. The solid diagonal line indicates the 

actual regression fit between the observed and modelled data, evidencing the 

model's performance. The coefficient of determination (R² = 0.73) suggests a 

substantial degree of correlation, indicating that the model can explain around 73% 

of the variability in observed yields. The root means square error (RMSE = 58.41) 

quantifies the model's prediction error, offering insight into the average magnitude of 

the model's residuals or prediction errors.  
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3.5 Discussion 

The DO3SE-Crop model was capable of simulating O3 damage to grain yield for O3-

FACE conditions at the experimental site in Xiaoji, China. Simulated yield losses 

between ambient and elevated O3 conditions for all years ranged between 4-19% 

and 7-25% for tolerant and sensitive cultivars respectively; these simulated values 

are close to equivalent observed value ranges of between 12-19% and 10-34%. 

However, it should be noted that the model overestimated grain dry matter for the 

elevated O3 treatments for the year 2007 (see Fig. 15) due to a shorter exposure 

period. (Zhu et al., 2011) argued that despite the delayed and shorter O3 fumigation 

period in 2007, the elevated O3 levels were not much less than in other seasons and 

concluded this was the reason for the same level of O3 impact on experimental grain 

yield. However, the accumulated stomatal O3 flux estimated by the DO3SE-model 

was much higher for the elevated O3 treatment for the years 2008 and 2009 (at ~ 19 

mmol O3 m-2) compared to 2007 (16.3 mmol O3 m-2), hence the greater modelled 

impact on the relative grain yield loss (15-18% for 2008 and 2009 versus 4-6% for 

2007). This discrepancy stems from the model's premature initiation of Fst (stomatal 

ozone flux) accumulation during the early stages of foliar emergence rather than 

waiting until a significant Leaf Area Index (LAI) has been established. Such a 

modification would better represent the point at which the canopy is adequately 

developed to engage in substantial gas exchange, a critical aspect for accurately 

determining the impact of ozone on yield. 

Overall, the DO3SE model simulation results compare favourably to results made by 

the MCWLA-Wheat model (Tao et al., 2017), which was also calibrated for the Xiaoji 

experimental conditions but without distinction between tolerant and sensitive 

varieties; MCWLA-Wheat absolute simulated yield varied between ~5700 and 9000 

kg/ha (compared to ~5700 to 9800 kg/ha) for ambient and ~4800 to 8000 kg/ha 

(compared to ~5200 to 8000) for elevated O3 treatments. A mean relative yield loss 

of 14% was simulated by the model. For context, mean relative yield losses across 

East Asia were estimated at 33% (with a mean range of 28-37%) by (Feng et al., 

2022) according to a mean monitored O3 of 30.9 ppm h expressed as AOT40 (six-

month accumulated daytime O3 concentration above a threshold of 40 ppb). The 

mean difference in AOT40 (accumulated over only 75 days) between the ambient 

and E-O3 treatments at Xiaoji across all years was 7.8 ppm h.       
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Crop phenology plays a crucial role in determining the entire O3 exposure period 

(i.e., from crop emergence to maturity), and hence O3 damage since steady O3 

accumulation (ὥὧὧ occurring from early on in the crop growth period can cause O3 

detoxification mechanisms to be overwhelmed.  The DO3SE-crop model simulates 

the crop phenology for the three years at Xiaoji well compared to the observed 

dataset (R2 =0.98, see Fig. SI. 13). Estimating the correct timing of anthesis is crucial 

since the period from anthesis to crop maturity is the O3 sensitive period. During this 

period, accumulated stomatal O3 flux (ὥὧὧ will contribute to early and enhanced 

senescence once the critical threshold ὅὒίὕσ is exceeded. This period also 

coincides with C accumulation in the grain (Kohut et al., 1987; Feng et al., 2008), 

which may be limited by O3-induced early onset or enhanced senescence. The 

DO3SE-crop model was developed to accommodate the full range of effects of O3 on 

senescence with revised (Ewert and Porter, 2000) functions able to modify both the 

O3-induced onset of senescence as well as the O3 effect on maturity. This is 

important since experimental evidence has shown that O3 can bring forward the 

maturity date; for example, the flag leaf was found to have senesced 25 days earlier 

in a high O3, compared to a charcoal filtered, treatment (Grandjean and Fuhrer 

Grandjean, 1989; Gelang et al., 2000b). Ozone was also found to cause differences 

in the time to maturity of the flag leaf, with Shi et al., 2009 reporting that maturity was 

brought forward by eight days in an elevated O3 (50% higher than ambient) 

treatment. Currently, other crop models with O3 damage functions (e.g., MLCWLA-

Wheat (Tao et al., 2017) and LINTULLCC-22 (Feng et al., 2022) are only able to 

bring the O3-induced onset of senescence earlier.  

The DO3SE-crop model is also able to simulate differential O3 uptake in each canopy 

layer. Fig. 10. shows that the majority of stomatal O3 uptake occurs in the sunlit 

layers of the upper canopy. Similar results were found in an experimental study on a 

productive grassland in Switzerland (Jaggi et al., 2006), who found that different 

levels of O3 exposure to canopy components predominantly located in the upper and 

lower parts of the canopy support a multi-layer approach to modelling O3 uptake. 

Therefore, the focus on the upper canopy by flux based O3 metrics (e.g., the 

phytotoxic ozone dose ὖὕὈ (UNECE, 2017) seems rational in the absence of multi-

layer modelling. Crop models such as LINTULCC-2 (Feng et al., 2022) also focus on 

estimating stomatal O3 uptake at the top of the canopy to estimate O3-induced yield 
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losses. For wheat, such an approach is further supported by the fact that the upper 

canopy layers consist of the flag leaf, which plays a crucial role in ὃ  and grain 

filling (Pleijel et al., 2007). 

Our results show that the DO3SE-crop model was able to estimate the seasonal 

course of ὃ  and Ὣ  daily maxima observed at the Xiaoji site (see Fig. 11 c & d). 

Additionally, the model proficiently generated diurnal profiles for ὃ  and Ὣ , which 

are depicted in see Fig. 11. a & b, exhibiting consistency with documented leaf 

physiological variables in the scientific literature (Guan et al., 2015; Li et al., 2022). 

This suggests the coupled ὃ Ὣ  model is working for Chinese conditions (having 

previously been applied and evaluated for European O3 experimental conditions ï 

see Pande et al. sub). The leaf physiology parameters used in this study (i.e., for 

Asian conditions and cultivars) are higher than the parameters for European studies. 

For Europe, ὠ  values of between 60 and 90 µmol CO2 m-2 s-1 were found in the 

literature (Feng et al., 2022; Pande et al., sub, Oijen and Ewert, 1999) compared to 

the observed mean maximum value of 137 µmol CO2 m-2 s-1 at Xiaoji which was used 

in this study. Similarly, European ὐ  values ranged from 160 to 180 µmol CO2 m-2 

s-1 (Feng et al., 2021; Pande et al. sub, Oijen & Ewert, 1999) compared to the 

observed Xiaoji mean maximum value of 228 µmol CO2 m-2 s-1.  

Ensuring the seasonal variation in C allocation to the different components of the 

crop (i.e., roots, stem, leaves, and harvest organs) is essential for the simulation of 

crop growth and yield.  There are few data in the literature that provide these 

variables, so we compare our results to the C allocation profiles described for wheat 

provided in the original JULES Crop model description, recognising this is intended 

for wheat grown globally. The DO3SE-Crop model C allocation to the stem and roots 

is comparatively higher than was simulated by JULES Crop ((Osborne et al., 2015); 

see Fig. 12 a). However, we can justify the C allocation coefficients we used for 

Xiaoji since the DO3SE-Crop model was able to distribute C to different plant 

components to produce a well-proportioned plant over the course of the growing 

season, this was determined by the calibration to a number of key crop variables 

(i.e., ratios of plant respiration, ὒὃὍ, stem to leaf dry matter ratios, above-ground 

components and grain dry matter. Importantly, the model was found to simulate the 

grain dry matter for the year 2008, and the cultivar Y16 (tolerant) & Y2(sensitive) 
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under the ambient and elevated O3 treatment to within 0.08- 2.19% of the observed 

values (R2 =0.99, RMSE=9.27 g/m², see Fig. SI. 14).  

The DO3SE-Crop model, similar to other crop models with O3 damage functions (i.e., 

MLCWLA-Wheat (Tao et al., 2017) and LINTULLCC-2 ( Feng et al., 2022)) has the 

capacity to simulate both the instantaneous and long-term O3 impact on wheat grain 

yield. The instantaneous O3 effect on ὃ  may cause leaf cell damage and decrease 

the supply of carbohydrate precursors, which can significantly decrease Ὣ , ὠ  

and leaf chlorophyll content (Farage et al., 1991; Feng et al., 2022). Elevated O3 also 

leads to the generation of reactive oxygen species (ROS) in plant cells, which can 

cause oxidative damage to various cellular components. Rubisco, the enzyme 

responsible for C fixation in the photosynthetic process, can be particularly 

susceptible to this damage, leading to a reduced carboxylation rate (ὠ . Such an 

ozone effect on ὠ  reduces ὃ  and can also induce early senescence, 

shortening the grain-filling period (Triboi and Triboi-Blondel, 2002). 

Results from the DO3SE-crop model found a larger impact on yield due to the long-

term O3 impact, causing relative yield loss of between 2 to 36% compared to only 0 

to 0.2% resulting from the instantaneous O3 impact on ὃ . Previous studies have 

also found that the long-term O3 effect has a larger impact on yield compared to the 

instantaneous effect of O3 on ὃ  (Emberson et al., 2018; Brewster et al., 2024). 

Senescence is an age-dependent process of degradation and degeneration that 

allows nutrients to be re-distributed to different plant organs (Lim et al., 2007). Under 

O3 stress, this process is often found to occur earlier and more rapidly in leaves as 

well as at the whole plant or crop canopy scale (Brewster., 2024). The causes of this 

early and accelerated senescence are not completely understood but may be related 

to O3-induced enhanced expression of many genes involved in natural senescence 

(Miller et al.,, 1999). Elevated O3 was also found to inhibit sugar export from leaves ( 

Yadav et al., 2020; Feng et al., 2024), which could trigger early onset of leaf 

senescence. 

The DO3SE-crop model accounts for the impact of O3 on the Rubisco enzyme by 

incorporating modified (Ewert and Porter, 2000) functions for instantaneous and 

long-term O3 impact on ὠ  as an important parameter used to characterize the 

crop photosynthetic capacity (Ewert and Porter, 2000; Osborne et al., 2019). The 

DO3SE-crop model assumes that the O3 will only accumulate on exceedance of a 
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stomatal O3 flux threshold of 6 nmol O3 m-2 s-1. The DO3SE-crop model effectively 

simulated the long-term impact of O3 on senescence, particularly on the ὠ , as 

indicated by the observed reduction in leaf chlorophyll content (Fig. 13 a and b). We 

used the breakpoint method ( Mariën et al., 2019) to estimate the SOS and EOS 

using measured chlorophyll content index values. It is crucial to model the timing of 

SOS and EOS correctly as this determines the O3 effect on the duration of the grain 

filling period and, hence, the difference in yield loss due to different O3 treatments. 

For example, we modelled a difference of 8 and 3 and 4 and 1 days in SOS & EOS 

respectively on average across years for the sensitive and tolerant cultivars, 

respectively.  

Chinaôs wheat breeding programme has seen more than 1,850 varieties used across 

China between the 1920s and 2014, leading to increased yields from less than <1 to 

>5 tonnes ha-1 (Qin et al., 2015). Here, albeit with an extremely limited dataset, we 

parameterise the DO3SE-crop model for tolerant and sensitive wheat crop cultivars 

since many experimental studies have shown that the response of different cultivars 

to O3 stress differs (Biswas et al., 2008). The data indicates that the model 

demonstrates a capacity to reproduce the variance in grain dry matter among the 

various cultivar groups over different years, with a correlation coefficient (R2) of 0.73; 

see Fig. 15. Such a cultivar sensitivity-based parametrisation can provide additional 

some information on the certainty of regional yield loss estimates given a large 

number of wheat varieties grown across China.    
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3.6 Conclusions 

We have shown that the newly developed DO3SE-Crop model can be calibrated for 

O3 tolerant and sensitive wheat varieties for O3-FACE site conditions at Xioaji in 

China. The model is able to simulate crop phenology, leaf physiology, crop growth, 

and yield well across different years. The model is also able to simulate the effect of 

O3 stress on grain yield, distinguishing the extent of O3 damage resulting from the 

same O3 treatment on cultivars with differing O3 sensitivities. The DO3SE-Crop 

model also has the advantage of simulating O3 transfer and deposition dynamics 

within the wheat crop canopy, which could, in the future, improve our understanding 

of whole canopy O3 effects.  The ability of the model to estimate relative yield losses 

across years also suggests the model is ófit for purposeô to assess the effects of O3 

under a variety of climate variables and O3 conditions.   
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SI.2 Supporting material 

SI.2.1 Resistance and diffusivity of gases across leaf boundary layers 

The leaf-level quasi laminar boundary layer resistance term Ò (McNaughton and van 

der Hurk, 1995) incorporates empirically derived constants for heat and gas 

conductance (see Table 13, in mol TLA m-2 s-1), crosswind leaf dimension , (given in 

m) and the wind speed at the leaf surface ÕÈ (given in m/s). N.B. TLA is the Total 

Leaf Area.  

Table. SI. 7. Empirically derived constant conductance (mol TLA m-2 s-1) (and 

resistance (PLA s/m)) values for heat and gas (H2O, CO2, and O3) from a single leaf 

surface.  

Matter Conductance (mol TLA m-2 s-1) Resistance (PLA s/m) 

Rounded down 

Heat 0.135 150 

Water vapour, H2O 0.147 139 

Carbon dioxide, 

CO2 

0.110 186 

Ozone, O3 0.105 195 

The conversion of constants from conductance to resistance is achieved by multiplying 

by 2 to convert from single surface to PLA, dividing by 41 to convert from mol m-2 s-1 

to m/s, and calculating the reciprocal to give a resistance term (e.g. for heat the 

conversion is 1/ (0.135*2)/41 which gives 151.85 and is then rounded down to 150). 

Leaf boundary layer resistance for heat (for forced convection) Òȟ  can be 

calculated according to Eq. SI. 8 after (Campbell, G.S., Norman, 1998), using the 150 

values for boundary layer resistance to heat in s/m, these formulations take into 

account both sides of the leaf and therefore provide Òȟ  for PLA (Projected Leaf 

Area)).  

ὶ ͺ ρυπȢ                  Eq. SI. 8 

To estimate boundary layer resistance values for other gases simply substitute the 

relevant gas constant for resistance into  Eq. SI. 8 
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SI.2.2 Diffusivities of gases for stomatal conductance (▌▼◄▫) 

The conversion factors are derived from Grahamôs law, which assumes that the ratio 

of the diffusivities is equal to the inverse of the square root of the ratio of molecular 

weights (as described in (Campbell et al., 1998)). 

e.g. mol H2O m-2 s-1 = 0.61 mol O3 m-2 s-1 

mol CO2 m-2 s-1 = 0.96 mol O3 m-2 s-1 

Table. SI. 8. Conversion factors for H2O, CO2 and O3 

 Molecular 

weight 

Ratio of 

molecular 

weights 

(to H2O) 

Ratio of 

molecular 

weights 

(to CO2) 

Ratio of 

molecular 

weights 

(to O3) 

Inverse 

sq. root 

of ratio of 

molecular 

weight (to 

H2O) 

Inverse 

sq. root 

of ratio of 

molecular 

weight (to 

CO2) 

Inverse 

sq. root 

of ratio of 

molecular 

weight (to 

O3) 

H2O 18 1 0.409 0.375 1 1.56 1.63 

CO2 44 2.44 1 0.92 0.64 1 1.04 

O3 48 2.67 1.09 1 0.61 0.96 1 

 

SI.2.3 Irradiance absorption by the canopy 

Solar radiation is the key determinant of the productivity of any crop. The radiation 

absorbed (direct and diffuse) photosynthetically active radiation, ὖὃὙ (in W/m2)) by 

crops will have a direct impact on ὃὲὩὸ(and associated Ὣ ) and affect crop leaf 

phenology and hence net primary productivity (ὔὖὖ). ὖὃὙ absorbed by crops is 

divided into two categories, direct (ὖὃὙ) and diffuse (ὖὃὙ ) radiation. ὖὃὙ is 

the ὖὃὙ which reaches the crop leaf surface without being scattered, whereas 

ὖὃὙ  can be naturally (by cloud cover and naturally occurring particles in the 

atmosphere) or artificially scattered (e.g., by pollutant aerosol). ὖὃὙ can also be 

reflected by surfaces.  
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To estimate the total irradiance (ὖὃὙ which is equal to ὖὃὙ  + ὖὃὙ ) incident 

on sunlit and shaded parts of the canopy we use the method (Pury and Farquhar, 

1997). 

SI.2.3.1 Total Photosynthetic Active Radiation (ὖὃὙ) 

ὖὃὙ absorbed per unit leaf area is divided into ὖὃὙ, ὖὃὙ  which also includes 

scattered (re-reflected by the canopy) beam calculated by, 

ὖὃὙ ὒὃὍ ρ ” ‍  ὑᴂ Ὅπ ὩὼὴὯ ᴂὒὃὍ                                   Eq. SI. 9 

Where, ” ‍ ρ Ὡὼὴ  

 
                                                                       Eq. SI. 10 

ύὬὩὶὩȠ ὑᴂis beam and scattered beam PAR extinction coefficient; Ὅπ  is the initial 

beam irradiance, representing the intensity of direct sunlight before it interacts with 

the canopy.                                                                               

ὖὃὙ  ὒὃὍ ρ ”  Ὧȭ Ὅπ ὩὼὴὯȭὒὃὍ                                           Eq. SI. 11 

Where, ”
 
᷿ ὔ  ‌”  ‌Ὠ‌                                                              Eq. SI. 12 

And   ὑ is diffuse and scattered diffuse PAR extinction coefficient.                                                                              

The total absorbed irradiance per unit leaf area is calculated as: 

ὖὃὙ  ὖὃὙ ὒὃὍ  ὖὃὙ   (LAI)                                                         Eq. 70 

Estimations of the direct, diffuse and scattered (re-reflected) irradiance are 

necessary to calculate the PAR incident on the sunlit (LAIsun) and shaded (LAIshade) 

portions of the canopy, which are then calculated based on the equations described 

below: 

SI.2.3.2 Total irradiance absorbed as shaded leaves (Ὅ  ὒὃὍper unit leaf area are 
calculated as; 

ὖὃὙὒὃὍ  ὖὃὙ ὒὃὍ  ὖὃὙὒὃὍ                                                  Eq. SI. 13 

where   0!2 ,!)  is diffuse irradiance (see eq.) and  0!2,!)ȟ direct scattered 

beam (another form of diffuse radiation) is calculated as:  

ὖὃὙὒὃὍ  ὖὃὙ π  ὖὃὙ ρ  „ὯὩὼὴὯὒὃὍ                          Eq. SI. 14 

Total irradiance absorbed by per unit leaf area of the sunlit leaf 

ὖὃὙ ὒὃὍȟ‍  ὖὃὙ ὒὃὍ  ὖὃὙ  ‍                                                  Eq. SI. 15 
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Where; 0!2 ,!) is irradiance absorbed by shaded leaves (see equation S6) 

and 0!2  ɼ, beam irradiance absorbed by sunlit leaves and calculated as below: 

ὖὃὙ  ‍ȟ ρ  „Ὅπ                                                                       Eq. SI. 16 

Table. SI. 9. Variables and parameters, their definitions and units used to calculate 

the multi-layer canopy irradiance after De Pury and Farquhar (1997).  

Parameters Description Value Units 

ὑᴂ Beam and scattered beam PAR 

extinction coefficient 

0.46/sin‍  

ὑô Diffuse and scattered diffuse PAR 

extinction coefficient 

0.719  

”  Canopy refection coefficient for beam 

PAR 

  

”  Canopy reflection coefficient for 

diffuse PAR 

  

‍ Solar elevation angle  Radians 

 Solar declination angle  Radians ‏

Ὅ  ὒὃὍ Absorbed beam plus scattered beam 

PAR per unit leaf area 

 ‘άέὰ ά  ί  

Ὅ  ὒὃὍ Absorbed diffuse plus scattered 

diffuse PAR per unit leaf area 

 ‘άέὰ ά  ί  

Ὅ  ὒὃὍ Total absorbed PAR per unit leaf area  ‘άέὰ ά  ί  

Ὅ  ὒὃὍ Direct PAR per unit ground area  ‘άέὰ ά  ί  

Ὅ  ὒὃὍ Diffuse PAR per unit ground area  ‘άέὰ ά  ί  

Ὅ  π Diffuse PAR per unit ground area at 

the top of the canopy 

 ‘άέὰ ά  ί  

Ὅ  π Beam PAR per unit ground area at the 

top of the canopy 

 ‘άέὰ ά  ί  

    

Ὅ   ὒὃὍ Absorbed beam PAR without 

scattering per unit leaf area 

 ‘άέὰ ά  ί  
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SI.2.4 O3 Resistance 

Atmospheric Resistance 

ὶ
 ᶻ
ὰέὫ                                                                Eq. SI. 17 

Õᶻ Friction velocity m/s 

+ Von Karmanôs constant 

, Monin-Obukhov length m 

Ú Lower height m 

Ú Upper height m 

ɰ  Flux-gradient stability function for heat 

1. Heat flux 

Ὅ  ὒὃὍ Absorbed scattered beam PAR per 

unit leaf area 

 ‘άέὰ ά  ί  

Ὅ   ὒὃὍ Beam PAR absorbed by sunlit leaves 

per unit leaf area 

 ‘άέὰ ά  ί  

Ὅ   ὒὃὍ Beam PAR absorbed by shaded 

leaves per unit leaf area 

 ‘άέὰ ά  ί  

Ὅ   ὒὃὍ Total PAR absorbed by sunlit leaves 

per unit leaf area 

 ‘άέὰ ά  ί  

ὒὃὍ Cumulative leaf area index from top of 

canopy (L=0 at top) 

 ά ά  

Ὢȟ  ὒὃὍ Fraction of leaf area in a leaf-angle 

class 

  

Ὢ  ὒὃὍ Fraction of leaves that are shaded   

Ὢ   ὒὃὍ Fraction of leaves that are sunlit   

„ Leaf scattering coefficient for PAR  0.15  

‌ Angle of beam irradiance to the leaf 

normal 

0.5 Radians 
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  ὼ  ςὰέὫ
Ѝ

ὼ π

υὼ                                  ὼ π
                                                         Eq. SI. 18 

Quasi-laminar boundary layer resistance 

ὶȟ  ᶻ                                                                                           Eq. SI. 19 

όᶻ Friction velocity m/s 

ὑ Von Karmanôs constant 

ὠ Kinematic viscosity of air at 20oC m2/s 

ὨὭὪὪMolecular diffusivity in air m2/s 

ὖὙ Prandtl number  

2. In-canopy resistance 

ὶ ρτ
 
ᶻ                                                                                                     Eq. SI. 20 

3. External plant cuticle resistance 

ὶ                                                                                                         Eq. SI. 21 

Stomatal resistance 

ὶ άὭὲ
 
ρπππππȟ                                                                                Eq. SI. 22 

Surface resistance per layer 

ὶ  
ὶ  

 
ὒὃὍπ

ὶ  ὶ                   ὛὃὍπ
                                                                 Eq. SI. 23 

SI.2.5 The timing of crop emergence, anthesis and harvest  

Fig. SI. 13. The Chinese FACE-O3 dataset were used to plot modelled phenological 

stages (emergence, anthesis, and maturity) against experimental dataset for the year 

a) 2008 (training set, cultivar Y15, Y16, and Y2) and b) 2007 and 2009 (testing set, 

cultivar Y15,Y16 and Y2). The straight line shows the 1:1 line. 
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SI.2.6 Chinese FACE-O3 dataset Scatter plot: Modelled grain dry matter (g/m2) 

against experimental dataset for the year 2008 

Fig. SI. 14. The Chinese FACE-O3 dataset were used to plot modelled grain dry 

matter (g/m2) against experimental dataset for the year 2008 for tolerant (Y16) and 

sensitive cultivar (Y2) (training set). The dotted black line shows the regression line. 

 

SI.2.7 DO3SE-Crop variables 

Table. SI. 10. DO3SE-Crop variables, their description, and units. 

Variable Unit Description  

Ὕ  o C days Effective temperature accumulated between 

sowing to maturity 

ὈὠὍ - Development index 

Ὕ  o C Surface air temperature in degrees Celsius 

Ὕ ȟ degrees Kelvin Surface air temperature in Kelvin 

Ὕ  o C Daily minimum surface air temperature 

Ὕ  o C Daily maximum surface air temperature 

ὠ  days Accumulated vernalised days 

ὠ days Vernalised days 

ὠ days Devernalised days 

ὠὊ - Vernalisation factor 

ὖὖ hrs Photoperiod 

ὖὊ - Photoperiod factor 

ὃ  µmol CO2 m-2 s-1 Net photosynthesis or rate of CO2 assimilation 

R² = 0.9999
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ὃ µmol CO2 m-2 s-1 RuBP (ribulose-1,5-bisphosphate) limited ὃ  

ὃ µmol CO2 m-2 s-1 Electron transport limited ὃ  

ὃ  µmol CO2 m-2 s-1 TPU (triose phosphate) limited ὃ  

Ὑ  µmol CO2 m-2 s-1 Dark respiration 

Ὢ  - Plant available soil water stress factor 

ὅ µmol/mol Intercellular CO2 partial pressure 

ὕ mmol/mol Intercellular O2 concentrations 

ɜᶻ µmol/mol CO2 compensation point in the absence of 

respiration 

ɜ µmol/mol CO2 compensation point 

ὐ µmol CO2 m-2 s-1 electron transport rate 

ὠὖὈ kPa Leaf to air vapour pressure deficit 

Ὢ  nmol O3 m-2 s-1 Leaf level stomatal O3 flux 

ὥὧὧὪ mmol O3 m-2 Accumulated stomatal O3 flux 

Ὢ ȟὨ - Effect of daily cumulative stomatal O3 flux on 

ὠὧ  

Ὢ ȟὬ - Effect of hourly cumulative stomatal O3 flux on 

ὠὧ  

Ὢ ȟὨ ρ - Previous days effect of cumulative stomatal O3 

flux on ὠὧ  

ὶ ȟ - Incomplete overnight recovery of O3 

affected ὠὧ   

Ὢ  - Leaf age related capacity to recover from 

accumulated stomatal O3 flux 

Ὢὕσ - Weighted accumulated stomatal O3 flux that 

determines the onset of leaf senescence 

Ὢ  - Accumulated stomatal O3 flux effect on leaf 

senescence 

ὸὰ o C days Effective temperature accumulated by a leaf 

after emergence (ὈὠὍ  π) 
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ὸὰ  - Effective temperature accumulated by a leaf 

between full expansion and the onset of leaf 

senescence 

ὸὰ  - Effective temperature accumulated by a leaf 

between full expansion and the onset of leaf 

senescence brought forward by O3 

ὸὰ  - Effective temperature accumulated by a leaf 

between the onset of leaf senescence and 

maturity 

ὸὰ  - Effective temperature accumulated by a leaf 

between the onset of leaf senescence and 

maturity brought forward by O3 

Ὣ  µmol CO2 PLA m-2 

s-1 

Stomatal conductance to CO2 

Ὢ  - Relationship between VPD and relative 

stomatal conductance 

ὧ mol CO2/mol Leaf surface CO2 concentration 

ὧ mol CO2/mol Quasi laminar boundary layer surface CO2 

concentration 

Ὣ  mol m-2 s-1 Quasi laminar boundary layer conductance to 

CO2 

ὅ nmol O3 m-3 O3 concentration at reference height (ᾀ) 

ὅ nmol O3 m-3 O3 concentration at the upper surface of the 

laminar layer of a leaf 

Ὣ  mmol O3 PLA m-2 

s-1 

Stomatal conductance to O3 (in mmol O3 m-2 s-1) 

Ὣ
Ⱦ

 m/s Stomatal conductance to O3 (in m/s) 

ὶ s/m Leaf surface resistance to O3 

ὶȟ  s/m Quasi laminar leaf boundary layer resistance to 

O3 

ὶ s/m Atmospheric resistance to O3 

ὶ  s/m In-canopy resistance to O3 

ὶ  s/m External plant cuticle resistance to O3 
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ὶ  s/m Stomatal resistance to O3 

ό m/s Wind speed at a reference height ᾀ 

ό m/s Wind speed at the upper surface of the laminar 

layer of a leaf 

ὒὃὍ m2 m-2 Leaf Area Index 

ὖὃὙȟ W/m2 Direct PAR in canopy layer Ὥ 

ὖὃὙ ȟ W/m2 Diffuse PAR in canopy layer Ὥ 

ὖὃὙ  W/m2 Direct and diffuse PAR at the top of the canopy 

ὔὖὖ kg C m-2 Net primary productivity 

Ὃὖὖ kg C m-2 Gross primary productivity 

Ὑ  kg C m-2 Plant respiration 

Ὑ  kg C m-2 Plant maintenance respiration 

Ὑ  kg C m-2 Plant growth respiration 

ὃ  kg C m-2 Canopy net photosynthesis 

Ὑ  kg C m-2 Non-water stressed canopy dark respiration 

Ὢ Ὑ  kg C m-2 Water stressed modified canopy dark 

respiration 

ὅ  kg C m-2 Root C pool 

ὅ  kg C m-2 Leaf C pool 

ὅ  kg C m-2 Stem C pool 

ὅ  kg C m-2 Reserve C pool 

ὅ  kg C m-2 Harvest pool 

ὖ  - Root C pool partition coefficient 

ὖ  - Leaf C pool partition coefficient 

ὖ  - Stem C pool partition coefficient 

ὖ  - Reserve C pool partition coefficient 

ὖ  - Harvest C pool partition coefficient 

ὅ ȟ  kg C m-2 Green leaf C 

ὅ ȟ  kg C m-2 Brown leaf C 

Ὓὒὃ m2 kg-1 Specific Leaf Area 

Ὤ m Crop height 
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ὣὭὩὰὨ g C m-2 Grain yield 
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SI.2.8 DO3SE-Crop parameters for wheat 

Table. SI. 11. DO3SE-Crop parameters for wheat. Highlighted are the parameters (and their associated ranges) which require 

calibration, when applying DO3SE-Crop to varying environmental conditions.   

Parameter Unit Default 

Value 

Description Reference Range Calibrated 

Parameter 

Value 

Ὕ o C 0 Base temperature (Tao et.al., 2012; 

Osborne et al., 

2015) 

-0.5-3 -0.25 

Ὕ o C 20 Optimum temperature (Tao et.al., 2012; 

Osborne et al., 

2015) 

15-25 17.79 

Ὕ  o C 30 Maximum temperature (Tao et.al.,  2012; 

Osborne et al., 

2015) 

30-40 23.87 

ὝὝ  o C d 100 Thermal time between 

sowing and emergence 

(Lu et al., 2018; Luo 

et al., 2020)  

100-240 220.6 

ὝὝ  o C d 940 

 

Thermal time between 

emergence and anthesis 

Xiaoji experimental 

dataset 

400-940 940 
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ὝὝ  o C d 304 Thermal time between 

anthesis and maturity 

(Wang et al., 2013); 

Xiaoji experimental 

dataset 

300-650 304 

ὖὍὠ  1.5 Vernalisation coefficient (Tao et.al.,  2012; 

Wang et al., 2013b) 

2.9-4 2.9 

ὖὍὈ  40 Photoperiod coefficient (Wang et al., 2013b; 

Liu et al., 2016; 

Zhao et al., 2020)  

40-57 40 

ὠὝ  o C 30 Maximum daily 

temperature for 

vernalisation 

Zheng et.al, 2015   

ὠὝ  o C 15 Minimum daily 

temperature for 

vernalisation 

Zheng et.al, 2015   

0!7 m3/m3 50 Plant available water 

below which stomatal 

conductance will start to 

reduce 

Mapping 

Manual,2017 

  

ὠ  µmol CO2 m-2 

s-1 

90 Maximum carboxylation 

capacity at 25oC 

(Büker et al., 2012) 90-140 137 
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ὐ  µmol CO2 m-2 

s-1 

180 Maximum rate of 

electron transport at 

25oC 

(Büker et al., 2012) 180-250 228 

ὑ µmol/mol 404.9 Rubisco Michaelis-

Menten constants for 

CO2 

(Medlyn et al., 2002)   

ὑ   

mmol/mol 

278.4 Rubisco Michaelis-

Menten constants for O2 

(Medlyn et al., 2002)   

ɜᶻ µmol/mol 42.75 CO2 compensation point 

in the absence of 

respiration 

(Medlyn et al., 2002)   

ὥ - 4 Electron requirement for 

the formation of NADPH 

(Sharkey et al., 

2007) 

  

ὦ - 8 Electron requirement for 

the formation of ATP 

(Sharkey et al., 

2007) 

  

Ὑ  - 0.015 Leaf dark respiration 

coefficient 

(Clark et al., 2011) 0.01-0.03  

Ὢ  µmol 

CO2/m2/s 

1000 Minimum daytime 

stomatal conductance to 

CO2  

(Ewert and Porter, 

2000) 
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ά -  7 composite sensitivity 

slope constant 

(Büker et al., 2012) 4-15 5 

ὠὖὈ kPa 2.2 stomatal conductance 

sensitivity to ὠὖὈ  

UNECE, 2017; 

Pande et al. sub  

  

‎ρ - 0.027 O3 short-term damage 

co-efficient 

(Ewert and Porter, 

2000) 

  

‎ς (nmol O3 m-2 

s-1)-1 

0.0045 O3 short-term damage 

co-efficient 

(Ewert and Porter, 

2000) 

  

‎σ (µmol O3 m-2)-

1 

0.0000

5 

O3 long-term damage co-

efficient 

(Ewert and Porter, 

2000) 

0.00001-

0.00009 

0.00002 

‎τ -  O3 long-term damage co-

efficient determining 

onset of senescence 

 1-6 5 

‎υ -  O3 long-term damage co-

efficient determining 

maturity 

 0.2-0.5 0.4 

ὅὒίὕσ mmol O3 m-2 12.9,22

.5 

Critical accumulated 

stomatal O3 flux that 

determines the onset of 

leaf senescence 

(Osborne et al., 

2019; Y. Feng et al., 

2022) 

12.9-22.5 13.5 
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ὶ  m/s 2500 External leaf cuticular 

resistance to O3 uptake  

UNECE, 2017   

ὒ m 0.02 Cross wind leaf 

dimension for wheat 

UNECE, 2017   

ὖ  Pa 1.013 x 

105 

Standard air pressure at 

20OC 

UNECE, 2017   

Ὕ  o C 20 Standard temperature UNECE, 2017   

Ὑ J/mol/K 8.3144

7 

Universal gas constant UNECE, 2017   

ὲ mol CO2 mī2 

sī1 kg C (kg 

N) ī1 

0.0008 Constant relating leaf 

nitrogen to rubisco 

carboxylation capacity 

(Clark et al., 2011)   

ὲ kg N [kg C]-1 0.073 Top canopy leaf N 

concentration 

(Clark et al., 2011)   

Ὧὔ  0.78 Nitrogen profile co-

efficient 

(Clark et al., 2011)   

Ὑ  - 0.25 Plant growth respiration 

coefficient  

(Osborne et al., 

2015) 

0.15-0.25 0.16 

‌  - 18.5 Coefficient for 

determining partitioning  

(Osborne et al., 

2015) 

16-19 18.4 
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‌  - 16.0 Coefficient for 

determining partitioning 

(Osborne et al., 

2015) 

16-17 16.8 

‌  - 18.0 Coefficient for 

determining partitioning 

(Osborne et al., 

2015) 

18-19 18.4 

‍  -- -20.0 Coefficient for 

determining partitioning 

(Osborne et al., 

2015) 

20-21 -20.9 

‍  - -15.0 Coefficient for 

determining partitioning 

(Osborne et al., 

2015) 

14-16 -14.5 

‍  - -18.5 Coefficient for 

determining partitioning 

(Osborne et al., 

2015) 

18-19 -18.11 

Ὢ - 0.5 Carbon fraction of dry 

matter 

(Osborne et al., 

2015) 

  

ɭ m-2 kg-1 27.3 Coefficient for 

determining specific leaf 

area 

(Osborne et al., 

2015) 

14-28 15 

 - -0.0507 Coefficient for 

determining specific leaf 

area 

(Osborne et al., 

2015) 

  

Ὧ - 1.4 allometric coefficient 

which relates ὅ  to Ὤ 

(Osborne et al., 

2015) 
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† - 0.4 allometric coefficient 

which relates ὅ  to Ὤ 

(Osborne et al., 

2015) 

0.3-0.6 0.5 

Ὀ  - 1/0.84 Conversion factor to 

allow for grain moisture 

content 

(Mulvaney and 

Devkota, 2020) 

  

Ὁ - 0.85 Conversion factor for 

grain to ear ratio 

(Nagarajan et al., 

1999; Kutman et al., 

2011) 

0.7-0.85 0.85 
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SI.2.9 DO3SE-crop phenology parameters 

Table. SI. 12. DO3SE-crop phenology parameters description and relation to the 
thermal time 

Parameter Description % of thermal time, from 

start of growing season 

ftl,em
a Crop emergence (DVI=0b), 

end of TTemr
b 

5 

ftl,ma
a Start of anthesis to 

maturitya, ftl,ep
a
 + ftl,se

a 

50 

ftl,ep
a Start of anthesisa (DVI=1b) 

to flag leaf senescencea, 

flag leaf fully developeda  

,start of TTrepb 

34 

ftl,se
a Start of flag leaf 

senescence to harvest 

(DVI=2b) 

16 

Mid-anthesis, start of 

fphen_3_ETS, start of 

fphen_4_ETS 

Half way through flowering  

 

8 

a(Ewert and Porter, 2000), b(Osborne et al., 2015), cMapping manual,2007 

SI.2.10 Methodology for gap-filling and standardisation of data for AgMIP Ozone 

This document describes the methodological approach that was applied in order to 

search for gaps and quality issues in time-series (gas concentration and 

meteorological) datasets, and the approach used for filling gaps.  

Where gaps had already been filled by the team collecting the data then this 

interpolated data was left under the assumption that it would be a more accurate 

reflection of the experimental conditions. 

Gap filling methodology for hourly data: During the data standardisation process 

some data gaps were identified. These ranged in size from a single hour of missing 

data to several consecutive hours, to several consecutive days, weeks, or even 

months. A requirement of input data for modellers is that it is continuous; the 

following gap filling methodology was therefore devised. These gap filling methods 
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are only applied for the duration of the plants growing season (i.e. between sowing 

and harvest): 

Single hours of missing data were filled by taking the average of the hourly values 

coming the hour before, and the hour after, the missing value.  

Several consecutive hours of missing data (23 hours or less) were filled by taking the 

average of the corresponding hour the day before, and the day after; and repeating 

this for each missing hour of data. If data were unavailable from that hour of the 

previous day, then only the value from the day after was used and vice versa. If there 

is no data available in either the day before or after, then the method is used (see 

below point 2.). 

Gaps larger than 24 hours could be filled using the following methods: 

1. Gaps between 24 hours and 168 hours (i.e. from 1 day up to 1 week) 

would be filled with the averages from that same hour of the equivalent 

day, the week before and the week after (i.e. averaging 2 numbers). If 

data were unavailable from those hours of the previous week, then only 

the values from the week after would be used (and vice versa).  

2. Gaps longer than 1 week would be filled with the diurnal averages from 

one week before and after the period of missing data (i.e. potentially 

averaging 14 hours of data, but in cases where data is sparse then it 

could only be a couple of hours). Gap filled values would not be used in 

calculating averages. Where data is daily, i.e. some meteorological 

data, the average of the 7 days before and/or after is used.  

 

There were some instances where data gaps extended for several months. For these 

extensive gaps, the following methods were used:  

A. All datasets from Xiaoji, China, had about a 4-month gap in meteorological 

and ozone data at the start of the growing season. At this stage of the growing 

season, plants will either have not yet emerged or have a very small LAI and 

therefore any ozone uptake would have been minimal. Ozone gaps were filled 

with the diurnal averages of the first two weeks of the ambient experimental 

data for each year. Meteorological data was filled using Nasa Power data 

(https://power.larc.nasa.gov/data-access-viewer/). The variables selected are 
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in the appendix below. In Xiaoji China, global radiation was measured, 

whereas the Nasa Power data platform only provides Photosynthetically 

Active Radiation (PAR). To convert global radiation to PAR, values were 

multiplied by two and divided by 24 to be comparable with global radiation in 

MJ/m2/hour.  

B. If the gap occurs before exposure data begins then the ambient or non-filtered 

treatment is gap filled using the above methodology and then this data is used 

for all treatments to ensure that concentrations are not overestimated. If there 

is no ambient treatment, then averages of the treatment closest to ambient is 

used. If there are gaps in gas data after the beginning of exposure date, then 

averages from that treatment are used (as opposed to ambient). If no date for 

start of exposure is provided, then exposure is assumed to start when the gas 

data begins (even if it is na). Similarly, once exposure has ended then only 

averages from the period after exposure were used. If there was not enough 

data to base averages on, then ambient data was used (Nottingham 1996). 

C. Any ozone values of less than 0 were treated as gaps and filled following the 

above methods, depending on the size of gap.  

D. If mean air temperature was not available but minimum and maximum air 

temperature was, the average of these two values was used and the source of 

the data was label ócô for calculated. 

E. Sections of the dataset which had been gap filled were clearly identified using 

a categorisation system in an adjacent ódata sourceô column, so that these 

data could be identified at a later stage, and so that alternative measured or 

modelled data could be sought. The percentage of gap-filled data within the 

total time-series for each gas concentration and meteorological variable was 

also reported in the readme file accompanying each dataset. 

F. The Parameters downloaded from (https://power.larc.nasa.gov/data-access-

viewer/) 

G. Hourly data was downloaded from the Nasa Power data access viewer for 

Xiaoji, China to fill gaps in meteorological data. The following parameters 

were selected: 1. Agroclimatology community; 2. Hourly; 3. Lat/long: 

32.58333: 119.7; 4. Time extent: Determined by data gap in each year; 5. 

Format: CSV format; 6. Parameters: a) temp at 2m, b)relative humidity at 2m, 

c)wind speed at 2m, d) precipitation, e) radiation: ñAll Sky Surface 
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photosynthetically active radiationò (PAR Total) (MJ/m^2/day). This was 

converted to hourly global radiation (MJ/m2/h) by dividing to 24 and 

multiplying with 2 because PAR ~ 0.5 * global radiation. 
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4.The ozone impact on wheat growth and yield is influenced by agro-ecological zone 

and cultivar sensitivity in China. 

4.1 Abstract 

Evidence from experimental fumigation studies has been used to develop and apply 

modelling methods to assess the risk posed by ozone (O3) under a range of climatic 

conditions to staple crops across China. Here, the calibration and application of the 

DO3SE-Crop model, which includes O3 damage coefficients and the JULES crop 

model in its model construct, were described. The challenges in calibrating the 

phenology, leaf level physiology, carbon allocation, and O3 damage modules of 

DO3SE-Crop for winter wheat growing in three productive and diverse agro-

ecological zones (AEZs) across China, were explored.  This study finds that the 

model can simulate phenology with a satisfactory degree of accuracy, with 

emergence and maturity dates estimated to be within a 2.5-week margin of the 

observed data.  This study also finds that crop yield can be simulated within a ± 

range of 84 g/m-2 when presented as a mean yield by AEZ. However, when 

combining DO3SE-Crop with WRF-Chem modelled O3 concentrations, substantial 

differences in estimates of O3-induced yield losses within and between different 

AEZs were found. This study finds that seasonal patterns in prevailing environmental 

conditions (especially temperature and O3 concentration profiles, which together 

determine the timing of sensitive crop development stages to O3) are important in 

assessing the spatial distribution and magnitude of damage estimates, with AEZ I 

showing overly high O3 damage due to early accumulation of the ozone flux whilst 

AEZ II and IV show yield loss estimates of O3 damage more in line with other 

published literature and experimental studies. This work highlights the need to 

consider AEZ when parameterising crop models to ensure their applicability and 

improve their O3 damage assessment capabilities across countries and regions with 

diverse AEZs.  
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4.2 Introduction 

Agricultural production and food security are at risk due to the dual threats of air 

pollution (especially ozone (O3)) and climate change; such risk has been increasing 

in China and India compared to other global regions over the past few decades 

(Schauberger et al., 2019; Burney and Ramanathan, 2014). While numerous studies 

have explored the effects of climate change and specific air pollutants acting on 

agriculture individually, there is a lack of research examining the impact of these 

stresses in combination (Tao et al., 2017). Climate change is altering the intensity 

and distribution of seasonal temperature and precipitation patterns, and this 

variability affects agricultural production globally, both directly and indirectly 

(Jägermeyr et al., 2021). Across China, the effects of climate change vary depending 

on the agro-ecological zone (AEZ). Changes in temperature, precipitation, and solar 

radiation over the past three decades have seen an increase in wheat yield in 

northern China (0.9 to 12.9%) but have led to reduced yields in southern China (by 

1.2 to 12.9%) (Tao et al., 2014). Another major concern is the rise in O3 levels, a 

damaging pollutant to crops, particularly in China and India (Tang et al., 2013; Tao et 

al., 2017). Although China has made progress in reducing primary pollutants such as 

aerosol and nitrogen oxides (NOx), O3 levels continue to rise (Lu et al., 2021; Wang 

et al., 2022). This increase is believed to be linked to factors like condensed 

particulate matter, varying NOx emissions, and shifting meteorological conditions, as 

indicated by studies from Lu et al., 2021 and Li et al., 2021. 

The North China Plain is an important agricultural region and a hotspot for 

anthropogenic pollution emissions and has recently experienced a significant upward 

trend in summer O3 pollution. This region's summertime O3 levels measured as daily 

8h average maximum (MDA8), have been increasing by more than 3 ppb annually 

since between 2013-2019, marking one of the most rapid urban O3 surges in recent 

years (Lu et al., 2021). Given that China is a leading producer of staple crops such 

as wheat, which provide a fundamental food source for 35% of the global population 

(Grote et al., 2021), it becomes imperative to investigate the impacts of O3 and 

changes in meteorological conditions on wheat yields. For example, wheat yield 

losses could be greater when elevated O3 coincides with high temperatures during 

the grain filling period when elevated O3 causes premature leaf senescence (Long, 

2012; Feng et al., 2011). Understanding and addressing these influences are crucial 
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for ensuring agricultural sustainability and food security both now and in the future 

across China (Schauberger et al., 2019).  

A handful of photosynthetic-based mechanistic crop models have been developed to 

incorporate O3 damage functions, these have the potential to enable the simulation 

of O3 impact under diverse agro-climatic conditions. The LPJml model, described by 

Schauberger et al. (2019), is a big leaf model able to concurrently simulate the 

effects of O3, temperature, water stress, phenology, and CO2 on wheat yields. The 

model is developed for global application but parameterised for an óAsianô wheat type 

to account for the higher O3 sensitivities of Asian cultivars to O3. Calibration of the O3 

damage module was performed for parameters that represented O3 detoxification 

rates, O3 induced-reduction in rubisco-limited photosynthesis, and O3-induced 

changes in senescence. However, data were not available to set these parameters 

directly; but rather, the model was calibrated to closely match results from seven 

Asian studies (and 12 experiments) that described O3-induced changes in ὃ , Ὣ  

respiration and yield. The LPJml model was further calibrated by maximum LAI to 

scale absolute yield for different global regions and then applied to assess O3 

impacts to wheat across China between 2008 and 2010; model results estimated 

average yield losses of 34.2%, with up to 50% yield losses in more northerly regions. 

The analysis highlighted that these losses were primarily attributed to cumulative O3 

effect on crop senescence rather than instantaneous effects.  The MCWLA-Wheat 

model, described by Tao et al. (2017), offers a more regionally focused approach 

than the LPJml model. The MCWLA-Wheat modelôs phenology and O3 damage 

modules were initially calibrated and evaluated for the Xiaoji O3 experimental site 

(Feng et al., 2011; Zhu et al., 2011). The calibrated model was then applied over 

eight Chinese provinces using gridded data describing wheat sowing dates and 

evaluated against provincial level yield data. The model was designed to assess the 

combined impacts of climate change, O3 pollution, and CO2 levels on wheat crop 

growth and productivity in these areas. Application of MCLWA across selected 

Chinese provinces during the 2000s found productivity losses of between 1.1-13.3% 

in the 2000s. 

These mechanistic-based crop model estimates of O3-induced yield losses can be 

compared with the more traditional O3 risk assessment methods that make use of 

dose-response relationships to estimate yield loss. A recent study by Feng et al. 
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(2022) uses an extensive and comprehensive collection of O3 monitoring data from 

across Asia (including China) to estimate yield losses using an Asian-specific AOT40 

dose-response relationship (where the AOT40 index was a six-month accumulated 

daytime O3 over a threshold of 40 ppb). They reported an average ozone-induced 

relative yield loss for wheat across China at 33% from 2017 to 2019, ranging 

between 28% and 37%. The most significant losses were noted in the North China 

Plain, where they exceeded 35%. This represents a significant increase from the 

previous 17-18% estimates for 2015 to 2016, derived from the same ozone 

monitoring network. However, it is essential to note that these figures could be 

subject to considerable interannual variability. Taken together, these modelling 

studies suggest that O3-induced yield losses across China are substantial and have 

been increasing rapidly over recent years.  

Despite the valuable insights these modelling studies provide into the effects of O3 

(and, in some cases, climate variables) on crop productivity, they have limitations. 

Arguably, the major limitation is the lack of experimental O3 fumigation data to 

calibrate crop or dose-response models; this causes particular problems when 

calibrating the crop model O3 damage modules since it limits the number of cultivars 

represented by the model. A further limitation is that these models do not calibrate for 

variable crop development and crop growth that will occur in different AEZs; these 

are known to cause substantial differences in crop growth and yield (Xiong et al., 

2008) as well as the timing of sensitive crop development stages in relation to O3 

concentrations. These limitations highlight areas for further refinement and 

development in modelling to better understand how crop models could be used to 

infer the causes and consequences of co-occurring environmental conditions  

causing O3 damage. 

To address these challenges, the DO3SE crop model, as outlined by Pande et al. 

(sub), is used in this study. This process-based model is used to evaluate the impact 

of O3 in China, examining how effects vary diurnally and seasonally due to both O3 

concentrations and climate variables in critical agro-ecological zones of high winter 

wheat production. This will help inform how sensitivity to O3 varies between AEZs 

and infer how current and potential future climate may influence O3 impacts. To 

achieve this, the DO3SE-Crop model is i) calibrated to develop AEZ-specific 

parameterisation for phenology and carbon allocation parameters, ii) calibrated for 
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O3-sensitive and tolerant cultivars and iii) applied to estimate O3-induced yield losses 

for three AEZs across China. 
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4.3 Methods 

4.3.1 DO3SE Crop Model 

The DO3SE crop model has been extensively described in Pande et al. (sub). The 

core of the model is the biochemical photosynthesis model (after Farquhar et al. 

1989) that simulates carbon fixation and assimilation.  The modelling of 

ὃ  assumes that photosynthesis is limited, according to prevailing environmental 

conditions, by three different mechanisms: i. rubisco activity (Ac); ii. the regeneration 

of ribulose-1,5-bisphosphate (RuBP), which is limited by the rate of electron transport 

(Aj), and iii. the inadequate rate of transport of photosynthetic products (most 

commonly triose phosphate utilization) (Ap) (Sharkey et al., 2007). Ac is modified to 

allow for an aging leaf (Ewert and Porter, 2000), where the effect of instantaneous O3 

and senescence on the rubisco-limited rate of photosynthesis (Ac) is estimated. The 

coupling of ὃ   with Ὣ  is used to estimate Ὣ , and performed as described by 

Leuning (1995). The effect of O3 on carbon assimilation is introduced via the Ac term 

as described in Eq. 71 after methods developed by Ewert & Porter (2000), which 

allows for both instantaneous and long-term cumulative effects of stomatal ozone flux 

on ὃ  .  

ὃ ὠ ȢὪ Ȣ
ᶻᶻ ȟ ᶻ

       Eq. 71 

where ὠὧ   is the maximum carboxylation capacity at 25oC, ὅ and ὕ are the 

intercellular CO2 and O2 concentrations; ὑ and ὑ are the Rubisco Michaelis-Menten 

constants for CO2 and O2; ῲᶻ is the CO2 compensation point in the absence of 

respiration; ὪὕȟὨ is the factor that accounts for the cumulative stomatal O3 flux 

effect on ὠ  over the course of a day and; Ὢ  is the factor that accounts for the 

cumulative stomatal O3 flux effect over the course of a leaf life span on leaf 

senescence. 

The DO3SE-Crop model can be run with any number of leaf populations and canopy 

layers. To date, DO3SE-Crop simulations have been performed with only one 

representative leaf population, which ages in line with the entire canopy, which is 

determined by the thermal time. However, the model can use thermal time to define 

the period of the total leaf population life span when the flag leaf would be present, 

which is assumed to be from a little before anthesis to maturity.  The model assumes 
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that leaf life spans are divided into expanding and senescing periods using a default 

ratio of approximately 0.66 to 0.33 thermal time of the total leaf life span. The leaf 

population is further divided into leaf area index (LAI) fractions depending on 

cumulative LAI position. The scaling of ὃ  and Ὣ  is determined by the sunlit and 

shaded portions of LAI estimated according to a standard light extinction profile with 

LAI accumulating through the canopy. DO3SE-Crop also takes account into the O3 

deposition occurring with depth through the canopy, which will affect the within-

canopy O3 concentration and, hence, the O3 available for stomatal uptake by 

different canopy layers. 

Crop phenology is defined by thermal time and divided into three key developmental 

stages, sowing, emergence, anthesis, and maturity, based on the method of Osborne 

et al. (2015). The effective temperature is calculated from three wheat-specific 

cardinal temperatures (Tb, To, and Tm) using equations defined in the JULES-crop 

model (Osborne et al., 2015) modified to take account of photoperiod and 

vernalisation, which are important in winter wheat. Net primary productivity (NPP) is 

accumulated throughout the day from gross primary productivity (GPP) minus plant 

respiration (comprising both maintenance and growth respiration) following the 

JULES-crop method (Osborne et al., 2015). GPP is estimated as a function of ὃὲὩὸ 

and dark respiration. 

The NPP that accumulates at the end of the day is allocated to different carbon 

pools, i.e., root, leaf, stem, reserve, and harvest, according to the JULES Crop 

partition coefficients (Osborne et al., 2015), which vary with crop growth stage. Once 

carbon is no longer partitioned to stems, carbon from the stem reserve pool is 

mobilised to the harvest pool at an initial default rate of 10% per day. For senescing 

green leaves (when the fLS <1), carbon is mobilised towards the harvest pool at a 

rate of 5% per day. Finally, at the end of the day, the amount of carbon in the leaf 

and stem determines LAI and crop height. According to Osborne et al. (2015), crop 

yield is calculated from the carbon allocated to the harvest pool (which includes grain 

and chaff) at the end of the growing season.  

Soil water is modelled using the Penman-Monteith energy balance method to drive 

water cycling through the soil-plant-atmosphere system with an assumption that the 

stomata will begin to limit transpiration once half of the plant available soil water is 

lost; this limitation progresses linearly until the permanent wilting point is reached 
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and is described by a function relating plant available soil water to stomatal 

conductance (fPAW). Full details of this fPAW method are provided in Bueker et al. 

(2012); this method is used to modify the Ac term of the ὃ   model via scaling of the 

maximum carboxylation capacity.  

For these DO3SE-Crop model runs, we set fPAW equal to 1 and apply the model to 

irrigated winter wheat areas as defined by the gridded SPAM2010 database (Yu et 

al., 2020), hence we assume no limitation of soil water stress to either crop growth or 

O3 uptake. Our focus is on winter wheat since this occupies ~ 95% of the total wheat 

area of China (Li et al., 2019). Much of this winter wheat production occurs in the 

North China Plain, which produces ~70% of the total wheat production in China 

(Zeng et al., 2021). Most winter wheat produced in the North China Plain is irrigated 

since this is also a region of water scarcity (Huang et al., 2019). Therefore our 

analysis focuses on crops under irrigation and captures the most productive winter 

wheat areas across China.   

The data described in Table. SI. 13 are required to run the DO3SE-crop. These data 

are provided by the WRF-Chem model (describe in section 4.7.1) on a 30 km by 30 

km spatial resolution across China. 

4.3.2 WRF-Chem model 

Ozone concentrations for China between October 1st, 2017, and October 1st, 2018, 

were simulated using WRF-Chem (version 4.2), a fully coupled atmospheric 

chemistry model. The model set-up and version used in this study are the same as 

Graham et al. (2020, 2021). A detailed model description can be found in Conibear et 

al. (2018a). The model domain covered China at a 30 km horizontal resolution (190 x 

170 grid boxes), with 33 vertical levels (to 10 hPa). The WRF-Chem model requires 

meteorology, emissions data, and boundary conditions as inputs. Meteorology data 

for the year 2017/2018 was taken from ERA5 (Hoffman et al., 2018), while a 

combination of emission databases was used as described in Table 8. Further details 

are provided in section SI.3.1. 

Table 8. Emissions and meteorological input data used to run the WRF-Chem model 

for the derivation of O3 concentrations for year 2017/2018.    



  

184 
 

Input Data Input dataset input for WRF-

Chem 

References 

Meteorology ERA5 6-hourly 2017/2018 

reanalysis, 0.1  ̄resolution 

(Hoffmann et al., 2019) 

Rest of the World 

Anthropogenic 

Emissions 

CAMS-GLOB-ANT 2016, 

monthly, 0.1  ̄resolution 

 

EDGARv5 2015 (aircraft 

emissions & PM), monthly, 0.1  ̄

resolution 

(Soulie et al., 2023) 

 

Crippa et al. (2021) 

Chinese Anthropogenic 

Emissions 

MEIC 2017, monthly, 0.25  ̄

resolution 

(Li et al., 2017; Zheng et 

al., 2018) 

Chinese Agricultural 

Emissions 

Malley 2017, annual, 0.083  ̄

resolution  

Emmons et al. (2010) 

Wildfire Emissions  FINNv1.5 2017/2018, daily, 1 km 

resolution (fires on agricultural 

land removed) 

(Hoelzemann et al., 2004; 

Akagi et al., 2011; 

Wiedinmyer et al., 2011) 

McMeeking, 2008; 

Andrae & Merlet, 2001  

 

Chemical Boundary 

Conditions 

WACCM SSP3-70 Baseline 

2017/2018 

 

(Marsh et al., 2013) 

 

4.3.2.1 WRF-Chem model evaluation 

To evaluate the ability of the WRF-Chem model to predict O3 concentrations, the 

modelled and observed M7 O3 concentrations were compared at rural winter wheat 

locations. We use the SPAM2010 (Yu et al., 2020) winter wheat mask described in 

Fig. 16 to identify WRF-Chem grid cells that contain winter wheat. The mask is also 
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used to identify those O3 monitoring sites located within winter wheat growing 

regions. We used observed O3 concentrations collected from hourly measured data 

at 1,600 ground-based sites across China, Macao, Hong Kong, and Taiwan, as 

detailed in (Silver et al., 2018). We use population density data to determine rural 

areas (< 1500 people/km2). This threshold is widely used and was developed by the 

European Commission (World Bank, 2017). We subsample both the modelled and 

O3 observations, keeping the data only where the population is below this threshold. 

This results in 386 sites from the original 1,600 ground-based sites being classified 

as rural winter wheat sites. We then calculate M7 for these sites, where M7 is the 

hourly mean O3 concentration between 09:00 to 16:00 hours for each day during an 

óaverageô winter wheat growth period from November 1st
, 2017, to May 16th, 2018. 

Finally, we use nearest neighbour interpolation to find the nearest neighbour grid cell 

in the modelled data to the observations. We use several statistical measures to 

evaluate the WRF-Chem modelsô predictive capability; these are explained in SI.3.3. 

4.3.3 Calibration of DO3SE-Crop for O3 damage in China 

The DO3SE-crop model has previously been calibrated to analyse an O3-FACE 

experimental dataset collected in Xiaoji, Jiangsu, Jiangsu Province, China (Zhu et 

al., 2011). This dataset investigated the influence of O3 exposures on four modern 

cultivars of winter wheat (Triticum aestivum L.) grown under ambient (AA) and 

elevated (E-O3). The E-O3 treatment was a mean 25% enhancement above ambient 

O3 concentrations. The plants were grown in fully open-air field conditions for three 

consecutive growing seasons between 2007 and 2009. The crop was well irrigated, 

so we assume there was no soil moisture stress. The four cultivars were Yannong 19 

(strong-gluten wheat, hereafter Y19), Yangmai 16 (medium-gluten wheat, hereafter 

Y16), Yangmai 15 (weak-gluten wheat, hereafter Y15) and Yangfumai 2 (weak-

gluten wheat, hereafter Y2). Further experimental details are provided by (Zhu et al., 

2011). 

The Xiaoji experimental data were split into calibration (the year 2008, Y2, and Y16 

cultivars) and evaluation (the year 2007 & 2009, Y18 & Y19 cultivars). The calibration 

of DO3SE-Crop was first performed for crop development and growth (i.e., phenology 

and carbon allocation). This calibration was performed using the Y2 cultivar. 

Secondly, the DO3SE-Crop O3 damage module was calibrated for both the Y2 (a 

sensitive) and Y16 (a tolerant) cultivars according to the cultivar sensitivities 
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assessed  (Zhu et al., 2011). Full details of the calibration procedure are given in 

Pande et al. (sub), and the resulting DO3SE-Crop parameterisation is given in Table 

9. 

Table 9. The key parameterisation of the DO3SE-Crop model after calibration against 

the Xiaoji experimental dataset (Zhu et al., 2011). 

Parameter Value Unit Description (for Y2 cultivar unless 

stated) 

Phenology parameters 

Tb, To, Tm -0.25, 17.79, 

23.8 

oC Cardinal temperatures for phenology 

fTTemr, fTTveg, 

fTTrep 

0.05,0.71,0.2

3 

- Fractions of thermal time between 

emergence-anthesis, anthesis to 

start of senescence, start of 

senescence to maturity  

TTleaf 1325 oC days Life span of the wheat crop canopy  

Leaf physiology 

ὠ  137 µmol 

CO2/m2/s 

Maximum carboxylation capacity 

ὐ  228 µmol 

CO2/m2/s 

Maximum electron transport 

Do 2.2 kPa Vapour pressure deficit coeffient 

m 4 - Species-specific sensitivity to ὃ  

C allocation parameters 

‌ ,  

‌ ,  

‌ , ɭ , † 

18.1, 18.4, 

16.8, 14, 0.5 

- Carbon allocation coefficients 

Rd and rg 0.01, 0.16 µmol 

CO2/m2/s 

Dark respiration and growth 

respiration parameters 

Ȉ3, Ȉ4 and Ȉ5 0.0004, 1.2, 

0.2 

- Tolerant (for Y16 cultivar) 
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0.00004, 2.4, 

0.3 

- Sensitive (for Y2 cultivar) 

N.B. Tb (°C) is base temperature; To (°C) is optimum temperature; Tm (°C) is maximum temperature; 

fTTemr (fraction) is the fraction represents the part of the thermal time from sowing to emergence 

(TTemr); fTTveg = ftl,em (fraction) is the fraction of the thermal time associated with the vegetative phase 

of the crop's development; fTTrep =ftl,ma (fraction) is the fraction corresponds to the thermal time during 

the reproductive phase, signified by the thermal time from emergence to maturity (TTrep); Harvest (in 

degree day) refers to the accumulated temperature (in degree days) required to reach the harvest 

stage of a crop; PIV (no units) is the vernalisation Coefficient. It quantifies the effect of vernalization on 

the cropôs development; PID (no units) is the is the photoperiod Coefficient. It quantifies the effect of 

photoperiod on the cropôs developmentȠ ‌  is the coefficient for determining partitioning of carbon 

into roots; ‌  is the coefficient for determining partitioning of carbon into leaves; ‌  is the 

coefficient for determining partitioning of carbon into stems; ɭ (m-2 kg-1) is the coefficient for 

determining specific leaf area and † is the allometric coefficient which relates ὅ  to height of the 

crop (Ὤ). 

4.3.3.1 Calibration of DO3SE-Crop for phenology and yield under ambient O3 in 
China 

China consists of a number of agro-ecological zones (AEZs) that have particular 

climatic conditions affecting the development, growth, and subsequent yield of crops. 

Crop related studies conducted in China have classified anywhere between three to 

17 different AEZs (Lin et al., 2013). In this study, we define four agro-ecological 

zones for winter wheat after Luo et al. (2020), as shown in Fig. 16. We calibrate the 

DO3SE-Crop model so that we can define a unique set of phenology and carbon 

coefficient parameterisations for each of the four AEZs.  

Fig. 16. Winter wheat distribution across China according to SPAM2010 (Yu et al. 

2020). The map divides the country into four distinct agro-ecological zones (AEZs) 

for winter wheat production, : I, II, III, and IV. Within these zones, 32 locations were 

manually selected for calibration, while 107 were chosen for automated calibration of 

the DO3SE-Crop model, as indicated by the respective symbols. These calibration 

points were extracted from the SPAM2010 database to refine the DO3SE-Crop 

model, ensuring it accurately reflects the conditions affecting winter wheat growth 

across the different ecological regions of China.  



  

188 
 

 

The calibration of the DO3SE-crop model is split into two parts. First, we perform a 

manual calibration, which uses 30 SPAM2010 sites (Yu et al., 2020) randomly 

selected from across Chinaôs winter wheat production area; the number of sample 

sites falling into each AEZ are given in Table 10. For each of these sites, we identify 

the associated WFR-Chem data (N.B. the spatial resolution of WRF-Chem and 

SPAM2010 is such that there are, on average, four WRF-Chem grids to each 

SPAM2010 grid). We searched the published literature to identify suitable ranges for 

key phenology variables to have an initial understanding of how phenology varies 

across our four AEZs in China. We use an estimate of the sowing date for winter 

wheat which utilises a latitude model devised by Xiao et al. (2015), along with 

secondary spatial data describing emergence, anthesis, and maturity for each of our 

four AEZs. The extracted data ranges for key phenology variables, which are given in 

Table 10. 

Table 10. The range in timings of key phenology stages (sowing, emergence, 

anthesis and maturity) for winter wheat across China, given in Julian day (DOY) 

divided by four agro-ecological zones (AEZs- as Zone1, Zone2, Zone3 and Zone 4). 

Also shown are the number of SPAM2010 and associated WRF-Chem sample sites 

used to perform a manual parameterisation of the DO3SE-Crop model. 

  DOY  
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We then used these ranges in key phenological stages to calibrate the DO3SE-crop 

phenology model for each AEZ. This calibration was performed manually, starting 

from initial phenology values based on the Xiaoji calibration (see Table 11) and 

varying each parameter to produce modelled estimates of emergence, anthesis, and 

maturity broadly consistent with dates extracted from the literature (see Table 10). 

This method was used to fix the Tb, To, Tm, fTTemr, fTTveg, and fTTrep fractions and 

thermal time for maturity for each AEZ, as shown in Table 11.   

Table 11. Initial default and range (in brackets) of parameter values for the calibrated 

DO3SE-Crop phenology model.   

Zone Tb 

(°C) 

To 

(°C) 

Tm 

(°C) 

fTTemr 

(fraction) 

fTTveg = 

ftl,em 

(fraction) 

fTTrep 

=ftl,ma 

(fraction) 

Harvest 

(in 

degree 

day) 

PIV 

(no 

units) 

PID 

(no 

units) 

Zone I 081

1 

20.1

63 

331.

412
0.05 0.45 0.50 

1026.77

9 

2.4 40 

Zone Sam

ple 

sites 

Sowing 

range 

Emergenc

e range 

Anthesis 

range 

Maturity 

range 

References 

Zone I 15 78-111 80-111 111-158 208-253 Luo et.al., 

2020; 

Zone II 64 270-

290 

32-64 116-137 141-164 Luo et.al., 

2020; Tao 

et.al., 2012 

Zone 

III 

1 78-89 95-111 158-180 231-253 Luo et.al., 

2020; 

Zone 

IV 

10 270-

290 

32-64 116-137 141-164 Luo et.al., 

2020; Tao 

et.al., 2012 



  

190 
 

(-1 - 

3) 

(15-

25) 

2.61

1 

(30-

40) 

(500-

2000) 

Zone 

II  

0.23

1 

(-1 - 

3) 

20.6

63 

(15-

25) 

32.6

11 

(30-

40) 

0.16 0.52 0.32 1700 

(950-

1800) 

2.9 46 

Zone 

III 

3 

(-1 - 

3) 

21.2

07 

(15-

25) 

31.6

94 

(30-

40) 

0.05 0.15 0.80 608.981 

(950-

1800) 

2.4 40 

Zone 

IV 
0.14

7 

(-1-

3) 

19.5

37 

(15-

25) 

31.6

85 

(30-

40) 

0.18 0.50 0.32 1083.22 

(950-

1800) 

2.4 40 

N.B. Tb (°C) is base temperature; To (°C) is optimum temperature; Tm (°C) is maximum temperature; 

fTTemr (fraction) is the fraction represents the part of the thermal time from sowing to emergence 

(TTemr); fTTveg = ftl,em (fraction) is the fraction of the thermal time associated with the vegetative phase 

of the crop's development; fTTrep =ftl,ma (fraction) is the fraction corresponds to the thermal time during 

the reproductive phase, signified by the thermal time from emergence to maturity (TTrep); Harvest (in 

degree day) refers to the accumulated temperature (in degree days) required to reach the harvest 

stage of a crop; PIV (no units) is the vernalisation Coefficient. It quantifies the effect of vernalization on 

the cropôs development; PID (no units) is the is the photoperiod Coefficient. It quantifies the effect of 

photoperiod on the cropôs development. 

Automated calibration is then performed, allowing Tb, To, Tm, and harvest values to 

vary until a good agreement is reached between the modelled and observed timing 

of maturity for 107 randomly selected grid cells, split equally across the AEZs (nine 

per zone), which are not already used in the manual calibration. We aim for these 

key phenology stages to be simulated within +/- 1 to 2 weeks with these key crop 

dates. 
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Finally, we use the gridded SPAM2010 yield dataset to calibrate the DO3SE-Crop 

model ótolerantô cultivar for absolute yield values along with a target LAI of 4 m2/m2 for 

zones I and II and 3.5 for zones III and IV. This again uses automated calibration, 

allowing ‌ ,‌ ,‌ ,ɭ,and † to vary until an optimised agreement between the 

modelled and observed yield is found (ideally to within +/-20%). An initial default and 

range of values for these parameters are defined from the Xiaoji experimental data 

(see Table. SI. 14); the resulting parameter values after the automated calibration are 

given in Table 12.  

Table 12. Initial default and range (in brackets) of parameter values for the calibrated 

DO3SE-Crop yield model.   

Zone ‌  ‌  ‌  ɭ (m-2 kg-1) † 

Zone I 18.7 

(16-19) 

18.4 

(18-19) 

16.8 

(16-17) 

15 

(15-27) 

0.3 

(0.3-

0.6) 

Zone 

II 

18.7 

(16-19) 

18.4 

(18-19) 

16.8 

(16-17) 

19 

(15-27) 

0.3 

(0.3-

0.6) 

Zone 

III 

16.5 

(16-19) 

18.5 

(18-19) 

16.2 

(16-17) 

23 

(15-27) 

0.3 

(0.3-

0.6) 

Zone 

IV 

18.5 

(16-19) 

18.4 

(18-19) 

16.8 

(16-17) 

23 

(15-27) 

0.3 

(0.3-

0.6) 

N.B. ‌  is the coefficient for determining partitioning of carbon into roots; ‌  is the coefficient for 

determining partitioning of carbon into leaves; ‌  is the coefficient for determining partitioning of 

carbon into stems; ɭ (m-2 kg-1) is the coefficient for determining specific leaf area and † is the 

allometric coefficient which relates ὅ  to height of the crop (Ὤ).
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The calibrated DO3SE-Crop model parameters are then applied using the following 

model runs to assess the effect of O3 effect on crop yield across China:  

1. Current year (2018/19) meteorology and ambient O3 concentration. 

2. Current year (2018/19) meteorology and pre-industrial O3 concentration (assumed 

to be 10 ppb after UNECE, 2017). 

These runs will allow us to explore and evaluate the effect of O3 concentrations on 

yield for the current year (2018/19), i.e., the yield loss that would be avoided were O3 

concentrations at pre-industrial levels. Here, we run the model for the SPAM2010 

irrigated winter wheat locations only. We also limit our analysis to those grid cells that 

have an average elevation below 1600 m a.s.l. since this elevation is at the limit of 

the winter wheat distribution (Chen et al., 2020). 

4.3.4 Evaluation of the DO3SE Crop model across China. 

We evaluate the DO3SE Crop model estimates of crop yield under ambient O3 

conditions for 2017/18 for a tolerant cultivar against the SPAM2010 yield database 

(Yu et al., 2020). We use the R2 and RMSE statistical measures to assess the ability 

of DO3E-Crop to simulate yield (further details on the information provided by these 

measures are provided in section SI.3.3).   
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4.4 Results 

In the results section, we delve into the evaluation of the WRF-Chem model's 

effectiveness in predicting O3 concentrations during China's winter wheat growing 

season across different agro-ecological zones (AEZs). Initially, the focus is on 

comparing modelled versus observed rural M7 O3 concentrations spatial plots across 

China, particularly over the key winter wheat areas, assessing the model's accuracy 

and noting any bias.  

The study then transitions to a temporal comparison of the WRF-Chem modelled O3 

concentrations against observations, spanning from November 2017 to May 2018. 

This section emphasizes on the crucial phase for wheat growth, anthesis for the year 

2017/18 growing season. The diurnal variations in O3 concentrations are also 

explored, highlighting the model's performance across different times of the day and 

months within the growing season. 

Next, the DO3SE-crop phenology model performance was evaluated, which is vital 

for determining the timing and length of the wheat growing season and the interplay 

between elevated O3 exposures and crop growth stages. This section compares 

simulated key crop growth stages with published data, focusing on differences 

across four different AEZs. 

Lastly, the results encompass an analysis of winter wheat yield simulations by the 

DO3SE-crop model. This involves comparing modelled yield against observations 

from the SPAM2010 yield database, dissecting the model's performance at broader 

spatial scales, and examining O3-induced yield losses in different AEZs. The study 

also provides a nuanced look at the yield variation under current and pre-industrial 

O3 concentrations, underscoring the differential impact of O3 on crop yields across 

various zones. This comprehensive analysis aims to provide insights into the model's 

capabilities and areas for refinement in the context of agricultural and environmental 

planning. 

4.4.1 WRF-Chem modelled versus observed M7-O3 

The WRF-Chem model's simulations of rural M7 O3 concentrations during the winter 

wheat growing season yielded an RMSE of 16.1 µg/m3 compared to ground-based 

observations, indicating a quantifiable deviation with the model showing a propensity 

for overestimation. (RMSE: 16.1 µg/m3, NMAEF = 0.18, NMBF = 0.05) (see Fig. SI. 
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15). Fig. 17. a. shows the spatial distribution of modelled and observed M7 O3 

concentrations across China with values of 40 to 110 µg/m3 across most of the 

productive winter wheat areas (i.e., AEZ zones II and IV, see Fig. 28). Fig. 17. b. 

illustrates the discrepancies between the predicted and actual M7 ozone 

concentrations, highlighting the model's biased forecasts. Specifically, the WRF-

Chem model generally predicts lower levels than observed in zone II, the most 

agriculturally productive area, with a shortfall ranging from 0 to 20 µg/m3. Conversely, 

in zones I and IV, along with regions further south, the model tends to overpredict 

ozone concentrations by approximately 10-40 µg/m3, indicating significant prediction 

errors.  

Fig. 17. Spatial plot showing (a). WRF-Chem modelled and observed M7 (09.00-

16.00) O3 concentrations µg/m3 and (b). bias between modelled and observed M7 

(09.00-16.00) O3 concentrations µg/m3 at observation sites. All M7 values are 

calculated for the period November to mid-May (rural locations only) for 2017/18.  

a.       b. 

 

Temporal comparison of the WRF-Chem modelled O3 concentrations against 

observations are shown in Fig. 18. (a-d) for the period November 2017 to May 2018. 

The approximate period of anthesis for the 2017/18 growing season for the whole of 

China is indicated by grey shading between mid-February and mid-May. This clearly 

shows that during anthesis (the most crucial time for accumulating damaging 

stomatal O3 flux), the WRF-Chem model overestimates monthly M7 O3 

concentrations by around 20 µg/m3 (Fig. 18.a). Fig. 18.c and d. show that this is due 

to WRF-Chem overestimating O3 concentrations by about 15 µg/m3 between 09.00 

and 16.00. Earlier months in the growing season show the modelled and observed 

hourly concentrations are in good agreement or slightly underestimated (Fig. 18.b.) 

between 09:00 and 16:00. However, during the night hours (16:00-07:00), an 
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underestimation of hourly O3 concentrations was noted in all three months shown in 

Fig. 18. 

4.4.2 Seasonal variation in modelled and observed M7 

Fig. 18. (a). Seasonal variation in modelled (teal) and observed (black) M7 (mean 

09.00 to 16.00 hrs) mean (line) and 1 standard deviation (shading) O3 

concentrations, µg/m3 (for the period November 2017 to May 2018). (b-d) Modelled 

(teal) and observed (black) diurnal variations in hourly mean (line) and 1 standard 

deviation (shading) O3 concentrations, µg/m3 for (b). November, (c). March and (d). 

May, across the winter wheat growing region of China.  

a.                                                                                    b.  

  

c.      d. 

 

4.4.3 Zone wise crop phenology versus observed 

The DO3SE-crop phenology model is crucial to determining the timing and length of 

the growing season and the coincidence of elevated O3 exposures and crop growth 
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stage. Fig. 19 compares the simulated timing of key crop growth stages (emergence, 

anthesis, and maturity) with timings derived from the published literature by AEZ; 

observed data are predominantly compiled for zones II and IV. Overall, the DO3SE-

crop modelled values fall within the range of observations. However, it is clear that 

the timings of crop growth stage differ by AEZ, with zone I having a relatively short 

and late growth period, zone II having a longer and later growth period and zone IV 

having an early and shorter growth period. In zone III, only one of the randomly 

selected sites had an elevation of less than 1,600 m a.s.l (considered the limit for 

winter wheat cultivation in China (Chen et al., 2020)), so we do not consider zone III 

in further analysis.     

Fig. 19. Boxplots (crosses: 0.01 and 0.99 percentiles; box: 0.25 quartile, median and 

0.75 quartile; square: mean) comparing crop emergence, anthesis, and maturity 

phases of winter wheat in agro-ecological zones (AEZs) (zones I, II, III and IV; 

labelled black boxes) with data collected from observational studies (red boxes). 

Observed data are predominantly for zones II and IV.

 

4.4.4 Scattered plot Observed (SPAM2010 data) vs calibrated DO3SE-crop modelled 

yield (g/m2) 

Fig. 20a. shows the DO3SE-crop model's simulations of winter wheat yield (g/m2) for 

the tolerant cultivar, when compared against observations from the SPAM2010 yield 

database across various Agro-Ecological Zones (AEZs), yield an R2 value of -0.398. 

The negative value is because the sum of square errors is larger than the observed 
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dataôs total sum of squares. This indicates a level of discrepancy between the 

modelled (SPAM data yield value) that are being used with meteorological factors 

generated from WRF-Chem data and observed yields. 

 This level of agreement is expected given that the SPAM2010 yield data are highly 

variable across small regions and are better suited to indicating yields between 

regions rather than for site-specific locations (Yu et al., 2020), in addition, the 

SPAM2010 data are on a coarser resolution as compared to the WRF-Chem grid 

(where four WRF-Chem grids comprise one SPAM grid). It is, therefore, useful to 

assess how the model performs at a broader spatial scale, Fig. SI. 16 shows that the 

DO3SE-Crop model can simulate yields for the entire AEZs with good agreement 

between mean simulated vs. observed yields by AEZ (with an R2 of 0.17 and RMSE 

of ~70 g/m2). Fig. 20.b. shows the modelled yield under current day O3 

concentrations vs. the modelled yield under pre-industrial O3 concentrations; here we 

see how O3-induced yield losses are clearly very different by AEZs with zone IV (and 

III) experiencing minimal yield losses; zone II shows more variability with some 

locations showing more substantial yield losses of up to 30% and zone I with the vast 

majority of sites showing extreme yield losses.  

Fig. 20. This composite figure presents the analytical comparison between wheat 

yield data in two contexts: a. The left panel depicts the correlation between observed 

yield data from SPAM2010 and yield estimates modelled by the calibrated DO3SE-

crop model across 89 randomly selected sites spanning four Agro-Ecological Zones 

(AEZs), distinguished by unique colours. The site-specific data points, identified by 

highlighted numbers, are earmarked for in-depth analysis later in the paper. The R2 

value is shown and the blue line depicts the 1:1 line. 

b. The right panel contrasts the modelled yields of the current day with those from the 

pre-industrial era, again across the four AEZs and the same 89 sites. The data 

alignment along the blue diagonal 1:1 line reveals the variance between present-day 

and historical yield estimates, elucidating the effects of modern environmental 

conditions on crop production. Site codes accompanying each data point will be 

referenced for subsequent detailed discussions within the study. 
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a.  

     

   

b. 

 

 

 

4.4.5 Observed (SPAM2010 data) vs calibrated DO3SE-crop modelled yield (g/m2) 
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To get an idea of how well DO3SE-Crop is able to simulate absolute yield, we 

compare (a). the simulated yields for tolerant and sensitive cultivars for present-day 

O3 concentrations (2017/18) with SPAM2010 observed yield (shown in Fig. 21.a). 

This shows that for zones I and II, modelled yields are largely within the observed 

yield estimates, however for zone IV modelled yields are higher by an average of ~75 

g/m2 for the tolerant cultivar Fig. 21.b shows relative yields using the pre-industrial O3 

concentrations (assumed to be constant at 10 ppb) as the reference yield. This gives 

an indication of the yield loss due to O3 for different cultivar sensitivities by AEZ. We 

see that the O3 influence on yield varies by AEZ and cultivar sensitivity, for tolerant 

cultivars, zone IV shows the lowest mean O3 effect (with a mean yield loss of ~ 15%), 

zone II a slightly greater O3 effect with a mean yield loss of ~ 20%) and zone I the 

greatest, and overly extreme, O3 effect at ~ 50% mean yield loss.  

Fig. 21. Box plots comparing the (a). absolute yield under ambient O3 for 2017/18 vs 

observed SPAM2010 yield and (b). relative yields (i.e., current compared to pre-

industrial O3 for the tolerant cultivar of the four different AEZs. All for irrigated winter 

wheat. The mean value of the yield is indicated by the square box inside each plot, 

while the median value is represented by the dashed line within the box. The 

"whiskers" extend from the box to show the range, which includes the maximum and 

minimum yield values. Outliers, which are data points that differ significantly from the 

rest of the dataset, are marked with crosses. It is noteworthy that Zone III has only a 

single data point for the observed yields due to limited data availability. This single 

data point is represented as an outlier, which may affect the interpretation of the 

results for that zone. 

a. 
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      b.  

 

 

4.4.6 Comparison Observed (SPAM2010 data) vs calibrated DO3SE-crop modelled 

yield (g/m2) 

To understand which environmental conditions are driving these differences in O3-

induced yield losses by AEZ, it is useful to explore specific locations in more detail. 

We start with the Xiaoji location since this is the site at which the DO3SE-Crop O3 

damage module was calibrated. Fig. 22 provides a direct comparison between the 

experimental data collected from the Xiaoji site and the WRF-Chem equivalents for 

O3 and meteorological conditions. We explore how these data (and the different 

model parameterisations) influence the modelling of O3 damage by comparing key 

variables selected for their importance in determining the extent of O3-induced yield 

losses. 

Fig. 22. Comparison of WRF-Chem (a. and b.) and experimental (c. and d.) O3 

concentration and meteorological data on crop phenology, growth, and yield at Xioaji 

for the tolerant cultivar for key variables (a. and c.) of O3 concentration, surface air 

temperature (Tair), canopy stomatal ozone flux (canopy fst), fLS and grain yield and 

(b. and d.) canopy fstO3, LAI and accumulated stomatal ozone flux (acc_fst) for the 

period of 1st Oct (Day of Year 274) to end of June (Day of Year 540). 
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a.  

 

b. 

 

c. 
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d. 

 

For Xiaoji, Fig. 22 shows that WRF-chem O3 concentrations peak ~ 10 ppb higher 

than the experimental data though the seasonal profile is fairly similar, the air 

temperature (Tair) is around 20 °C during the during grain filling period but marginally 

higher (by a few o C) in the WRF-Chem data. However, the yield estimated using the 

WRF-chem data is 395 g/m2 compared to 1000 g/m2 for the experimental site (refer 

to figure Fig. 22 a and c by the green dashed line), this difference is driven by the low 

LAI for the WRF-Chem data (1.9 m2/m2) showing that the calibration of the carbon 

allocation coefficients driven by the regional SPAM2010 yields produces a lower 

yield than that derived from calibration of these same coefficients for the 

experimental site data where conditions are optimal for growth.  

The accumulated stomatal O3 flux (acc_fst) value is similar for both the WRF-Chem 

and experimental data suggesting the effect on relative yield is similar.   

To understand the differences in environmental characteristics by AEZ and how 

these play out in influencing O3 damage, it is useful to compare key characteristics 

between sites in different zones. We use Fig. 20 to choose sites for this analysis, 

selecting one from zone I (88_186, the most extreme O3 induced yield loss of all sites 

for which absolute modelled yield is substantially overestimated), two from zone II 

(92_218 representing an underestimated modelled yield and negligible O3-induced 

yield loss and; 87_245 representing an accurately modelled absolute yield and a high 

O3-induced yield loss) and one from zone IV (representing an overestimated 

modelled yield and a minimal O3-induced yield loss).  
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The overestimated O3 induced yield losses in zone I (88_186) seem to be primarily 

due to the stomatal O3 flux accumulating too early in the growing season, despite 

minimal variation in O3 concentration and temperature from year day 300 vs 320 in 

the zone II grid (62_192) which has minimal yield loss due to O3 (see Fig. SI. 17 a). 

During this early period, the Leaf Area Index (LAI) in zone I is at its minimum. 

However, the DO3SE-Crop model estimates ozone flux on a per square meter basis 

for each sunlit leaf rather than accounting for the total cumulative sunlit leaf area. 

This method assigns equal importance to the ozone flux for every leaf, ignoring 

variations in sunlit leaf area. Such an approach might not accurately capture the true 

impact of ozone on plant growth and yield. Therefore, before the model's extensive 

deployment across China, it is crucial to adjust its parameters. Specifically, the LAI 

should only begin to increase during the peak of the growing season, and this 

adjustment could be achieved by managing the relationship between crucial carbon 

allocation coefficients and the timing of ozone flux accumulation. Similarly, the large 

O3-induced yield losses seen in zone II (87_245) are due to an early accumulation of 

stomatal O3 flux at year day 370, with values reaching close to 2.5 mmol/m2 by the 

time of crop maturity. This can be contrasted with the other selected zone II site 

(92_218), where stomatal O3 flux does not start accumulating until around year day 

450 (see Fig. SI. 18. b); this is due to Tair being below Tb (0.8°C zone II this study, 

see Table 11) until day 457 for site 92_218.  

Carbon accumulation in the grain occurs towards the end of the growing season and 

coincides with that period when O3 concentrations are increasing; the point at which 

the model simulates the start of a reduction in grain yield due to O3 is when fLS starts 

to decrease from 1 (note the scalar used in the plots), the steepness of the decline in 

fLS shows the sensitivity to O3 damage and is greatest in zones I (88_186) and II 

(site 87_245), this occurs due to the high O3 concentrations caused by local 

conditions compounded by a delay in the timing of anthesis to later in the season 

(see Fig. SI. 19).  
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4.5 Discussion 

The DO3SE-crop model is developed and calibrated to estimate crop yield losses 

due to O3 across China; in this study the model has been applied for three AEZs 

covering the majority (~ 95%) of the cultivated area under winter wheat production. 

We found substantial O3-induced yield losses when comparing the current year 

(2017/18) with pre-industrial O3 levels. These losses varied considerably by AEZ and 

were further modified by cultivar sensitivity. Modelled O3-induced yield losses in AEZ 

II and IV were 18-30% (7-32% to 10-50%) and 15-18% (3%-18% to 3-22%) as an 

average (and 25 and 75 percentile ranges) respectively.  By comparison, AEZ I yield 

losses were evidently overestimated with mean values of 46-62% (and an equivalent 

percentile range of 38-56% to 58-78%). Comparing these results with other studies, 

we find that results for AEZ II and IV are within the range of yield losses estimated by 

(Feng et al., 2022; and Schauberger et al., 2019) simulated yield losses of between 

35 and 50% across much of the winter wheat growing region, with losses increasing 

northwards across the winter wheat growing region; this spatial pattern is consistent 

with our higher yield losses estimated in AEZ I (though our estimates are overly 

high). Feng et al., (2022) estimated yield losses predominantly in the range of 20 to 

35%, again with higher yield loss estimates in the northern reaches of the winter 

wheat distribution range but also lower yield losses to the east in our AEZ IV 

compared to AEZ II, again consistent with our results. This east-west pattern was not 

seen in the (Schauberger et al., 2019) results but was seen in the (Tao et al., 2017) 

results, though these estimated far lower yield losses, reaching only 13%.  This 

discrepancy could partly be due to the latter's focus on the 2000s, particularly in light 

of the significant rise in yield losses from approximately 18% to 33% documented by 

(Feng et al., 2022) from 2015/16 to 2017/19, highlighting potential interannual 

variability. 

Our study also shows substantial differences in yield losses dependent on cultivar 

sensitivity with an increase in average relative yield losses of 3%, 12 and 16% for 

AEZ IV, II, and I, respectively (average values are taken from the box plot in Figure 

33 b; where square represents the average values of the relative yield losses). No 

other studies have explored the effect of cultivar sensitivity on O3-induced yield 

losses for China but other studies, in addition to the Xiaoji experimental study (Zhu et 

al., 2011) used to parameterise our cultivar sensitivity, have shown a similar 
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influence of cultivar on yield loss. For example, a recent study by (Feng et al., 2022) 

found an average yield loss of 18.7 % when 18 wheat cultivars were exposed to a 

season long O3 concentration of 70 ppb, but considerable genotypic variation ranging 

from 2.7 to 44.6 %. Such cultivar variation is important, especially given that studies 

suggest more recently released wheat cultivars may be more sensitive to O3 (Biswas 

et al., 2008). The fact that China tends to use more recently released cultivars (i.e., 

released in the 2000s) compared to other global regions has been put forward as one 

explanation for AOT40 dose-response relationships developed using Chinese 

varieties being more sensitive than those developed for cultivars from other parts of 

the World (Xu et al., 2024). Further experimental investigation of cultivar sensitivity is 

required and would also benefit from an improved understanding of the plant traits 

that confer sensitivity (Feng et al., 2022). 

There are several elements that are crucial to accurate estimates of O3-induced yield 

losses. The first of these is an accurate representation of the environmental 

conditions, namely meteorological data and O3 concentrations, both of which are 

supplied via the WRF-Chem model. Meteorological data come from ERA-5 (see 

Table 19) and are used as input both to DO3SE-Crop and WRF-Chem for O3 

concentration estimates. Other studies that have modelled O3 concentrations for 

China found comparatively high O3 concentrations with M7 values ranging from ~90 

to 140 µg/m3 (Wang et al., 2022); however, these M7 values are estimated for the 

three months prior to harvest whilst our M7 values are modelled from November to 

May (i.e., 7 months), the inclusion of the earlier months in the growing season with 

lower O3 concentrations is very likely to be the reason for our lower M7 values with 

M7 values of between 60-110 µg/m3 (see Fig. 29) for the same region during the 

winter wheat crop growing season. Although Our M7 estimates, while lower than 

those reported by (Wang et al., 2022), exhibit an overestimation of O3 concentrations 

in the later months relative to observed data from (Silva et al., 2018). This 

discrepancy highlights the need for additional research to enhance the accuracy of 

O3 concentration modelling across China.  

The second important element is the modelling of crop phenology since this 

determines both the timing of key crop growth stages in relation to prevailing O3 

concentrations as well as the timing and length of the important grain-filling period 

that will determine yield. The extensive crop phenology dataset, 



  

206 
 

ChinaCropPhen1km, established by (Luo et al., 2020), divided the winter wheat crop 

growing region into four AEZs with variable timings across zones for key phenology 

stages (e.g., maturity was found to occur anywhere between the day of year 102 to 

155 within AEZs II and IV). There are some limitations to the DO3SE-Cropôs 

phenology module. We have limited data with which to calibrate the phenology 

model; the addition of more sites covering all zones (i.e., I and III) would be 

beneficial. In addition, our crop phenology model only uses three cardinal 

temperatures (Tb, To, and Tmax), the inclusion of additional parameters that are able 

to distinguish the differing effects of the higher end temperatures on the progression 

of phenological stages (e.g. (Tao et al., 2012)) could improve the ability of the model 

to simulate phenology across the full diversity of AEZ conditions found across China. 

The importance of the growing season has been identified previously by Wang et al., 

2022 who found when using the less complex dose-response type models, that the 

definition of the growing season was likely to have a greater impact on estimated O3-

induced yield losses than small biases in O3 surface concentrations.  

The ability to describe the variability in crop yields across AEZs is the third element 

crucial to process-based crop modelling of O3-induced yield losses since these data 

are an important requirement for the calibration of crop models to ensure the correct 

allocation of biomass to the different plant parts over time. This study used the 

SPAM2010 crop yield dataset, which has been developed to provide a global 

spatially explicit dataset on agricultural production by combining census statistics 

with agricultural land cover maps (Yu et al 2020). This SPAM2010 dataset is seen as 

the most accessible and comprehensive crop distribution data to date (Liu et al., 

2022). However, the SPAM2010 methodology and input data are still evolving. The 

dataset has faced criticism for its less precise spatial distribution of wheat yields and 

for using lower-resolution input data (Luo et al., 2022). For example, Luo et al. (2022) 

assessed two gridded map datasets, GWPMS (Global Wheat Production Mapping 

System) and SPAM and determined that GWPMS outperformed SPAM. GWPMS's 

superiority was attributed to its higher spatial accuracy and resolution in wheat 

distribution datasets. (Luo et al., 2022) study highlighted that the RMSE values for 

the SPAM dataset in the Chinese region range from 72 to 105 g/m2 (years studied 

2000,2005 and 2010) when comparing SPAM yield against census yield during 

2007-2012. Despite these limitations in the SPAM2010 dataset, it is widely used by 

the crop modelling community for crop model calibration (Müller et al., 2019). In this 
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study, we found an RMSE of 164 g/m2 when the DO3SE-Crop modelled yields were 

compared with the SPAM 2010 yields, which provides confidence that the model is 

able to broadly capture the range of the yield in the three-winter wheat AEZs.  

However, even though the DO3SE-Crop model seems able to simulate yield on a 

broad scale, understanding the factors contributing to yield variability within AEZs is 

crucial, and several factors are important here. Studies have shown that low 

temperatures can adversely affect wheat crop emergence, causing delays in crop 

growth and development (Buriro et al., 2011; Lozovskaya et al., 2012). Such effects 

can influence yield; for example, low temperatures early in spring were found to 

delay plant growth and reduce grain weight per spike by 31% (Yu et al., 2022). 

Ensuring that the various stages of phenology are correctly related to carbon and, 

hence, biomass partitioning is important both for the modelling of an appropriately 

structured plant as well as to determining how O3-induced changes in carbon 

assimilation will influence biomass and yield. Ensuring the carbon allocation 

coefficients are suitably parameterised will produce a well-structured plant (i.e., one 

that has appropriate crop growth stages for the changes in LAI, above-ground 

biomass, and yield in relation to the prevailing AEZ environmental conditions). Our 

results show that there are still improvements that need to be made in these 

parameters, especially in AEZ I, where increases in LAI occurred seemed to occur 

too early. However, the variability in LAI within and between AEZs is substantial, 

causing difficulties in ensuring models capture LAI accurately. Efforts to assimilate 

satellite data with crop model estimates of yield (Huang et al., 2015) may improve 

this important aspect of process-based modelling in the future. 
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4.6 Conclusions 

The DO3SE-Crop model has been calibrated for winter wheat growing across three 

AEZs in China. The model has been shown to provide O3-induced yield loss 

estimates in line with other published studies for two out of three AEZs, where the 

model performs poorly, which seems linked to the simulation of phenology, carbon 

allocation, and, in particular, LAI. Our study shows that there is substantial variation 

both within and between AEZs both in the environmental conditions that determine 

crop growth as well as those that will, therefore, influence the extent and magnitude 

of O3 damage. This study also found that cultivar sensitivity will have a substantial 

influence on the size of yield losses experienced. Therefore, it can be concluded that 

developing models capable of differentiating the influence of environmental 

conditions by AEZ as well as cultivar sensitivity is important to understand the drivers 

of enhanced O3 sensitivity to crop yield loss.       
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SI.3 Supporting material 

SI.3.1 WRF-Chem model  

This section describes the various meteorological and emissions input datasets used 

to run the WRF-Chem model for 2017/18. 

Rest of the World (ROW) Anthropogenic Emissions 

Global anthropogenic emissions were taken from CAMS-GLOB-ANT v4.2-R1.1 

(CAMS-GLOB-ANT) at 0.1° for 2016 (Soulie et al., 2023) Within CAMS-GLOB-ANT, 

anthropogenic emissions for China are taken from MEIC for 2016. MEIC emissions 

are re-gridded from 0.25° to 0.1° to match the resolution of the CAMS-GLOB-ANT 

dataset and are used in place of CAMS-GLOB-ANT in China. Within CAMS-GLOB-

ANT, emissions for the rest of the world are taken from CEDS between 2011 and 

2014 and EDGARv4.3.1 for 2010. Within CAMS-GLOB-ANT, to generate emissions 

for 2016, a linear trend is fitted to the 0.5° global CEDS data for each species 

between 2011 and 2014. The trends are then disaggregated to the EDGARv4.3 grid 

and used to project the EDGARv4.3 2010 emission estimates to the year 2016.  

China Emissions  

Anthropogenic emissions for China in the CAMS-GLOB-ANT database are from the 

Multi-resolution Emission Inventory for China (MEIC) (Li et al., 2017; Zheng et al., 

2018); we replace the original 2016 Chinese emissions held in this database with 

2017 MEIC emissions using a China shapefile to remove and replace only those 

emissions in China. To merge the MEIC 2017 emissions with CAMS-GLOB-ANT, we 

re-grid the MEIC emissions from their native grid resolution (0.25° resolution) to the 

CAMS-GLOB-ANT resolution (0.1° resolution) using conservative re-gridding.   

Agricultural emissions for China were provided by the SEI Health model (Malley et 

al., 2021) and were estimated for all key pollutant sources:  manure management, 

manure application, rice production, enteric fermentation, fertilizer application, and 

residue burning. Emissions from farm machinery were not included to avoid double 

counting the non-road transport sector. Emissions were estimated at 0.083 degrees 

and re-gridded to 0.1 degrees using conservative re-gridding.   

Wildfire emissions are taken from the Fire Inventory from NCAR version 1.5 

(FINNv1.5). The FINNv1.5 emissions dataset combines satellite observations, land 
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cover, biomass consumption estimates and emissions factors to calculate fire 

emissions globally at 1 km resolution every day. Satellite observations from the 

MODIS Thermal Anomalies Product provide detections of active fires with a nominal 

horizontal resolution of ~1 km2. The burned area is assumed to be 1 km2 for each 

fire identified and scaled back based on the density of vegetation from the MODIS 

Continuous Fields (VCF) (i.e., if 50% bare =0.5 km2 burned area). The type of 

vegetation burned during a detected fire is determined using the MODIS Collection 5 

Land Cover Type (LCT). This assigns each fire pixel to one of 16 possible land 

cover/land use classes, and the density of vegetation is at 500 m resolution, scaled 

to 1 km. The 16 land cover types are then aggregated into 8 generic categories to 

which fuel loadings are applied (Wiedinmyer et al., 2011). Fuel loadings are from 

(Hoelzemann et al., 2004), and emissions factors are from (Akagi et al., 2011), 

(McMeeking,2008), and (Andreae, 2019). We remove fire emissions on cropland 

using the land cover type information. This is to avoid double counting since 

agricultural residue burning is included in the Malley agricultural emissions dataset.  

Biogenic emissions were calculated online by the Model of Emissions of Gases and 

Aerosols from Nature (MEGAN) (Guenther et al., 2006) 

All emissions datasets were provided at monthly temporal resolution and included 

black carbon, organic carbon, fine (PM2.5) and coarse (PM10) particulate matter, 

carbon monoxide, NH3, NOX, SO2, and non-methane VOCs. VOCs were speciated 

according to the Model for Ozone and Related Chemical Tracers (MOZART, 

(Emmons et al., 2010)). Emissions sectors included land transport, residential, 

power, shipping, aircraft, agriculture, and industry. Sector-specific diurnal cycles 

were subsequently added to the emissions, using diurnal cycles from Olivier et al. 

(2003).  

Initial Boundary Chemistry 

Boundary conditions are required to account for the initial concentrations and 

movement of concentrations into and out of the China study area. Initial boundary 

chemistry was provided by the Whole Atmosphere Community Climate Model 

(WACCM) monthly mean simulation data for 2017/2018 ((Marsh et al., 2013); UCAR, 

2020a). The NASA GMAO GEOS-5 model drives WACCM meteorology. 

Anthropogenic emissions for 2014 from CEDS (used in CMIP6) and FINN-v1 fire 
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emissions are used in WACCM. Model output is given on 88 vertical levels at 

0.9x1.25º (UCAR, 2020b). 

Chemical Scheme 

The Model for Ozone and Related Chemical Tracers, version 4 (MOZART-4) scheme 

was used for gas-phase chemistry (Emmons et al., 2010), driven by model 

meteorology. The MOZART-4 scheme includes 85 gas-phase species, 12 bulk 

aerosol compounds, 109 photolysis (phot_opt=4) reactions relevant to tropospheric 

and stratospheric chemistry, and 157 gas-phase reactions (Emmons et al., 2010). 

Meteorology  

Meteorological conditions were initialised using ERA5 6-hourly reanalysis for 2017 

and 2018 at 0.1º resolution on 38 pressure levels (Hoffmann et al., 2019). Nudging 

was used to keep simulated meteorology in line with the meteorological analyses. 

Nudging was performed for all vertical levels in the model every 6 hours. For all 

simulations 2017/2018, reanalysis was used. 

SI.3.2 Data required to run the DO3SE-Crop model 

Table. SI. 13 Input data required by the DO3SE-Crop model and made available via 

the implementation of WRFChem (version 4.2). 

Variable Abbreviatio

n 

Description Units 

Day of year DOY Julian day from 1st Jan Day 

Hour hr Hour of day (0 to 23) Hour 

Surface 

temperature 

Tair Air temperature at 2 m 

above ground level 

oC 

Air pressure P Surface air pressure at 2 

m above ground level 

kPa 

Precipitation Precip Precipitation mm 
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Vapour 

pressure deficit 

VPD Vapour pressure deficit 

at 2 m above ground 

level 

kPa 

Wind speed u Wind speed at 10 m m/s 

Ozone 

concentration  

O3,ppb Ozone concentration at 

middle of lowest 

WRFChem model layer 

(~15 m) 

ppb 

Surface heat 

flux 

Hd Surface heat flux W/m2 

Friction velocity u* Friction velocity at 50 m m/s 

Cloud fraction cloud_frac Fraction of sky covered 

by cloud 

- 

 

Table. SI. 14. Final calibrated parameters by zone used for the DO3SE-Crop model 

runs across China. Other parameters used are same as in Table 17. 
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Zone Tb 

(°C) 

To 

(°C) 

Tm 

(°C) 

fTTemr 

(-) 

fTTveg 

= ftl,em 

(-) 

fTTrep 

=ftl,ma 

(-) 

Harvest 

(in °day) 

PIV 

(no 

units) 

PID 

(no 

units) 

ὠ  

(µmol 

CO2 m-2 

s-1), 

ὐ  

(mmol 

m-2 s-1) , 

m, Do 

‌  ‌  ‌  ɭ 

(m-2 

kg-1) 

† ‎σ (µmol 

O3 m-2)-1, 

‎τȟ‎υ 

[Tolerant 

cultivar] 

ὅὒίὕσ 

mmol 

O3 m-

2 

Zone 

I 

0.8 

(-1 - 

3) 

20.1 

(15-

25) 

33.1 

(30-

40) 

0.05 0.45 0.50 
1026.8 

(500-

2000) 

2.4 40 137,228

,4,2.2 

18.7 

(16-

19) 

18.4 

(18-

19) 

16.8 

(16-

17) 

15 

(15-

27) 

0.3 

(0.3-

0.6) 

0.00002,5[

1.8],0.4[0.2

] 

13.5 

Zone 

II  

0.23

1 

(-1 - 

3) 

20.7 

(15-

25) 

32.6 

(30-

40) 

0.16 0.52 0.32 1700 

(950-

1800) 

2.9 46 137,228

,4,2.2 

18.7 

(16-

19) 

18.4 

(18-

19) 

16.8 

(16-

17) 

19 

(15-

27) 

0.3 

(0.3-

0.6) 

0.00002,5[

1.8],0.4[0.2

] 

13.5 

Zone 

III 

3 

(-1 - 

3) 

21.2

07 

(15-

25) 

31.6

94 

(30-

40) 

0.05 0.15 0.80 608.981 

(950-

1800) 

2.4 40 137,228

,4,2.2 

16.5 

(16-

19) 

18.5 

(18-

19) 

16.2 

(16-

17) 

23 

(15-

27) 

0.3 

(0.3-

0.6) 

0.00002,5[

1.8],0.4[0.2

] 

13.5 
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N.B. Tb (°C) is base temperature; To (°C) is optimum temperature; Tm (°C) is maximum temperature; fTTemr (fraction) is the fraction represents the part of the 

thermal time from sowing to emergence (TTemr); fTTveg = ftl,em (fraction) is the fraction of the thermal time associated with the vegetative phase of the crop's 

development; fTTrep =ftl,ma (fraction) is the fraction corresponds to the thermal time during the reproductive phase, signified by the thermal time from emergence 

to maturity (TTrep); Harvest (in degree day) refers to the accumulated temperature (in degree days) required to reach the harvest stage of a crop; PIV (no units) 

is the vernalisation Coefficient. It quantifies the effect of vernalization on the cropôs development; PID (no units) is the is the photoperiod Coefficient. It quantifies 

the effect of photoperiod on the cropôs development. ‌  is the coefficient for determining partitioning of carbon into roots; ‌  is the coefficient for determining 

partitioning of carbon into leaves; ‌  is the coefficient for determining partitioning of carbon into stems; ɭ (m-2 kg-1) is the coefficient for determining specific 

leaf area and † is the allometric coefficient which relates ὅ  to height of the crop (Ὤ). ‎σ determines the occurrence of senescence once a critical cumulative 

stomatal O3 flux ὅὒίὕσ (in mmol/m2) has been exceeded. The rate of senescence is determined by ‎τ, which determines the onset of senescence and ‎υ which 

determines maturity.

Zone 

IV 
0.14

7 

(-1-

3) 

19.5

37 

(15-

25) 

31.6

85 

(30-

40) 

0.18 0.50 0.

3

2 

1083.22 

(950-

1800) 

2.4 40 137,228

,4,2.2 

18.5 

(16-

19) 

18.4 

(18-

19) 

16.8 

(16-

17) 

23 

(15-

27) 

0.3 

(0.3-

0.6) 

0.00002,5[

1.8],0.4[0.2

] 

13.5 
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SI.3.3. Statistical measures used to assess the WRF-Chem and DO3SE-Crop 

models. 

R2 is a measure of how the variance of the errors compares to the variance of 

observed data. If R2 is 0, then the modelled data is the mean of observed data, and 

both variances are equal. If R2 is 1 then the errors (modelled - observed) is 0. A 

negative R2 means the variance of the errors is larger than the variance of the 

observed data.  

RMSE is the root mean square error which is the average 'distance' or value the 

modelled data is from the observed data. It is squared and the square root taken, so 

all means are positive, with 0 representing a perfect fit. RMSE captures the average 

magnitude of the error produced by the model in the same units as the data. Since 

errors are squared before averaging is applied, RMSE gives a higher weight to large 

biases. This is particularly useful when large biases are undesirable. 

Relative RMSE is RMSE normalised by the range of the observed data to give a 

similar version of the average 'distance' the modelled data is from the observed but 

scaled to a percentage based upon the range of the observed i.e., if the relative 

RMSE is 6% then the data are on average within 6% of the range of the data to the 

observed values. 

NMAE is the normalized mean absolute error and indicates the average magnitude 

of the error between the model and observations without measuring the direction of 

the error (relative to the observations). All values are weighted equally, unlike RMSE, 

which is biased towards larger errors due to the square of the error value. The NMAE 

uses the same scale as the data being measured so predicted values must use the 

same scale as observed values. An NMAE is commonly used as a measure of 

forecast error in time series. A NMAE of 0 would indicate no error in predictions. 

NMAEF is the normalized mean absolute error factor  

NMBF is the normalized mean bias factor and indicates the model bias relative to the 

observations. The NMBF can be interpreted in the following way: if NMBF is positive 

(e.g. NMBF =1.5), the model overpredicts the observations (in this case by a factor of 
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2.5). Whereas, if NMBF is negative (e.g. NMBF =-0.5), the model underpredicts the 

observations (in this case by a factor of 1.5). 

SI.3.4 Results 

Fig. SI. 15. Scatter plot showing M7 (09.00-16.00) O3 concentrations µg/m3 

comparison of observed vs modelled for rural locations only. All M7 values are 

calculated for the period November to mid-May (rural locations only) for 2017/18. 

 

Fig. SI. 16. (a.) Mean and (b.) sum observed vs simulated yields (g/m2) for tolerant 

cultivars for each of the four AEZs. 



  

217 
 

a.                                                                                                           

  
b.  

 
 

Fig. SI. 17. Comparison of (a). zone I (88_186; with an overestimated O3 induced 

yield loss) and (b). zone II (62_192; with a negligible O3 induced yield loss) for 

variables canopy fstO3, LAI and accumulated stomatal ozone flux (acc_fst) for the 

period of 1st Oct (Day of Year 274) to end of June (Day of Year 540).  
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a. 

 

b. 

 

Fig. SI. 18. Comparison of (a). zone II (92_218; with a low absolute yield and a 

negligible O3 effect on yield) and (b). zone II (87_245; with a high absolute yield and 

a substantial O3 induced yield loss) for variables canopy fstO3, LAI and accumulated 

stomatal ozone flux (acc_fst) for the period of 1st Oct (Day of Year 274) to end of 

June (Day of Year 540).  
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a. 

 

b.  

 

Fig. SI. 19. Comparison of (a). zone I (88_186; with a medium absolute yield and an 

overestimated O3 effect on yield) and (b). zone II (87_245; with a high absolute yield 

and a substantial O3 induced yield loss) for variables O3, Tair, fst, fLS and grain for 

the period of 1st Oct (Day of Year 274) to end of June (Day of Year 540).  

 

 

 



  

220 
 

a. 

 
b.  
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Thesis Discussion 

5.1 Choice of Ὣ  model for PODy estimates. 

Numerous empirical and semi-empirical models have been developed to simulate 

Ὣ . Among these, one of the earliest and most widely used is the multiplicative 

model proposed by Jarvis in 1976. This model reduces Ὣ  from its maximum 

potential based on observed responses to changing environmental conditions. 

Modifications to this model have added pollution as an environmental variable 

affecting Ὣ . Multiplicative Ὣ  models have also been using to estimate other 

important plant processes such as evapotranspiration, land surface processes, and 

biogeochemical cycle simulations, as highlighted by (Yu et al., 2017). The 

multiplicative model's success stems from its ability to accurately simulate  Ὣ using 

a few driving environmental variables and its ease of parameterization, as noted in 

(Beeck et al., 2010). Furthermore, it has lower input requirements than more 

sophisticated Ὣ   models, such as the coupled ὃ  Ὣ  model. The lower 

complexity of the multiplicative Ὣ  model supported its use in developing dose-

response relationships and critical levels for a number of European crop species (i.e., 

wheat, potato, and tomato) (UNECE, 2017). 

However, the multiplicative model has its limitations. As pointed out by Damour et al. 

(2010), it assumes that each environmental influence operates independently, which 

may only sometimes be accurate (especially in the case of temperature and vapour 

pressure deficit which are tightly coupled variables). Additionally, the model relies 

heavily on location and species-specific empirical data for parameterization. In 

regions with limited Ὣ  data, ensuring the multiplicative model gives robust 

Ὣ  estimates is challenging given differences in crop cultivar and crop growing 

conditions (which can be categorized by agro-ecological zones).(Yu et al., 2004) also 

criticized the approach for not considering physiological interactions or feedback that 

could alter stomatal movement. This results in a disconnect between estimates of 

Ὣ  and critical physiological processes such as ὃ Ȣ 

To address these limitations, research like that of Wong et al. in 1979 demonstrated 

that the current ὃ  rate directly regulates the stomatal aperture. This led to the 

development of semi-empirical coupled models that establish a linear relationship 

between ὃ  and Ὣ , iterating to solve for both simultaneously. Beeck et al. 
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elaborated in 2010 that these models link Ὣ  and Ὣ  and simulate the effects of 

factors like O3 damage on photosynthetic capacity. 

The ὃ Ὣ  model developed by Leuning (1995) is one such coupled model. In 

some studies, it has performed equally well as the multiplicative model, yet it is more 

complex due to its higher input requirements. For example, the ὃ Ὣ  model used 

by Beeck et al. (2010) required 25 parameters, 20 of which were related to the 

ὃ  sub-model of (Farquhar et al.,1980), compared to only 12 for the Jarvis-type 

multiplicative model. However, (Beeck et al., 2010) also emphasized that if the 

multiplicative model were extended to include other important variables (e.g., CO2), 

this would increase the number of required parameters, potentially matching the 

complexity of the ὃ Ὣ  models. Nonetheless, advancements in data acquisition 

methods like remote sensing data have made it easier to gather the data necessary 

to parameterise the ὃ Ὣ  model, lessening the limitation of this model's higher 

input requirements. The coupling of the Leuning (1995) Ὣ  model to ὃ  has proven 

efficient and effective in predicting transpiration rates at various scales. This coupled 

ὃ Ὣ  modelling approach has also been utilized in numerous models at the leaf 

and canopy levels and in regional and global earth system models. 

Comparative studies evaluating the performance of the ὃ Ὣ  models against 

multiplicative Ὣ  models have yielded mixed results. While some studies have 

found the ὃ Ὣ  model superior (R2= 0.71 versus R2 =0.65; (Misson et al., 2004)), 

others suggest it is comparable or inferior in performance (R2= 0.66 versus R2 =0.52; 

(Uddling et al., 2005)). This range of outcomes suggests that the coupled 

ὃ Ὣ  model could be a viable alternative for modelling Ὣ  for stomatal ozone flux 

calculations.  

The DO3SE-crop model developed in this study, which incorporates the 

ὃ Ὣ  model of Leuning (1995) and optional O3 damage functions after (Ewert and 

Porter, 2000), provides further evidence that the ὃ Ὣ  model can be used to 

provide reliable estimates of stomatal O3 flux for use in the development of O3 dose-

response relationships (Pande et al. sub). The ὃ Ὣ  mechanistic model was found 

to more accurately simulate daily and seasonal variations in ὃ  and Ὣ  when 

comparing against observations. This was particularly evident under varying O3 

treatments that were applied in the Bangor (UK) experimental fumigation, suggesting 
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the ὃ Ὣ  modelsô superior effectiveness over the multiplicative models in these 

contexts. The fact that the ὃ Ὣ  mechanistic model can be used to derive reliable 

dose-response relationships and critical levels makes it valuable for regional-scale 

risk assessments.  

5.2 Ozone damage module: Does the DO3SE-crop model capture O3 damage 

mechanisms correctly? 

The primary impact of O3 on wheat involves a reduction in ὃ  , primarily due to the 

enhancement of senescence. Ozone, entering the leaves through the stomata, is 

believed to quickly interact with the mesophyll cell wall's aqueous phase, generating 

highly reactive oxygen species (ROS). This oxidative stress often leads to 

observable effects such as accelerated senescence and leaf damage, which are 

detrimental to the plant. Chronic exposure to O3 has been shown to reduce ὃ  and 

hasten senescence in two winter wheat varieties (Feng et al., 2012). In wheat crops, 

cultivars exhibited a reduction in green leaf area due to accelerated senescence, 

culminating in decreased grain yield (Burkart et al., 2013). The DO3SE-crop model 

integrates the effects of O3 on the Rubisco enzyme by including modified functions 

(based on (Ewert and Porter, 2000) for both instantaneous and long-term O3 impacts 

on maximum carboxylation capacity (ὠ ), a key parameter that describes crop 

photosynthetic rate (Ewert and Porter, 2000; Osborne et al., 2019). The model 

revealed a more pronounced yield reduction due to long-term O3 exposure, leading 

to earlier senescence of the flag leaf in high O3 scenarios compared to low O3 

conditions (for example, senescence occurring 6 days earlier in very high peak 

(VHP) versus low background (LB) O3 treatments in Bangor (UK); 7 days earlier in 

high (NF++) compared to carbon-filtered (CF) treatments in Ostad (Sweden), and 3-8 

days earlier in Xiaoji (China) for tolerant and sensitive cultivars). The DO3SE-crop 

model also considers O3 impacts on the end of senescence (i.e., can bring forward 

maturity). For example, the model estimated maturity to occur 12 days earlier in the 

VHP compared to the LB O3 treatment in Bangor (UK) and 1-4 days earlier in the 

elevated o3 treatment in Xiaoji (China)). For the Xiaoji site, the DO3SE-crop model 

showed that relative yield loss is significantly higher due to long-term O3 (2-36%) 

compared to the instantaneous impact of O3 (0-0.02%) on ὃ  . 

However, there are other mechanisms that might also be important in determining O3 

damage. Some studies have indicated additional, less anticipated effects of O3 on 
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stomata. For instance, (Lombardozzi et al., 2012), in an open-top chamber 

experiment with tulip poplar, found that the rate of ὃ   declined more rapidly than 

Ὣ  under O3 exposure. This led to the hypothesis that O3 might cause a 'decoupling' 

between these two physiological processes. Given that ὃὲὩὸὫίὸέ crop simulation and 

O3 effect modelling methods rely on the tight coupling between Ὣ  and ὃ  , this 

potential decoupling is a crucial factor for those engaged in applying and refining 

these models. Another observed impact of O3 on stomata, as identified in several 

experiments, is a delayed or 'sluggish' response by stomatal to environmental 

changes or stress, such as the slowed stomatal reaction to high light intensity in the 

Mediterranean broadleaf tree Arbutus unedo under chronic O3 exposure, as found by 

(Paoletti, 2005). Additionally, impaired stomatal response to drought conditions in 

grassland species has been documented, attributed to a decreased sensitivity to the 

plant hormone abscisic acid (ABA), posing a significant threat to plant resilience 

during water shortages, as suggested by (Wilkinson and Davies, 2010; Lim et al., 

2015). Further research is necessary to determine if such impaired stomatal control 

due to O3 is also prevalent in crop species, and if so, ὃ Ὣ  models would ideally 

be modified to incorporate this effect. 

5.3 The importance of leaf vs. canopy stomatal O3 uptake on the damage.  

Traditionally, research has focused primarily on the canopy's top layer, particularly 

the flag leaf in wheat, as the part of the canopy that is most important in determining 

O3 damage from stomatal O3 uptake. This focus assumes that the flag leaf, 

positioned at the canopy's apex, is the most exposed to sunlight and O3 and also 

plays a pivotal role in providing photosynthate to the grain during the grain-filling 

phase (Pleijel et al., 2007). However, the significance of the O3 uptake to lower 

canopy leaves in causing damage should not be ignored. The DO3SE-crop model 

structure provides a mechanism to explore this, given its ability to simulate O3 uptake 

by cumulative leaf area index layer accounting for changes in wind speed, O3 

concentration, and irradiance with canopy height. It is posited that understanding the 

role that O3 plays in modifying leaf nitrogen content may be more important than 

overall yield, which is likely to be strongly related to those leaves that provide the 

bulk of the photosynthate. This suggests a shift from traditional yield-centric 

evaluations of agricultural success towards a more nuanced understanding of crop 

health, particularly in terms of leaf nitrogen content which is essential for 
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photosynthesis and overall vitality. Such a perspective underscores the importance 

of considering the effects of O3 not just on the yield-contributing upper canopy leaves 

but also on the lower canopy leaves. These lower leaves, though not directly 

contributing to yield, are integral to the plant's overall development and resilience 

against environmental stressors like O3 pollution, thus highlighting the complex 

interplay between environmental factors and crop physiology. For example, Brewster 

et al. (2024) observed that higher O3 levels and leaf aging caused more harm to the 

second, third, and fourth leaves during anthesis and the early grain-filling stage in 

comparison to the flag leaf. A study also reported significant visible damage to the 

lower leaf layers in two wheat varieties after three days of increased O3 exposure 

following anthesis. Other research assessed the impact of O3 on ὃ  efficiency, 

utilizing Fv/Fm chlorophyll fluorescence measurements at the ear emergence stage 

in the flag, second, third, and fourth leaves and found reductions in chlorophyll levels 

and, as a result, reduction in photosynthetic capacity (Soja, 1995). Whole canopy 

ὃ  determines grain yields: in both laminar and non-laminar organs, throughout all 

growth stages (Araus et al., 2021). Therefore, these findings underscore the 

importance of considering O3 uptake and potential effects on all leaf cohorts in crop 

modelling, as focusing solely on the flag leaf data can conceal the effects of O3 on 

overall canopy chlorophyll levels and canopy-wide carbon/nitrogen assimilation. 

In this context, the DO3SE crop model, which is set up to allow the modelling of 

multiple leaf populations and canopy layers, offers the flexibility to investigate the 

variability in stomatal O3 uptake over the crop growing season and across the crop 

canopy. The DO3SE-crop model has proven effective in simulating various factors 

across these dimensions, such as the reduction in photosynthetically active radiation 

(PAR) with canopy depth and the associated reduction in ὃ  (which reduces from 

around 300 to 20 µmol O3 m-2 s-1 between canopy layers), and Ὣ  (also reducing 

from about 300 to 20 nmol O3 m-2 s-1 between layers), in different wheat canopy 

layers. Thus, the availability of models like DO3SE-crop enables a more nuanced 

exploration of the dynamics of O3 damage across different wheat canopy layers, 

which could be complemented with targeted experimental studies. 

Perhaps more importantly, this structure also allows the variability in stomatal (and 

non-stomatal) deposition that occurs across the growing season as canopy height 

varies and across the canopy depth to be estimated. This should improve O3 
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deposition estimates that are an important component of atmospheric chemistry 

models which are used to estimate the mass balance of O3 concentrations remaining 

the atmosphere after deposition to the vegetation sink (Clifton et al., 2020). 

5.4 Model Calibration - Manual vs. Automated Methods.  

Calibration plays a crucial role in the modelling process, as it aligns numerical model 

results with real-world data, ensuring their reliability in various applications (Wallach 

et al., 2021). This process is standard across diverse fields that rely on process-

based models, such as hydrology (Badham et al., 2019), pest and disease dynamics 

(Donatelli et al., 2017), and agriculture (Seidel et al., 2018). Model calibration 

typically involves fine-tuning parameters to minimize the discrepancy between model 

outputs and empirical data. In crop modelling, calibration is often performed manually 

through trial and error, as noted by (Seidel et al., 2018). While potentially more time-

consuming and labour-intensive than automated methods, this manual approach 

offers greater control and insight into the model's workings and the interplay of its 

parameters. Manual calibration is instrumental in complex systems where automated 

algorithms are unable to grasp intricate details of the model construct and feedback.  

Our studies with the DO3SE-Crop model began using automated calibration while 

adjusting the DO3SE-crop model at the leaf level, as detailed in section 3.6.2. 

Initially, we identified key parameters (ὠ , ὐ ȟ and m) from literature since 

only a few experimental studies (e.g., Bangor (UK) and Xiaoji (China)) provided 

observational data. We also employed the óbreakpoint methodô (Mariën et al., 2019) 

to determine the onset and conclusion of senescence more objectively from 

observed chlorophyll content data. However, as the model's complexity increased 

from a single leaf to the entire canopy, we noticed that the automated calibration 

sometimes failed to capture all nuances of the model system. For instance, issues 

such as unrealistically high yield predictions for very low Leaf Area Index (LAI) and 

low grain dry matter for stems and leaves emerged. We attempted to address this 

issue by focussing the automated calibration on the Leaf Area Index (LAI), which 

succeeded in aligning LAI values within a more plausible range of 3-6 m2 m-2. 

However, this adjustment did not resolve discrepancies in the magnitudes of other 

canopy components. These discrepancies in obtaining an overall balanced crop 

architecture necessitated the reversion to manual calibration to align the model with 

realistic values from the literature and available experimental data.  
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As mentioned in section 3.6.2, an essential aspect of calibration of the DO3SE-crop 

model is deciding which observed variables to include in the best-fit criteria used to 

train the model. From a modelling perspective, incorporating a broad range of 

variables for calibration decreases the likelihood of achieving accurate results for 

some variables while misrepresenting others crucial for understanding the system's 

behaviour (Wallach et al., 2021). An additional challenge is potential errors in the 

observed data, which can complicate the calibration process; the availability of more 

experimental and observed data would go a long way to overcome these problems 

but requires far more resources to be targeted to experimental investigation. 

This study faced a similar limitation regarding the need for more observed datasets. 

For instance, parameters related to leaf physiology, such as ὃ  , Ὣ , ὠ , 

ὐ , and CCI data, were only available from a location in Bangor (UK), and Xiaoji 

(China), the site in Ostad (Sweden) provided data only for CCI data. These data were 

limited to the flag leaf and for a period spanning mid-anthesis to ten days pre-

maturity. Although the Bangor (UK) site provides hourly data for these critical 

parameters, only daily data are available from Xiaoji (China). This restricts our ability 

to validate the DO3SE-crop model's diurnal Ὣ  and ὃ  predictions, hampering 

efforts to enhance model robustness. However, the Bangor (UK) dataset, which did 

provide hourly flag leaf data, indicates effective model performance in capturing 

diurnal variations. 

Another issue is the sparse data on dry matter content across various plant parts, 

such as stem, leaves (green and brown), and roots, from both the literature as well 

as the experimental studies explored here (i.e., there was no availability of dry matter 

content data from the Xiaoji study for which the DO3SE-crop canopy model is 

calibrated). This necessitates reliance on data collected from studies conducted in 

different regions (and likely agro-ecological zones), posing a challenge in creating 

robust parameterisations for particular growing conditions. Comprehensive data from 

a single site would increase model robustness for that site, but data describing 

variability in key parameters by agro-ecological zone is required to calibrate or test 

the model under a range of growth conditions (see section 1.5). 

Furthermore, this study examines the impact of O3 on wheat yield, noting O3-induced 

early senescence and potentially earlier maturity as the key reasons for the 

significant decrease in yield under elevated O3 treatments. Here, chlorophyll 
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concentration index (CCI) data from some of the experimental studies are crucial to 

track the timing and extent of senescence. However, only 11, 13, and 7 CCI data 

points are provided for O3 treatments in Bangor (UK), Ostad (Sweden), and Xiaoji 

(China), respectively. In addition, these limited data only cover a brief phase of wheat 

growth (mid-anthesis to ten days before maturity). More evenly distributed CCI data 

across the critical growth period would significantly enhance our understanding of the 

effect of O3 on wheat senescence and maturity. 

5.5 AEZs and Cultivar-Specific Parametrization 

Scaling the model from a site-specific application to a regional or global level results 

in an observed increase in calibration error. This issue is partly due to the limited 

number of coordinated O3 experimental (or even other types of crop physiology and 

crop growth) studies across different climatic regions, especially in countries like 

China. Accurately modelling crop dynamics requires precise phenology, leaf 

physiology, and canopy structure data. However, obtaining robust data from the 

literature is challenging because environmental conditions that influence crop growth 

such as temperature, atmospheric humidity and O3 levels vary across different 

geographical zones. These zones may also have a range of crop cultivars (suited to 

particular climatic conditions) with varying levels of O3 sensitivity, from highly 

sensitive to tolerant or intermediate. Unfortunately, acquiring comprehensive 

experimental data sets for robust modelling may take many years of coordinated 

research. To address this challenge, there's a need for the design of standardized 

experimental and O3 fumigation protocols which would be designed to ensure the 

collection of data that O3 risk assessment models require. Modellers have attempted 

to bridge this gap by employing satellite imagery and crop statistics, mainly for 

assessing phenology and yield (Luo et al., 2020; Yu et al., 2020) but more recently to 

relate changes in NPP to O3 concentration (Yue et al., 2017). For instance, a 1 km 

gridded crop phenological dataset for three crops, including wheat, from 2000-2015 

has been produced based on the Global Land Surface Satellite (GLASS) LAI 

products, called ChinaCropPhen1km (Luo et al., 2020). For yield, the SPAM 

database products globally gridded maps of agricultural production at an 8.88 km 

resolution. We have used results from (Luo et al., 2020), which describe differences 

in developmental stages in the key AEZs across China. Such datasets have shown 

how phenology and yields vary across regions and therefore emphasise the need to 
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calibrate models to produce AEZ specific parametrisations as well as O3 cultivar 

sensitivity parameterisations that take into account the variation in cultivars within 

and across AEZs. For the latter, we explore the possibility of defining tolerant, 

intermediate, and sensitive cultivars that might be used in the future to assess the 

uncertainty in O3 risk assessments. 

The DO3SE-crop model has been calibrated for winter wheat crops in four distinct 

Agro-Ecological Zones (AEZs) across China to enable the estimation of key 

phenological stages with improved accuracy. This calibration aligns with the gridded 

phenology outputs presented by Lu et al. (2020), i.e., within a 2.5-week margin of the 

observed data. The model is simultaneously calibrated for yield by changing the 

carbon allocation coefficients so that the modelled yield values match the observed 

SPAM yields. In crops such as wheat, the allocation of carbon to different plant parts 

is significantly influenced by the crop's phenological stages, including emergence, 

vegetative, and reproductive phases. For example, during the early season, 

particularly the emergence and vegetative stages, a greater proportion of carbon is 

allocated to the leaves and stems to support growth. However, as the plant 

transitions into the reproductive stage, the focus of carbon allocation shifts towards 

the grains. Therefore, the calibration of these allocation coefficients is crucial to 

ensure that crop models accurately reflect these dynamic changes throughout the 

growing season (Osborne et al., 2015). In China, given the variability in phenology 

across the four agro-ecological zones, the calibration of carbon allocation 

parameters is particularly essential to capture regional differences in crop 

development accurately. 

The DO3SE-crop model can simulate the key stages of phenology within a range of 

that observed (see Fig. SI. 13, section 4.4.3). Accurate representation of these 

stages is essential; inaccuracies could cause significant errors in the timing of the 

O3-sensitive crop growth period in relation to the prevailing O3 concentrations that 

would adversely affect the estimates of relative yield losses due to O3. For example, 

a 10-day discrepancy in the anthesis stage, coinciding with peak O3 levels, could 

lead to overstated or understated yield loss predictions. This issue is particularly 

relevant as the grain-filling phase in wheat often overlaps with periods when high O3 

concentrations are experienced across China. Understanding these dynamics is 
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crucial for effective agronomic management, particularly in mitigating impacts from 

O3 episodes (Teixeira et al., 2013). 

However, the DO3SE-Crop model performance in yield prediction, when plotted 

against SPAM yield data, reveals both strengths and weaknesses. While the model 

successfully captures the variation in yield across different AEZs, a noticeable 

deviation in accuracy is indicated by an RMSE of 164, see Fig. 20. This figure implies 

that, on average, the model's yield predictions deviate from actual values by ±164 

g/m2. Further, the accuracy range of mean yield by AEZ is ± 84 g/m2, see Fig. SI. 15. 

Recognizing this discrepancy opens up avenues for further refinement. The model 

can be fine-tuned by undergoing additional calibration to enhance its predictive 

accuracy. Such calibration would aim to bring the data points closer to the ideal 1:1 

line, thereby reducing the RMSE. This step is crucial for improving the model's 

reliability and precision in yield prediction, ultimately contributing to a more robust 

and dependable agricultural forecasting tool. 

Furthermore, various crop models have also been used to forecast global wheat yield 

losses due to future projected O3 concentrations, but only a select few, including 

LINTULCC-2, have included the distinct responses of O3-tolerant and sensitive 

wheat genotypes (Feng et al., 2022). Research indicates that different wheat 

cultivars exhibit unique reactions to O3, evidenced by alterations in both enzymatic 

and non-enzymatic antioxidants, impacting various physiological aspects and overall 

yield. For example, in the O3-tolerant cultivar Kharchiya 65, levels of antioxidative 

metabolites like abscisic acid (AsA), total thiol (both non-protein and protein), and 

glutathione (GSH) were significantly higher under elevated O3 stress compared to 

cultivars with sensitive or intermediate sensitivity (Fatima et al., 2019). This genetic 

variability lays the groundwork for developing wheat varieties with enhanced O3 

tolerance, which could be crucial in reducing yield losses and securing a consistent 

food supply. At the moment, DO3SE-crop model estimates of cultivar sensitivity are 

all based on empirical data, but there may be opportunities in the future to model this 

based on studies that have tried to identify the key processes and traits involved in 

O3detoxification (e.g. (Roberts et al., 2022)) 

The DO3SE-crop model provides a model structure that has the capacity to be 

parameterized for wheat cultivars with differential sensitivity to O3 in terms of O3 

uptake, carbon allocation and ὃ  and senescence ozone damage mechanisms. In 
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this study, the model effectively simulates the variance in grain yield between the 

ambient and elevated O3 treatments and cultivars. DO3SE-Crop estimates a 

decrease in grain yield of 29 and 131 g/m2, which aligns closely with the observed 

reductions of 81 and 165 g/m2 for the tolerant cultivars. Similarly, for the sensitive 

cultivars, the model predicts reductions of 49 and 196 g/m2, which are close to the 

observed values of 54 and 293 g/m2, respectively. Additional calibration data for 

different wheat cultivars, growing under a wider range of environmental conditions, 

would allow improved model calibration as well as the capabilities of the model to be 

further tested.  

5.6  Future work  

The DO3SE-crop model is still a relatively immature crop model and will benefit from 

further calibration and testing across different global regions and AEZs. This will help 

to define a more focussed range of key parameters for calibration that will result in 

the correct plant structure (e.g., ensuring LAI, biomass of different crop components 

(i.e., leaves, roots, stem), and yields are aligned. For example, refining and applying 

the DO3SE-crop model for different AEZs across China requires a multifaceted 

approach, beginning with further calibration to understand how variations in the LAI 

influence crop yields. The current DO3SE-crop estimated LAI values for different 

AEZs range between 2-4 m²/m²; these align with literature describing LAI in the zone 

II AEZ but are lower than minimum LAI values observed in zones I and IV. The 

DO3SE-crop model could then benefit from more efficient automated calibration 

having established a more restrictive LAI range tailored explicitly for Chinese AEZs, 

thereby reducing the time needed for calibration iterations. Another aspect of this 

process involves adjusting leaf physiology parameters such as ὠ  and ὐ , 

which are currently fixed based on data from Xiaoji, China. Recognizing that these 

parameters most likely vary with temperature and light, it is imperative to account for 

these variations across different AEZs. 

The DO3SE-Crop model also can model the influence of soil water stress on crop 

growth, yield, and O3 damage (Nguyen et al., 2024). In this study, we have 

concentrated on assessing the O3 effect on irrigated, highly productive winter wheat 

since this is the most important wheat for food supply across China (Ma et al., 2021) 

and also allows easier assessment of the ability of the model to simulate growth and 

yield in the absence of additional stressors, of which soil water stress is key 
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especially in the Northern part of China (Liang et al., 2016). Once we are confident 

that DO3SE-Crop is giving reliable results under more optimum conditions for crop 

growth and yield, it will be interesting to use the model to explore the extent to which 

different key abiotic stressors (i.e., soil water and temperature stress) compare with 

O3 stress to understand which environmental conditions might enhance, or reduce, 

O3 impacts. This will realise one of the key benefits to the development and 

application of crop models over more empirical O3 risk assessments performed using 

dose-response relationships (Emberson et al., 2018).    

Moving forward, the DO3SE-crop model's capability to simulate the effect of O3 under 

future emission scenarios and associated projections of O3 concentration could play 

an important role in proactive environmental management and policy development. 

For instance, simulations of O3 concentrations for the 2030s, using the WRF-Chem 

model under the SSP3-7.0 emission scenario, planned for 2024, will provide valuable 

insights into the potential impact of O3 concentrations and how these relate to 

emission pathways and potential emission reductions. 

5.7 Policy recommendations 

There are essentially two approaches to alleviating the adverse effects of O3 

pollution on crop growth and yield. First, mitigation of O3 precursor emissions that 

reduce O3 concentrations and hence crop exposure to harmful O3 concentrations.  

The second is in developing adaptation approaches that might reduce the impact of 

O3 concentrations on crops. The DO3SE-crop model has the potential to support the 

development of both approaches.  

In terms of mitigation, DO3SE-Crop could be applied nationally, regionally, or globally 

(given appropriate calibration for application at these different scales) to assess both 

the current and potential future (in combination with emission projections and the 

modelling of atmospheric chemistry) impacts of O3 on crop yields. This would help 

identify the regions and environmental conditions that enhance O3 risk. Such 

information would potentially be useful for policymakers to develop effects-based 

emission reduction strategies (similar to those supported by the UNECE LRTAP 

Convention (Emberson, 2020). Useful approaches to utilise this aspect of the 

DO3SE-Crop model include model ensemble methods whereby a number of crop 

models (that also include O3 damage functions) can be applied to standardised 

current and projected future estimates of changing O3 and climate variables so that 
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mean model results, which are arguably more robust, can be used to inform policy. 

Such crop model ensemble studies are planned within the AgMIP-ozone activity 

(Emberson et al., 2018). The ability of DO3SE-Crop to simulate damage for a range 

of cultivar sensitivities to O3 will contribute to an assessment of the uncertainties of 

this type of risk assessment modelling.   

In terms of adaptation, the DO3SE-crop model could be useful in developing 

adaptation options for agricultural management.  For example, recent studies have 

shifted focus toward the effect of sowing times and early vs. late maturing varieties 

on improving wheat yields under stresses (especially temperature stress) since these 

management options can produce growing seasons that avoid periods of extreme 

stress. Similar stress avoidance can occur for O3 exposures since high temperatures 

coincide with high O3 concentrations that occur towards the grain-filling part of the 

crop growth period.  A good example of the benefit this can afford to reduce O3 

impacts is given by the study of (Yadav et al., 2020), which investigated the effects of 

early and late sowing on wheat cultivars under ambient and elevated O3 levels. The 

study found that early-sown cultivars exhibited a more robust defensive response 

and less grain yield loss than their late-sown counterparts, attributed to a more 

pronounced increase in enzymatic and non-enzymatic antioxidants in the early-sown 

varieties. 

The versatility of the DO3SE-crop model is further highlighted by its capacity to 

simulate the effects of varying sowing dates on wheat crop yields. This feature is 

pivotal in understanding the underlying reasons for yield variances, such as the 

alignment of the anthesis and grain filling period with high O3 concentrations. The 

insights gained from this model regarding cultivar-specific parametrization and 

sowing time flexibility may be useful in developing adaptation options for arable crop 

management. Importantly, the model's comprehensive approach to considering 

multiple stresses extends to resource management, providing guidance on 

optimizing irrigation schedules. This ensures that irrigation schedules are monitored 

and applied at critical growth stages to maximize efficiency and support crop 

development under varying environmental conditions. Such detailed insights will also 

offer strategies for adapting to climate change, encompassing a holistic approach to 

improving resilience and sustainability in crop production. 
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Finally, components of the DO3SE-crop model could be used in the development of 

more mechanistic dose-response relationships (in place of dose-response 

relationships that rely on the multiplicative ὃ   model). This may help to develop 

relationships that are more suitable for application across different climatic regions 

as the ὃ Ὣ  model detailed approach can offer efficient and nuanced insights into 

leaf-level physiological processes. This advancement is particularly significant as it 

could lead to the establishment of air quality guidelines (AQGs), especially for 

regions like China and other Asian countries. These AQGs could serve as 

benchmarks to determine thresholds below which crop damage is not anticipated 

and provide a scientific foundation for establishing safety standards, regulatory limits, 

and intervention thresholds, thereby contributing significantly to sustainable 

agriculture, environmental protection, along with co-benefits for human health and 

climate change (Emberson, 2020) 

In this thesis, the intricacies of the DO3SE-crop model were explored, underscoring 

its pivotal role in advancing our understanding of the interplay between ozone 

pollution and crop growth and yield, particularly in the context of China's diverse 

agro-ecological zones (AEZs). Through rigorous calibration and testing, this research 

has highlighted the model's potential to offer nuanced insights into crop responses 

under varying environmental stressors, laying a foundational framework for mitigating 

ozone's adverse effects and enhancing agricultural resilience through informed 

adaptation strategies. 

This thesis underscored the critical need for further refinement of the model, 

particularly in parameter calibration across different AEZs, to ensure accuracy in 

predicting crop outcomes. This refinement, coupled with the model's capacity to 

simulate the impacts of soil water stress and the effects of future ozone emission 

scenarios, provides an invaluable tool for proactive environmental management and 

policy formulation. By aligning model simulations with future emission trajectories, 

this work sets the stage for informed decision-making that could significantly mitigate 

the risks associated with ozone pollution on vital food crops, thereby enhancing food 

security. 

The policy recommendations derived from the findings of this thesis advocate for a 

dual approach, emphasizing both emission mitigation and the development of 

adaptive agricultural practices. By harnessing the unique capabilities of the DO3SE-
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crop model, policymakers and stakeholders can devise strategies that address the 

immediate challenges posed by ozone pollution and contribute to the long-term 

sustainability of agricultural systems in the face of climatic uncertainties. This 

underscores the model's role as a practical tool in guiding policy decisions. 

In conclusion, this thesis represents a significant step forward in our collective efforts 

to safeguard food security against environmental challenges. The continued 

development and application of the DO3SE-crop model stand as a testament to the 

potential of scientific innovation in bridging the gap between research and practical, 

policy-oriented solutions. As we progress, the insights garnered from this work will 

undoubtedly play a crucial role in shaping a more resilient and sustainable 

agricultural future. 
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