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Abstract

Climate Impacts and Adaptation of US Maize

Jennifer Hsiao

Chair of the Supervisory Committee:
Dr. Abigail L..S. Swann
Atmospheric Sciences and Biology

Over the next three decades rising population and changing dietary preferences are expected
to increase food demand by 25-75%. At the same time, climate is also changing — with
potentially drastic impacts on food production. Here, we take a modeling approach to
disentangle and quantify climate impacts on maize yield in the U.S., investigate the under-
lying mechanisms that lead to yield changes under an idealized future climate scenario, and
explore potential avenues for climate adaptation through identifying climate-smart plant

traits and management strategies moving forward.

Temperatures over the next century are expected to rise. Warmer air has a higher
capacity to hold water; thus warming the atmosphere without additional moisture input
leads to drying through higher vapor pressure deficit (VPD). Increased temperatures and
accompanied elevated VPD levels can both lead to negative impacts on crop yield. The
independent importance of VPD, however, is often neglected or conflated with that of
temperature. We show that increased temperatures and accompanied elevated VPD levels
can both lead to negative impacts on crop yield. The negative impact of these two factors
varied with precipitation levels and influenced yield through separate mechanisms. Warmer
temperatures influenced yield by affecting phenological development — faster development
under warmer temperatures led to overall shorter phenological stages and compromised
time available for growth. Elevated VPD levels, on the other hand, increased water loss,

triggering triggered several water stress responses such as reduced photosynthetic rates,



lowered leaf area development, and shortened growing season length. The rise in COq
levels only partially buffers yield loss, with the magnitude of impact greatest under drier
conditions.

Next, we developed a data-model framework to standardize, track, and automate a
large number of model simulations in order to explore crop performance within the vast
trait (7') x management (M) x environment (F) landscape. We curated climate, soil,
historic yield data, and cropping information into model-ready inputs to run simulations
spanning a broad climate space. We then perturbed a number of key model parameters that
spanned physiological, morphological, phenological, and management processes within the
model to set up an ensemble of simulations within the perturbed trait-management space.
Through this data-model framework, we identified phenology and morphology features key
for crops to achieve high yield and low yield volatility, categorized several different strategies
for crops to achieve high performance under current climate conditions, and quantified how
crop performance could shift under future climate perturbation.

We envision findings from this work may complement the efforts of breeders, crop sci-
entists, and agronomists, equipping them with localized cultivar and management targets

and priorities to adapt to impending climate stressors.
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Chapter 1

INTRODUCTION

Over the next decades population is expected to rise with a 24% increase by 2050 requiring
25-75% more food due to changing diets (Tilman et al., 2011; Hunter et al., 2017). At the
same time, climate is also changing — with potentially drastic impacts on food production.
This dissertation examines the impacts climate has on maize growth and yield in the US, and
investigates how different adaptation strategies can mitigate potential yield losses associated

with a changing climate.

Maize is the cereal crop with the largest global production, with planting areas spanning
from temperate to tropical regions. The US is the largest single producer and grows up to
41% of the global total (Fischer et al., 2014), with most of its production centered in the corn
belt states. Maize yield in the US has experienced a steady rise since the 1930s (Duvick,
2005). Large conversions from open-pollinated cultivars to hybrids contributed greatly to the
earlier yield increases, while increases in fertilizer use and chemical weed control contributed
to continuous yield gains following the green revolution since the 1960s. Persistent breeding
exercises and associated changes in management practices (e.g. earlier planting dates for a
longer growing season, higher planting densities) have also complemented the steady rise in

yield (Sacks and Kucharik, 2011; Duvick, 2005; Duvick and Cassman, 1999).

As a Cy4 crop, maize plants have higher photosynthetic efficiency, favor warmer climates,
and show less sensitivity to changes in COs concentrations when compared to their Cg
counterparts (e.g. wheat, rice). These characteristics make maize plants important crops
when considering the future of global food security under a changing climate. Various
studies, however, have shown that increasing temperatures can be harmful for maize growth,
especially when temperature surpasses an optimal range (Schlenker and Roberts, 2009;
Lobell et al., 2013). National-level yield data have also shown greater year-to-year yield

variation in the past 20 years (citation). Barker et al. (2005) speculated this resulting from



a variation in moisture stress imposed on the high and increasing mean yield. Lobell (2014)
observed greater sensitivity to drought in recent years over the time period of 1995 to 2012
of the field-level yield data analyzed within the study; in particular, sensitivity to vapor
pressure deficit (VPD) has increased over the past two decades for their study period. The
authors noted that some of this increased sensitivity may be associated with the continuous
increase in planting densities and VPD effects on water stress and overall growth in plants.
This raises the question of whether maize production can be sustained under a warming
future, especially as water limitation regimes change (Harrison et al., 2014).

Adaptations of crop characteristics and management practices have the potential to mit-
igate some of the decrease in yield, but substantial knowledge gaps still remain for which
adaptation techniques are likely to be most effective at any point in time, the mechanisms
through which they can mitigate yield loss, and the relative effectiveness of different ap-
proaches. Many scientists recognize that mechanistic, process-based crop simulation mod-
els can be a powerful tool to synthesize cropping information, set breeding targets, and
develop adaptation strategies for sustaining food production, yet thorough evaluation and
application of crop models for developing specific climate-adaptation options (e.g., design-
ing adaptive phenotypes for specific soil-climate combinations) for US agriculture remains
scarce.

The remainder of this chapter will provide background information on climate impacts
on US maize, adaptation strategies targeted for climate mitigation and adaptation, and
further discusses the tools we used to study climate impact and adaptation for maize in the

US.

1.1 Climate impacts on maize

1.1.1 Temperature and VPD

Over the coming decades the US maize system will increasingly be placed under stress in
the face of expected changes in climate. In particular, temperatures are expected to rise,
accompanied by increases in water demand by the atmosphere (Swann et al., 2016) and a

reduction in humidity over land (Collins et al., 2013; Fu and Feng, 2014), both of which can



lead to a rise in VPD levels.

VPD is an indicator for the dryness of the air, defined as the difference between the
amount of moisture in the air and how much moisture the air can hold when it is saturated.
Warmer air has a higher capacity to hold water, thus warming the atmosphere without ad-
ditional moisture input also leads to drying and higher VPD. VPD is a key environmental
factor that affects plant growth and crop yield through different mechanisms than temper-
ature (Fig. 1.1) (Sanginés de Cércer et al., 2018; Breshears et al., 2013; Day, 2000; Ray
et al., 2002; Shirke and Pathre, 2004). Failing to disentangle the impact of VPD from that
of rising temperature prevents a true mechanistic understanding of the climate impacts of
warming on crop growth and yield.

Several studies projected declines in yield due to future warming (Lobell et al., 2011a,b;
Schlenker and Roberts, 2009). However, commonly used statistical approaches are derived
from yield observations and climate records over the past few decades, and typically cannot
disentangle the inherent correlation between temperature and VPD. Temperature impacts
on crop yield analyzed through these methods, therefore, include embedded VPD impacts
as well. Changes in COg levels and water availability further complicate this interaction
and add uncertainty to future crop yield projections.

The tight correlation between temperature and VPD makes it difficult to empirically
tease apart the independent physiological response due to each factor (Barron-Gafford et al.,
2007). For this reason, predictions of crop yields derived from observed responses of yield
over the past few decades rarely account for the indirect effects from VPD which are thus
implicitly embedded in the response of yield to temperature. Without disentangling the
temperature and VPD yield response, these projections are unable to account for how each
piece responds differently under increasing concentrations of COs, with potentially large

implications under future climate conditions.

1.1.2 COg and water availability

Changes in precipitation under future climate are also possible, but our confidence in the

magnitude and even the sign of the change in precipitation is much lower than for expected



changes in temperature and humidity (Allan et al., 2020).

Elevated COs levels have the potential to alleviate part of the stresses associated with
hot and dry (i.e. high VPD or low soil moisture) conditions either through a biochemical
response or a stomatal response (cite). Increased concentrations of COg in the atmosphere
can directly increase the CO; levels in the leaf inter-cellular air space, boosting photosyn-
thesis through a biochemical response. Stomatal closure under elevated CO4 concentrations
can also reduce water loss and conserve soil moisture (Fig 1.1) (Leakey et al., 2009). This is
especially critical for plants that face increased transpiration rates under high VPD environ-
ments (Fig. 1.1). Due to the nature of Cy4 plants, benefits from higher COg concentrations
are often only observed under water stressed conditions for maize plants (Ghannoum, 2009),
with the yield boost from elevated CO2 under such conditions have been documented to be
up to 40% (Manderscheid et al., 2014).

The magnitude of CO4 effect on the stomatal and biochemical pathway can potentially
shift how much of the vegetation response to warming is carried out through direct tem-
perature effects versus through indirect effects of higher VPD associated with higher tem-
perature, and hence shifting the overall response to warming. Decomposing the influence
of the indirect effects of VPD associated with higher temperature from the direct effects
of higher temperature is therefore an essential first step to quantify the response of crops

under a changing climate.
1.2 Adaptation under a changing climate

As the climate warms, many aspects of agricultural systems can be adjusted to minimize
yield loss. Specifically, here we use the term adaptation to refer to changes in crop choice and
management practices that either mitigate negative impacts or take advantage of beneficial
opportunities (IPCC Working Group II 2014). The capacity for adaptation contributes
substantially to the direction of future crop yield projections and their associated uncertainty
(Osborne et al., 2013).

Adaptation strategies such as progress towards breeding new cultivar traits, shifting
planting dates and planting regions have been shown to have great potential in mitigating

heat and VPD-caused yield loss (Butler and Huybers, 2013; Olesen et al., 2011), yet studies



that thoroughly evaluate different aspects of adaptation on a geospatial context are scarce.

In a broad scale meta-analysis of climate change and adaptation in agricultural crops,
Challinor et al. (2014) suggested a 7-15% difference in projected yield when adaptation
methods were incorporated. However, the effectiveness differed greatly amongst crops and
growing regions; in particular, adaptation impacts in temperate maize remained highly
uncertain, and the effectiveness was lower than for wheat and rice. Butler and Huybers
(2013) examined maize in the US and empirically estimated that by moving locally adapted
cultivars from one part of the country to another as the climate warmed (i.e. by moving
cultivars from the South to the North) that overall projected yield losses could be mitigated.

Methods for adaptation considered in Challinor et al. (2014) included management prac-
tices such as shifting cultivars, optimizing irrigation and fertilization, and adjusting planting
time (Butler et al., 2018; Deryng et al., 2011). Larger scale and more drastic adjustments
are also proposed in other studies, such as migration in planting areas (Sloat et al., 2020),
or breeding for climate-resilient phenotypes with desirable characteristics to cope with the
changing climate (McCouch et al., 2013; Redden, 2013; Mickelbart et al., 2015; Abberton
et al., 2016). A systematic examination of the effectiveness of different adaptation strategies
and the mechanisms through which they alleviate yield loss is needed to better understand

the potential importance of adaptation strategies for temperate maize in the US.
1.3 Climate resilient cultivars and management practices

Breeding has consistently played a critical role in the progress of continuous yield gain and
was estimated to account for up to 50-60% of the total on-farm yield gain in the past several
decades (Duvick, 2005). These gains through genetic improvements are complemented by
changes in management practices, such as an increase in fertilizer use, chemical weed con-
trol, higher planting densities, and earlier planting dates (Kucharik, 2008; Cardwell, 1982).
Recently, however, practices such as nitrogen application and weed control are nearly fully
exploited in the US corn belt; simple adjustments in management strategies alone are likely
insufficient to sustain an increasing yield trend. Additional yield gains would need to rely
further on genetic improvements in new cultivars, as well as management changes that ac-

company climate-resilient characteristics to fully leverage the interactions between genetics,



environment, and management (G x E x M; Fischer and Edmeades, 2010; Hatfield and
Walthall, 2015)

Progress towards breeding for climate adaptation has been demonstrated in several stud-
ies (Reynolds and Langridge, 2016; Fita et al., 2015; Ceccarelli, 2010). However, common
breeding methods that either select for higher yield or eliminate defect traits do not al-
low for a clear understanding of the mechanisms in which favorable traits contribute to
greater performance and yield. While selection for yield provides short-term advantages, it
inevitably faces long-term limitations since it cannot account for potential trait trade-offs,
and effective combinations of plant traits, if not actively sought for based on a mechanistic
understanding of crop growth and yield, could only occur by chance (Donald, 1968). The
process of identifying and selecting for optimal phenotypes can involve exploring the hills
and valleys of a performance landscape (Messina et al., 2011), in which multiple strategies
(e.g. different plant traits or management practices) could lead to an “ideal” crop, and what
is considered “ideal” may differ between locations and climate. Creating frameworks that
can quantify such yield-trait-performance landscape can be extremely useful to help identify
and target plant traits suitable under novel future climate conditions (Hammer et al., 2020).

Requirements for breeding, delivering, and adopting a desirable phenotype depends on
many factors, and the whole process can take years to decades (Challinor et al., 2017).
Continued development of new phenotypes better-suited for future climate is critical for
sustaining current yield trends or to prevent yield loss (Ceccarelli, 2010; Challinor et al.,
2017; Burke et al., 2009). For example, documented trait changes to date include in-
creases in biotic and abiotic stress resistances (e.g. maize rootworm resistance and drought
tolerance), changes in morphological traits (e.g. more erect plant form to facilitate higher
planting densities, improved root system architecture that improved soil water access; Ham-
mer et al. 2009), and increases in physiological traits (e.g. higher photosynthetic rates, or
higher nitrogen use efficiency; Duvick 2005; Fischer and Edmeades 2010). Our ability to
utilize the genetic diversity preserved in wild relatives, landrace species, and undomesticated
wild species to develop new climate-ready phenotypes is increasingly important to achieve
sustainable and intensified food production (McCouch et al., 2013; Godfray et al., 2010).

Effective phenotypes not only vary with different environmental conditions but also vary



via interactions with management, as clearly articulated in the G x E x M paradigm (Hat-
field and Walthall, 2015). Maize phenotype advances in the past have been accompanied by a
range of changes in crop management practices, including notable shifts in planting density,
nutrient supply (Duvick, 2005), and planting dates (Butler et al., 2018). Similarly, we ex-
pect optimal management to shift under future climate conditions and in combination with
different phenotypic traits. Further, the efficacy of a phenotype often varies considerably
across environmental gradients (e.g. Messina et al. 2015). Such interactions emphasize the
need for a G x E x M approach to examining yield-trait-performance landscapes (Messina

et al., 2011).
1.4 Model-aided adaptation strategies and process-based models

Mechanistic modeling tools that integrate physiological, morphological, and phenological
properties of a crop (G), their performance under different management options (M), and
their interactions with the surrounding environment (E) on a whole-plant level can serve
as useful tools for breeding practices through the quantification of a yield-trait-performance
landscape (Messina et al., 2011). The structure of the model allows for testing effects of
traits (e.g. leaf elongation rate, total leaf number) on more integrated outcomes such as
yield. Models also have the advantage of testing individual or combinations of traits and
management options across a wide range of environmental conditions that would not be
feasible under actual experimental settings (Cooper et al., 2020; Hammer et al., 2020). This
makes integrative models ideal tools to test and screen for potentially promising trait and
management combinations before carrying out actual breeding practices (Messina et al.,
2011; Andrivon et al., 2012).

Ramirez-Villegas et al. (2015) provided a few successful examples of model-aided pheno-
type development, such as the New Plant Type program developed by IRRI for rice crops,
which further inspired the super rice program in China. The newly developed rice varieties
produced yields 15-25% higher than common hybrid cultivars planted in other regions in
China (Peng et al., 2008), demonstrating simulation-inspired breeding as an effective way
to guide breeding direction under a changing climate.

Process-based crop simulation models are powerful tools to investigate how crops will fare



under a changing climate (Boote et al., 2013; Jones et al., 2017; Ewert et al., 2015). Through
dynamically representing the physiological, phenological, and morphological aspects of plant
growth, these models can shed light on the underlying mechanisms that may lead to yield
changes under shifting climate conditions; they can also be used to estimate the capacity
for mitigation and adaptation in our current agricultural system, providing quantitative
insight on tasks such as identifying new crop phenotypic traits that are more resilient to
future climate conditions, shifting where existing cultivars are grown, and modifying current

management practices (e.g. planting date, irrigation, cultivar choice).

1.5 The MAIZSIM model

In this dissertation, we use a process-based crop simulation model — MAIZSIM, as our main
tool to study climate impacts on maize growth and yield, and to explore potential climate

adaptation strategies and quantify their impacts.

MAIZSIM is a crop model developed and calibrated for maize plants to represent key
physiological and physical processes such as gas exchange, canopy radiative transfer, carbon
partitioning, water relations, nitrogen dynamics and phenology (Kim et al., 2012) (Fig. 1.2).
The soil model included in MAIZSIM (2DSOIL) links the crop model to a 2-dimensional
soil layer that simulates a dynamic soil water and nutrient vertical profile (Timlin et al.,
1996). The model has validated through comparison against observations for a number of
maize growing regions in the US and across the globe (Kim et al., 2012; Yang et al., 2009b,a;
Timlin et al., 2019; Bassu et al., 2014; Durand et al., 2018). MAIZSIM is driven by hourly
meteorological information throughout the growing season and uses this information to
represent plant physiological responses such as stomatal opening, photosynthetic rates, leaf
elongation, and allocation of carbon to various parts of the plant including grain. The model
calculates soil water availability to the roots through simulating water potential and tracks
how much leaf area is present at any point in time throughout the growing season. This

information is integrated over the growing season to represent the final yield.

We describe datasets used to set up and run specific modeling experiments in further

detail in chapter 3.



1.6 Dissertation structure

In this dissertation, we disentangle and quantify the yield impact temperature and VPD have
on maize yield in the US, and investigate how rising CO2 levels and changing precipitation
patterns shifts yield impacts from increased temperature and VPD levels (Chapter 2). Next,
we develop a modeling framework to identify high performing plant trait and management
practices suitable for different agro-climate regions within the US maize growing region
(Chapter 3). Finally, we test how high performing plant trait and management combinations
differ between agro-climate regions and investigate how they may shift under a changing

climate (Chapter 4).

1.7 Future work

In this dissertation, we set up a framework to assess independent yield impacts from different
climate factors and investigate their interacting effects and net effects on maize growth
and productivity within different agro-climate regions. We also established a data-model
infrastructure that allows for large-scale ensemble modeling experiments in which we use
to identify key plant traits and management practices that contribute to high yield under
different climate conditions, and the mechanisms behind them.

Our work provides a starting point to investigate climate impacts on crop production,
understand the mechanisms behind those impacts, and further explore adaptation strategies
available under a changing climate. There are many more potential avenues that should be
tested and quantified. Findings from our work provides motivation for closer collaborations
between crop modelers and crop breeders to advance adaptation for cropping systems under

a changing climate.
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1.8 Figures and tables
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Figure 1.1: Physiological impacts of temperature (Temp.), vapor pressure deficit (VPD) on
crop growth and yield and its interactions with COq levels, precipitation, and soil moisture.
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Figure 1.2: Diagram of the MAIZSIM model structure.
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Chapter 2

MAIZE YIELD UNDER A CHANGING CLIMATE: THE HIDDEN
ROLE OF VAPOR PRESSURE DEFICIT

Jennifer Hsiao!, Abigail L.S. Swann®!, and Soo-Hyung Kim?

Department of Biology, University of Washington, Seattle, WA; ?Department of Atmo-
spheric Sciences, University of Washington, WA: 3School of Environmental and Forest Sci-
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climate: The hidden role of vapor pressure deficit. Agricultural and Forest Meteorology,

279, 107692. https://doi.org/10.1016/j.agrformet.2019.107692

Supporting Information referenced in this chapter can be found in Appendix A.

2.1 Abstract

Temperatures over the next century are expected to rise to levels detrimental to crop growth
and yield. As the atmosphere warms without additional water vapor input, vapor pressure
deficit (VPD) increases as well. Increased temperatures and accompanied elevated VPD lev-
els can both lead to negative impacts on crop yield. The independent importance of VPD,
however, is often neglected or conflated with that from temperature due to a tight correlation
between the two climate factors. We used a coupled process-based crop (MAIZSIM) and soil
(2DSOIL) model to gain a mechanistic understanding of the independent roles temperature
and VPD play in crop yield projections, as well as their interactions with rising COs levels
and changing precipitation patterns. We found that by separating out the VPD effect from
rising temperatures, VPD increases had a greater negative impact on yield (12.9 £1.8%, in-

crease in VPD associated with 2°C warming) compared to that from warming (8.5 +1.4%,
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the direct effect of 2°C warming). The negative impact of these two factors varied with
precipitation levels and influenced yield through separate mechanisms. Warmer tempera-
tures caused yield loss mainly through shortening the growing season, while elevated VPD
increased water loss and triggered several water stress responses such as reduced photosyn-
thetic rates, lowered leaf area development, and shortened growing season length. Elevated
CO2 concentrations partially alleviated yield loss under warming or increased VPD condi-
tions through water savings, but the impact level varied with precipitation levels and was
most pronounced under drier conditions. These results demonstrate the key role VPD plays
in crop growth and yield, displaying a magnitude of impact comparative to temperature
and COs. A mechanistic understanding of the function of VPD and its relation with other
climate factors and management practices is critical to improving crop yield projections

under a changing climate.
2.2 Introduction

Temperatures over the next century are expected to rise globally by 1.5 to 4°C (IPCC,
2013). Rising temperatures that exceed optimum for plant growth are considered detrimen-
tal for crop production (Sage and Kubien, 2007; Battisti and Naylor, 2009), leading many
to question the sustainability of agriculture and food security under future warming (Lobell
et al., 2013; Peng et al., 2004; Asseng et al., 2015). While much effort has been placed on
understanding the negative yield impacts from temperature, the independent importance
of vapor pressure deficit (VPD) is often neglected or conflated with temperature due to the
tight correlation between the two climate factors.

VPD is an indicator for the dryness of the air, defined as the difference between the
amount of moisture in the air and how much moisture the air can hold when it is saturated.
Warmer air has a higher capacity to hold water, thus warming the atmosphere without
additional moisture input leads to drying and higher VPD. VPD is not only an impor-
tant atmospheric characteristic, but is also a key environmental factor that influences plant
growth and development through mechanisms different from temperature (Eamus et al.,
2013; Day, 2000; Shirke and Pathre, 2004; Ray et al., 2002; Sanginés de Cércer et al., 2018).

Both warmer temperatures and accompanied elevated VPD levels can lead to negative im-
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pacts on crop yield, but through separate mechanisms. Warmer temperatures mainly affect
plants through the temperature dependence of biochemical and developmental processes,
influencing aspects of plant growth such as photosynthesis and developmental rate (Sage
and Kubien, 2007; Craufurd and Wheeler, 2009). Elevated VPD, on the other hand, in-
creases atmospheric water demand and plant water loss (Monteith, 1995). This can trigger
stomatal closure (Day, 2000; Mott and Parkhurst, 1991; Arve et al., 2011) and several water
stress responses such as lowered photosynthetic rates, reduced leaf area development, and
an altered phenological timeline (Farooq et al., 2009; Salah and Tardieu, 1996; McMaster
et al., 2005).

Several aspects of VPD may have led to this discrepancy between the focus on temper-
ature versus VPD within the literature. It is technically difficult to control water vapor
levels independent of temperature under larger-scale experimental settings. Often, cham-
ber, greenhouse or field studies aimed towards understanding temperature effects on crop
growth also include effects of elevated VPD that are embedded within increased tempera-
tures. Limitations also exist within empirical modeling approaches that rely on statistical
relationships derived from crop yield observations and climate records over the past few
decades. As formulated, these approaches typically cannot disentangle the inherent correla-
tion between temperature and VPD. Temperature impacts on crop yield analyzed through
these methods therefore include embedded VPD impacts as well (Lobell et al., 2011b; Peng
et al., 2004; Schlenker and Roberts, 2009).

A few empirical (Lobell, 2014; Zhang et al., 2017) and process-based modeling studies
(Stockle et al., 2003; Lobell et al., 2013) have recognized the importance of VPD effects on
crop growth and yield, attributing mechanisms of yield loss under elevated VPD to decreased
radiation use efficiency (Stockle and Kiniry, 1990) and increased water demand and drought
stress (Ort and Long, 2014) in cropping systems. Studies have also shown VPD contribut-
ing to tree mortality in forested ecosystems (Breshears et al., 2013; Eamus et al., 2013)
and altering water and carbon fluxes in various ecosystems (Novick et al., 2016). While
temperature and VPD are tightly correlated at present day, we do not expect the relation-
ship to remain constant. Even under conditions of constant relative humidity, increasing

temperature leads to a non-linear increase in VPD. Further, projections of future climate
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conditions suggest a decrease in relative humidity over land (Byrne and O’Gorman, 2016),
implying even larger and more non-linear increases in VPD with warming. Understand-
ing and quantifying the effects temperature and VPD independently have on crop yield is

critical for future yield projections, especially when considering rising CO5 concentrations.

Elevated COs levels have the potential to alleviate part of the stress associated with hot
and dry (elevated VPD) conditions either through a biochemical response in which more
CO2 boosts photosynthetic rate, or through a stomatal response in which stomatal clo-
sure under elevated CO2 concentrations conserves water, improving plant water status and
benefiting growth (Ghannoum et al., 2000). The complex interaction between CO2, VPD,
temperature stresses, and water availability, however, lead to uncertainties when quantifying
the positive CO9 response. This is particularly true for C4 crops, which often show little to
no CO4 responses in the absence of water stress (Chun et al., 2011; Kim et al., 2006; Leakey
et al., 2006; Manderscheid et al., 2014). A better mechanistic understanding of the under-
lying processes through which each factor affects growth and yield, and how the effects of
individual factors interact with one another as well as with background climate conditions

would allow us to reduce uncertainty in yield responses to future climate conditions.

In this study, we applied a process-based modeling approach to disentangle the indepen-
dent effects temperature and VPD have on crop yields. We focused on maize (Zea mays),
the Cy4 cereal crop with the largest global production, by simulating yield through a coupled
crop and soil modeling system developed and tested for maize (MAIZSIM-2DSOIL). Isolat-
ing the impacts from temperature and VPD allowed us to look into the interactions these
two climate factors have with other aspects of a changing climate, such as rising CO3 levels
which benefit plant growth and changing precipitation patterns which could lead to water
stress. We aim to 1) quantify the independent effects temperature and VPD have on maize
yields, 2) gain a mechanistic understanding of the physiological processes that lead to their
impacts on yield, and 3) identify their interaction with rising COgz levels and variation in

precipitation patterns.
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2.3 DMaterials and methods

2.8.1 Crop simulation model

We selected a coupled crop (MAIZSIM) and soil (2DSOIL) model to represent the detailed
processes that exist within the soil-plant-atmosphere continuum (Kim et al., 2012; Yang
et al., 2009b,a; Timlin et al., 1996). We briefly describe here several key model components
that were critical for this study. In this coupled model system, the model simulates maize
growth and development as a function of light, temperature, precipitation, humidity, COq
concentrations, soil water content, soil properties, and nutrient levels. The model tracks
key phenological stages to dynamically capture growth and physiological processes that are
coupled with the surrounding environment while accounting for the effects of water and
nutrient stress.

During the vegetative stage, non-linear temperature functions simulate emergence, mat-
uration and senescence of individual leaves, while a logistic equation scaled by a temperature
function is used to describe leaf expansion (Kim et al., 2012). After transitioning into the
reproductive stage, development is then determined by the ambient temperature and pho-
toperiod (Kim et al., 2012). The model describes gas exchange properties of developed
leaves by coupling a leaf energy balance equation, a biochemical C4 photosynthesis model
(von Caemmerer, 2000), and a stomatal conductance model (Ball et al., 1987). Modifica-
tions in the stomatal conductance scheme were made to account for stomatal sensitivity to
soil and plant water status. Gas exchange is calculated through iteratively solving for these
three components (Kim and Lieth, 2003), with carbon gained partitioned towards individual
plant parts for growth, and water lost contributing to the overall water status within the
soil and crop system.

The crop model is coupled with the 2DSOIL model that represents a two-dimensional
soil domain capable of calculating heat and solute transportation (Timlin et al., 1996). The
coupled model dynamically solves for plant growth and development on an hourly basis,
incorporating the real-time changes in the driving weather data. In our work, we utilized
the mechanistic structure of this model to analyze the independent and interacting effects

of temperature, VPD and CO4 on crop growth, development and final yield.
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2.8.2 Model validation and application

The MAIZSIM model has been previously validated for its representation of gas exchange
processes (Yang et al., 2009a), its leaf area simulation (Yang et al., 2009b) under various
water regimes, as well as its temperature response of leaf growth, development and biomass
(Kim et al., 2012). In addition to model validation with greenhouse datasets, MAIZSIM
yield simulations have been tested against yield data collected from Free Air Carbon diox-
ide Enrichment experiments conducted at Thiinen Institute in Braunschweig, Germany, to
better understand yield simulations under elevated CO3 conditions (Durand et al., 2018).
Yield simulations have also been validated with actual yield data in selected locations in
France, the US, Brazil and Tanzania, along with 22 other maize simulation models (Bassu
et al., 2014), and applications of the model include estimating potential yield capacity in the
U.S. Northeast Seaboard Region under current and projected future climate and land use
scenarios (Resop et al., 2016). These different angles of model validation and applications
showed that MAIZSIM is capable of representing maize growth and yield under a range
of environmental conditions, and its consideration of various plant responses to changes
in temperature, CO2 concentrations and different water stress levels make it suitable for

exploring yield responses under a changing climate.

In our study, we compared model simulations of final yield with county-level yield data
from the USDA National Agricultural Statistics Service’s annual survey to validate the
model’s performance in the selected simulations (Fig. A.1, USDA, NASS, http://www.
nass.usda.gov/Quick_Stats). Since model simulations were not specifically calibrated
for the cultivars, farming practices, and soil properties for each location, the main purpose
of this comparison was not to evaluate whether the model accurately represented crop yield
for each site, but rather to understand whether the model was able to pick up broad patterns
of yield production. We up-scaled model yield outputs from single plant outputs (g/plant) to
field-scaled units (tons/hectare) by assuming a uniformed planting density of 10 plants/m?,
and compared simulated model output of each site and year with actual yield data from the
available yield data closest to each flux tower site (see site description below, Table A.1,

Fig. A.2).
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2.3.3 Location selection and weather data

The MAIZSIM model requires daily or hourly inputs of solar radiation, maximal air temper-
ature, minimal air temperature, precipitation, relative humidity, and COgy concentrations
for simulations. If a daily weather format is provided, the model runs an internal algorithm
to interpolate the information into an hourly format. Detailed equations used for these
estimations can be found in Timlin et al. (2002). We obtained all the information required
for model simulation except for CO2 concentrations through weather data archived within
the AmeriFlux network (http://ameriflux.1lbl.gov/). Based on availability of continu-
ous daily weather data throughout the growing season, we selected four cropland flux tower
sites in North America: Iowa (US-Brl, Prueger and Parkin), Nebraska (US-Nel, irrigated,
Suyker; US-Ne3, rain-fed, Suyker), Ohio (US-CRT, Chen), and Oklahoma (US-ARM, Bi-
raud) (Fig. A.1). We set CO2 concentrations to a constant 400 ppm as a representation
for current COs levels. Sites were chosen to span background climate conditions with a
range of mean annual temperatures and precipitation. Detailed information on individual
sites can be found in Table A.1. All available site data were used other than years with

consecutive days of missing data (See below).

Ameriflux data are logged every 30 minutes, but gaps existed within the dataset. While
MAIZSIM can also handle hourly and sub hourly weather input timesteps, we processed the
30-minute weather data into a daily input format to gap-fill short periods of missing weather
data. To do so, we summed solar radiation over daylight hours, summed precipitation over
a day, averaged relative humidity over a day, and selected daily maximal and minimal
temperature. We defined a generic growing season starting from May until the end of
October, and checked for missing meteorology data within this time frame. Missing data
that were less than half the length of a day were simply removed and daily averages were
calculated with the remaining data. When missing data length was longer than half a day,
we removed data from that entire day and gap filled it by interpolating from the day prior
and after. When data had consecutive days of missing data, we removed that year of data
from the analysis. We listed the years with available weather data used for each simulation

site in Table A.1.
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2.8.4 Idealized climate treatment

We applied three main idealized climate treatments to the historical meteorological data
to simulate the effect of 1) warming through a 2°C increase in temperature while holding
VPD constant, 2) atmospheric drying through an increase in VPD associated with a 2°C
warming while holding the temperatures constant, and 3) increasing CO2 levels from 400 to
800 ppm. We tested these climate treatments independently as well as in combination (Table
2.1). These climate changes follow the general magnitude of temperature change expected
to accompany a doubling of atmospheric CO5 concentration from 400ppm to 800ppm for
mid-latitudes (IPCC 2013a). In addition, we imposed a 30% rainfall cut for the drought
treatment to extend the precipitation range of our weather data to investigate the role of
water stress. We included the simulated kernel yield for each treatment within Table 2.1 as

well to provide an overall picture on how the different climate factors influences final yield.

We applied each climate treatment independently to the historical meteorology time
series collected from the Ameriflux network archive. We followed the Clausius-Clapeyron
equation to carry out our temperature and VPD treatments. For our simulations, we as-
sumed that atmospheric water content (i.e. specific humidity) remains constant throughout
warming, which results in a VPD increase with warming. The MAIZSIM model requires
RH as the humidity input, so we converted between VPD and RH within our calculations.
For the warming treatment, we applied a 2°C temperature increase throughout the grow-
ing season, and increased RH to levels such that VPD would remain constant. Similarly,
for the elevated VPD treatment, we calculated the increases in VPD that would have oc-
curred under a 2°C warming and converted it into RH. We then applied the RH change to
our weather data while holding temperature constant. Due to the non-linearity within the
Clausius-Clapeyron equation, the magnitude of VPD change associated with a 2°C warm-
ing would vary with the temperature and humidity levels at each simulation site-year; the
averaged increases in VPD across all simulations were 1.19 - 0.66 (kPa), with minimal in-
creases as low as 0.17 and maximal increases up to 5.35 (kPa). Since these two treatments
result from direct manipulation of historical meteorology data, they preserve the natural

climate variability that existed within growing seasons and between planting years as well
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as the correlations between variables other than the one being manipulated. We included

the equations used for these calculations within our supplementary information.

The stomatal conductance model incorporated in MAIZSIM follows the original Ball-
Woodrow-Berry model (BWB model) and simulates stomatal closure under low relative
humidity within the atmosphere (Ball et al., 1987). While relative humidity and VPD both
quantify water content in the atmosphere, they change at different rates as temperature
increases, and plants respond more directly to VPD than to relative humidity (Mott and
Parkhurst, 1991), presenting a possible limitation for our study. It is worth noting that a
recent study from Franks et al. (2017) demonstrated that with appropriate calibration, the
BWB model captured a similar stomatal response within a the range of 0.5-2 kPa when
compared to a BWB model variant with modifications for tracking the stomatal response
to VPD (Medlyn et al., 2011). The bulk of our meteorological conditions fall within this

range.

2.3.5 Model setup and simulation protocol

We setup the model to represent a generic maize cultivar that requires 1600 growing degree
days to reach maturity, and can develop a maximum of 15 juvenile leaves. We set a standard
planting date of May-15 and planting density of 10 plants/m2, and supplied a total of 200
kg-ha-1 of Nitrogen throughout the simulation, with half supplied as base fertilizer prior to
planting and the rest as top-dressing a month after planting. We divided the soil into four
layers, and subscribed the top two soil layers to have a 0.65-0.28-0.06-0.01 sand-silt-clay-
organic matter ratio, and the bottom two layers to have a 0.75-0.20-0.047-0.003 ratio.

We ran the model with the historical meteorology data for a control model simulation.
We then forced the model with increased temperature, increased VPD, elevated COa,, rain-
fall reduction treatments, and the combination of each to analyze the independent and
interacting effects within and between each factor. Finally, we analyzed model outputs of
growing season length, photosynthetic rate, total leaf area, predawn leaf water potential,

stomatal conductance, and final yield.
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2.3.6 Analysis of model responses

We calculated the percent impact each treatment (Temp, VPD and CO3) and the combina-
tions each had on yield (Table 2.1) by subtracting the simulated yield under climate treat-
ments (Yieldireatment) from the simulated yield under the controlled climate (Yieldcontror),

and further divided the output with Yield.oniror (Eqn. 2.1):

Yieldireatment — Yieldcontrol

YieldImpact = -100% (2.1)

Yiel dcontrol

Next, we identified three main factors that could influence crop yield: growing season
length which we defined as time from planting to maturity (days), mean photosynthetic
rate during the grain-filling phenological stage (pmol m-2 s-1), and maximal total leaf area
throughout development (cm2). We calculated the percent change in each of these growth

factors when subjected to temperature, VPD, or COg treatments as follows (Eqn. 2.2):

GrowthFactorieatment — GrowthFactor control

AGrowthFactor = -100% (2.2)

GrowthFactor .ontrol

GrowthFactorireatment Tepresents the simulated value of one of these factors of interest
(growing season length, photosynthetic rate, or total leaf area) under climate treatments
(i.e. Temp, VPD and CO3). GrowthFactor oniro represents the simulated value of the
same growth factor but under control climate conditions.

In addition, we averaged daily values of predawn leaf water potential (MPa) and stom-
atal conductance (mol m™2s?) for each treatment throughout four developmental stages:
emergence, tassel initiation, silking, and grain filling. Further, we utilized the natural pre-
cipitation variability within our meteorology data to analyze yield impacts (%) of temper-
ature, VPD and CO4 across precipitation levels. We classified growing season precipitation
into four categories: high (> 600 mm), medium (500-600 mm), low (400-500 mm), and very
low (< 400 mm) precipitation and calculated yield impacts (%) of each treatment within
each precipitation bin. We calculated standard errors to represent variability between sites

and years for all analyses.
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2.4 Results

2.4.1 General agreement between simulated and actual yield

We compared crop yields simulated under the control weather input with actual county-level
crop yield data collected from the years and proximate locations of which the weather data
were collected (United Stated Department of Agriculture, National Agricultural Statistics
Service, 2014). Figure A.2 shows the ability of the coupled model to simulate actual crop
yield across the four simulation sites (map of site location shown in Fig. A.1). The model
was able to represent yield variations across simulation sites and years due to the different
weather inputs despite not being calibrated for specific cultivar and management practice
for these sites. Model simulations represented a wider range of final yield values compared

to observations, overestimating in locations and years with higher yields (Nebraska).

2.4.2 Yield responses to temperature, VPD, and CO,

We summarized the simulated yield (g/plant) under different treatments across years and
sites in Table 2.1. When compared to the control treatment, both warmer temperatures and
higher VPD levels independently lowered yield by 8.5 +1.4 % and 12.9 +1.8 %, respectively,
while imposing the two factors simultaneously lowered yield by 24.2 +£2.8 % (Fig. 2.1a).
On the other hand, elevated COy concentrations increased crop yield by 17.2 £3.5 % (Fig.
2.1a). This boost in yield decreased when an elevated COg level was accompanied by
warmer temperatures or increased VPD, and the combination of all three climate effects
(Temp, VPD, CO2) partially canceled each other out, overall leading to a smaller reduction

in yield by -4 £3.4 % (Fig. 2.1a).

2.4.8 Mechanisms that contribute to changes in yield

Shortened growing season length (days), lowered photosynthetic rate (pmol m2s1), as well
as a decreased leaf area (cm?) can all negatively affect final yield (Fig. 2.1b). When
compared to the control simulation, the main cause of the negative yield impact from
increased temperature (Fig. 2.1a, High Temp) was a shortened growing season (-15.7 £1.3

%, Fig. 2.1b), while effects from photosynthesis (1.0 1.6 %) and leaf area development



23

(0.6 £0.4 %) were neutral. Warmer temperatures did not significantly influence predawn
leaf water potential (Fig. 2.2a) or stomatal conductance (Fig. 2.2¢); the temperature effects
illustrated in Figure 2.1b were mainly carried out through temperature alone. Note that
the magnitude of these values should not be directly compared against one another, since a
5% shortening of growing season length will not necessarily have the same yield impact of a
5% decrease in photosynthetic rate. However, comparing these values between treatments
(Temp, VPD, CO3) can provide an overall picture on what growth factors are affected more
by our imposed climate treatments.

Compared to rising temperatures, increased VPD levels had a greater negative impact on
final yield (Fig. 2.1a, Elevated VPD). This is because a shortened growing season (-10.0 £1.9
%) was concurrent with lowered photosynthetic rates (-2.1 £1.1 %) and a slight decrease
in leaf area development rate (-0.8 +£0.5 %, Fig. 2.1b); these responses in photosynthetic
rates and leaf area development to elevated VPD were in the opposite direction compared
to the response under higher temperatures. Greater water loss under elevated VPD levels
lowered predawn leaf water potential, leading to water stress signals that amplified later in
the growing season (Fig. 2.2a). Changes in water relations therefore played a critical role
in the direction and magnitude of plant responses under an elevated VPD treatment (Fig.
2.1b).

In contrast to temperature and VPD effects, higher CO45 concentrations benefited yield
(Fig. 2.1a, High COg2). Stomatal closure under elevated COz concentrations (Fig. 2.2c)
conserved water for use later in the growing season and improved water relations (Fig.
2.2a). This change in plant water relations directly counteracted negative VPD effects that
stemmed from water stress responses (Fig. 2.2b), and partially alleviated yield through an
increase in photosynthetic rates (7.5 +£3.7 %), a prolonged growing season (6.4 +1.2 %),
and a slight boost in leaf area development (0.8 £0.5 %, Fig. 2.1b).

2.4.4 The role of precipitation

For all treatments, the model generally simulated lower yield under lower precipitation. Over

this natural range of precipitation variation present across the simulated sites and years,
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the direction of yield impact from temperature, VPD and COs remained consistent, but the
magnitude of impact each factor had on yield varied with precipitation levels (Fig. 2.3).
Warmer temperature and higher VPD showed a greater negative relative yield impact in
years and sites with medium-to-low precipitation levels, while the positive relative impacts
from elevated COz levels were most pronounced under drier conditions (Fig. 2.3d). Changes
in simulated yield (Fig. 2.3a-c) correspond with the calculated percent impact on yield (Fig.
2.3d). The overall effect of temperature, VPD and COs2 treatments combined led to a net
negative effect on yield (Fig. 2.4a), with the greatest percent impact present in the medium

precipitation range (Fig. 2.4Db).

A 30% precipitation cut amplified the negative temperature and VPD impacts on yield
(Fig. A.3a & b) but diminished the positive COg effects (Fig. A.3c). These responses were
most pronounced under site-years with lowest precipitation levels, and led to further yield
loss (Fig. 2.4b). The negative yield impacts from temperature were greater than that from
VPD under higher precipitation levels, but vice versa under very low precipitation levels

(Fig. A.3d).

2.5 Discussion

Both the 2 degrees of warming and VPD increase associated with that warming can inde-
pendently lead to negative impacts on yield, with a larger yield decline due to the increased
VPD than due to warming (Fig. 2.1a). Previous studies have largely focused on warming
effects on yield loss (e.g., Lobell et al., 2013, 2011b, 2008; Peng et al., 2004; Asseng et al.,
2015; Battisti and Naylor, 2009), but our results emphasize the importance of increased
VPD levels that co-occur with warming. Elevated COs levels, on the other hand, can par-
tially alleviate yield loss from warming and increasing VPD, but at the levels we investigated
(2 degrees warming, doubling of COq from 400 to 800 ppm) the benefits from elevated COq
are not sufficient to completely compensate for the yield loss from warming and increased

VPD.
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2.5.1 FEffects of elevated VPD

Under elevated VPD conditions, our simulation results showed lower photosynthetic rates,
shortened growing season length, and a slight decrease in leaf area development (Fig. 2.1b).
All of these factors contributed to a final loss in yield (Fig. 2.1a). These responses stemmed

from increased water loss and water stress responses under a drier atmosphere (Fig. 2.2).

Various studies have demonstrated stomatal closure under dry atmospheric conditions
in order to prevent excess water loss (Bunce, 2006; Mott, 2007; Monteith, 1995), but despite
stomatal closure, transpiration often still increases under the greater water vapor gradient
between the leaf and the drier surrounding air (Monteith, 1995). This phenomenon has also
been demonstrated specifically in maize plants (Ray et al., 2002). Greater water loss can
increase the water stress levels experienced by plants, further influencing plant growth and
yield through stomatal closure, interruption or reduction in leaf elongation and expansion
(Cakir, 2004; Nonami, 1998; Tanguilig et al., 1987; Salah and Tardieu, 1996), or shortened
phenology (McMaster et al., 2005). We have accounted for these responses to water stress
in our study, as the soil component within MAIZSIM tracks water status changes in the
soil and the crop, quantifying it through soil and plant water potential (Fig. 2.2c). We find
that predawn leaf water potential (and thus water status) continues to drop throughout
the growing season under increased VPD (Fig. 2.2a) as stomatal closure is unable to fully
compensate for drier air (Fig. 2.2b).Differences in the precipitation ranges experienced by
individual site-years within treatment groups may have contributed to variations within
simulated leaf water potential and stomatal conductance, but the overall pattern due to the

climate treatments are still present.

The modified BWB model within MAIZSIM allows stomata to also respond to leaf water
potential (Yang et al., 2009a), in which water-stressed plants with low leaf water potential
show stomatal closure (Fig. 2.2). While carbon limitation through stomatal closure has less
of an influence on C4 plants compared to C3 (Ghannoum, 2009), we still observed a lower
photosynthetic rate (Fig. 2.1b) that accompanied stomatal closure under elevated VPD
conditions (Fig. 2.2c), likely due to site-years under drier conditions. Lower leaf water

potential in MAIZSIM also triggers a water stress response that reduces leaf expansion
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(Timlin et al., 1996; Yang et al., 2009b) and alters whole-plant carbon allocation such that
more carbon is partitioned towards roots instead of aboveground plant parts, causing the
reduction in total leaf area simulated (Fig. 2.1b). While phenology in MAIZISM does
not directly respond to soil or leaf water potential, the changes in leaf elongation rate
indirectly affected developmental time in each phenological stage, shortening the overall

growing season length (Fig. 2.1b).

2.5.2  Effects of elevated temperature

Temperature, when separated from VPD, had little effect on plant water status (Fig. 2.2).
Instead, the yield effects of temperature were directly through the temperature dependence
of various plant processes. This aspect can easily be confounded when temperature and
VPD are considered together. In contrast to VPD effects, increasing temperature showed
a combination of positive and negative effects on phenological (growing season length),
morphological (total leaf area) and physiological (photosynthesis) processes important for
growth (Fig. 2.1b), which partially compensated each other such that the negative impact
caused by warming was slightly lower than that caused by increased VPD (Fig. 2.1a).
The cumulative effect of warmer temperatures throughout the growing season showed
a pronounced impact in accelerating development (Fig. 2.1b), moving the plants through
phenological stages more quickly, reaching the reproductive stage and maturity earlier (Kim
et al., 2012), but the shortened developmental time also led to lower yield. Farming practices
such as switching to more heat-tolerant cultivars and adjusting planting dates can modify
the overall growing season length, mitigating yield loss under hot and high VPD conditions
(Butler and Huybers, 2013; Sacks and Kucharik, 2011). We chose to set cultivar-related
model parameters constant. This approach allowed us to look at yield impacts from tem-
perature, VPD and COs independent of other changing factors, but inevitably neglects the
potential mitigating effects that can come from various farming and management practices.
Responses to warming in photosynthesis and leaf area development were lower in magni-
tude and varied in direction (Fig. 2.1b). Plants exhibit nonlinear temperature responses in

various physiological processes including photosynthesis (Sage and Kubien, 2007) and leaf
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growth (Kim et al., 2007). As a C4 crop, maize has a higher optimal temperature for many
physiological processes compared to C3 plants, and are generally more adapted to warmer
climates (Collatz et al., 1992). The direction and magnitude of temperature responses,
therefore, depend greatly on whether the environmental temperature is greater or lower
than the optimal temperature of each process (Kim et al., 2007). Due to this nonlinearity
in temperature responses, the warming treatment we imposed did not consistently lead to
negative impacts on photosynthesis and leaf area development, but instead varied with the
range of baseline temperatures found at each simulation site (Table A.1). Cooler and wetter
sites (i.e. Iowa, Nebraska) showed slightly positive temperature effects on photosynthetic
rates (4.37 £1.27, 4.49 +2.91%, respectively). In contrary, the warmest and driest site (i.e.
Oklahoma) showed negative effects (-3.53 +2.46%).

2.5.8 Effects of elevated COs and precipitation

Decreased stomatal conductance under our elevated CO2 simulation (Fig. 2.2¢) led to water
savings and increased predawn leaf water potential later in the growing season (Fig. 2.2a).
While improved plant water status benefited yield, the overall effects were not sufficient to
outweigh the negative effects from temperature and VPD (Fig. 2.1a). The magnitude of
positive CO9 impact on yield varied systematically with total growing season precipitation,
with dry years and locations showing a greater mitigating effect from elevated CO- levels
and vice versa (Fig. 2.3d). This response is commonly documented for C4 plants, in which
benefits of elevated CO2 on crop growth are often only pronounced under water stressed
conditions (Ghannoum, 2009). Water savings have been more consistently documented in
maize plants under elevated CO4 conditions, either through lower evapotranspiration rates
(Kim et al., 2006) or water use (Chun et al., 2011). On the other hand, CO2 impacts
on yield have been more variable and dependent on the level of water stress plants experi-
ence; chamber studies and Free-Air COy Enrichment (FACE) experiments specific for maize
showed little to no positive COq effect on yield under well-watered conditions (Chun et al.,
2011; Kim et al., 2006; Leakey et al., 2006), while yield boosts up to 40% were observed
under droughted conditions (Manderscheid et al., 2014).
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The magnitude of positive CO9 impact within our simulations range approximately from
10-30% (Fig. 2.3d). These values are comparable with FACE site studies that observed
large positive yield boosts from elevated COy concentrations (Manderscheid et al., 2014).
Durand et al. (2018) further tested how a collection of maize models represented the COs-
water interacting effect demonstrated by Manderscheid et al. (2014) and revealed that
despite a wide range of variability, models that specifically describe stomatal responses to
COy performed better in capturing the interacting effect between CO2 and water status.
MAIZSIM represents stomatal and photosynthetic response to COs, along with drought
responses in leaf area development and carbon partitioning (Yang et al., 2009a,b). It is
also coupled with a soil module that explicitly tracks the movement of water down the
soil column, and represents water potential both in the soil and in the crop (Timlin et al.,
1996), making it suitable to explore the interacting effect between CO2 and water status. In
addition, our choice of soil composition resembles a well-drained soil, which can potentially
lead to water stress under rain-fed conditions. This can partially explain the positive COq
effects that were still present under site-years with higher precipitation levels (Fig. 2.3d).
Precipitation patterns throughout the growing season may also contribute to the positive
COgy effects, even under site-years with higher total growing season precipitation since a
high total growing season precipitation does not always correspond to optimal precipitation
for maize growth. When looking into the growing season precipitation patterns, we noticed
that site-years with more consistent rainfall showed less of a positive CO2 responses (Fig.
2.3c, small arrows), while years with lower or more variable rainfall events, especially earlier
on in development or during the grain-filling stage, resulted in greater positive COq effects
on yield (Fig. 2.3c, big arrows). This is likely due to the shallower rooting profile in younger
plants within the model that make plants more susceptible to early growing season drought,
and water-stress impacts on carbon allocation during the grain-filling stage, respectively.

The greatest absolute (Fig. 2.3a & b) and percentage (Fig. 2.3d) yield loss from warmer
temperatures and elevated VPD occur under a mid-range precipitation level. This pattern
suggests that sufficient rainfall partially alleviated the negative impact from elevated tem-
perature and VPD, while droughted conditions served as an additional stressor on top of

warm temperatures and elevated VPD (Farooq et al., 2009), likely limiting the additional
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contribution of elevated temperature and VPD to yield loss. The interaction that tempera-
ture, VPD, and COs effects exhibit with varying precipitation levels demonstrated how the
relative contribution of each factor on final yield, as well as their combined effects, can shift

with plant water status (Fig. 2.3d & 4b).

Plant water stress can arise from high atmospheric water demand (VPD), low below-
ground water supply (soil water potential), or a combination of the two (Novick et al., 2016).
Both processes can independently limit crop growth through their effects on plant water
status (Salah and Tardieu, 1996; Cakir, 2004). While precipitation level is a quick indicator
for water supply and potential drought, several other factors such as soil properties, root

development, and rooting depth together determine final water availability.

2.5.4 Future projections

As temperatures are projected to continue rising over the coming decades, so are VPD lev-
els (IPCC 2013a). Projected increases in VPD mainly follow the patterns of warming, as
warmer air has the capacity to hold more water vapor, and thus the deficit from saturation
increases with temperature. Even if relative humidity remained constant as temperatures in-
creased, VPD would still increase due to the non-linear nature of the Clausius-Clapeyron re-
lation. However, projections suggest decreasing relative humidity over land under a warmer
climate (Byrne and O’Gorman, 2016) which would lead to even larger increases in VPD.
This poses a challenge in yield projection for models that do not consider temperature and
VPD independently. Further, recent studies have also shown that stomatal closure under
increasing COs levels can limit water vapor input into the atmosphere, amplifying this
trend of atmospheric drying due to vegetation and climate interactions (Berg et al., 2016;
Swann et al., 2016). This decoupling between temperature and VPD is likely to lead to
greater increases in VPD than predicted from temperature alone, which poses a challenge
in yield projection for models that do not consider temperature and VPD independently,
and emphasizes the importance of understanding the independent role of VPD in crop yield

projections.
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2.6 Conclusions

Our process-based modeling approach allowed us to quantify the direction and magnitude
of the impact temperature, VPD and COs independently had on final yield. While the ab-
solute values shown in our results are specific to our model structure and setup, our results
provided insight for the mechanisms behind these yield impacts: either through phenological
(growing season length), morphological (leaf area development), or physiological (photosyn-
thetic rate) processes. Our results illustrated that elevated VPD levels contributed greatly
to the simulated yield loss under warming. This occurred through mechanisms linked to
changes in water relations and were directly counteracted by water savings experienced un-
der elevated CO5 concentrations. These mechanisms were different from those that led to
yield loss under warmer temperatures, which mainly acted through a shortened growing
season. We also highlight the importance of water availability and its interaction with other
climate properties (i.e. temperature, VPD, CO2). While overall yield is reduced in lower
precipitation years, the relative importance of each treatment factor on yield varies depend-
ing on the amount of precipitation. The relative yield boost from elevated COs levels were
larger in the lowest precipitation years and yield declines from warming and increased VPD
were larger in the medium to low precipitation years. Such mechanistic and quantitative
information on how different climate factors act independently and interactively to affect
plant growth and yield can aid breeding programs for targeted breeding aimed towards

climate change adaptation.

While climate plays a critical role for plant growth and production, management prac-
tices such as irrigation, fertilization, changes in planting dates or cultivars are also extremely
important factors that affect the productivity within agricultural systems. Our work pro-
vides a starting point in examining the independent roles temperature and VPD play in crop
yield projections, as well as their interactions with rising COs concentrations and varying
precipitation levels. Expanding this analysis to a broader geographic range with a wider
representation of baseline climate conditions, while considering additional impacts from soil
moisture, cultivar choices and farming practices, would provide further insight into the un-

certainty in crop yield projections across agro-climate regions, and can provide guidance for
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acclimation and adaptation strategies moving forward under a changing climate.
2.7 Acknowledgement

We thank Kyungdahm Yun for the technical support in setting up the MAIZSIM model.
ALSS acknowledges support from NSF award AGS-1553715 to the University of Washington,
and S-HK acknowledges support from a Specific Cooperative Agreement (58-8042-6-097)
between USDA-ARS and the University of Washington. Finally, funding for AmeriFlux

data resources was provided by the U.S. Department of Energy’s Office of Science.



32

2.8 Figures and tables
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Figure 2.1: a) Percent yield impact from 2°C warming, increased VPD that accompanies 2°C
warming, doubling of CO2 levels from 400-800 ppm, and the combination of all three factors
across all study locations and years. b) The percent change in growth factors (growing season
length, photosynthetic rate, total leaf area) under temperature, VPD and CO; treatments.
Error bards denote standard error calculated across simulation sites and years.
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Figure 2.2: Average predawn leaf water potential (MPa) and stomatal conductance
(mol-m2-s7!) across developmental stages of emergence, tassel initiation, silking, and grain
filling for single climate treatments (a, ¢) and climate treatment combinations (b, d). Sin-
gle climate treatments include Control (open circle), Temp (orange), VPD (purple), COq
(green), while climate treatment combinations include Temp+CO; (light green), VPD+COq
(blue), Temp+VPD (pink), and All (grey). Error bars denote variability between site and
years.
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Figure 2.3: Direction and magnitude of yield change between treatment and control yield
across precipitation range within simulated sites and years for a) temperature, b) VPD, and
¢) COq. The vertical grey lines categorize the precipitation range into very low (<400 mm
growing season precipitation), low (400-500 mm), medium (500-600 mm), and high (>600
mm) precipitation levels. d) Percent yield impact from 2°C warming (orange), increased
VPD that accompanies 2°C warming (purple), and doubling COq levels from 400-800 ppm
(green) under different precipitation ranges. Error bars denote standard error calculated
across simulation sites and years.



35

2101 @ v L (b) Normal Precipitation
180 | ‘ 5 10 r 30% Precipitation Cut
v —_—
=3 L v ©
I U I
[oX -
) 120 4 ., g %‘ |{|
s ® | g
— _10 -
> g0 | et Y E
N v v S
L 3
30 v Vv lg -20 r
o 1 1 1 1 1
200 400 600 800 1000 LK R R
Growing Season Precipitation (mm) << R 3 3
S S & $
NG S Y
& N

Figure 2.4: Direction and magnitude of yield change between the treatment (temperature,
VPD and CO5 combined) and controlled yield across precipitation range within simulated
sites and years. The blue lines show results from the normal precipitation range, while
the brown lines show results under a 30% rainfall cut. The vertical grey lines categorize
the precipitation range into very low (<400 mm growing season precipitation), low (400-
500 mm), medium (500-600 mm), and high (>600 mm) precipitation levels. b) Percent
yield impact from temperature, VPD and CO4 all combined across precipitation ranges for
normal precipitation (blue) and 30% rainfall cut (brown).
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Table 2.1: Treatment description and simulated kernel yield.

Treatment Description Simulated Yield (g/plant)
Control Ameriflux weather data input. 103.24 + 2.10
Elevated Temp 2°C warming with VPD held constant. 92.21 +1.84
Elevated VPD VPD increases that occur under a 2°C warming, but with 88.71 £1.85
temperature held constant. Average VPD increases across
all simulation site and years are 1.19 4+ 0.66 (kPa).
Elevated CO4 Elevated CO2 levels from 400 ppm to 800 ppm. 117.98 + 2.22
Temp + VPD 2°C warming plus increased VPD. 77.33 £1.84
Temp + COq 2°C warming plus elevated COs. 106.15 + 1.97
VPD + COq Increased VPD plus elevated COs. 109.66 £ 2.20
All 2°C warming, increased VPD, and elevated COs combined. 97.50 + 2.04
Drought 30% rainfall cut. 86.18 +1.80
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Chapter 3
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3.1 Abstract

Breeding for new crop characteristics and adjusting management practices are critical av-
enues to mitigate yield loss and maintain yield stability under a changing climate. However,
identifying high-performing plant traits and management options for different growing re-
gions through traditional breeding practices and agronomic field trials is often time and
resource-intensive. Mechanistic crop simulation models can serve as powerful tools to help
synthesize cropping information, set breeding targets, and develop adaptation strategies to
sustain food production. In this study, we develop a modeling framework for a mechanistic
crop model (MAIZSIM) to run many simulations within a trait x environment X manage-
ment landscape and demonstrate how such a modeling framework could be used to identify
ideal trait-management combinations that maximize yield and yield stability for different

agro-climate regions in the US.
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3.2 Introduction

Food demand is increasing but our ability to sustain crop productivity will be impacted
by a warming climate. Breeding has consistently played a critical role in the progress
of continuous yield gain and was estimated to account for up to 50-60% of the total on-
farm yield gain in the past several decades (Duvick, 2005). These gains through genetic
improvements are complemented by changes in management practices, such as an increase
in fertilizer use, chemical weed control, higher planting densities, and earlier planting dates
(Kucharik, 2008; Cardwell, 1982). Recently, however, practices such as nitrogen application
and weed control are nearly fully exploited in the US corn belt; simple adjustments in
management strategies alone are likely insufficient to sustain an increasing yield trend.
Additional yield gains would need to rely further on genetic improvements in new cultivars,
as well as management changes that accompany climate-resilient characteristics to fully
leverage the interactions among genetics, environment, and management (the G x E x M

paradigm, Hatfield and Walthall (2015)).

Continued development of new cultivars better-suited for future climate is critical for
sustaining current yield trends or to prevent yield loss (Challinor et al., 2017; Burke et al.,
2009). Progress in breeding for climate adaptation has been demonstrated in several areas,
including changes in morphological traits (e.g. improved root system architecture that
improves soil water access; Hammer et al. (2009)), increases in drought and salinity tolerance
(Fita et al., 2015; Messina et al., 2020a), improvements in physiological traits (e.g. greater
nitrogen use efficiency; Fischer and Edmeades (2010)), and shifts in copping duration (Zhu
et al., 2018), to name a few. Our ability to utilize the genetic diversity preserved in wild
relatives, landrace species, and undomesticated wild species to develop new climate-ready
cultivars is increasingly important to achieve sustainable and intensified food production

(McCouch et al., 2013; Godfray et al., 2010).

Maize trait changes in the past few decades have also been accompanied by shifts in crop
management practices, such as more erect plant forms that facilitated notable increases in
planting densities (Duvick, 2005), shifts towards earlier planting dates by about 3 days per
decade (Butler et al., 2018; Zhu et al., 2018), increases in nutrient supply (Duvick, 2005),
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and increases in area irrigated (Mueller et al., 2016). In addition, the suitability of a cultivar
often varies considerably across environmental gradients (e.g. Messina et al. (2015)), thus
optimal plant traits and management options are usually identified within defined target
environments (Cooper et al., 2016). This breeding strategy allows for designing different
cultivars to perform favorably and withstand stresses in their target environments, and
what is considered “ideal” may differ between locations and climate. We expect optimal
management to shift under future climate conditions and in combination with different
phenotypic traits, providing important means of adaptation in many systems (Deryng et al.,
2011).

Mechanistic modeling tools that integrate physiological, morphological, and phenological
properties of a crop (G), their performance under different management options (M), and
their interactions with the surrounding environment (E) on a whole-plant level can serve
as useful tools for breeding practices through the quantification of a yield-trait-performance
landscape (Messina et al., 2011). The structure of such models allow for testing effects
of traits (e.g. leaf elongation rate, total leaf number) on integrated outcomes such as
yield. While mechanistic crop models may not specifically describe genetic-level properties,
higher-level traits are often used as proxies to describe the underlying genotype. This makes
models ideal tools to test and screen for potentially promising traits and management (7' x
M) combinations under different climate and environmental conditions (E) as a first step
before carrying out actual breeding practices (Andrivon et al., 2012; Messina et al., 2011),
and on large scales that are often not feasible under actual experimental settings (Peng
et al., 2020; Cooper et al., 2020; Hammer et al., 2020). Such information can further be
used to synthesize cropping knowledge, set breeding targets, and develop climate-targeted
adaptation strategies to sustain food production.

Despite broad recognition that mechanistic, process-based crop simulation models can
be a powerful tool to synthesize cropping information, set breeding targets for develop-
ing climate-ready crops, and develop adaptation strategies for sustaining food production
(Muller and Martre, 2019; Messina et al., 2020a), few comprehensive studies have been
performed to produce climate-specific trait and management combinations for staple crops

including maize in the US, a necessity given rapidly changing environmental conditions fac-
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ing the US cropping systems. In this study, we construct a modeling framework to identify
targeted plant traits and effective crop management to achieve maximum crop performance
in both the current and future climates. Specifically, we addressed how an ensemble of
plant traits (i.e. physiology, morphology, phenology) combined with realistic adjustments
to management choices (i.e. shifting planting dates, planting density, and row spacing)
can be used to build resilience and improve productivity under the stresses induced from a

changing climate.

3.3 Material and methods

We set up a data-model framework to quantitatively identify high performing regions within
a T x E x M landscape. The framework consists of three main components (Fig. 3.1):
1) a process-based crop simulation model (section 3.3.1), 2) model inputs to drive the
model, including present-day climate information (section 3.3.2), idealized future climate
information (section 4.3.4), simulation site soil information (section 3.3.4), and sampled
trait and management options (section 4.3.3), and 3) processed model outputs that identify
performance within the T x E x M landscape (section 3.3.6 - 3.3.7), and summarized

in-season growth outputs (section 3.3.8).

3.8.1 Process-based crop simulation model - MAIZSIM

MAIZSIM is a deterministic and dynamic model developed and calibrated for maize plants
to represent key physiological and physical processes such as gas exchange, canopy radiative
transfer, carbon partitioning, water relations, nitrogen dynamics and phenology (Kim et al.,
2012). MAIZSIM interfaces with a 2-dimensional finite element model (2DSOIL) that simu-
lates a dynamic soil water and nutrient vertical 2D profile (Timlin et al., 1996). The coupled
model responds to daily or hourly meteorological information throughout the growing season
that includes temperature, relative humidity, solar radiation, and COs concentrations.

At the leaf-level, MAIZSIM captures gas exchange processes through a C4 photosynthesis
model (von Caemmerer, 2000) coupled with a stomatal conductance model (Ball et al., 1987)
and an energy balance equation (Collatz et al., 1992); leaf-level gas exchange processes are

scaled to canopy-levels using a sunlit/shaded leaf framework (de Pury and Farquhar, 1997).
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The model simulates crop development throughout the growing season following a nonlinear
temperature response (Yin et al., 1995), and adopts a leaf area model developed by Lizaso
et al. (2003) to describe the expansion and senescence of individual leaves. MAIZSIM
dynamically simulates leaf water potential and uses it to trigger water stress responses
such as reduced growth rate and hastened senescence when values drop below designated
thresholds (Yang et al., 2009b).

The model has been validated at different scales — including physiological aspects such
as gas exchange (Yang et al., 2009a), leaf development and biomass gain (Kim et al., 2012),
leaf growth water stress responses (Yang et al., 2009b), as well as field-level validations in
AgMIP projects (Bassu et al., 2014; Kimball et al., 2019) and FACE site studies (Durand
et al., 2018) that tested for yield responses to different temperature and COg conditions.
The model has also recently been used to test the independent impacts of temperature

versus VPD on growth and yield in maize growing regions in the US (Hsiao et al., 2019).

3.3.2  Present-day climate data

We assembled hourly data of temperature, relative humidity, precipitation, and solar ra-
diation over years 1961-2005 for our simulation sites as weather data input for our model
simulations. Specifically, we accessed hourly air temperature (7y;-), dew point temper-
ature (T4e,), and precipitation data from the NOAA National Center for Environmen-
tal Information Integrated Surface Hourly database (https://www.ncdc.noaa.gov/isd),
and hourly solar radiation data from the National Solar Radiation Data Base (https:
//nsrdb.nrel.gov/data-sets/archives.html).

We followed the Clausius-Clapeyron equation (Eqn. 3.1-3.2) to back out atmospheric

humidity information in the form of relative humidity (RH) from T,; and Tijey:

Ly 1 1)

R _
ES = EST@f . eR’U Tref Tair

(3.1)

LJ( 11 )
E:EST‘ef'eRv Tref Tgew

(3.2)

The equation uses the saturation vapor pressure (Eg.. 7, 6.11 mb) at a reference temperature

(Tyef, 273.15 K), the vaporization latent heat (L, 2.5-10% J kg™!), and the gas constant (R,,
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461 J K 'kg™!) to calculate the saturated water vapor pressure (FEs, mb) and the actual water
vapor pressure (F, mb) at air temperature (Ty;r, K). We then use E and FEy to calculate
RH (%) (Eqn. 3.3):

E

H=— .
RH = 4 (3.3)

We selected overlapping sites and years that had data available from both the Inte-
grated Surface Hourly Data Base and the National Solar Radiation Data Base over years
1961-2005 and filtered for site-years that had less than two consecutive hours of miss-
ing data throughout the growing season (broadly defined to be between February 15¢ —
November 30'") and retained at least two-thirds of the weather data (Fig. B.1). We
then gap-filled any missing data by linearly interpolating the missing information with
weather data of the hours prior and post the missing data point. Next, we linked valid
weather stations with maize planting area and irrigation level data accessed through the
United States Department of Agriculture — National Agriculture Statistics Service (USDA-
NASS, https://www.nass.usda.gov/Data_and_Statistics/index.php). Specifically, we
calculated the average maize planting area across our simulation period (1961-2005) in the
continental US and accessed average irrigation level (%) for the same sites through four
available census years (1997, 2002, 2007, 2012) (Fig. B.2). We used the planting area and
irrigation level averaged across five USDA-NASS sites closest to each weather station (via
Euclidean distance) to represent their cropping information, and to exclude sites that either
had less than 10,000 acres of corn planted or had greater than 25 % of crop land irrigated.
We excluded sites with less than 15 years of data to insure sufficient sampling to assess
inter-annual climate variability (Soltani and Hoogenboom, 2003; Van Wart et al., 2013).
Following this method, we were able to compile 1160 site-years of meteorology data for our
simulations, which included a total of 60 sites, each site with available weather data ranging

from 15-27 years (Fig. 3.2).

3.8.8 Idealized projected climate

We assembled idealized projected climate information at two future time points, 2050 and

2100, to analyze crop performance shifts under future climate (Table 3.1). Specifically,
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we created monthly temperature and relative humidity anomaly maps under a substantial
but not extreme greenhouse gas emissions scenario (SSP3-7.0, Riahi et al., 2017) from the
latest Coupled Model Intercomparison Project version 6 (CMIP6) outputs; we used these
anomaly maps to calculate location-specific warming and associated changes in relative
humidity levels throughout the growing season for each simulation site (Fig. 3.3). This
method preserves correlations between climate variables (i.e., between temperature, relative
humidity, and solar radiation) on short timescales and limits known biases in modeled
variability (Vargas Zeppetello et al., 2019; Donat et al., 2017). Since both magnitude and
pattern of future precipitation projections are highly uncertain, we applied a general trend of
precipitation reduction in accordance to the SSP3-7.0 scenario, and increased atmospheric
concentrations of COs to 550 ppm and 850 ppm for years 2050 and 2100, respectively
(O’Neill et al., 2016).

Table 3.1: Description of idealized climate treatments with projected changes in temperature
(T), relative humidity (RH), precipitation (precip.), and projected COg concentrations by
years 2050 and 2100 under the SSP3-7.0 emission scenario.

Year Climate Scenario

2050 + 1.4 °C mean T, -RH, -15% precip, 550 ppm
2100 + 3.1 °C mean T, -RH, -30% precip, 850 ppm

3.8.4 Soil data

We used soil information from USDA-NASS locations nearby our simulation sites to curate
site-specific soil files for each location. Soil properties are highly heterogeneous, and since
our simulation sites are based on weather station locations that do not directly come from
agricultural land, we use this method to broadly represent soil makeup of agricultural sites
within the region without skewing towards any particular site. We queried soil information
from the National Resources of Conservation Services (NRCS) SSURGO soil database (Soil
Survey Staff) to identify soil properties for each NASS location with maize planting area

greater than 10000 acres and irrigation levels less than 25%. For each site, we accessed soil
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information at five depth categories (surface, 50, 100, 150, and 200 cm), which included
sand-silt—clay—organic matter composition, soil bulk density (the oven dry weight of less
than 2 mm soil material per unit volume of soil at a water tension of 1/3 bar), and the
volumetric content of soil water retained at a tension of 1/3 bar (33 kPa, field capacity)
and 15 bar (1500 kPa, wilting point) expressed as a percentage of the whole soil. With
the sand-silt—clay composition, we categorized the queried soil data into 12 texture groups
following the USDA Textural Soil Classification (Staff, 1999) and excluded sites classified as
Sandy or Clay due to their lack of representation in agricultural fields. Next, we determined
the soil class within each depth category for all our simulation sites by assigning it the most
prevalent soil class from it’s 11 nearest NASS sites calculated through Euclidean distance,
and assigned it the mean soil conditions of that texture-depth class averaged across all NASS
sites within that category. Finally, we estimated soil hydraulic properties of each soil type
through a water release curve predicted by the van Genuchten equation (van Genuchten,

1980).

8.8.5 Sampling within the trait and management space

We selected several key model parameters that represent a range of maize traits and man-
agement options to investigate combinations that lead to high performance under present
and future climate conditions. Since we do not have robust observation-based data on
the natural distribution and boundaries of most parameters, we assumed a uniform dis-
tribution and set biologically reasonable boundaries around literature-based default values
(Table 3.2). We assumed all parameters to be non-correlated and used a Latin hypercube
sampling method (McKay et al., 1979) to create 100 different trait-management (T x M)

combinations within the parameter space.

3.8.6  Performance within the G x E x M landscape

We defined high crop performance as crops that achieve high yield (i.e. yield mean across
years) and high yield stability (i.e. yield dispersion across years). We developed a cost

function (Eqn. C.3) to quantify the performance of any T x M combination by calculating
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its distance to a theoretical best-performing combination within the yield and yield stability

space (Eqn. C.3):

Dscore == \/wyield * (ymean - ymaz)2 + wdisp * (ydisp - dmin)2 (34)

Ymean and Ygisp represent mean yield and yield dispersion (variance/mean) across years for
the target T x M combination at a specific simulation site, respectively. We standardized
yield and dispersion to values between 0 and 1 to avoid skewed contribution due to difference
in scale. Ymaz and dp, denote the standardized maximum mean yield (1) and minimum
yield dispersion (i.e., maximum yield stability, 0) achieved within all T x M combinations
at a specific simulation site. wy;eiq and wg;s, are empirical coefficients between 0 and 1 that
assign weighted importance to yield mean and yield dispersion, respectively.

We used the calculated Dgcore to rank the top 20 performing T x M combinations
for each simulation site. We determined an overall ranking for each T x M combination
based on their rankings across all simulation sites (Fig. 4.1a). With this method, T x
M combinations with high rankings across a few sites versus combinations with medium
ranking across several sites can all result in overall high performance. T x M combinations

that do not rank within the top 20 performers at any site will not receive a ranking.

3.8.7 Regional difference in performance

We used a climate space approach to identify how the performance of G x M combinations
differed with baseline climate conditions. We used a k-means clustering algorithm to cluster
our sites based on mean growing season temperature and VPD, and total growing season
precipitation, roughly dividing our simulation sites into four groups of climate spaces -
cool and medium precip, mild, warm and wet, and warm and mild to dry (Fig. 3.6). We
analyzed the performance of G x M combinations within each cluster of sites by calculating

a standardized performance score (Eqn. 3.5):

n
i1 R

Rz * 1

PSCOT’G -

(3.5)

R; denotes the performance ranking of a G x M combination at site ¢ among a total of
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n sites within each climate space, and R4, indicates the maximum performance ranking
a G x M combination can achieve at a single site. In our workflow, we only considered
the top 20 performing G x M combinations when ranking high performing combinations
(see section 3.3.6), SO Ryqr equals 20. The resulting standardized performance score ranges
between 0 and 1, in which a G x M combination that ranks with highest in performance

across all locations within the climate space would receive a Pscopre of 1.

3.3.8 In-season model outputs

MAITZSIM generates outputs of a number of plant growth outputs throughout the growing
season on an hourly time step. We describe in Table 3.3 a select few outputs in more
detail. We summarized these high time frequency outputs across four phenological stages
(emerged, tassel initiation, tasseled and silked, and grain-filling) to facilitate analysis and
interpretation. Specifically, we queried net photosynthetic rate (Ay), net carbon gain (Py),
and stomatal conductance (gs) values from daylight hours, and averaged them within the
designated phenological stages. We represented ear biomass, total biomass, and total leaf
area (ear_biomass, total_biomass, LA) within each developmental stage with maximum
values within each stage. Finally, we queried water supply, demand, and deficit (ET _supply,
ET _demand, water_de ficit) values at noon and averaged all values within each phenological
stage, and represented predawn leaf water potential (V) with values queried at 5 am, and

averaged the all values within each phenological stage.

3.3.9 FEzxperiment setup and model simulation

We prescribed the sampled planting density (Table 4.1, pop) for each ensemble member and
adjusted the planting date for each ensemble member and simulation site based on climate
and growing degree days (GDD) requirements. We calculated GDD for each simulation site
through accumulated heat units starting from February 1st with a base temperature of 8°C
(Kim et al., 2012) and determined the planting date once GDD surpassed the sampled for
each ensemble member (Table 4.1, gdd). This led to earlier planting dates in warmer regions

and vice versa (Fig. 3.7), and created diversity in cropping cycle start time among T x
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Table 3.3: Key MAIZSIM outputs

Output Description Unit

A, Net photosynthetic rate pmol COs m™2 sec!
P, Net carbon gain g /plant hour
Js Stomatal conductance g HoO m™2 sec!
ear_biomass  Total ear biomass g/plant
total_biomass Total plant biomass g/plant

LA Total leaf area cm?
phenostage Phenological stage -

ET _supply Evapotranspiration (ET) supply g H2O

ET _demand  Evapotranspiration demand g HoO
water_deficit ET demand - ET supply g HoO

v Leaf water potential MPa

M combinations, mimicking early versus late-planting cultivars (Fig. 3.13). To simulate
well-fertilized conditions, we prescribed a total of 200 kg ha™ of nitrogen throughout the
growing season, applying half as base fertilizer prior to planting and the rest top-dressed

one month post planting.

For each simulation site, we ran the MAIZSIM model with default parameters that
represented a generic crop cultivar across all locations (see default values in Table 4.1).
Next, we carried out a site-level ensemble of simulations in which we used past meteorology
data (see section 3.3.2) to each of the 100 trait-management parameter combinations (see
section 4.3.3) for each of our 1160 site—years (see section 3.3.6) and identified top performing
(high yield and yield stability) trait-management combinations. Finally, we repeated the
site-specific trait and management ensemble of simulations with idealized future climate
(see section 4.3.4) to understand how high performing trait and management combinations

under current climate conditions fared under future climate.
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3.3.10 Model validation

We validated simulated yields with default parameter values (control phenotype, see Ta-
ble 4.1) with historic yield data from the United States Department of Agriculture — Na-
tional Agriculture Statistics Service (USDA- NASS, https://www.nass.usda.gov/Data_
and_Statistics/index.php). We compared yield data from observation sites closest to
our simulation sites calculated through a Euclidean distance (Fig. 3.8). We scaled our
whole-plant level simulation outputs to field level by applying a planting density of 10 plants
per m? and compared our simulated yield with averaged yield observations in between years
2005-2012, since our default parameter and management options resemble modern-day plant

traits, planting density, and planting dates.
3.4 Results and discussion

3.4.1 Model validation

In general, simulated yields showed less spatial difference compared to observations (Fig.
3.8). The model captured historic yield observations well in the higher latitude Corn Belt
regions but overestimated yield in various warmer sites in southern locations (Fig. 3.9).
Southern locations experience much warmer temperatures, especially during later parts of
the growing season (Fig. B.3, grain-fill). While MAIZSIM dynamically describes tempera-
ture and water stress throughout the growing season through impacts on gas exchange and
leaf developmental processes, the model lacks direct depiction of climate stress responses
on reproduction processes such as flowering, pollination, and grain-filling, which are likely
reasons for the yield over-estimation in warmer regions.

Cultivar differences between crops planted in southern versus northern locations could
also contribute to these discrepancies. Farmers in warmer southern locations choose cultivars
that are both planted and harvested earlier in the growing season, leading to an overall
shorter crop cycle duration compared to those planted in the north (USDA-NASS, Crop
Progress and Conditions). While our simulation set up captures earlier planting in warmer
regions (Fig. 3.7), it does not capture potential differences in cultivar and management

choices that growers in the south have likely been opting for in order to avoid late season
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heat and water stress. Finally, we note that by applying a universal soil depth (200 cm), we
may be overestimating soil water availability. This could disproportionately affect warmer
locations in south, in which late-season water availability could partially alleviate water
stress later in the growing season and contribute to yield overestimation in those locations

(Fig. 3.9).

3.4.2 Performance difference across climate spaces

In Hsiao et al. (2022b, submitted), we followed the framework described in this paper and
identified several top-performing strategies among all T x M combinations under present-
day and future climate conditions, categorized based on different combinations of pheno-
logical (grain-filling start time and duration) and morphological (total leaf area) features.
Top-performing strategies under present-day climate conditions included T x M combina-
tions that either reached reproductive stage early (Early Starting), were slow in aging (Slow
Aging), stress averting (Stress Averting), or had large canopies and were high in yielding
(High Yielding). More details are described in Hsiao et al. (2022b) and briefly summarized

below.

Early Starting, Slow Aging, and Stress Averting strategies all have a smaller canopy
size and relatively earlier transition times from vegetative to reproductive stages, but dif-
fer in grain-filling duration. Slow Aging strategies have long grain-filling durations that
prolong cropping duration, while Stress Averting strategies display the shortest longevity,
allowing plants with this strategy to complete their cropping cycle early and avoid late sea-
son stressors such as dry and hot conditions. On the other hand, High Yielding strategies
have larger canopy sizes accompanied by delayed transition from vegetative to reproductive
stages. While all categorized as top-performing under present-day climate, these strategies
showcase a range of trade-offs between yield and yield stability, with performance differing
across simulation sites (Fig. 4.1, 3.10) and climate spaces (Fig. 3.11a).

Under current climate conditions, T x M combinations with Slow Aging strategies tend
to be generalists, showing high performance across all climate spaces. On the other hand,

strategies such as Farly Starting fared best in cool and wet regions, while High Yielding
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strategies perform best under warm and wet conditions (Fig. 3.11a). Under future climate
conditions, we observed an overall yield loss for all T x M combinations in most simulation
sites (Fig. 3.12), including strategies that improved in performance ranking with climate
change (Fig. 3.12a), such as High Yielding and Large Canopy (Fig. 3.11c). In general,
warmer regions with low precipitation levels exhibited the greatest yield sensitivity (% yield
loss per degree C of warming, Fig. 3.12); high-performing strategies under future climate
partially buffered, but did not prevent yield loss.

High-performing strategies under present-day climate conditions shifted with climate
change (Fig. 3.11b, ¢). T x M combinations with early starting strategies experienced the
greatest drop in performance ranking overall, showing declines in most climate spaces (Fig.
3.11c, Early Starting). Slow aging strategies still remained one of the higher performers
by the end of the century (Fig. 3.11b, Slow Aging), but showed clear performance ranking
declines in warm climate spaces (Fig. 3.11c, Slow Aging), allowing several other strategies
to compete for top performance in those climate spaces (Fig. 3.11c); T x M combinations
with high yielding and compensating strategies progressed further in performance ranking
(Fig. 3.11c, High Yielding), and new high-performing strategies with larger canopies and
delayed transition timings into reproductive stages emerged (Fig. 3.11lc, Large Canopy,

Compensating, Middle Ground).

3.4.8 Mechanisms for performance improvement

We analyzed detailed in-season outputs of various phenological, physiological, and morpho-
logical outputs of the model (Table 3.3) and describe here some general trends observed in

top-performing T X M combinations.

Phenology

Climatological differences between simulation sites and parameter differences among T x M
combinations both lead to the range of phenology output we see in our simulation outputs
(Fig. 3.7, 3.13). Phenology differs across simulation sites due to imposed planting date

adjustments based on growing degree day requirements, allowing for an earlier planting
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date in warmer regions (Fig. 3.7). Climatological differences throughout the growing season
further shape the difference, especially during the grain-filling stage in which simulation sites
in the south become substantially warmer than those in the north (Fig. B.3), leading to
hastened development (Fig. B.5). On the other hand, phenology differs among T x M
combinations due to differences in perturbed traits linked to phenology (e.g. planting time,
developmental rate, leaf number, Fig. 3.13). High performing T x M combinations under
present-day climate conditions tend to show earlier starts in reproductive stages with a
longer duration (Fig. 3.13). Higher ranking T x M combinations tend to show a greater
fraction of grain-filling length over total growing season length (Fig. B.4b) despite no clear

trends in total growing season length (Fig. B.4a).

Physiology

Net photosynthetic rates are generally higher in top-performing T x M combinations during
transition from vegetative into reproductive stages (Fig. B.6), but the differences in pho-
tosynthetic rates become dominated by climatological differences between simulation sites
during the final grain-filling stage, with greater photosynthetic rates in warmer southern
regions (Fig. B.6). In general, we see a linear relationship between temperature and pho-
tosynthetic rate during vegetative stages (Fig. 3.14). This relationship eventually plateaus
around 28-30 °C later in the growing season, and starts to decline in a few warmest site-
years (Fig. 3.14b). While warmer temperatures generally led to higher photosynthetic rates,
hastened development and greater water deficit under warmer conditions also led to over-
all shorter grain-filing durations (Fig. B.7, B.5a), compensating one another, dampening
the overall difference between northern versus southern sites in terms of net carbon gained

throughout grain-filling (Fig. B.8) and final yield (Fig. B.9).

Morphology

Differences in simulated total leaf area was largely dominated by parameter make up within
T x M combinations, showing much less difference in simulated yield across sites (Fig. B.10).

Simulated plants approached full canopy sizes around tassel initiation, and top-performing
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combinations showed mid to lower total leaf area under present-day climate conditions.
This was consistent with most top-performers under present-day climate exhibiting early
transitions into reproductive stage (e.g., Slow Aging, Early Starting, Stress Averting). These
strategies partly achieved early reproductive start through short vegetative stages through

fewer total number of leaves and hence smaller canopy size (i.e., lower total leaf area).
3.5 Discussion

Crop production is expected to suffer under future climate conditions as the climate warms.
Adaptation of crop management practices, location of planting, as well as adaptation of
the crops themselves all have the potential to limit expected yield loss and help to sustain
agricultural productivity. However, we lack a systematic understanding of which adapta-
tions are likely to have the biggest impact and why, both critical pieces of knowledge for
agricultural planning. Mechanistic, process-based crop simulation models can be a power-
ful tool to synthesize cropping information, set breeding targets, and develop adaptation
strategies for sustaining food production, yet have been underutilized for developing specific
climate-adaptation options.

Breeding for and adopting new cultivars involve exploring and navigating the hills and
valleys of the G x E x M landscape, in which optimal plant traits and management options
are identified within defined target environments (Messina et al., 2011; Cooper et al., 2016).
Requirements from breeding, delivering, and adopting a desirable cultivar depends on many
factors, and the whole process can take from years to decades (Challinor et al., 2017). Recent
developments in breeding practices have greatly expanded the efficiency in genotyping and
phenotyping methods (Voss-Fels et al., 2019), yet the breeding pipeline is still time and
resource intensive, limiting its ability to explore the full range of G x E x M combinations
and interactions.

A typical breeding cycle starts out by exposing a large germplasm pool under extremely
high selection pressure, filtering genotypes from the order of 10® individuals down to a few
dozen promising candidates (Messina et al., 2020a; Cooper et al., 2014b). In the early stages
of a breeding program, trait selection is often limited to those that can easily be identified

through automated processes, and commonly based on plants in early developmental stages.
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It is not until later in the breeding cycle that selection criteria shift from genotype to
phenotype-based, and promising hybrids are evaluated on-farm at various locations with a
range of background climate conditions (Gaffney et al., 2015). Management optimization
also occurs around this time, in which field trials are set up to identify the best management
practices for the final candidates prior to commercial release. Further, common breeding
methods that either select for higher yield or eliminate defect traits do not allow for a clear
understanding of the mechanisms in which favorable traits contribute to greater performance
and yield, and effective combinations of plant traits, if not actively sought for based on a
mechanistic understanding of crop growth and yield, could only occur by chance (Donald,
1968).

There is growing recognition that mechanistic crop simulation models can be a power-
ful tool to synthesize cropping information, set breeding targets, and develop adaptation
strategies for sustaining food production. Such applications can complement current breed-
ing efforts of developing new climate-resilient cultivars by facilitating broad exploration of
the G x E x M landscape within a modeled setting as a first step (Muller and Martre, 2019;
Rotter et al., 2015; Cooper et al., 2020; Messina et al., 2020b). The process-based nature of
such models allow for mechanistic insight through which these adaptations influence yield
and their sensitivity to different climate factors, providing a more complete assessment of
the uncertainty associated with different possible climate conditions, including those that
do not currently exist yet.

Ramirez-Villegas et al. (2015) provided a few successful examples of model-aided breed-
ing projects, such as the New Plant Type program developed by IRRI for rice crops, in
which process-based models were used to help make informed decisions to target breeding
directions and resulted in new plant types that out-yielded conventional cultivars within two
breeding cycles (Peng et al., 2008). This success further inspired the super rice program
in China that led to newly developed rice varieties with 15-25% higher yield than common
hybrid cultivars planted in other regions in China (Peng et al., 2008). While model-aided
breeding practices are less commonly targeted towards a changing climate (Ramirez-Villegas
et al., 2015), demonstrated success under current climate suggest it as a promising pathway

to guide breeding direction for climate adaptation moving forward, and expanded experi-
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ments evaluating a range of G X E x M conditions can enable production system responses
to changing environmental conditions (Messina et al., 2020, Wang et al., 2019).

Regardless, thorough evaluation and application of crop models for developing specific
climate-adaptation options (e.g., designing adaptive phenotypes for specific soil-climate
combinations) for US agriculture remains scarce. We bridge this gap by constructing an
integrated data-model framework set up to explore crop performance across a defined G x
E x M landscape. With this framework, we identified high-performing plant trait and man-
agement combinations (G x M) best suited for current climate conditions, as well as targets
and priorities to adapt to impending climate stressors (E). Heterogeneity in performance
exists within the sampled climate space, which stemmed from underlying physiological, mor-
phological, and phenological processes within the simulated crop. Model outputs on hourly
time steps allowed us to compile detailed in-season outputs of various plant processes and
summarize them according to associated phenological stages. This form of model output
allows for more in-depth analysis that go beyond final yield and yield volatility, and inves-
tigation of mechanisms that contribute to high crop performance and the differences across
climate spaces and under future climate projections.

We demonstrate how such a framework can be used to identify adaptation options with
an emphasis on climate-resilient plant traits and effective management that will mitigate
yield loss and optimize productivity both across space and through time in US corn growing
regions under future climate conditions. Our modeling results demonstrate that application
of mechanistic modeling holds substantial promise to inform breeding within the US maize

production system.
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3.7 Figures and tables
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Figure 3.1: Diagram of the data-model framework.
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Figure 3.2: Simulation sites and number of years simulated (purple triangles), along with
historic maize yield and planting area data (green circles). Colors indicate yield and circle
size indicate planting area.
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Figure 3.3: Monthly pattern of warming derived from CMIP6 multimodel means for our
simulation sites. Numbers in color bar indicate temperature scaling values to multiply with
global average climate sensitivity to calculate projected warming for each simulation site.
For example, under our assumption of 3.1°C global average warming by 2100, a scaling value
of 2 for a specific simulation site will equal a total warming of 6.2°C for that location.
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Figure 3.4: Soil texture across simulation sites. Soil texture categories include clay loam
(ClLo), loam (Lo), loamy sand (LoSa), sandy clay loam (SaLoLo), sandy loam (SaLo), silty
clay (SiCl), silty clay loam (SiClLo), and silty loam (SiLo).
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Figure 3.5: Simulated a) yield, b) yield dispersion, and c¢) performance ranking of across
T x M combinations and locations. T x M combinations are ordered from top to bottom
starting from the highest performance ranking. Sites are order from left to right from sites
located in the south to the north.
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Figure 3.6: a) Map of simulation sites clustered based on mean growing season temperature
(°C), mean growing season VPD (kPa), and total growing season precipitation (mm). Mean
growing season temperature (°C), mean growing season VPD (kPa), and total growing
season precipitation (mm) levels for all simulated site-years (b, c).
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Figure 3.7: Start time and duration of each phenological stage across simulation sites,
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ernmost sites towards the top.
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Figure 3.8: Observed (top) and simulated (bottom) yield (tons/ha) across simulated sites.
Numbers indicate site numbers that correspond in Fig. 3.9.
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latitude of simulation site. Numbers correspond to site numbers shown in Fig. 3.8.
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Figure 3.10: Performance ranking across simulation sites for T x M combinations of different
top-performing strategies under present-day climate conditions.
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Figure 3.12: Percent yield loss within mean growing season temperature-precipitation cli-
mate space among T x M combinations that a) improved versus, b) declined in performance
ranking under future climate conditions.
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4.1 Abstract

Over the next three decades rising population and changing dietary preferences are ex-
pected to increase food demand by 25-75%. At the same time climate is also changing —
with potentially drastic impacts on food production. Breeding for new crop characteristics
and adjusting management practices are critical avenues to mitigate yield loss and sustain
yield stability under a changing climate. In this study, we use a mechanistic crop model
(MAIZSIM) to identify high-performing trait and management combinations that maximize
yield and yield stability for different agro-climate regions in the US under present and future
climate conditions. We show that morphological traits such as total leaf area and pheno-

logical traits such as grain-filling start time and duration are key properties that impact
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yield and yield stability; different combinations of these properties can lead to multiple
high-performing strategies under present-day climate conditions, and a balanced compro-
mise between yield and yield stability is critical to achieving high performance. We also
demonstrate that high performance under present-day climate does not guarantee high per-
formance under future climate. Weakened trade-offs between canopy size and reproductive
start time under a warmer future climate led to shifts in high-performing strategies, allow-
ing strategies with higher total leaf area and later grain-filling start time to better buffer
yield loss and out-compete strategies with a smaller stature and earlier reproduction. These
results demonstrate that focused effort is needed to breed plant varieties to buffer yield loss
under future climate conditions as these varieties may not currently exist, and showcase
how information from process-based models can complement breeding efforts and targeted

management to increase agriculture resilience.
4.2 Introduction

Over the next decades, population is expected to rise, with a 24% increase by 2050, requiring
25-75% more food due to changing diets (Tilman et al., 2011; Hunter et al., 2017). Coin-
cident with this increase in population, climate is also changing, with potentially drastic
impacts on food production. A large body of previous work has projected decreases in crop
yield under this changing climate — mainly due to increasing temperatures accompanied by
higher vapor pressure deficit (VPD) and water stress (Lobell et al., 2013; Hsiao et al., 2019;
Rigden et al., 2020). Climate adaptation through breeding for new crops and adjustments
in management practices are critical avenues to sustain yield levels or partially mitigate
yield loss (Challinor et al., 2014), leading to critical questions such as what crop traits and
management are likely to be favorable and effective for adaptation at any point in time
and space, the mechanisms through which they can mitigate yield loss, and the relative
effectiveness of different approaches.

Maize yield in the US has experienced a steady rise since the 1930s (Duvick, 2005).
Persistent breeding exercises were estimated to account for up to 60% of the total on-farm
yield gain in the past several decades (Duvick, 2005; Fischer et al., 2014). These gains

through genetic improvements (G) are further complemented by their interactions with
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different environmental conditions (E), along with changes in management practices (M)
such as earlier planting dates for a longer growing season, higher planting densities (Sacks
and Kucharik, 2011; Duvick, 2005; Duvick and Cassman, 1999), as demonstrated in the G
x E x M paradigm (Hatfield and Walthall, 2015). Continued development of new cultivars
and adjustments in management practices better-suited for future climate is critical for
sustaining current yield trends or to prevent yield loss (Ceccarelli, 2010; Challinor et al.,
2017; Burke et al., 2009).

Plant breeders and agronomists have long leveraged conceptual models to identify and
actively seek out breeding and management targets that contribute to productivity and
yield. The concept of “ideotypes” (Donald, 1968) or “new plant types” (Jennings, 1964) date
back to the 1960s, in which breeders would actively seek out or select for desirable traits to
create cultivars of greater yield and/or quality, aiming towards constructs of idealized plants
that were developed through physiological and morphological understandings of crops. This
breeding method diverged from traditional approaches such as defect elimination or simply
selecting for yield, providing an alternative method and way of thinking towards breeding.
The genetic-centric concept of ideotype breeding has since been expanded to incorporate a
modeling perspective, in which ideal combinations of traits (often represented through model
parameters) are identified through simulation experiments (Martre et al., 2015; Andrivon
et al., 2012). Many whole-plant level crop simulation models do not include specific genetic-
level processes, and use physiological, morphological, and phenological traits as proxies to
describe the underlying genotype. For this reason, we use the term trait (T) x E x M here
instead to describe a concept similar to the G x E x M landscape.

Advances in mechanistic crop models in combination with available climate data and
climate projections provide a unique opportunity to explore the vast T x E x M space.
These tools can serve as a platform to apply and test the expanded modeling perspective of
“ideotype breeding”, allowing for better understanding of strategies and trade-offs within
this landscape, and shed light on potential avenues for adaptation under different environ-
ments and with a changing climate (Peng et al., 2020). Previous studies have described such
approaches with terminologies such as model-assisted ideotype design (Rotter et al., 2015;

Martre et al., 2015; Semenov et al., 2014), predictive breeding (Washburn et al., 2020), and
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yield-trait performance landscapes (Messina et al., 2011), to name a few. These concepts
have been revisited and expanded over the years, facilitated by further understanding of
plant processes and improved computing capacity (Hammer et al., 2006; Martre et al., 2015;
Muller and Martre, 2019; Boote et al., 2021). Studies that use models to explore the hills
and valleys within the T x E x M demonstrate how multiple pathways could lead to high
performance; what is considered “ideal” may differ between locations and climate (Hammer
et al., 2006; Messina et al., 2011), and under a changing climate (Semenov et al., 2014;
Hammer et al., 2020).

In this work, we aim to identify broad climate adaptation strategies for maize in the US
that can be achieved through breeding for new traits and adjusting management practices.
Through a process-based crop simulation model (MAIZSIM), we 1) set up ensembles of
simulations to systematically explore a region within the T x E x M landscape, 2) iden-
tify features that lead to high crop performance within the landscape that addresses both
yield and yield stability, and 3) quantify how these high-performing features shift under a

changing climate.

4.3 DMaterial and methods

Below we discuss our methods. Further detail on the framework and our methodological

choices can be found in Hsiao et al. (2022a, preprint).

4.3.1  Crop simulation model

We used a process-based crop simulation model, MAIZSIM, to carry out our simulations
across site-years in US maize growing regions. MAIZSIM represents key physiological and
physical processes such as gas exchange, canopy radiative transfer, carbon partitioning, wa-
ter relations, nitrogen dynamics, and phenological development (Kim et al., 2012). The soil
model that interfaces with MAIZSIM (2DSOIL) links the crop model to a 2-dimensional fi-
nite element model that simulates a dynamic soil water and nutrient vertical profile (Timlin
et al., 1996). MAIZSIM is driven by daily or hourly meteorological information (temper-
ature, relative humidity, solar radiation, and COy concentrations) throughout the growing

season and uses this information to represent key plant physiological responses, such as



72

coupled stomatal and photosynthetic responses (Yang et al., 2009a), leaf development and
elongation (Kim et al., 2012), and carbon partitioning and allocation (Kim et al., 2012).
The model calculates soil water availability to the roots through simulating water potential
and tracks how much leaf area is present at any point in time throughout the growing season
(Yang et al., 2009b). All this information is integrated over the growing season to represent
the final yield, and the model has been validated through comparison against observations
for various maize growing regions in the US and across the globe (Yang et al., 2009a; Kim
et al., 2012; Yang et al., 2009b; Bassu et al., 2014; Durand et al., 2018; Kimball et al., 2019;
Hsiao et al., 2019).

4.8.2  Simulation sites and weather data

We assembled hourly inputs of temperature, relative humidity, solar radiation, and precip-
itation throughout the growing season (roughly defined between February 15* — November
30'") as meteorological drivers for our simulations. First, we used data from the United
States Department of Agriculture — National Agriculture Statistics Service (USDA- NASS,
https://www.nass.usda.gov/Data_and_Statistics/index.php) to select rain-fed (less
than 25% irrigation) maize cultivation sites with greater than 10,000 acres of maize planted.
Next, we identified weather stations near these maize cultivation sites with available hourly
data from both the Integrated Surface Hourly Data Base and the National Solar Radiation
Data Base over years 1961-2005. We excluded site-years with less than two consecutive
hours of missing data and gap-filled any remaining missing data by linearly interpolating
the meteorological information from data points prior and post the missing data. Finally,
we excluded sites with less than 15 years of data to insure sufficient sampling to assess
inter-annual climate variability (Soltani and Hoogenboom, 2003; Van Wart et al., 2013).
With this method, we compiled 1160 site-years of meteorological data spanning a total of
60 sites, each site with available weather data ranging from 15-27 years. See Fig. C.1 for

the final simulation sites.
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4.3.8  Parameter selection and sensitivity analysis

We selected several key model parameters that represent physiological, phenological, and
morphological aspects of maize plant traits, as well as management practices known to affect
growth and yield (Table 4.1). The traits selected here are not meant to be exhaustive,
but rather to cover a range of processes within the model. We set biologically reasonable
ranges for our selected parameters that are based in literature when possible (Table 4.1 —
perturbation range) and assigned a uniform parameter distribution within these boundaries
since we do not have robust observation-supported knowledge on distributions for most of
these parameters. We assumed all parameters to be non-correlated and sampled within the
boundaries following a Latin hypercube sampling method to create ensemble simulations
of 100 different parameter combinations (McKay et al., 1979), which we refer to as trait x
management (T x M) combinations throughout the study.

Our parameter perturbations led to a range of emergent properties, including leaf-level
properties such as photosynthetic rate and stomatal conductance, whole-plant properties
such as total leaf area, water usage properties such as water deficit, and phenological prop-
erties such as plant emergent time, grain-filling start time, and grain-filling duration (Table
4.2). We used a sensitivity analysis framework to identify emergent properties critical for
high performance by calculating the partial correlation coefficient between emergent prop-

erties and yield and yield stability, respectively (see supplement section C.1).

4.53.4 Idealized climate treatment

To investigate how top performing T x M combinations differ under future climate, we
assembled monthly maps of expected anomalies in temperature and relative humidity, as
well as uniformly reducing precipitation levels and increasing CO2 by the end of the century,
and applied these changes directly to our observed meteorology data. By applying these
changes in climate to our meteorological dataset rather than using modeled output directly,
we can preserve short timescale correlations between variables (i.e. between solar radiation,
temperature and humidity) and limit known biases in modeled variability (Vargas Zeppetello

et al., 2019; Donat et al., 2017).
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Table 4.1: MAIZSIM parameters tested for yield optimization

Processes Params  Description Default Citation
(Range)
Physiology g1 Ball-Berry g5 model slope 4 (2~6) Miner et al. (2017); Shekoofa
et al. (2016)
Vemax Max RUBISCO capacity 65 (65~80) Kim et al. (2006); Wu et al.
(2019)
Jimax Max electron transport rate 350 (350~420) Kim et al. (2006); Wu et al.
(2019)
phyf Reference leaf water potential (MPa) used -1.9 (-3~-1) Tuzet et al. (2003); Yang
to describe stomata sensitivity to leaf wa- et al. (2009a); Shekoofa et al.
ter potential (2016)
Phenology  sg Duration that leaves maintain active func- 3 (2~6) Zhang et al. (2019); Gregersen
tion (stay-green) after reaching maturity et al. (2013); Timlin et al.
(2019)
leaf Total leaf number 19 (11~25) Parent et al. (2018); Padilla
and Otegui (2005)
Itar Max leaf tip appearance rate (leaves/day) 0.5 (0.4~0.8)  Kim et al. (2012); Padilla and
Otegui (2005)
Morphology len Length of the longest leaf (cm) 115 (80~120)
laf Leaf angle factor 1.37 (0.9~1.4) Campbell (1986); Dzievit
et al. (2019)
Management gdd Growing degree days accumulated by sow- 100 (80~160) Sacks and Kucharik (2011);
ing Timlin et al. (2019)
pop Density (plants/m?) 8 (6~10) Timlin et al. (2019); Stone

et al. (2000)
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Table 4.2: Description of emergent properties

Output Description Unit
Photosynthesis Average net photosynthetic rate during pmol COs m™
the grain-filling period sec!

Stomatal conductance Mean stomatal conductance during the g HyO m™ sec™!

grain-filling period

Leaf area Maximum leaf area throughout growing cm?
season
Water deficit Evaporative demand - Evaporative supply g HO

during the grain-filing period
Emergence time Timing of emergence of the first leaf day of year
Grain-filling start time  Timing of the start of the grain-filling phe- day of year
nological stage

Grain-filling duration Total length of the grain-filling period days

We used simulation outputs from the Coupled Model Intercomparison Project version 6
(CMIP6) to create these anomaly maps. Specifically, we used the monthly multimodel mean
of the spatial pattern scaled by the average magnitude of change expected for temperature
and relative humidity from a scenario of future human activities which includes substantial
but not extreme emissions of greenhouse gasses (SSP3-7.0, Riahi et al., 2017), which project
global mean warming of 3.1°C for year 2100 under atmospheric CO5 concentration of roughly
850 ppm. Since both magnitude and pattern of future precipitation projections are highly
uncertain, we applied a general 30% trend of precipitation decline in accordance to the

SSP3-7.0 scenario.

4.3.5  Experiment setup and model simulation

We carried out a site-level ensemble simulation in which we used past meteorology data

(see section 4.3.2) to run an ensemble model simulation of 100 trait-management parameter
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combinations for each of our 1160 site—years and identified top performing (high yield and
high yield stability) trait-management combinations. Finally, we repeated the site-specific
trait and management ensemble simulations with idealized future climate (see section 4.3.4)
to understand how high performing trait and management combinations under current
climate conditions fared under future climate (for additional detail see supplement section

C.2).

4.3.6  Determine performance of G x M combinations

We developed a cost function (see supplement section C.3) to identify top-performing T
x M combinations for each simulation site that show high yield (i.e. yield mean across
years within a simulation site) and high yield stability (i.e. low yield dispersion across years
within a simulation site); the former provides information on high performing genetic and
management combinations that mitigate climate risk by generally performing well on an
average year, while the latter identifies combinations that contribute to more stable yield
given natural climate variability. We ranked the top 20 performing T x M combinations
for all simulation sites (Fig 4.1a) and determined overall performance for each T x M com-
bination by their performance across all simulation sites. Combinations with high rankings
across few sites versus combinations with medium rankings across many sites could all re-
sult in overall high performance, while combinations that do not rank within the top 20
performers at any site will not receive a ranking (open circles in Fig 4.1b). We used this
ranking system to understand trait and management combinations that lead to high perfor-
mance under current versus future climate conditions. Further analysis on spatial difference

of performance across simulation sites can be found in Hsiao et al. (2022a, preprint).

4.3.7 Identify top-performing strategies

In order to identify strategies for high performance under present and future climate con-
ditions, we clustered all T x M combinations that ranked within top 20 at least at one
simulation site (Fig. 4.1a) based on high impact emergent properties (i.e. grain-filling start

time, grain-filling duration, total leaf area, Fig. 4.2a) through K-means clustering. We
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selected cluster groups with at least 50 % of T x M combinations that ranked within the
top-20 performers (Fig. 4.2b, T x M combinations in large gray circles) and averaged their
emergent properties to describe a summarized strategy for high performance within that
cluster group. However, not all high-performing T x M combinations were well-captured
through the clustering method, so we handpicked a few additional combinations and de-

scribed their strategies manually.

4.4 Results

4.4.1  Mechanisms for high performance under current climate

Ensemble simulations under current climate conditions showed a range of final yield and
yield stability levels across T x M combinations and simulation sites; some top performing
combinations showed relatively lower yield and higher yield stability, while others had rela-
tively higher yield and lower yield stability, highlighting a trade-off between yield and yield
stability among top-performing T x M combinations (Fig. 4.1b, C.6). Multiple combina-
tions achieved high performance under current climate (Fig. 4.2); we investigated potential
mechanisms that led to these differences in performance (Fig. 4.3).

A range of parameter combinations made up top-performing T x M combinations (Fig.
C.3), leading to a number of emergent properties that affect final performance through
impacts on yield and yield stability in a synergistic or antagonistic fashion (Fig. 4.2).
Specifically, we identified key phenological (grain-filling start time and duration) and mor-
phological (total leaf area) emergent properties as key factors to achieve high performance
(Fig. 4.2a). For example, a combination of higher leaf numbers (leaf) and greater leaf
length (len) can lead to greater total leaf area (Fig. 4.2b); the emergent property of greater
leaf area partially correlates with high yield but also with low yield stability, thus having an
antagonistic impact on final performance (Fig. 4.2a, antagonistic). Both leaf number (leaf)
and leaf developmental rate (Itar) influence grain-filling start time (Fig. 4.2b), in which an
earlier reproductive start time partially correlates with higher yield and higher yield sta-
bility (Fig. 4.2a, synergistic). Staygreen values (sg) that determine the heritable delayed

leaf senescence character (Thomas and Ougham, 2014) have the strongest impact on grain-
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filling duration (Fig. 4.2b), which shows an antagonistic impact on achieving high yield and
high yield stability (Fig. 4.2a, antagonistic). These compensating mechanisms within traits
and emergent properties highlight the complexity within the trait-management landscape,
and create multiple avenues that balance between yield and yield stability to achieve high

performance.

4.4.2  Pathways for high performance under current climate

We categorized a few pathways towards high performance under current climate conditions
grouped based on the three most impactful emergent properties on yield and yield stability
- grain-filling start time, grain-filling duration, and total leaf area (Fig. 4.2a) using a
clustering approach (see section 4.3.7). For example, we described T x M combinations
with a small canopy size, an early grain-filling start time, and a short grain-filling duration
as Stress Averting, combinations with similar characteristics but with a long grain-filling
duration as Slow Aging, and combinations with the earliest start dates, medium grain-filling

durations, and small canopy sizes as Farly Starting (Fig. 4.3).

Stress Averting, Slow Aging, and FEarly Starting strategies tend to have fewer number
of leaves and faster leaf developmental rates (Fig. 4.3a, whole-plant photosynthesis). This
leads to early reproduction with a smaller canopy size, and lower whole-plant-level pho-
tosynthesis during the vegetative stage (Fig. C.2a). This trade-off between canopy size
and phenology can be partially offset by increasing leaf area through greater leaf size while
maintaining lower leaf numbers — we see high-performing T x M in regions with low leaf
numbers (leaf) combined with high leaf length (len) (Fig. C.4). Plants may also compen-
sate lower yields that come with smaller canopies through a prolonged reproductive stage
(Fig. 4.3a, Slow Aging), in which total carbon gain picks up in later reproductive stages
due to long leaf longevity (Fig. C.2b, photosynthesis through time). T x M combinations
with smaller canopy sizes that lack this feature tend to have lower yield, but can partially

make up in performance through higher yield stability (Fig. C.6; Fig. 4.3, Stress Averting).

On the flip side, strategies such as High Yielding tend to be larger in canopy size with

a delayed reproductive start time (Fig. 4.3a). Ample leaf area and time available to pho-
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tosynthesize allows for high yield, but comes with the trade-off of lower yield stability due
to a delayed reproductive start (Fig. C.6). The trade-off between canopy size and phe-
nology can be compensated through faster leaf developmental rates; high performing T x
M combinations with high leaf numbers often also show fast leaf developmental rates (Fig.

C.4).

4.4.83 G x M combination performance under changing climate

We show a change in performance ranking among T x M combinations by the end of the
century (Fig. 4.4a). Several top ranking combinations dropped significantly in performance
ranking (e.g. 44, 57, 58, 59), while others progressed further in ranking within top-tiered
T x M combinations (e.g. 5, 9, 81, 88) or advanced into it (e.g. 7, 12, 18, 30, 89) (Fig.
4.4). However, note that performance ranking is relative among all T x M combinations —
as the climate becomes progressively warmer and drier, all combinations suffered from yield
loss, but those with improved performance rankings buffered the loss better than those that
declined in performance ranking (Fig. 4.4b). Yield sensitivity (% yield loss per degree C
warming) for T x M combinations with improved performance rankings averaged at -4%,

while combinations with declined performance rankings averaged at -7% (Fig. 4.4b).

Changes in yield and yield stability both contributed to final shifts in performance rank-
ing among T x M combinations — combinations with most improved performance rankings
benefited greatly from improved yield stability, while combinations with the most declined
performance rankings suffered mainly through loss in yield (Fig. C.7). These shifts led
to changes in top-performing strategies by the end of the century. Slow Aging and Stress
Averting T x M combinations maintained similar overall performance rankings (Fig. 4.3b),
while Farly Starting combinations suffered the most and dropped out as one of the top-
performing strategies (Fig. 4.3b, faded dotted orange line, 4.4). High Yielding T x M
combinations progressed further in performance rankings (Fig. 4.3b, solid forest green line),
and new strategies such as Compensating, Middle Ground and Large Canopy advanced in
performance rankings, entering the ranks of top performers by the end of the century (Fig.

4.3b, solid dark green, lime green, and sky blue line, respectively). In general, strategies



80

with larger canopies and a later grain-filling start time showed the greatest improvement in
performance ranking relative to others (Fig. 4.3b).

A weakened trade-off between achieving an early reproductive start versus achieving
greater leaf area for carbon gain largely contributed to shifts in the performance of T x M
combinations (Fig. 4.4). Under present-day climate conditions, T x M combinations with
an early grain-filling start time tend to rank higher in performance due to synergistic benefits
in achieving both high yield and high yield stability (Fig. 4.2a). Avenues to achieve an
early grain-filling start under our parameter perturbations include possessing fewer leaves
and/or displaying faster developmental rates (Fig. 4.2b). Among these features, lower
number of leaves generally results in a smaller canopy (Fig. C.5a), such that strategies
with an early reproductive start tend to also have a smaller canopy size (Fig. 4.3). Faster
developmental rates under warmer future temperatures weaken this trade-off, buffering the
negative impacts T x M combinations with larger canopies tend to have from delayed
reproductive start time, and improve their relative competitiveness.

Strategies with improved performance ranking under future climate (Fig. 4.3b) tend to
show a later grain-filling start and larger canopy size compared to top performers under
present-day climate conditions (Fig. 4.3a). On the other hand, a wide range of grain-filling
durations existed among top-performing strategies under future conditions (Fig. 4.3b).
Among strategies that remained high-performing or improved in performance rankings un-
der future climate conditions (Fig. 4.3b, dashed lines and solid lines, respectively), certain
strategies still ranked higher in performance compared to others. For example, Slow Aging
strategies remained as one of the highest performers, both under present-day climate and
under future climate conditions, whereas strategies such as Middle Ground advances a lot
in performance rankings, but still remained on the lower end of overall performance ranking

(Fig. 4.4a).
4.5 Discussion

In this work, we construct a modeling framework to probe and evaluate maize performance
across a trait-management-environment landscape, and further investigate how performance

within this landscape shifts under a changing climate. We show that multiple trait and
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management combinations exist to confer high performance under current climate; general
trait combinations exist within emergent properties that allow for high performance either
through high yield or high yield stability, yet trade-offs exist between these two features.
While we observed overall yield loss across all T x M combinations by the end of the
century, shifts in performance under future climate allow for new high-performing pathways

to emerge, partially buffering loss.

Multiple pathways confer high performance

Timing of grain-filling start, grain-filling duration, and total leaf area are critical for final
yield as well as yield stability, yet timing of reproduction and canopy size often compromise
one another for achieving high performance (Fig. 4.2). The complexity within the trait-
management landscape and their links to various emergent properties allow for multiple
avenues to achieve high performance (Fig. 4.3). Some traits may be easier to select and
breed for within the existing germplasm, while others may be less straightforward or may
currently be coupled with other less desirable traits. The idealized approach within our
modeling framework alleviates these constraints, allowing us to consider crop performance
through a theoretical lens. While many T x M combinations and strategies presented in this
work may not currently exist or may be challenging to breed for, general trends identified
through these modeling exercises can still hold valuable information to help identify breeding

targets specific for climate adaptation.

Several key traits in maize hybrids have changed due to active breeding efforts in the past
few decades (Duvick, 2005; Fischer and Edmeades, 2010), including noticeable increases in
the staygreen values, longer grain-filling durations, and more erect canopy structures, to
name a few. Along with these shifts though, certain traits such as days to flowering (largely
controlled through total leaf number) and maximum leaf area index remained relatively
unchanged (Duvick, 2005; Fischer and Edmeades, 2010). In addition to general trends
in breeding directions, breeding of new cultivars typically requires defined target environ-
ments within a geographical scope for which the target traits are developed (Cooper et al.,

2016). This breeding strategy allows for designing different hybrids to perform favorably
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and withstand stresses in their target environments, and growers throughout the US plant
different commercial hybrids most suitable for their targeted growth environment. How-
ever, comprehensive mapping of existing target traits of commercial maize hybrids across
the environmental gradients within the country remains scarce. Privatized trait data of
modern maize hybrids within the US make direct comparisons between our modeled T x M
combinations and existing cultivars a tricky task. Regardless, we see alignment between our
model results for high performance and certain breeding trends such as longer grain-filling
duration and increased staygreen values. Divergences in other areas such as the lack of
change in flowering time, leaf number, and canopy size in modern hybrids suggest potential

new directions to explore.

In our analyses, we assigned equal weight of importance to yield and yield stability
when determining the performance of our simulated T x M combinations, and presented
high-performing strategies identified under such assumptions. However, we acknowledge
that what growers may consider as high performing will likely depend on risk tolerance;
large-scale producers may have buffer and leverage to aim for high yield low yield stability
T x M combinations, while smaller-scale producers may need to opt for a mix or aim
towards lower-risk combinations with a trade-off in yield. Top performing strategies differed
slightly when we assigned more importance to yield or yield stability in our analyses (Fig.
C.3). Specifically, Slow Aging remained as a top performing strategy under current climate
conditions across all scenarios, whereas High Yielding and Large Canopy strategies were
identified as top-performing when imposing a higher importance on yield (Fig. C.3b), and
Early Starting and Stress Averting strategies were identified as top performing when more

emphasis was placed on yield stability (Fig. C.3c).

Performance of G x M combinations shift with changing climate

High performing T x M combinations under current climate conditions does not guarantee
high performance under future climate. Several high performing combinations identified
under current climate conditions experienced steep declines in their performance when eval-

uated under future climate simulations, while several lower-performing combinations under
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present-day climate became more competitive relative to others under future climate (Fig.
4.4).

In our work, we identified high importance in emergent properties (Fig. 4.2a) and plant
traits (Fig. 4.2b) associated with phenology and morphology, and demonstrated how a
relaxed trade-off between these two features shifted performance rankings among T x M
combinations under a warmer and drier future climate (Fig. 4.3b). Specifically, traits that
influenced transition time from vegetative stage into reproductive stage (e.g., leaf number,
leaf appearance rate) greatly impacted the trade-off between phenology and morphology;
T x M combinations with early transitions into reproductive stages suffered more from
hastened development and senescence rates under a warmer future climate, while T x M
combinations with later transitions (i.e., greater heat requirements) maintained longer crop
cycle durations at a given location (total days from planting to maturity and harvest),
partially buffering performance loss (Fig. 4.3b).

Literature in maize flowering time provides a reasonable comparison to grain-filling
start time identified in our simulations, both representing to some degree the timing of
transition from vegetative stage into reproductive stages within a crop. Flowering time
within a crop demonstrates the optimization of the timing and duration between vege-
tative and reproductive stages, and serves as an emergent property of how crops have
adopted to local growing environment (Buckler et al., 2009). Flowering time and crop
cycle duration varies greatly among maize landraces (Bolanos and Edmeades, 1996), and
genetic resources relating to maize flowering time have since been identified (Buckler et al.,
2009). Existing cultivar differences between maize crops planted in cooler corn belt re-
gions in the U.S. versus those planted in warmer southern locations reflect the tempera-
ture dependence of developmental and senescence rates, with crops in the south planted
and harvested earlier in the season (USDA- NASS, Crop Progress and Conditions, https:
//www.nass.usda.gov/Charts_and_Maps/Crop_Progress_&_Condition/). Parent et al.
(2018) demonstrated that utilizing currently existing genetic variability within maize flow-
ering time can be sufficient in creating optimal cropping duration and sustaining yield within
various European climate conditions under a changing climate. Despite limited evidence

that growers in the U.S. Midwest are currently shifting to longer maturity cultivars in accor-
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dance with changes in climate in the past two decades (Abendroth et al., 2021), switching

varieties in the future remains a highly responsive strategy for growers.

While we identified relatively later transition to reproductive stages and larger canopies
as favorable features under future climate perturbations, we also note potential limitations
in the model’s ability to capture late-stage water stress and heat stress impacts. Growth
duration for rain-fed maize is tightly associated with water stress, and while longer season
varieties could buffer yield losses from accelerated development and senescence rates under
warmer temperatures, it may also lead to greater water demand and water stress in later
developmental stages. MAIZSIM differs from several widely used crop simulation models
in its dynamic approach when describing water relations and gas exchange in response to
temperature, relative humidity, and COgy concentrations throughout the growing season
(Yang et al., 2009a). However, the model has limited ability in capturing heat and water
stress impacts on reproductive processes such as flowering, pollination, and grain-filling. In
addition, process-based models in general struggle to represent the process of plant death
under unfavorable climate conditions. It is important to note that such caveats could
potentially lead to dampened benefits that come from T x M combinations with longer

growth durations (Lobell, 2014).

Implications for climate adaptation

Up to 39% of global crop land may require new cultivars to avoid yield loss by the end
of the century under a SSP5-8.5 climate change scenario (Zabel et al., 2021), yet a typi-
cal breeding cycle can take up to a decade or two (Voss-Fels et al., 2019), or even longer
when considering the complete cycle of breeding, delivery, and adoption (Challinor et al.,
2017). The lag between development of new cultivars and when those new cultivars actually
become available along with the concurrent rate of climate change poses a challenge to de-
velop cultivars targeted towards climate adaptation. Current advances in modern breeding
techniques have increased the rate of crop improvement, but more efficient strategies are
still needed when addressing food security issues with a changing climate (Voss-Fels et al.,

2019).
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Growers in North America have been adapting varieties and management practices dat-
ing back to the 19th and 20th centuries (Olmstead and Rhode, 2011). In addition to
breeding efforts in the private and public sector, a recent survey showed a third to half of
farmers in the U.S. Corn Belt are willing to make adjustments in management practices in
response to changing climate (Roesch-McNally et al., 2017). Switching cultivars, if more
suitable options are available, are dynamic adaptation strategies that can be updated each
season and do not necessarily require long-term investments. Current trends and magni-
tudes in climate change may not be large enough to serve as a major driver for growers
when selecting cultivars, but a future tipping point may exist. The time and resources
required to develop and adopt new cultivars strongly advocates for climate-ready cultivars

as adaptation options moving forward.

A vast body of recent work and discussion has surrounded the topic of using process-
based models to aid breeding practices (model-assisted breeding, ideotype design, predictive
breeding, etc.), better capture G x E x M interactions, and serve as key tools for predictive
agriculture (Martre et al., 2015; Rotter et al., 2015; Muller and Martre, 2019). Process-
based crop models can serve as powerful tools, but also come with built-in assumptions and
limitations. Scaling models spatially and temporally is challenging, especially when inte-
grating information at the scale useful for plant breeders and agronomists at the genetic,
whole-plant, and field scale, with broader implications of food security and climate adap-
tation at a regional to global scale. There is a growing awareness within the community
to consider modeling as a multi-scale system that spans the genetics, organ, regional, and
global scale that incorporates various streams of data sources and modeling tool to better
understand processes, further develop and evaluate models, and collect and integrate data
products with models (Peng et al., 2020). Communication and collaboration across fields
is even more critical when working across scales. Our findings serve as a starting point
for more integrated conversations between modelers, breeders, agronomists, and growers, in

order to advance current adaptation efforts to increase agriculture resilience.
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Figure 4.1: a) Performance of all T x M combinations across all simulation sites, ordered top
to bottom from the highest performer to lowest. Only T x M combinations that rank top
20 in at least one location are shown. b) Standardized mean yield across all site-years and
standardized yield stability across simulation years averaged across all sites for all T x M
combinations. Top performing combinations have filled in colors that indicate performance
based on ranking methods described in section C.3. Top 20 performers are circled in open
gray circles.
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Figure 4.3: Selected strategies among top performing T x M combinations under present-
day climate, grouped based on phenological and morphological properties. a) Standardized
grain-filling start time, grain-filing duration, and total leaf area for the select few T x M
combinations listed on the left. Values are standardized among all 100 T x M combinations.
Values greater than 0.5 indicate higher-than-average values when compared to all other T
x M combinations, and vice versa. b) Top-performing strategies by the end of the century
with reference to strategies identified under current climate conditions. Solid lines show top-
performing strategies that improved in performance ranking, dashed lines indicate strategies
that remained similar in performance rankings, and faded lines show strategies that dropped
out as top performing by the end of the century.
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Appendix A

CHAPTER 2 SUPPLEMENTARY INFORMATION

Disentangling Temperature and VPD

We followed the Clausius-Clapeyron equation (Eqn. A.1) to make independent adjustments
to temperature and VPD. The equation uses the saturation vapor pressure (Egef, 6.11mb)
at a reference temperature (Tief, 273.15 K), the vaporization latent heat (L, 2.5*106 J/kg),
and the gas constant (Ry, 461 J/K*kg) to calculate the saturated water vapor pressure (Es)

at air temperature (7):

qu( 11 )
ES:EST‘ef'eRU Tref Tair

(A1)

With relative humidity (RH, %) available from our weather data, we can further calculate
the actual water vapor pressure within the atmosphere (E, mb) through Equation A.2, and

VPD (mb) through Equation A.3:
E="_" (A.2)

VPD=E,—E (A.3)

Under our 2°C elevated temperature treatment, F; simultaneously increases with tem-
perature following equation A.1. Normally, this would also cause an increase in VPD with
an assumption that E remains constant throughout warming (Eqn. A.3). To tease these
two factors apart, we artificially increased RH levels such that VPD would remain con-
stant (Eqn. A.2, A.3). Similarly, under our elevated VPD treatment, we calculated the
VPD increase that would have occurred along with a 2°C warming (Eqn. A.1, A.3) and
increased the VPD values within our weather data based on these calculations while holding

temperature constant.
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Figure A.1: Area planted in maize for all purpose production averaged across the most
recent five years at the U.S. county-level, with the most recent year being 2014 (data from
U.S. Department for Agriculture, National Agriculture Statistical Service). Red stars show
the location of simulation sites.
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Appendix B

CHAPTER 3 SUPPLEMENTARY INFORMATION
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Figure B.1: Available weather data based on different gap-filling intervals. For example, if
consecutive missing hours equals 0, then only site-years with complete hourly weather data
records will be included for weather data. If consecutive missing hour equals 1, site-years
with gaps no greater than one hour consecutively will be included and gap-filled linearly.
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Figure B.2: Maize planting area (top) and irrigation levels (bottom) across continental U.S.
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Figure B.5: Start time and duration of each phenological stage across T x M combinations,
averaged across all simulation sites for a) southern sites versus b) northern sites, ranked by

overall performance, with the highest performers listed towards the top.
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Figure B.7: Mean water deficit (g HoO) across phenotypes and sites, ranked by phenotype
performance, and averaged within each developmental stage.



103

pn_sum
Emerged Tassel initiation
g
EE |08 & | el - B § S R
7
i
4
§
b
50 400
as i 350
¥
0 i 300
g 35 87
s 3 250
Z 30 g
2¢ o
e G 200
ELE s £y
20 150
15 - 100
10 -s0
L _
¥
O e e S S e —
074 6 B101214161B20222476283032 34 36 38404244 46 48 50 52 54 56 58 02 46 B 1012141618202 24762630 32 34 36 384042 44 46.48 50 52 54 56 58
sites sites
Tasseled & Silked Grain Filling
g g
i &
F %
§ a4
Y
3
i
3
100 1 500
: i
i % # as0
; i 400
L 80 L
0
X 8t
Sy 70 g1 300
2, 2, 250
al 60 &l
200
50 ~150
-40 100
9 o
] §
i A

0246 810121416162022242628303234 36 384042444548 50 5254 56 58 0246 B10121416162022242626303234 36 384042444548 51

sites.

Figure B.8: Net carbon gain throughout phenological stage (g C) across phenotypes and
sites, ranked by phenotype performance, and averaged within each developmental stage.



104

Emerged Tassel initiation

0.10 200
17s
0.08
150
0.06 g 25
S
g 10,0
0.04 b
o £ 75
50
0.02
25
0.00 -00
0 %4 6 B101214161820222425253032 34 3538 404244 46 455052513658
Tasseled & Silked Grain Filling
80 280
0
200
80
50 150
40
30 100
- 20
-50
-10
0 -0

36 384042 44 46 48 5052 54 56 53

Figure B.9: Ear biomass (g/plant) across phenotypes and sites, ranked by phenotype per-
formance, and averaged within each developmental stage.



Emerged

- 3000
-2000

- 1000

0246 8101214161820222426 28303234 36384042 44 464850525456 58
sites
Silked

62 46 810121a161820222826283032 3436 384042 da 4 da 5052545658
sites

phenotypes

Tassel initiation

8000

7000

6000

5000

- 3000

- 2000

024 6 610121416182022242626 30 32 34 36 38404244 4648505254 5658
sites

Grain Filling

8000

7000

6000

5000

024 6 B10121416182022 24262830 32 34 36 384042 44 46485052 54 56 58

sites

105

Figure B.10: Total leaf area (cm?) across phenotypes and sites, ranked by phenotype per-
formance, and averaged within phenological stages..



106

Appendix C
CHAPTER 4 SUPPLEMENTARY INFORMATION

C.1 Sensitivity analysis - partial correlation coefficient

Partial correlation coefficient (PCC) is a sampling-based method that measures the linear
relationship between an individual parameter (z,) and a specified model output (y) after
removing the linear effects that remaining parameters (z;,j = 1,2,...,k,j # p) have on y.
To calculate the PCC between parameter x; (in our case, a specific emergent property) and
y, one would calculate the correlation coefficient between residuals x; — #; and y — ¢, in

which Z; and g represent the associated linear regression models (Eqn. C.1-C.2):

k
Tj=co+ Z CpTp (C.1)
p=L1.p#j
k
g=bo+ Y. bpp (C.2)
p=1,p#j

C.2 Experiment setup and model simulation

We set up the MAIZSIM model with sampled planting density (Table 4.1) for each ensemble
member and prescribed a total of 200 kg ha! of nitrogen throughout the growing season,
applying half as base fertilizer prior to planting and the rest top-dressed one month post
planting to simulate non-nutrient-limited growth conditions. Next, we estimated planting
dates for each simulation site by calculating the accumulated growing degree days (GDD)
with a base temperature of 8°C (Kim et al., 2012) and started GDD accumulation calcula-
tions from February 1st and assigned the planting date once GDD values surpassed values
determined through the parameter sampling process for each ensemble member (Table 4.1).

Soil properties are highly heterogeneous. To create site-specific soil input files for each
of our simulation sites, we queried soil information from the National Resources of Conser-

vation Services (NRCS) SSURGO soil database (Soil Survey Staff) for nearby NASS sites
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with maize planting area greater than 10000 acres and irrigation levels less than 25%. Since
our simulation sites are determined through weather station locations, this method allows
us to broadly represent average soil properties of agricultural lands nearby our simulation
sites. Specifically, we queried sand-silt—clay—organic matter composition, soil bulk density
(the oven dry weight of less than 2 mm soil material per unit volume of soil at a water
tension of 1/3 bar), and the volumetric content of soil water retained at a tension of 1/3 bar
(33 kPa) expressed as a percentage of the whole soil at five depth categories (surface, 50,
100, 150, and 200 cm). We used the sand—silt—clay composition to categorize soils into 12
texture groups following the USDA Textural Soil Classification (Staff, 1999) and excluded
sites classified as Sandy or Clay due to their lack of representation in agricultural fields. We
averaged soil properties within each soil category from all filtered NASS sites, assigned each
simulation site the most dominant soil class from 11 nearest NASS sites calculated through
Euclidean distance, and estimated soil hydraulic properties of each soil type through a water

release curve predicted by the van Genuchten equation (van Genuchten, 1980).

C.3 Identifying top performing T x M combinations

We calculated the Dg.pre for each T x M combination at each simulation site:

Dscore = \/wyield * (ymean - ymaz)2 + Waisp * (ydisp - dmm)2 (03)

The score quantifies the performance of a T x M combination at a specific location by
calculating its distance to a theoretical best-performing T x M combination within the
yield and yield stability space. Ymean represents the mean simulated yield of a specific T
X M combination at a specific simulation site, whereas yg;s, denotes the simulated yield
dispersion (variance/mean) across the simulation years. y,q, and d;, denote the maximum
mean yield and minimum yield dispersion (i.e. maximum yield stability) achieved within all
T x M combinations at a specific simulation site, respectively. We standardized yield and
dispersion values to between 0 and 1 to avoid skewed contribution due to difference in scale.
We determined stability index values by calculating the difference between standardized

dispersion and 1, such that low dispersion levels would equate high yield stability, and vice
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versa. Wyielq and wg;sp are empirical coefficients that assign weighted importance to yield
mean and yield dispersion, respectively.

We assumed equal importance between yield and yield stability for our main analyses
(Wyield = wqisp = 0.5), but tested two additional assumptions that either weighed high
yielding with greater importance (wyeiq = 0.7, wgisp = 0.3), or weighed high yield stability

with greater importance (wyjeq = 0.3, Wqisp = 0.7).

Filtered siteyears
=>10000 acres & <25% irrigated

&3

- 1) N N
~ o N w
Years of available
weather data

Jury
]

=
N

4

siteyears: 116

Figure C.1: Simulation sites and number of years simulated with available weather station
data.
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Figure C.8: Selected strategies among top performing T x M combinations under present-
day climate (a-c) and their performance shifts by 2100 (d-f), under assumptions of equal
importance of yield and yield stability (a, d), greater importance of yield (b, e), and greater
importance of yield stability (c, f). Solid lines show top-performing strategies that im-
proved in performance ranking, dashed lines indicate strategies that remained similar in
performance rankings, and faded lines show strategies that dropped out as top performing
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