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Abstract 

Plant populations vary widely in their response to environmental factors. Phenotyping, a group 

of tools for measuring differences in plant structure and function, can identify physiological traits 

expressed by plant populations in response to environmental stimuli. Obtaining phenotypic 

information from observations of plant behavior can be enhanced through mechanistic modeling. 

Mechanistic models use biophysical and biochemical principles to explain plant behavior where 

observational data of complex phenotypic traits such as CO2 assimilation can be broken down 

into component processes. Mechanistic models therefore can be used to characterize phenotypes 

across diverse populations and conditions. Genomic differences play a key role in the expression 

of phenotypic behaviors. Models can be developed to mimic genomic variation through the 

identification of mechanisms conserved across populations and mechanisms varying within a 

population. This dissertation quantified phenotypic trait variation in photosynthetic processes of 

Brassica rapa in response to environmental variation. B. rapa is a widely distributed and diverse 

species with natural and agricultural genotypes. Populations of genotypes were used to evaluate 

critical photosynthetic processes under multiple experimental manipulations. First, 

photosynthetic variability was investigated by comparing multiple models of varying 

assumptions to identify genotypic photosynthetic traits in unstressed conditions. Second, a 

photosynthesis model with expanded treatment of electron transport processes tested genotypic 

trait response to nitrogen availability. Third, the knowledge from the first two tests was 

incorporated into a whole plant model for improved understanding of the mechanisms conferring 

drought tolerance. Finally, a modeling investigation made predictions ofB. rapa genotypes 

fitness under climate change. Overall, this dissertation provided advances in understanding 

phenotypic variation by leveraging physiological data into models. These can be applied broadly 

for informing both crop breeding decisions and global level biogeochemical modeling for 

partitioning populations based on the varying mechanisms they employ in response to the 

environment. 
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Chapter 1: Introduction 

1.1 Introduction of the problem 

The purpose of this dissertation is to advance the model-based identification of plant traits. 

Plant traits are the morphological, anatomical, physiological, biochemical, and phenological 

characteristics of plants. Traits emerge in response to a combination of environmental and 

genetic factors to produce unique phenotypes at a given time during a plant's growth and 

development (Violle et al., 2007; Kattge et al., 2011). Some traits or phenotypes are easily 

observable, such as leaf length, while others are plant features where direct observation is not 

possible, e.g. changes in electron flow during leaf photosynthesis. These latter traits can only be 

revealed using models where observational data is combined with mathematical representations 

of relevant processes (Boote et al., 2001 ). 

Improving plant trait identification has wide application. Plant traits are used in models 

describing plant behavior across a range of scales from crop productivity models to ecosystem

community models and global-scale biogeochemical models (Sellers et al., 1997; Kattge et al., 

2009; Yin & Struik, 2010). Improvement in trait identification with coordinated model 

development will advance these endeavors across scales in two ways. First, improved trait 

identification will allow for more precise parameterization of models for explaining variance in 

plant productivity and water use across time and space (Diaz et al., 2004; LeBauer et al., 2012; 

Dietze et al., 2013; Xiaohui & Michael, 2013; Rogers et al., 2017). Second, through model 

comparison and uncertainty analysis, models can be used to refine the role functional traits have 

over plant processes. This testing of models improves the representation of physiological 

responses in models (LeBauer et al., 2012; Dietze et al., 2013; Dietze, 2014). Together these 

improvements will increase our understanding of observed variation in plant responses to 

environmental factors with potential to understand responses to future environmental change. 

Importantly, improving our identification of plant traits while informing mechanistic 

understanding can assist in the wide-ranging efforts to maintain food security for the world's 

population. Plant traits can be used to advance crop improvement research where a pressing need 

exists to link traits to genomic data. In these efforts, plant traits must be narrowed to more and 

more precise processes to realize a functional genomics approach to crop breeding (Fiorani & 

Schurr, 2013; GroBkinsky et al., 2015). Paramount in this work is that rapid population growth 
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needs a matching gain in food supply (Fig. 1.1) (Malthus, 1803). Crop yields can be increased 

through management and/or crop improvements, but these gains can be offset with losses due to 

environmental stressors (Borlaug, 1983). Coupled to this challenge are environmental concerns 

including the impact of fertilizer on aquatic ecosystems (Anderson et al., 2002). Climate change 

adds another challenge with uncertainty in how temperature and precipitation changes may 

influence crop productivity (Sheffield & Wood, 2008). It is therefore contingent upon science 

and society to realize needed crop yields under novel environmental conditions while limiting 

the environmental footprint of agriculture (Borlaug, 2007). 

Potential Yield Enhancement Fig. 1.1 Population growth (-) may 
Potential Yield Loses be limited by food supply (-). 

t Increases in food supply (--) may 
>-
0.. 
a. 

reduce this constraint while yield 
loses (--) may intensify Malthusian 

::::, 
en check. 

"O 
0 
0 

LL. 
Malthusian 

t Dilemma 

C: 
0 
:; 
ca 
::::, 
a. 
0 a. 

Time ➔ 

Crop improvement has relied on selective breeding approaches since the domestication of 

wild grains into cereal crops (Lev-Yadun et al., 2000). Breeding today has advanced using 

observations of varietal specific function allowing highly controlled molecular approaches for 

selection (Moose & Mumm, 2008). Physiological observations ofplant function can include 

signals of complex enzymatic processes vital to growth and development (Tardieu et al., 2017). 

Prospects exist for revealing greater information content from these physiological measurements 

using model based approaches to advance plant phenotyping and therefore breeding approaches 

(Condon et al., 2004; Hammer et al., 2006; Fiorani & Schurr, 2013). 

Phenotyping is a mixed group of methods for measuring traits ofplant structure or function 

(Fiorani & Schurr, 2013; Ghanem et al., 2015). Plant phenotyping can be advanced through 
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coupling observational data to mechanistic models (Tardieu, 2003; Ghanem et al., 2015; Martre 

et al., 2015). Through combining trait observations with plant ecophysiology models, the 

governing mechanisms of variation for complex traits such as photosynthesis, nutrient use 

efficiency, drought tolerance and water use efficiency can be explored (GroBkinsky et al., 2015; 

Martre et al., 2015). Investigation of these complex traits is valuable for identifying mechanisms 

responsible for diversity in complex processes. This can be useful in identifying the genetic basis 

of observed variation and can offer breeding targets for improving yield and stress tolerance. 

Throughout this dissertation, trait phenotyping improvements focus on critical plant 

processes vital to productivity and stress tolerance with specific focus on photosynthesis. This 

model-enhanced phenotyping combines genotypic data and mechanistic models of plant function 

using a highly variable species. Brassica rapa is widely cultivated with high morphological and 

physiological diversity as well as growing economic importance (Prakash S, 1980; Raymer, 

2002; Edwards et al., 2012; Yarkhunova et al., 2016). In Chapter 2, a multi-model strategy is 

used to improve understandings of the sources of photosynthetic variation in an unstressed B. 

rapa population. In Chapter 3, genotypic responses of photosynthetic electron transport to 

nitrogen (N) availability are explored using a synthesis of data types. In Chapter 4, experimental 

design is tightly coordinated with model development to investigate genotypic responses to 

drought. Finally, in Chapter 5, an evaluation of genotypic responses to climate change offers the 

opportunity to make a prospectus of crop improvement research. 

1.2Background 

The following section summarizes key features and concepts of this dissertation and is 

organized in the following subsections: (1.2.1) the use of Brassica rapa as a model species; 

(1.2.2) the influence of light and CO2 on photosynthesis; (1.2.3) plant responses to nitrogen 

availability and drought; and (1.2.4) mechanistic modeling approaches in plant physiology. 

1.2.1 Study Species 

Brassica rapa, a widely distributed species with both natural and agricultural genotypes, serves 

as a model species for this research. B. rapa is widely cultivated with high morphological 

diversity and was domesticated to use its roots, young flowering shoots, leaves and seeds by 

several civilizations (Prakash & Hinata, 1980; Branca & Cartea, 2011; Yarkhunova et al., 2016). 

High physiological and phenological diversity is also witnessed in B. rapa, e.g. variation in 

stomatal conductance, photosynthetic rate, and flowering time (Edwards et al., 2011; Lou et al., 
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2011; Edwards et al., 2012; Baker et al., 2015; Yarkhunova et al., 2016). Recombinant inbred 

lines (RILs) developed from a cross of two B. rapa genotypes, IMB211 and R500, provided a 

unique lens to view the genetic architecture of this diversity (Iniguez-Luy et al., 2009; Lou et al., 

2011; Baker et al., 2017). The R500 genotype is a long-cultivated seed-oil from India (Prakash 

S, 1980). The IMB211 genotype was derived from the Wisconsin Fast Plant™ population and 

mirrors naturalized populations of agricultural weeds (Iniguez-Luy et al., 2009). These RILs 

therefore offer the opportunity to evaluate a crop-type x wild-type cross where potentially 

beneficial traits may arise. These morphologically diverse crop types and RIL populations are 

used to investigate physiological variation in B. rapa throughout this dissertation. 

1.2.2 Influence of light, CO2 on photosynthesis 

In its role converting CO2 into carbohydrates to support plant growth and development, 

photosynthesis is an essential mechanism underlying leaf-level to global biogeochemical 

processes (Chapin, 2011). Consequently, the observation and modeling of photosynthesis is of 

vital importance to plant science both for fostering insights into plant physiology as well as 

practical uses for understanding crop productivity (Sinclair & Seligman, 1996; Hammer et al., 

2006). Under ideal steady state conditions, photosynthetic responses to changes in light and CO2 

are well described (Farquhar, Get al., 1980; von Caemmerer, 2000; Lambers, 2008), and 

infrared gas-exchange analysis is frequently used to monitor changes in photosynthetic rates 

under changing environmental conditions (Long & Bernacchi, 2003). 

Unstressed photosynthesis (An) rises under increasing photosynthetically active radiation 

(Q) until it reaches a saturation point, occurring because the limitation on An shifts from light

limited to carbon-limited. A plot ofAn rate against Q, commonly called a light-response (LR) 

curve, can reveal where An saturates as well as other important controls on An (Ogren & Evans, 

1993). Examples of LR curves can be found in the Appendix. They-intercept describes the rate 

of leaf respiration in darkness (Rd) while the initial slope describes the quantum yield of CO2 

assimilation (</JJ). The light reactions of photosynthesis require balancing photochemical 

quenching between photosystem I (PSI) and photosystem II (PSII). The transfer of electrons ( e-) 

between PSII and PSI produces a proton gradient for ATP production and electron transfer from 

PSI to Ferredoxin produces NADPH, both of which are needed for CO2 fixation (Rabinowitch & 

Govindjee, 1965; Whitmarsh & Govindjee, 1999). This sequence of e- transfer is a highly 

regulated process with mechanisms reducing light induced photo-oxidative damage and 
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balancing photosystem excitation (Laisk, A et al., 2002; Kramer et al., 2004a; Yin et al., 2009). 

Pulse amplitude modulated (PAM) chlorophyll fluorescence is a useful tool for understanding 

the electron transport rate (ETR) of photosynthesis. PAM fluorescence uses the signal of the re

emitted fluorescence of PSII to diagnose the fate of quanta absorbed by the leaf and identify 

traits of photochemistry (Maxwell & Johnson, 2000; Baker, 2008). Excess Q can produce 

photooxidative stress, which can cause downregulation as well as damage to photosynthetic 

machinery (Asada, 2006). Importantly, both gas-exchange and fluorescence observation can be 

used to identify when leaves are exposed to Qin excess of their photochemical capacity. 

In C3 plants, including B. rapa, the response to changes in CO2availability is dominated 

by the enzyme Ribulose-1,5-bisphosphate carboxylase/oxygenase (RuBisCO), which catalyzes 

the carbon fixation producing the 3-carbon PGA molecule (von Caemmerer, 2000; Lambers, 

2008). RuBisCO catalyzes both carboxylation and oxygenation, favoring carboxylation by about 

4: 1 in C3 plants. When CO2is the RuBisCO substrate, the end product of the Calvin cycle is 

glucose. When 0 2 is the substrate, photorespiration occurs, a process producing detrimental bi

products (Spreitzer & Salvucci, 2002). An is relatively static over short time scales under constant 

environmental (e.g., temperature, humidity, light) conditions. Under these conditions gas 

exchange chambers permit the acquisition of assimilation data at ambient CO2concentrations 

that are stepped up from approximately Oppm to 2000 ppm. This type of data showing the 

response ofA 0 to intercellular CO2availability ( Ci) is typically referred to as an A/Ci curve and 

the model of photosynthesis developed by Farquhar and others (FvCB) (Farquhar, GD et al., 

1980; Farquhar & von Caemmerer, 1982) has been widely used to describe these curves as the 

minimum of either RuBisCO-limited or light-limited assimilation. Examples ofA/Ci curves can 

be found in the Appendix. 

One of the challenges of using the FvCB model is that it requires parameters that cannot 

be directly measured, and so numerous schemes have been developed to fit the model to A/Ci 

curves (Ethier & Livingston, 2004; Sharkey et al., 2007; Niinemets et al., 2009a; Patrick et al., 

2009; Gu et al., 2010). Amongst the key traits ofA/Ci curves is the maximum rate of 

carboxylation (Vcmax), the maximum rate of electron transport CJmax) and the Michaelis-Menten 

constant for RuBisCO for CO2 and 0 2 (Kc, Ka respectively). For C3 species certain traits, such as 

the Kc and Ka are conserved (von Caemmerer, 2000). This is a reflection of the highly conserved 

genes encoding for RuBisCO subunits within C3 species (Galmes et al., 2005). Alternatively, 
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V cmax and Jmax amongst others have been repeatedly shown to vary (Wullschleger, 1993; Patrick 

et al., 2009; Gu et al., 2010). These ideas of varying and constrained FvCB traits within 

populations can be leveraged in parametrization through the use of trait hierarchy (Discussed 

further in 1.2.4 Approaches to mechanistic plant modeling). 

The observation and modeling of photosynthesis in response to fluctuations in light and 

CO2 is central to the research presented herein. Observations of both leaf gas-exchange and 

chlorophyll fluorescence are used in Chapter 2, 3 & 4 to estimate photosynthetic trait 

differentiation in B. rapa genotypes. These trait differences are used further in Chapters 4 & 5 to 

evaluate whole plant processes under stressed and novel environmental conditions. 

1.2.3 Plant responses to drought and nitrogen availability 

Drought represents a major stress on plants in both native and agricultural settings 

(McDowell et al., 2008; Allen et al., 2010). Physiological responses to mild drought include 

reductions in stomatal conductance (gs) and mesophyll conductance (gm)- gm is the conductance, 

of both CO2 and H20, between intercellular space near the stomata and the site of carboxylation 

within chloroplast. Both gs and gm can lower potential An due to limited CO2 availability often in 

a coordinated fashion (Larcher, 1995; Niinemets et al., 2009b). Plant responses to increasingly 

severe drought can include loss of xylem conductivity (Pockman et al., 1995), limited water 

transport from roots to leaves, and reductions in photosynthetic quantum yield (Bjorkman & 

Powles, 1984; Guadagno et al., 2017). Theories of drought-induced mortality include the concept 

of hydraulic failure where unmitigated air-seeding into the plant's hydraulic pathway (or 

cavitation) under conditions of low water supply relative to demand, forces stomatal closure thus 

severely limiting CO2 assimilation. The combined impacts of hydraulic failure result in the 

inability to maintain basic cellular function and hence homeostasis (McDowell et al., 2008; 

McDowell et al., 2013). Emerging research also points to proximal causes of drought induced 

mortality including increased production of reactive oxygen species (ROS) leading to cell 

membrane rupture (Gill & Tuteja, 2010; Guadagno et al., 2017; Guadagno et al., 2018) as well 

as inability to transport newly assimilated sugars (Maguire & Kobe, 2015). That water stress can 

impact the ROS balance in leaf tissues implicates the interplay between water stress and light as 

a major source of oxidative stress. Therefore, including physiological mechanisms for safely 

dissipating excessive light energy in leaves is an active area of research (Muller et al., 2001; 

Guadagno et al., 2018). 
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Plant nutrient uptake from soil plays a vital role in crop productivity. Amongst the six 

soil-derived plant macronutrients, nitrogen (N) is arguably the most critical. While N is abundant 

in the atmosphere, plant N uptake is only through dissolved inorganic N in the form of 

ammonium (NH/) or nitrate (NO3) produced naturally from terrestrial N cycle or via synthetic 

sources (Lambers, 2008). N deficiency can result in a variety of syndromes including deformity, 

discoloration, premature defoliation, and potentially death (Gurevich, 2006; Mauseth, 2011). 

Plant N status results in a cascade of responses aimed at obtaining sufficient N amounts for 

maintaining normal growth and development (Hopmans & Bristow, 2002). Reponses include 

shifts in resource allocation to roots for mining N and the use of root exudates for promoting 

microbial activity beneficial for nitrification (Henry et al., 2008; Lau & Lennon, 2011; 

Berendsen et al., 2012). N availability can also influence leaf area having an interactive effect on 

light exposure throughout a canopy leading to changes in the partitioning in N throughout the 

canopy (Delong et al., 1989; Meier & Leuschner, 2008). At the leaflevel, the relationship 

between the photosynthetic rate and the nitrogen content of leaves has long been accepted 

(Evans, 1989). Critical enzymes, including RuBisCO, are heavily dependent on N, a 

phenomenon observable in photosynthetic response data, and N limitation can have interactive 

effects on factors including gs (Evans, 1989; Cechin & de Fatima Fumis, 2004; Yin et al., 

2009b). Nitrogen use efficiency (NUE) ofN is therefore an important target for breeders, as 

limiting N fertilization is beneficial both financially and environmentally. 

1.2.4 Approaches to mechanistic plant modeling 

Mechanistic plant models are ensembles of simplified mathematical representations used 

to simulate how biological traits of plants interact with environmental stimuli. These models can 

predict plant productivity, assimilation, water use, stress-degree, and other physiological features 

(Sinclair & Seligman, 1996; Yin, Xinyou et al., 2004; Boote et al., 2013; Parent & Tardieu, 

2014; Mackay, D.S., 2015). Mechanistic plant models have evolved substantially since the first 

attempts by Howard Penman, John Montieth and Comelis de Witt (Penman, 1948; Monteith, 

1965b; Monteith, 1965a; de Witt, 1966; El-Sharkawy, 2011). Early water-centric models treated 

plants much like pools of water differentiated by surface roughness, absorbance and other 

physical attributes (Penman, 1948; Monteith, 1965a). The first mechanistic plant models 

approached An by solving the geometric problem of light transfer through structurally different 

canopies (Monteith, 1965b; de Witt, 1966). These models established an essential element for 
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future approaches, namely that plant traits influence both water and carbon fluxes. What started 

as modeling the physical differences between vegetation, bare soil and open water has advanced 

to distinguish between plants types through incorporation of plant functional theory (Allen et al., 

1998; Damour et al., 2010) and genetic discrimination of traits (Yin, Xinyou et al., 2004; White, 

2006). 

A clear pattern of model development, testing, and improvement employed throughout 

the history of plant modeling was implemented in the research presented here. At each iterative 

stage of model development in this dissertation, the focus is on refining the mechanistic 

relationships in the models to quantify more precisely the nature of trait differentiation within the 

population. Many crop breeding programs rely on empirical/statistical models not applicable to 

conditions or genotypes outside of those used for development. Mechanistic models are preferred 

over these statistical ones as distinct trait information from plant populations modifies 

mechanistic model behavior allowing for application beyond a single treatment or genotype 

(Boote et al., 2001; White, 2006; Boote et al., 2013). Iterative development of mechanistic 

models is useful for testing theory and integrating new data while evaluating how the addition or 

subtraction of complexity influences suitability and ability to distinguish between populations 

(Box, 1976; Hoogenboom et al., 1992). It can be argued that the ability to mimic trait divergence 

within populations is a necessary precursor to incorporating genetic data into models (Parent & 

Tardieu, 2014). Following that argument population level evaluation of conserved and varying 

traits is conducted within a closely related population that may have fine scale genetic 

differentiation underlying the observed variance in traits. 

Differentiation between genotypes in models can only be made using precise 

parameterization (White, 2006; Patrick et al., 2009; Bertin et al., 2010). To accomplish this 

Bayesian methods are employed for model parameterization throughout this dissertation. 

Bayesian statistics offer excellent tools to facilitate the iterative process of model development. 

Formally, Bayes theorem can be described as an equation of probability (P) following: 

P(8ID) = p(Dl8) x p(8) / p(D) (1.1) 

where 8 represents model parameters, here representing distinct plant physiological traits and D 

representing observational data. Eqn 1.1 can be used therefore to test models using data, estimate 

parameters and quantify uncertainty with probabilistic statements (Kruschke, 2010). Bayesian 

approaches have been used previously to evaluate model complexity as well as a tool for 
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identifying plant traits in plant ecology and physiology (Ogle et al., 2009; Patrick et al., 2009; 

Mackay et al., 2012). Here hierarchical Bayesian models are developed for accurate genotype 

and species-level predictions of parameters under varying environmental conditions, with a clear 

distinction between genetically conserved traits and those with genotypic variation. Hierarchical 

modeling is well suited for the experimental designs of this dissertation as observations are made 

at multiple levels of genetic relationship (individuals, genotypes and species). 

Briefly, a Bayesian model is comprised of three sets of probability statements: priors, 

likelihood functions(s), and posteriors. The prior statement indicates one's beliefs about a trait 

before data has been considered. Priors statistically summarize known information, in this case 

regarding plant physiological traits (Ogle & Barber, 2008). The likelihood function(s) expresses 

the probability that a particular model could have generated a particular set of data. Here 

multiple likelihood functions are considered, ranging from simple linear regressions to whole 

plant models with dynamic feedbacks amongst processes. It is through varying the structural 

forms of these likelihood functions that complexity analysis can be conducted. The final 

probabilistic statements, the posterior distributions, describe the strength of a model as well as 

the degree of uncertainty in parameterization once data has been tested. 

1.3 Problem Statements and research questions 

There is continual demand to realize the full potential of observational data for 

understanding the variation in plant physiological responses and the traits responsible. These 

improvements in phenotyping are necessary to match the pace enabled by the advances in large 

scale genotyping. Linking phenome to genome can be used to inform cutting edge breeding 

approaches only if the phenotypic traits identified can be related to a number of functional genes 

(Fiorani & Schurr, 2013; GroBkinsky et al., 2015; Tardieu et al., 2017). Mechanistic modeling 

approaches provide a means of interrogating observational data and narrowly defining the role 

individual plant traits play in plant growth, development and stress response (Yin, Xinyou et al., 

2004; Bertin et al., 2010; Martre et al., 2015). Models are evolving to incorporate new data types 

for testing theories of plant eco-physiology, as this allows for potential narrowing of plant trait 

function for genomic evaluation (Kuhlgert et al., 2016; Stinziano et al., 2017; Tardieu et al., 

2017). 

This dissertation focuses on new developments and applications of photosynthesis 

models and phenotypic data to advance new understanding of the diversity of photosynthetic 
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responses to drought stress and nitrogen limitation. This is accomplished using experimental 

designs linked tightly to model development while using knowledge of plant physiology to 

identify traits and processes responsible for observed variation across genotypes and 

environmental conditions. The objectives of this research are to: 

(1) Quantify genotypic photosynthetic trait variation in an unstressed population ofB.rapa 

genotypes; 

(2) evaluate genotypic trait response to nitrogen fertilization on photosynthetic electron 

transport; 

(3) use a coupled experimental-modeling approach to evaluate traits inferring drought tolerance; 

and 

(4) predict yield potential for B. rapa genotypes in response to projected climate change. 
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Chapter 2 

Phenotypic trait identification using a multimodel Bayesian method: a case 

study using photosynthesis in Brassica rapa genotypes 1 

2.1 Introduction 

Maintaining food security for the world's rapidly growing population is a paramount challenge 

for science. Classic and modem genomic breeding programs represent one of the major tools for 

increasing food supply to counter this Malthusian dilemma. The success of breeding programs in 

part depends on the ability to quickly identify beneficial phenotypic traits in breeding 

populations (Sadras et al., 2013). Experimentation and modeling assists trait identification while 

producing insights into plant physiology and crop productivity (Sinclair & Seligman, 1996; 

Hammer et al., 2006). Mechanistic modeling using known or theorized ecological, biochemical 

and biophysical principles further advance understanding through connecting yield to causal 

traits (Laisk & Nedbal, 2009; Tardieu, 2010). These mechanistic models of plant physiology use 

statistical tools to estimate trait variation by organizing phenomenological data into meaningful 

mathematical representations of enzymatic and protein activity responsible for plant processes 

(de Wit, 1965; von Caemmerer, 2000; Patrick et al., 2009; McDowell et al., 2013). In this way 

models can estimate valuable phenotypic information through specifying physiologically 

meaningful trait values from data. 

Photosynthesis is a primary target for selective enhancement in crops (Long, Stephen P et 

al., 2006; Singh et al., 2014; Furbank et al., 2015) and the mechanisms of photosynthesis are 

well studied with models used to characterize assimilatory strategies across taxa (Wullschleger, 

1993; Patrick et al., 2009; Gu et al., 2012). For these reasons, photosynthesis was chosen as a 

target for multimodel phenotyping. Modeling of photosynthesis evolves as theory tests data in 

attempts to replicate the pathway of enzymatic and protein responses responsible for carbon 

fixation, light harvesting and electron transfer (de Wit, 1965; Farquhar, Get al., 1980; von 

1 
A modified version of this chapter has previously been published. Please see Pleban, J. R., Mackay, D. S., Ewers, 

B. E. A. , Aston, T. L. & Weinig, C. A. 2018. Phenotypic trait identification using a multimodel Bayesian method: a 
case study using photosynthesis in Brassica rapa genotypes. Frontiers in Plant Science, 9,448 . doi: 
10.3389/fpls.2018.00448 
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Caemmerer, 2000; Farquhar et al., 2001; Yin et al., 2009b). At each stage of model development 

simplifying assumptions are made regarding the behavior of these pathways. For example, 

assumptions are made in regard to the degree of trait response to temperature fluctuation or 

regarding the relative resistance change in the CO2 pathway from the atmosphere to the site of 

carboxylation (Medlyn et al., 2002; Pons et al., 2009). Such assumptions affect modeling efforts 

in three key ways. First, assumptions accommodate unknowns and can shift model emphases 

from mechanistic processes to empirical relationships. Second, assumptions impact model 

complexity, forcing modelers to assess the performance of models ranging in complexity (Knorr 

& Heimann, 2001; Martre et al., 2015). Third, assumptions can influence the uncertainty of trait 

estimates (Mackay et al., 2012). Uncertainty quantification is therefore necessary when making 

claims of trait differentiation. More broadly, uncertainty quantification can inform the cyclical 

process of model improvement by repeatedly testing updated theory against data (Box, 2001 ). 

A number of theoretical developments with empirical support have identified the critical 

factors limiting leaf-level CO2 assimilation (A). Generally, the limiting factors are divided into 

two major classes: diffusional and biochemical. Diffusional limits can be further subdivided into 

a stomatal limitation that is imposed by guard cell control over stomatal conductance and a 

mesophyll limitation regulating CO2 and H20 transport between the intracellular space and the 

site of carboxylation (Cc) (Ethier & Livingston, 2004; Grassi & Magnani, 2005; Niinemets et al., 

2009a; Damour et al., 2010). Limits on photosynthesis imposed by mesophyll conductance (gm) 

have been shown to be of a similar magnitude to gs limitation (Grassi & Magnani, 2005). 

However, uncertainty remains in understanding the limits gm imposes across taxa and 

environments as all methods of estimating gm rely on models sensitive to parameterization (Pons 

et al., 2009; Gu & Sun, 2014; Theroux-Rancourt & Gilbert, 2017). The leaf biochemical 

limitations controlling A are summarized by two primary factors, Ribulose-1,5-bisphosphate 

carboxylase/oxygenase (RuBisCO) limited A (Ac) and regeneration of ribulose biphosphate 

(RuBP) limited A (AJ). Ac follows the Michaelis-Menten enzymatic kinetics for RuBisCO. This 

requires amongst other parameters the estimation of the maximum rate of carboxylation (Vcmax). 

AJ is coordinated by the electron transport rate (ETR) across photosystems II and I (PSII, PSI), 

which produces ATP and NADPH needed for the Calvin carboxylation cycle (von Caemmerer, 

2000). Measurements of chlorophyll fluorescence have been used as proxies for ETR limited AJ 

(Genty et al., 1989; Baker, 2008). A carbon metabolism limitation or triose phosphate utilization 
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(TPU) limitation has also been identified (Sharkey et al., 1985). Beyond the major diffusional 

and biochemical limitation, studies have sought to better understand the influence temperature 

has on photosynthetic performance (Bernacchi et al., 2001; Medlyn, B et al., 2002; Patrick et al., 

2009). Temperature influence can be modeled using an activation energy (Ei) parameter 

following an Arrhenius function (von Caemmerer, 2000). Both diffusional and biochemical 

limitations are temperature-responsive using these modeling methods (Bernacchi et al., 2001; 

Bernacchi et al., 2002; Leuning, 2002; Kattge & Knorr, 2007). In total, the inclusion or absence 

of these limitations, constraints or assumptions regarding leaf biochemistry and biophysics 

results in models of varying complexity. 

Progressively, each incremental change in model form represents an alternative view of 

how the photosynthetic machinery behaves. A multimodel framework can test for the strengths 

and weaknesses of these alternative views. Information criteria such as Akaike Information 

Criteria and Bayesian correlate Deviance Information Criterion (DIC) provide metrics for 

evaluating model adequacy through combining terms of both the goodness of fit and model 

complexity (Akaike, 1998; Spiegelhalter et al., 2002). A recent statistical argument suggests that 

multimodel analyses are a superior method, compared to null hypothesis approaches, to test 

mechanisms against data (McElreath, 2016). Climate models leverage the multimodel approach 

for generating estimates of regional temperature change (Tebaldi et al., 2004) and these climate 

model ensembles have been used in crop prediction models (Ruane et al., 2017). Hydrological 

work also embraces Bayesian multimodel approaches to both inform groundwater estimates and 

sampling schema (Xue et al., 2014). 

The current state of the art in photosynthesis models seeks to capture known and 

theoretical biophysical processes of the diffusional limitations and the light and light

independent reactions responsible for observed variation across environments and taxa (van der 

Tol et al., 2009; Yin et al., 2009b). Concurrently modelers aim to parameterize at finer 

evolutionary scales (Yin et al., 2000; Patrick et al., 2009; Yamori et al., 2014). The broad 

division of models between C-3 and C-4 plants represents a critical improvement in this context 

(von Caemmerer, 2000). The C-3/C-4 evolutionary shift resulted in mechanistic differences 

requiring unique modeling frameworks for successfully understanding these two broad 

assimilatory systems. But approaches ignore model structural differences when considering 

variation among closely related individuals. Multimodel analysis can assist in testing for 
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variation across evolutionary context, as the structure, distribution, abundance, and therefore 

behavior of critical enzymes and proteins should be conserved in closely related populations 

relative to evolutionarily distant ones. Of relevance to crop breeding and highly outcrossing wild 

species, allelic combinations from two parents may lead to physiological responses beyond the 

range expressed by the parents due to transgressive segregation (Rieseberg et al., 1999). In these 

cases, identifying genetic controls over biophysical traits and processes across the species as a 

whole may be more complicated. Even so, instances of transgressive segregation explore 

phenotypic space that may be acted upon by natural or artificial selection (Riese berg et al., 

2003). In such cases genotypic differences may require genotype-specific behaviors and allow 

for reduced model complexity by eliminating the need for particular parameters. For example, it 

may be unnecessary to account for gm-limitation if all experimental genotypes have uniformly 

high gm relative to gs. Therefore, when probing for trait variation within a genetically variable 

species, it is important to explicitly test if genotype- or species-level model forms are preferred. 

Overall, our aim was a robust complexity analysis of multiple leaf photosynthesis models for 

evaluation of photosynthetic differences of different allelic combinations. 

2.2 Materials and Methods 

2.2.1 Overview 

Model evaluation should not only considerer fit because increasing complexity often improves fit 

but may not increase predictive power. Therefore, checking models for both fit and parsimony 

should occur iteratively (Box, 1976; Spiegelhalter et al., 2002). To avoid unnecessarily high 

dimensionality, statistical measures have been developed that penalize complexity as part of a 

model selection strategy (Akaike, 1998; Spiegelhalter et al., 2002; Plummer, 2008). In the 

screening tool developed here, the complexity associated with three leaf level modifications of 

photosynthesis models was quantified: temperature constraints, gm limitation, and derivational 

formofETR. 

Bayesian methodologies are well suited for parameterization, uncertainty analysis and 

multimodel evaluation (Gelman et al., 2004; Kruschke, 2010). These methods have wide 

application in plant ecology and physiology (Ogle & Barber, 2008; Patrick et al., 2009; Mackay 

et al., 2012; Gou et al., 2017). While many Bayesian studies have focused on just one or two of 

these beneficial features; often parameterization and uncertainty analysis (Zhu et al., 2011; Gou 

et al., 2017), here all three features are leveraged. Additionally, Bayesian methodologies can be 
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tested in hierarchical structures whereby multiple datasets can be combined to inform 

parameterization at different levels, such as among taxa or genotypes, spatial scales or other 

known sampling characteristics (Gelman et al., 2004). Here, a simple two level hierarchical 

structure is adopted, where individual and genotypic level traits are estimated. This analysis is 

summarized in Fig. 2.1 as a five-part trait-screening methodology; four of these five parts are 

presented in detail here. First, experimental data, described later in the Plant Physiological 

Measurements sections, is collected across genotypes and/or within treatments; the data set 

presented here is across genotypes under unstressed growth conditions. Second, alternative 

models are constructed in an effort to challenge commonly held yet non-definitive assumptions 

regarding the process of interest; here multiple photosynthesis models are established using 

curves of CO2 assimilation (A) vs. intercellular CO2 concentrations ( Ci) (A/CJ. Third, observation 

data is passed into competing models using a sampling scheme designed to produce Bayesian 

posteriors. Fourth, the posterior distributions of each model are examined, in order to identify 

traits with genotypic differentiation and to evaluate genotypic differences in light of model 

complexity. Fifth, findings are summarized to develop future experimental-modeling iterations. 

In sum, potentially beneficial traits are identified, areas for model improvement are considered, 

and resultant posterior distributions are used to update trait priors for subsequent evaluation. At 

the same time, new experimentation is identified based on findings and genetic analysis of trait 

estimates may support classic or molecular breeding based on candidate genes. Ultimately, this 

multimodel analysis aims at critically evaluating trait differences within the population under 

investigation and represents an important step in linking phenome to genome, here demonstrated 

on the vital processes of carbon assimilation and light harvesting. 
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1. Experimental Design* 2. Multi-Model Design* 3. Model Computation* 

- Treatment Group(s) - Alternative - Gibbs Sampling 

- Breeding Population 
- Phenotyping 

Measurements 

---+ hypotheses 
- Establish trait priors 

---+ - Convergence 
diagnostics 

- Monitor Deviance 

T T l 
Sb. Classic or Molecular Sa. Plan next integration 4. Analysis* 

Breeding - Update models - Posterior predictive 
- QTL Mapping 
- Candidate Genes 

- Update priors ~ checks 
- DIC 

- Informed breeding - HDI 

Fig 2.1 Workflow for multimodel Bayesian phenotyping. Box 1: Experimental design across varietals 
and/or treatments; here focus was on A/Ci curves from six B. rapa genotypes. Box 2: Alternative 
models constructed for testing assumptions regarding the process of interest; here eight photosynthesis 
models with trait priors established from literature (Tables 2.1-2.4). Box 3: Bayesian sampling for 
generating posterior distributions across all models X individuals, here executed in rjags (Plummer, 
2014). Box 4: Posterior distributions evaluated using posterior predictive checks (Figs 2.2-2.4), 
genotypic model complexity compared using DIC (Table 2.5), and posterior trait distributions of each 
model scrutinized using boxplots (Figs 2.5-2.8) and high-density interval (HDI) analysis (Table 2.6). 
Box 5a: Model evaluation and updating along with updating ofprior distributions for population. Box 
5b: Genomic analysis of identified traits and classic or molecular breeding for establishing next test 
population (Fig 2.9). * indicates steps competed in Chapter 2. 

2.2.2 Study site & genotypes 

Data were obtained from experiments undertaken in the summers of 2012 and 2013 at the 

University of Wyoming Research and Extension Center Field Complex (41.32 N, 105.56 W) in 

Laramie WY, USA. Details of the experiment are given in Aston et al. (in prep); I participated in 

the experiments during the summer of 2013 serving as a field technician while receiving training 

on the Li-6400XT. The study included six genotypes ofB. rapa: four crop accessions (oilseed, 

subsp. Pusa Kalyani cgn06834 (oil); turnip, subsp. Maiskaja cgn06710 (tur); Chinese cabbage, 

subsp. Pekinensis cgn13942 (cab); broccoletto subsp. Quarantina cgn06825 (bro)) and two 

recombinant inbred lines (RILs) (r46 and r301). Crop accession seeds were obtained from the 

Wageningen University and Research Center for Genetic Resources. The RILs, r46 and r301, are 

the F8 offspring of a cross between the IMB211 genotype derived from the Wisconsin Fast 

Plant™ population and the R500 genotype, an oilseed long cultivated in India. The two RILs, 

full siblings, were selected based on the expression of transgressive segregation for intrinsic 

water use efficiency (WUE) identified in earlier research (Edwards et al., 2011; Edwards et al., 
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2012). Plants were germinated in a greenhouse and after two weeks transplanted to a rain shelter 

in the field where they were grown under well-watered conditions. All measurements were taken 

on days 25-28 after planting. 

2.2.3 Plant Physiological Measurements 

Infrared leaf gas exchange (IRGA) measurements (Li-6400XT, Li-Cor, Lincoln, NE, 

USA) were taken to measure A/Ci response with a constant irradiance of2000 µmol m-2 s-1 for 

CO2 concentrations of approximately 50, 100,200,300,400, 500, 600, 800, 1000, 1250, 

1500 and 2000 µmol mol-1
. IRGA measurements monitor fluxes of both CO2 and H20 allowing 

for direct measurement ofA and transpiration (E) with indirect means of assessing gs and Ci. CO2 

response curves were measured between 10:00 hand 16:00 hon fully expanded, mature leaves 

with leaf temperature maintained near 22°C and relative humidity maintained within 10% of 

ambient. A steady state was achieved at each CO2 increment prior to each gas exchange 

observation. Temperature and vapor pressure deficit averaged 21.1 °C (+/- 3.0) and 2.01 kPa (+/-

0.4), respectively. Chlorophyll fluorescence measurements were taken in conjunction with each 

gas exchange observation. Chlorophyll fluorescence observations measure the re-radiated near 

infrared light by the leaf. Fluorescence serves as one means, albeit small, of dissipating excess 

light energy (Maxwell & Johnson, 2000). Fluorescence yield is used to quantify the amount of 

light energy transferred from excited photosystem II to primary quinone acceptors, such as 

plastoquinone, driving downstream photosynthetic light reactions (Baker, 2008). This is done 

using a saturating flash followed by a dark pulse to measure Fm' - F/Fm', where Fs is steady 

state fluorescence yield and Fm ' is maximum light-adapted fluorescence yield. Fm' -F/Fm' is 

commonly referred to as effective quantum yield of PSII (<pps11) (Genty et al., 1989). A simple 

method using <pps11to estimate total flux of the electron transport chain based on fluorescence CJ1) 

(µmol m-2 s-1
) is described in Eqn. 2.3.5 of Table 2.2. Eqn. 2.3.5 makes assumptions regarding 

the partitioning of light between photosystems (f) (0.5) and the fractional value of light 

absorptance by leaf photosynthetic pigments (aieaJ) (0.85). In total 29 individual A/Ci curves 

were tested in the analysis (six r301, six r46, five bro, five cab, three oil and six tur). 

2.2.4 Bayesian Modeling Approach 

A Bayesian model is comprised of three sets of probability statements (Gelman et al., 2004; 

Kruschke, 2010; Ogle & Barber, 2012). First, prior statements represent a statistically sound and 

repeatable method of summarizing known information, in this case regarding plant 
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photosynthesis physiological traits (Ogle & Barber, 2008). The second probability statement is 

the likelihood function(s) expressing the probability that a given model could have generated a 

particular set of data. The final probabilistic statements are the posterior distributions describing 

the strength of a model once data have been tested as well as the degree of uncertainty in 

parameterization. Here eighteen A/Ci curves were independently evaluated using a suite of eight 

models following this approach. The data, parameters and predictions made by these eight 

models are described in Table 2.1, with model equations identified in Table 2.2. Each model has 

a coded name based on the assumptions therein (Table 2.3). The model and implementation 

codes used for analysis are provided at 

https://github.com/jrpleban/Bayes _Farquhar_ Models_ 2 _level_ Hierarchy. Priors on parameters 

are shown in Table 2.4. Estimates were made for some parameters often set as constants (Kc, Ka) 

to evaluate a given model's ability to discern traits expected to be conserved in this population. 

A literature survey for each parameter was used to provide statistical distributions for parameter 

priors. Many parameters have ample data across taxa, such as for Jmax25, allowing a normal 

distribution of priors (Wullschleger, 1993). When a trait's distribution was more uncertain, broad 

priors were used, such as for <PJ. 
All models assumed that observations ofA (An) (µmol m-2 s-1

) followed a normal 

distribution: 

An~ N(Aexp, r) (2.1) 

where Aexp is the expected photosynthetic rate, r is precision (1 /cr 2) describing the variability in 

measurement error. A hierarchical design nested individual plant parameters within the 

genotypic populations. This nested design was used for all eight photosynthesis models with 

each model and genotype run independently. Parameters undergoing individual and genotypic 

estimation employed normal distributions following: 

(2.2) 

where µYi is individual level parameters means, µYgena are genotypic parameters means and TYgena 

is the genotypic precision (1/cr2
). Table 2.4 shows the parameters estimated at both the individual 

and genotypic level as well as those only estimated genotypically. The choice of parameters 

estimated at genotypic level considered both evolutionary constraints, for Kc and Ka (Galmes et 

al., 2005) and an analysis of trait variance using a suite of non- hierarchical models for Ei's (data 

not shown). The variance priors for individual level parameters used weakly informed gamma 

https://github.com/jrpleban/Bayes
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distributions. A weakly informed Folded-Cauchy distribution (implemented as a truncated t

distribution with one degree of freedom) was used to describe prior distribution for process 

model variance structure (r) (Gelman, 2006). This was centered at 0, set at the range of [0,oo) 

with a standard deviation of 2.5. 

Table 2.1. 

List of abbreviations used for observations, predictions and parameters of eight photosynthesis models. 

Equations described in Table 2. Model coding described in Table 3. 

Abbreviation Definition 

Observational data 

An CO, assimilation rate observed 

C; lntercellular CO, partial pressure observed 

Ca Ambient CO2 partial pressure observed 

T Leaf temperature observed 

p Pressure observed 

g, Conductance to CO, from atmosphere to intercellular space observed 

0 Ambient O, ( assumed 21 % atmosphere) 

Q Photosynthetically active radiation observed 

tpPSll Quantum yield ofphotosystem II based on Chlorophyll fluorescence 

11 Electron transport rate from Chlorophyll fluorescence (Eqn 2.5) 

Process model predictions 

Expected CO2 assimilation rate 

Rubisco limited rate of CO, assimilation 

Electron transport limited rate of CO, assimilation 

Rate of electron transport following Eqn 2.6 

Process model parameters from data or constants 
1R Universal gas constant (8.3 14 J K 1 mor ) 

a1,af Absorptance ofleafphotosynthetic pigments (0.85) 

f Partitioning of energy between PSII and PSI (0.5) 

Process model parameters identified by Bayesian estimation 

Rd (Rd25) Respiration rate in the dark ( standardized to 25 °C) 

I'* (I'*25) CO, photocompensation point (standardized to 25 °C) 

K c (Kc25} Michaelis-Menten constant for Rubisco for CO, (standardized to 25 °C) 

K 0 (Ko25} Michaelis-Menten constant for Rubisco for O, (standardized to 25 °C) 

Ei 's (Kc, Ko , Rd, Vcmax, 
Activation energy used in Arrhenius function 

r•, Jmax, gm} 
Mesophyll conductance to CO, from intercellular space to site of 

gm (gm25} 
carboxylation (standardized to 25 °C) 

Vern= {Vcm=25} Maximum rate of carboxylation ( standardized to 25 °C) 

Jm= {Jm=25} Maximum rate of electron transport (standardized to 25 °C) 

tpJ Quantum yield estimate using Eqn 2.6 

Curvature factor photosynthetic light response curve 

2.2.5 Photosynthesis Models 

Units Models using 

µmo t m·' s·' All 

Pa CiCcModels 

Pa CaCcModels 

oc Temp Models 

Pa All 

µmo t m·' s·' CaCcModels 

Pa All 

µmo t m·' s· ' Jm models 

e photon·' JfModels 

µmo t m·' s·' JfModels 

µmo t m·'s·' All 

µmo t m·' s· ' All 

µmo t m·' s·' All 

µmo t m·' s·' Jm models 

J K 1 mor ' All 

unitless JfModels 

unitless JfModels 

µmo t m·'s·' All 

Pa All 

Pa All 

kPa All 

KJ mor ' Temp Models 

µmo t m·' s· 
CiCcModels 

'Pa·' 
µmo t m·' s· ' All 

µmo t m·' s· ' Jm models 

e photon·' Jm models 

unitless Jm models 

Within plant physiology and earth system science the Farquhar, von Caemmerer and Berry 

model of photosynthesis (FM) stands out for its mechanistic, principally 

biophysical/biochemical, basis for modeling C3 photosynthesis (Farquhar, G et al., 1980; von 

Caemmerer, 2000). FM, developed at the leaf scale, originally proposed two rate limiting factors 

01 
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controlling A by finding the minimum of RuBisCO limited A, Ac, and RuBP regeneration limited 

A, AJ (Farquhar, Get al., 1980), with a gm limitation added subsequently (Ethier & Livingston, 

2004). A triose phosphate utilization limitation (TPU) ofA (Sharkey et al., 1985) was considered 

using a similar quadratic structure. Results showed TPU affecting A at greater than 93.6 µmol m-
1 2 1 

2 s- , above the maximum An (70.3 µmol m- s- ) found in our data, and therefore a TPU 

limitation was not included. 

Modeling equations are presented in Table 2.2, and all approaches use the general 

quadratic form of FM, Eqn. 2.3.1 (Table 2.2). Ac followed Michaelis-Menten enzymatic kinetics 

for RuBisCO (Eqns. 2.3.3a or 2.3.3b), AJ, controlled by ETR, followed Eqn. 2.3.4a (using Eqn. 

2.3 .5) or 2.3 .4b (using Eqn. 2.3 .6). All models predicted both Ac and AJ but varied in their 

inclusion of three components: (1) the use of a temperature constraint on model parameters, (2) 

the inclusion or absence of a gm limitation, and (3) the derivation for estimating AJ. This 23 

design leads to eight modeling formulations when accounting for all combinations. First a subset 

of models included a temperature constraint on parameters, the inclusion or absence ( assuming 

infinite) of a gm limitation, and use of two alternative characterizations of ETR, following either 

Eqn. 2.3.5 or 2.3.6 (Table 2.2). Models were developed on all combinations of these three 

assumptions (Table 2.3). Models with a gm limitation were coded CiCc, while infinite gm models 

were coded CaCc. Models using Eqn. 2.3.5, fluorescence derived ETR, were coded with a Jf, and 

models using Eqn. 2.3.6 to derive ETR were coded with a Jm. Models with a temperature 

constraint on parameters had an added Temp in model identifier. 
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Table 2 .2 . 
List of equations used in eight photosynthesis models. 

Eqn No Equation 

2.3.1 

2.3.2 A . 
t 

2.3.3a 

2.3.3b 

2.3.4a 

2.3.4b 

a 

b 

C 

a 

b 

C 

a 

b 

C 

a 

b 

C 

2.3.5 JJ 

2.3.6 

a 

b 

C 

2.3.7 p 

- - b+v"b2=4ac 
- 2a 

- 1 
9m 

Vcm;:- Rd + C;+ Kc(11~ ) 

Rd(C; + Kc( \'.:~ ) 

-=-1 
g, 

Vcmax - Rd + C + K (1+0)
9s a c K o 

Rd(Ca + Kc( \'.:0
) 

- 1 
9m 

!__i R 
• ---:,. d + C; + 2r·

9 

Rd(C; + 2I'*) - 1,t-(C; - I'*) 
-=-1 
g, 

't - Rd + c + 2r· 
g, a 

Rd(Ciobs + 2I'*) - 1:f-(Ca - I'*) 

F' - Ff = F~ ' Ietzeaf 

0J 

- (Q * qJ J *Cileaf) - Jmax 

Q c/>J * Jmax 

Description (Models using equation) 

Expected CO2 assimilation rate 

as minimum of 2 limiting factors (All) 

General quadratic form for 

solving Ac, A1 (All) 

Ac solution using intercellular CO2 (C;) 

and mesophyll conductance (gm) 

(CiCc_Jf, CiCc_Jm, CiCc_JLTemp, 

CiCc_Jm_Temp) 

Ac solution using ambient CO2 (Ca) and 

stomata! conductance (g 8 ) (CaCc_Jf, CaCc_Jm, 

CaCc_JLTemp, CaCc_Jm_Temp) 

A1 solution using C; and gm 

(CiCc_Jf, CiCc_Jm, CiCc_JLTemp, 

CiCc_Jm_Temp) 

A1 solution using Ca and g8 

(CaCc_Jf, CaCc_Jm, CaCc_JLTemp, 

CaCc_Jm_Temp) 

ChlorophyII fluorescence derivation of 

electron transport rate (ETR) (JJ ) (CiCc_Jf, 

CaCc_Jf, CiCc_JLTemp, CaCc_JLTemp) 

Quadratic roots for whole chain ETR (Jm) 

(CiCc_Jm, CaCc_Jm, CaCc_Jm_Temp, 

CiCc_Jm_Temp) 

Arrhenius temperature response for 

parameter (P) (CiCc_JLTemp, CiCcJm_Temp, 

CaCc_JLTemp, CaCc_Jm_Temp) 

Mesophyll conductance has been demonstrated to limit A and has been integrated into the 

FM (Ethier & Livingston, 2004; Flexas et al., 2008). Increasingly, gm is being shown to impact 

photosynthesis under stressful conditions (Flexas et al., 2008; Niinemets et al., 2009b; Tomas et 

al., 2014). It is , however, still common practice to assume an infinite gm (Thornton et al., 2005; 

Kattge et al., 2009) due to limited knowledge of its interspecific variation and dynamics as well 

as the challenges and costs associated with some estimation techniques (Niinemets et al., 2009a; 

Gu & Sun, 2014; Hanson et al., 2016). A gm limitation was integrated into four models using a 

curve fitting approach following Eqns. 2.3.3a & 2.3.4a (Pons et al., 2009). In a subset of these gm 

itself was given a temperature dependency (Bernacchi et al., 2002). 

Chlorophyll fluorescence measurements are widely used in plant physiological 

investigations, including for the quantification of photosystem II (PSII) operating efficiency and 
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fluorescence derived <pps11 (Genty et al., 1989; Maxwell & Johnson, 2000). There remains 

considerable uncertainty in using the fluorescence derivation of ETR (Eqn. 2.3 .5) for describing 

AJ(Maxwell & Johnson, 2000; Baker, 2008). Models tested the utility of fluorometry calculated 

ETR based on two assumptions. First, leaf absorptance (aieaJ), assuming ablue and aredof0.92 and 

0.87 respectively, was used to establish absorbed photosynthetically active photon flux density 

(Q) (He et al., 2007). Second, the partitioning of energy between photosystem I (PSI) and PSII 

(j) was assumed equal at 0.5. Because of the limitations in using fluorometry derived ETR when 

no alternate electron routes are included, model also considered a classically derived empirical 

model to estimate ETR, following Eqn. 2.3.6 (von Caemmerer, 2000). This formulation required 

the parameterization of Jmax, </JJ and a light response curvature parameter ( 0J). 

Temperature dependencies have been developed and demonstrated for RuBisCO activity, 

mediated by the Michaelis-Menten enzymatic constants Kc and Ka, as well as Vcmax, Rd, r *, gm 

andJmax (Bernacchi et al., 2002; Medlyn et al., 2002). For models that assume a temperature 

constraint an Arrhenius style temperature response function was used, Eqn. 2.3.7 (Bernacchi et 

al., 2002; Medlyn et al., 2002b; Patrick et al., 2009). This simple model required the estimation 

of one temperature response parameter (Ei) representing the activation energy. Estimates of 

temperature dependency were made for six parameters in total (Vcmax, Jmax, Rd, r *, gm, Kc and Ka) 

with Evcmax, ERd, Er*, EKc and EKa estimated in all Temp models, EJmax, estimated in Jm_ Temp 

models, and E gm estimated Ci Cc_ Temp models. 

Table 2.3. 

Coding of eight models based on three constrasting assumptions with the total number of structural parameters per model 

Model 
Temperature constraint 

on parameters 

g 111 limitation 
estimated 

ETR derived using 

Eqn 3.5 

ETR derived using 

Eqn 3.6 

Number of stuctural 

parameters 

CiCc_Jf X X 6 
CiCc_Jm X X 9 
CaCc_Jf X 5 
CaCc_Jm X 8 
Ci Cc _Jf_ Temp X X X 12 
CiCc_Jm_Temp X X X 16 

CaCc_Jf_Temp X X 10 

CaCc_Jm_Temp X X 14 

https://aredof0.92
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Table 2.4. 

Prior probability distributions ofparameters used in eight photosynthesis models. Descriptions ofparameters are given in Table 1. 
Prior distributions are based on summaries of literature listed in citations. Distributions are described as broadly informed from 
data on C3 species, well informed from data on C3 crops. Prior type indicated the traits hierarchical level as genotypic estimation 
only (geno) or genotype and individual plant level (ind). Prior distributions for individual level traits describe genotype level mean. 

Prior Distribution 
Parameter dnorm(mean, precision) Prior Txre Citation(s) 

Egm dnorm (49.6, 0.1) broadly informed (geno) 
Ethier and Livingston 2004, Sharkey et al. 2007, Patrick 

et al. 2009, Zhu et al. 2011 

EJml.U dnorm (46.1 , 0.01) broadly informed (geno) 
Leuning 2002, Medlyn et al. 2002, Sharkey et al. 2007, 

Patricke et al. 2009, Zhu et al. 2011 

EKc dnorm(70.4, 0.5) broadly informed (geno) 
von Caemmerer 2000, Ethier and Livingston 2004, 

Sharkey et al. 2007, Patrick et al. 2009, Zhu et al. 2011 

EKo dnorm (36.0, 0.5) broadly informed (geno) 
von Caemmerer 2000, Ethier and Livingston 2004, 

Sharkey et al. 2007, Patrick et al. 2009, Zhu et al. 2011 

ERd dnorm (63.9, 0.1) broadly informed (geno) 
Bernacchi et al. 2001, Ethier and Livingston 2004, 

Sharkey et al. 2007, Zhu et al. 2011 

Evcmax dnorm (65.4, 0.5) broadly informed (geno) 
Leuning 2002, Medlyn et al. 2002, Sharkey et al. 2007, 
Patrick et al. 2009, Zhu et al. 2011 

Er• dnorm (26.8, 0.5) broadly informed (geno) 
von Caemmerer 2000, Ethier and Livingston 2004, 
Sharkey et al. 2007, Patrick et al. 2009, Zhu et al. 2011 

gm(25) dnorm (2.5, 0.025) broadly informed (ind) 
Ethier and Livingston 2004, Sharkey et al. 2007, Patrick 

et al. 2009, Zhu et al. 2011 

Jm=(25) dnorm (171,0.000308) well-informed, C3 crops (ind) Wullschleger 1993 

K c(25J dnorm (27.24, 0.5) broadly informed (geno) 
von Caemmerer 2000, Sharkey et al. 2007, Patrick et al. 

2009, Zhu et al. 2011 

K o(25J dnorm (30400, 1.0 x HY~ broadly informed (geno) 
von Caemmerer 2000, Sharkey et al. 2007, Patrick et al. 

2009, Zhu et al. 2011 

R d/25) dnorm (1.17, 1) broadly informed (ind) 
Kosugi et al. (2003), Kosugi and Matsuo (2006), Zhu et 

al. 2011 

V cmax(25) dnorm (90, 0.000625) well-informed, C3 crops (ind) Wul/schleger 1993 

r•(25; dnorm (3.86,10) broadly informed (ind) 
von Caemmerer 2000, Sharkey et al. 2007, Patrick et al. 

2009, Zhu et al. 2011 

0J dnorm (.8, 10) broadly informed (ind) Lambers 2008 

dnorm (.4, 10) broadly informed (ind) Lambers 2008 'Pi 

2.2.6 Model Computation 

Gibbs Sampling, a Markov Chain Monte Carlo (MCMC) method, was used to generate 

the posterior distributions of parameters (0) and errors (Gelman & Rubin, 1992; Kruschke, 

2010). Sampling was conducted with rjags within the R Foundation for Statistical Computing 

(Plummer, 2014; R Core, 2014). After a bum in period of 200,000 iterations, four independent 

MCMC chains were run for 250,000 iterations for each model by genotype. Each chain was 

sampled every 20th frame yielding 50,000 samples per model per genotype. Across models, a 

univariate potential scale reduction factor ( fi) provided a convergence diagnostic for each 
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parameter. A multivariate potential scale reduction factor (..fl[;,) provided a single convergence 

metric for the entire model (Brooks & Gelman, 1998). In all eight alternative model structures 

were evaluated on 18 individuals from six genotypes ofB. rapa resulting in 144 unique 

parameterizations ofA/Ci response. Diagnostics of the four-chain convergence were conducted 

using visual inspection of trace and density plots demonstrating chain convergence in similar 

sample space. Chain convergence diagnostic tools fi. and ..fl[;, did not exceed the 

recommended maximum of 1.2, with maximums across all individuals and models of 1.06 and 

1.01 for the univariate and multivariate convergence statistics respectively. 

2.2.7 Model Scoring Metric 

To quantitatively compare model results for each individual, genotype, and species, the 

Deviance Information Criterion (DIC) was used, a Bayesian analog to Akaike Information 

Criterion (Spiegelhalter et al., 2002). DIC considers all models to be conceptually equal and acts 

purely as a model scoring metric not an analytical evaluation of model functional form (Gelman 

et al., 2004). DIC is calculated by combining a deviance term and a complexity penalty term 

(Spiegelhalter et al., 2002). The Bayesian model deviance (D (0)) is based on the residuals 

between the model and the data, computed with 

D(8) = -2 log[p(Yl0)] + 2 log[f(Y)] (4) 

where Y is observed data, 8 represents all parameters for the model, p(Yl0) is the likelihood 

function defined by the model, and f (Y) is a standardizing term remaining constant for all 

models and therefore having no influence model comparison. The Bayesian deviance alone is not 

a strong model discrimination metric as higher dimensional models could be favorably biased. 

DIC attempts to account for this bias with a parameterization penalty (Spiegelhalter et al., 2002; 

Plummer, 2008). The penalty, plug-in deviance (pD), from the Spiegelhalter derivation is pD = 

D(0) - D(0), where D(0) is posterior mean of the deviance using all parameters samples of 

sequence and D(0) is deviance evaluated at the posterior mean of the all parameters. In the 

calculation of DIC the posterior distribution of D(0) is used to express mean deviance following 

DIC = D(0) + 2pD . (4) 



25 

D(0) and D(0) are easily calculated from MCMC output through the monitoring of D(0) of all 

simulated values. ~DIC is calculated as the difference between model DIC score and the 

genotype minimum DIC score. No significant ~DIC has been universally accepted, however 

differences of ten are often employed (Spiegelhalter et al., 2003) and used here. 

2.2.8 Parameter Variability 

Full model sets of trait posteriors were evaluated through the development of multiple posterior 

predictive checks; using the posterior trait distributions to simulate A, Aexp, while considering the 

uncertainty in posterior distributions (Kruschke, 2013). Two methods were then used to compare 

posterior trait distributions. First, boxplots of posterior parameter distributions were compared 

across genotypes and against the prior probability distributions. Second, high-density intervals 

(HDis) were used at eight percentiles (50, 60, 70, 80, 85, 90, 95 & 99%). HDI is a Bayesian 

posterior comparison metric identifying portions of the posterior distributions having a higher 

probability density than regions outside that interval (Kruschke, 2010). To describe the relative 

credibility of trait variance the differences in the posterior mean distributions were taken for all 

traits within a given model (Kruschke, 2013). This difference was then evaluated for intersection 

with zero at the eight percentiles listed above. The maximum HDI percentile of the posterior trait 

differences, which did not intersect with zero, was used to describe degree of credible trait 

variance between two genotypes. This HDI differencing test was conducted across all genotypes 

and traits within each model. 

2.2.9 Model Sensitivity Analysis 

To evaluate consistency in model performance a sensitivity analysis was conducted. The 

entire analysis was rerun after adding Gaussian noise with a mean of 0.0 and standard deviation 

of 2.0 µmol m-2 s-1 to the An data. This was chosen to mimic instrumentation error of IRGA 

observations. All statistical analysis was conducted in the in R (R Core, 2014). 

2.3 Results 

2.3.1 Model performance 

Posterior parameter distributions were used to predict Ac and AJ for each model to compute Aexp 

at individual and genotypic levels. The genotype level mean standard error ofAexp for all models 

was 2.75 µmol m-2 s-1 with a minimum of 0.9 µmol m-2 s-1 for r46 in the CiCc_Jm model and a 

maximum of7.29 µmol m-2 s-1 for tur in the CiCc_Temp_Jfmodel. The A/Ci observations (An vs. 

Cior Ca) of the modeled data are shown along with 95% genotypic credible intervals (Cl) for bro 
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along with 95% individual CI for selected bro individual (Fig. 2.2). Individual level Cl's fell 

mostly within genotypic CI in Fig. 2.2, with the exception of CaCc Jf models where individual 

Cl's fell below genotypic at high CO2 availability. 

B. ra a brocoletto bro , 2208 

a (a) 
• An obs select bro individual 
O A,,obsallbm 

- Individual 95% C l 
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Fig 2.2: Comparison between observed CO2assimilation (An) and estimated assimilation for eight photosynthesis 
models of B. rapa , var. bro, including a single individual level estimate. Each plot shows An for a select bro 
individual (filled-circle) and An for all other bro data (open-circle) . The Bayesian 95% credible intervals (vertical 
lines) are shown at individual level (thin-line) and genotypic (thick-line). Models differ in 3 assumptions: (a,b,c,d) 
have no temperature constraint on parameters while (e,f,g,h) use an Arrhenius style temperature constraint on 
model parameters, (a,c,e,g) use an estimate of ETR derived from Eqn. 2.2.5 based on chlorophyll fluorescence , 
(b,d,f,h) estimate ETR from Eqn. 2.2.6, (a,b,e,f) predict mesophyll conductance limitations using intercellular CO 2 
observations while (c,d,g,h) assume infinite mesophyll conductance using ambient CO2observations. 

Genotypic posterior trait distributions were used to construct 95% Cis on A exp• Fig. 2.3 

shows the A/Ci observations (An vs. Ci or C0 ) for all r46 and r301 individuals with the 95% CI 

for each model. A narrower range in 95% Cis was found in models assuming infinite gm for r46 

and r301 (Fig. 2.3) as well as crop accessions (Appendix A.2.1). Models estimating ETR using 

fluorescence (Jf models) showed lower overall 95% Cis on A than Jm models in all genotypes 
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except r46. This is seen in the larger number ofpoints beyond the upper CI limit for r301 in Fig. 

2.3 (a, b); this same result was also found across crop accessions. Finally, to evaluate genotypic 

vs. species level parameterization, an accession level parameterization was developed and used 

to predict the RILs A/Ci response (Fig. 2.4). Data from both RILs, most noticeably r301, fell 

outside the 95% accession based CI (Fig. 2.2 & 2.4). 

B.rapa , A/Ci r46 & r301 

(a) CiCc & JI Models IC (b) CaCc & JI Models IC 
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E 
0 
E 25 
:::!. r46 95% Cl no temp dep 
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r46 95% Cl with temp dep o r46obs 
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(d) CaCc & Jm Models IC 
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Fig 2.3: Comparison between observed CO2 assimilation (An) and predicted 95% credible 
interval (CI) for eight models of two B.rapa genotypes (r46, r301) . Each plot shows An for 
both r46 (open circles) and r301 (closed circles) and Bayesian 95% CI for two models one 
with temperature constraint ( dotted lines*) the other without (solid lines*), using genotype 
level posterior trait distributions . (a) Models shown incorporated an estimate of mesophyll 
conductance (gm) and used chlorophyll fluorescence (Eqn 2.2.5, Table 2.2) to characterize 
electron transport rate (ETR). (b) Models assumed an infinite gm and used Eqn 2.2.5 to 
characterize ETR. ( c) Models shown incorporated an estimate of gm and used Eqn 2.2.6 to 
characterize ETR. ( d) Models assumed an infinite gm and used Eqn 2.6 to characterize ETR. • 
Smoothed Cl's using Loess fit to present multiple models together. 
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B rapa A/ Ci genotypic errors 
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Fig 2.4: Examples of errors from non-genotypic parameterization for two B.rapa genotypes. (a) 
Observation points of r46 (open circles) and r301 (plus) with 95% (light grey) and 70% (dark grey) 
credible interval for CiCcjm_Temp model using combined parameter distributions from agricultural 
accessions (bro, cab, oil, tur) . (b) Observation points of r46 and r301 with 95% and 70% credible 
intervals for CaCcjm_ Temp model using combined posterior parameter distributions of accessions. 

2.3.2 Model Structural Comparison 

Genotypic model DIC scores were used to compute ~DIC along with genotype pD's 

(Table 2.5). For the species, the CaCc_Jm_Temp and the CaCc_Jm models were top tier models 

for four of the six genotypes, with the exceptions being cab and r301. CiCc_Jm, CaCc_Jf, and 

CaCc_Jf_ Temp were each included in one genotypes' top-tier, r301, oil and oil respectively. 

CiCc_Jf, CiCc_Jf_Temp and CiCc_Jm_Temp failed to have a ~DIC ofless than 10 across 

genotypes. The pD's were consistently highest in models deriving ETR using Eqn 2.3.6 relative 

to fluorescence derived ETR (Eqn 2.3.5). pD's were also consistently higher in models assuming 

a gm limitation relative to infinite gm. 
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distributions of all parameters in CaCc _Jm 
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priors for each parameter (Table 2.4). 

Genotype Genotype 

2.3.3 Parameter Differentiation 

Genotypic posterior trait distributions were compared using posterior boxplots and an analysis of 

HDl's. Trait distributions showed some parameters with high probability of genotypic variation, 

including Jmax, Vcmax, I'* and Evcmax, and traits with limited probability of variation, including K0 , 

<PJ and 01 (Figs. 2.5-2.8). Vcmax. I'*, Rd, Kc and K0 were the five traits estimated in all eight 

models. Vcmax showed genotypic variance in all models with r46 notably lower than other 

genotypes in all Jf models (Figs. 2.5, 2.7). I'* also showed genotypic variance across models 

with lower estimates in gm limited models (Fig. 2.7, 2.8) than infinite gm models (Fig. 2.5, 2.6). 

Rd showed genotypic variance in five of the eight models, most pronounced in models CaCc _Jf 

and CaCc _Jf _ Temp (Fig. 2.5), while the only variance seen in Kc was in the CaCc _Jm model, 
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with r46 differing from oil (Fig. 2.6). The temperature activation energies (Ei's) showed limited 

probability of genotypic variance with two exceptions. Evcmax for r46 was lower relative to other 

genotypes in the CiCc_Jf_Temp model and estimates in r46 and cab were also lower in the 

CiCc_Jm_Temp models (Fig. 2.8). E1max also showed variance in models CiCc_Jf_Temp and 

CiCc_Jm_Temp (Fig. 2.8). Amongst the ETR traits modeled using Eqn. 2.3.6 only Jmax showed 

genotypic variation, this was found across all Jm based models (Fig. 2.6, 2.8), the variation was 

dominated by higher estimates for r301. Boxplot ofposterior distributions for other models 

(CaCc_Jf, CaCc_Jm_Temp, CiCc_Jf_Temp, CicC_Jm) can been found in Appendix (A.2.2-5). 

Posterior Boxplot CiCc_Jf_Hier 
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To describe the magnitude of genotypic trait variance, the differences in posterior 

parameter distributions among genotypes were computed for each model. These differences were 

then evaluated at eight HDI percentiles for overlap with zero; the maximum HDI interval not 

overlapping with zero was selected as the probability of variance. Jmax, Vcmax, I'* and Evcmax were 

found with a probability of variance at 95% HDI (Fig. 2.9). At 70% Rd, Evcmax andgm show 

differences and at 50% HDI Kc emerges as variable (Fig. 2.9). At 50% HDI half of the sixteen 

traits estimated showed variance. To summarize the posterior trait distributions across models 

Table 2.6 lists maximum HDI percentile of traits differences. Of note in Table 2.6, Jmax is 

classified as highly variable, differences found at < 90% HDI, in all Jm based models. The 

variability in Jmax is dominated by the contrast between the two RILS, with r46's median 

posterior between 50-100 µmol m-2 s-1 less than r301's (Figs. 2.6 & 2.8). Variance in Vcmax is 

dominated by differences in r46 relative to other genotypes; most notable in the Ci Cc _Jf, 

CaCc_Jf models (Figs. 2.5 & 2.7). 

Table 2.5. 
Genotype DIC increment with respect to genotype minimum (t-.DIC) with mean effective number ofparameters (pD) for 
eight models. Bolded are models with top-tier t-.DIC scores for respective genotypes using t-.DIC threshold of 10. 

Genotype t-.DIC (pD) 
Model r301 r46 bro cab oil tur 
CiCc Jf 165.0 (11.5) 129.6 (9.7) 45.1 (13.4) 115.6 (12) 50.5 (5.7) 113.4 (8.9) 
CiCc Jm 0 (20.8) 68.4 (28.7) 32.9 (12.7) 17.8 (16) 27.3 (8.9) 21.3 (53) 
CaCc Jf 138.5 (9.1) 85.1 (6.5) 13.2 (5.4) 81.1 (5.2) 0 (7.9) 96.8 (8.1) 
CaCc Jm 68.1 (16.4) 0 (12.4) 0 (12.9) 0 (9) 23 .3 (11.5) 31.4 (20.1) 
CiCc_Jf_Temp 210.2 (7) 129.1 (5.6) 64.5 (11.5) 156.0 (8.5) 45.2 (10.7) 182.7 (6.5) 
Ci Cc _Jm _ Temp 17.6 (17) 54.8 (15.8) 24.4 (11.4) 39.1 (29.3) 21.2 (13.4) IS.I (24) 
CaCc_Jf_Temp 134.9 (I 0.1) 98.7 (5.5) 17.0 (8.2) 81.3 (12.9) 5.8 (9.4) 70.0 (6.3) 
CaCc_Jm_Temp 60.4 (16.6) 9.9 (13 .8) 0.6 (8.8) 15.3 (19) 18.3 (7.5) 0 (14.3) 
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Fig. 2.9: Illustration of trait potential 
for variation in represented B. rapa 
population along with prospective 
mechanistic underpinnings. The total 
number of instances where HDI 
percentile difference for a trait did not 
intersect with zero across eight models 
at eight HDI percentiles. At each 
percentile, the parameters identified 
with credible interval differences are 
listed as well as indication if the 
difference was between RILs (r46 and 
r301) (r), between RILs and an 
agricultural accession (ra) or between 
two agricultural accessions (a). Zero 
credible interval differences were 
observed at 99% HDI. References for 
hypothesized genes (italics) and 
enzymes in subscript as follows: 1 -
Foyer et al., 2012, 2 - Masclaux
Daubresse et al., 2010, 3 - Hauser et al., 
2015, 4 - Yamori et al., 2012, 5 - Araujo 
et al., 2012, 6 - Hausler et al., 1999, 7 -
Hanba et al., 2004 and 8 - Song et al. 2014. 

2 2 1Gaussian noise with mean of 0.0 µmol m- s-1 and standard deviation of 2.0 µmol m- s- was 

added to the An data, followed by a re-analysis. The resultant posterior parameter distributions 

were wider in some cases and some shifts in median estimates were seen, but no systematic 

trends were identified in these shifts. For example, in traits that play critical roles in the A/Ci 

response, the Jmax noisy genotypic level median estimates was 2.2 µmol m-2 s-1 greater compared 

to the original analysis and for Vcmax the noisy median estimates was 4.4 µmol m-2 s-1 less than 

original analysis in the CiCc_Jm_Temp model. This is illustrated in comparing Fig. 2.10 a, c 

with Fig. 2.10. b, c. 
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Table 2.6. 

Summary of genotypic trait variability using differencing of high density intervals (HDI). Dot-pattern indicates traits 

not in a given model. White indicated no emergence ofHDI difference at 50% HDI. Number indicates at which HDI 

percentile did the difference in posterior distributions no longer overlap with zero. Color coding from dark for largest 

HDI percentile (95) to light for smallest (50). 
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Posterior Distributions Vcmax Jmax Fig 2.10: Comparison of posterior 
0.03 

■ r46 posterior distribution (b) parameter distributions of two(a) 
■ r301 posterior distribution 

- Wullschleger et al.(1993) Prior B.rapa genotypes (r46, r301) for 
0.02 two photosynthetic traits, 

·u;
,!' maximum rate of carboxylation
C 

0 
Q) 

(Verna.,) and maximum rate of 
0.01 

electron transport (Jmax)- (a & c) 
Show combined posterior 
distributions of all models for Vcmax 

50 100 150 200 50 100 150 200 and Jmax respectively using 
observational data and prior on 
parameters based on Wullschleger 

0.01 et al. (1993) for C3 crops. (b & d) 
Show combined posterior 
distributions of all individuals and 
models for Vcmax and Jmax 
respectively using observational 
data with 2.0 µmol m·2 s·1 random 

0.00 

noise added to assimilation data and 0 50 100 200 300 400 500 0 50 100 200 300 400 500 
2 2J max ( µ mol m- s-t) J max ( µ mol m- s-t) usmg same Wullschleger (1993) 

pnor. 

2.4 Discussion 

2.4.1 Multimodel approach 

Results here show that a multimodel based approach improves phenotypic information 

discovery in three critical ways. First, our trait analysis using a set ofmodels identified potential 

genotypic differences requiring further investigation and revealed model components needing 

reevaluation (Table 2.5). Second, the Bayesian parameterization scheme revealed an expected 

trait hierarchy (Table 2.6). Finally, the multimodel approach provided greater confidence in 

estimates of trait variation among genotypes (Fig. 2.9). 

2.4.2 Performance of models based on assumptions 

The complexity analysis assessed the influence of factors not addressed experimentally (i.e., 

temperature) and ofphysiological mechanisms (i.e., gm & ETR derivation) not yet characterized 

in the population under study. While a single preferred model structure was not identified using 

~DIC, the relative performance ofmodel assumptions employed could be evaluated. First, DIC 

strongly favored derivation ofETR, and thereforeA1, from Eqn. 2.3.6 (Table 2.5), as Jm based 

models were in the top tier in seven cases, while Jf models were rated as top-tier only two times 

and only for oil. This confirms previously identified limitations and illustrates the need to 

consider alternate e· paths when using fluorometry to characterize A1 (Baker, 2008; Yin et al., 

2009b). Fluorometry estimates all PSII e· excitation at the beginning of the e·transport chain; 
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using this to estimate the assimilatory outcome of e- transport does not distinguish e-'s used for 

photosynthetic linear electron flow and the alternative pathways of e- transport (Miyake, 2010). 

The biological relevance of these alternate pathways lies in the reduction of photooxidative stress 

(Foyer & Shigeoka, 2011), specifically the protection of PSII from heat and light stress (Miyake, 

2010). Interestingly oil showed a preference for CaCc_Jfbased models (Table 2.5). The 

divergence of oil from the other genotypes may be due to diminished flow to alternate pathways 

or a unique f The parameter differentiation of oil reflects the allelic composition of that 

genotype, and warrants further investigation. An expanded genotypic sample may enable model 

modification for investigating alternate e- flow and p2 (Laisk, Agu & Loreto, Francesco, 1996; 

Yin et al., 2009b; Livingston et al., 2010a). 

Second, the combination of chlorophyll florescence derived ETR and gm-limitation 

(CiCc_Jf and CiCc_Jf_Temp) was not selected as a top tier model by any of the genotypes 

(Table 2.5), this shows the overall preference for both Eqn. 2.3.6 derivation of ETR and infinite 

gm, Interestingly, the preference for infinite gm models based on ~DIC emerged even though gm 

as a trait was shown to vary in this population (Fig. 2.8 &Table 2.6). A debate persists on the 

response ofgm to environmental conditions (Flexas et al., 2007; Tazoe et al., 2011) with possible 

mechanisms governing gm behavior including anatomical components, biochemical changes such 

as aquaporin expression, and chloroplast surface area adjustment (Flexas et al., 2006; Chaumont 

& Tyerman, 2014; Tomas et al., 2014). Each of these may be variable within plant populations, 

and while both limited and oo gm were viewed favorably here, further modeling work should aim 

for integration of gm limitation, particularly in plants under stress and in those with intrinsically 

low gm, The addition ofgm limitation increased model complexity relative to oo gm counterparts, 

pD's in Table 2.5, in most cases, with cab and oil showing exceptions with slightly reduced or 

similar pD's in oo gm models. The failure ofgm-limitation to improve model performance in all 

cases may have been expected given the lack of environmental stress and an attendant lack of 

strict plant regulation ofgm, If water, heat and/or salinity stress were imposed, then the increased 

model complexity associated with dynamic gm may in fact have been necessary to accurately 

represent the A/Ci response (Grassi & Magnani, 2005; Niinemets et al., 2009b; Tomas et al., 

2014). 

Third, the addition of temperature constraints had limited influence on model 

performance as in most cases temperature limited models and their counterparts were not 
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discriminated by ~DIC; four of six genotypes had both temperature constrained and the 

unconstrained alterative in there top-tier (Table 2.5). From an empirical perspective, this is 

promising as it indicates that the instrumentation and methodology used distinguished trait 

differences among the genotypes despite any temperature differences among trials or throughout 

the A/Ci measurement period. Temperature constraints have been universally advocated and 

biochemically justified for informing parameterization (Berry & Bjorkman, 1980; von 

Caemmerer, 2000; Bernacchi et al., 2001; Yamori et al., 2014). Trait evaluation over greater 

temperature ranges may identify where these two model classes (temperature constrained vs. 

unconstrained) differ in suitability. 

2.4.3 Genotype level parameterization 

Differing degrees of genotypic trait variation were found based on evaluation of posterior 

distributions revealing a hierarchical structure of photosynthetic trait variation (Figs. 2.5-2.9 & 

Tables 2.6 & 2.7). Using an HDI percentile analysis K a(25J, <PJ, 0J and E/s, other than Evcmax and 

EJmax did not show genotypic variability (Table 2.6). Lack of variability in K a(25J reflects the 

limited mutational landscape for RuBisCO proteins (Studer et al., 2014) even while selection 

promotes diversification of other traits. The emergence of K c(25J as variable in two models was 

surprising for this reason and points for the need to reconsider the prior distributions of this trait 

in future analysis Non-variable results also support trait conservation for temperature 

dependencies with the possible exception ofEvcmax and EJmax (Sharkey et al., 2007). For these 

temperature dependencies, Medlyn et al. (2002) used A/Ci curves at different temperatures to 

establish E/s; such an approach could confirm results found here. The non-variable results for 

estimates of <PJ and 0J can be explained potential by the lack of light variation in the A/Ci dataset. 

At saturating light conditions variation in Jm ax would be expected while the light conditions 

would not serve as strong drivers of ETR response for low light traits <PJ and 0J (Figs. 2.6 &2.8). 

An analysis using a combined A/Ci and light response curve approach (Patrick et al., 2009) 

should inform estimates of <PJ and 0J (Evans et al., 1993). Better integration of chlorophyll 

fluorescence data may also improve the models ability to identify genotypic variation in ETR 

traits. The degree of variation found in this population for Jm ax and Vcmax was striking, 

particularly as Jmax showed variation beyond the data provided as prior (Fig. 2.10) (Wullschleger, 

1993). Variability in I'* puts in question the continued use of constants for describing I'*, and 
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supports the observation that complex diffusion pathways and potential environmental feedbacks 

complicate the estimation of I'* (Hanson et al., 2016). 

Based on our analysis of this population, Jmax, V cmax, and I'* have a high probability of 

variation as multiple models described the as variable at high HDI percentiles (Fig. 2.9 & Table 

2.6). Although the study sampled the range of extreme crop phenotypes found in B. rapa 

(including cabbages with high leaf allocation, turnips with dramatic root allocation, and 

brocoletto and oilseed types with predominant reproductive allocation), trait distinction was 

highest between the two RILs, which were full siblings (Figs. 5-8). While the parents differ in 

key photosynthetic traits (Edwards et al., 2011 ), the even greater phenotypic difference 

expressed between these two RILs must arise from transgressive segregation in WUE (Edwards 

et al., 2012) and reflects either novel additive effects of allelic combinations or novel epistasis 

(Rieseberg et al., 1999; Rieseberg et al., 2003). In contrast to the highly differentiated RIL traits, 

crop accessions may vary more in biomass partitioning than photosynthetic traits, reflecting the 

targets of selection during domestication and diversification (Edwards et al., 2016; Y arkhunova 

et al., 2016). The fact that phenotypes are more readily distinguished between RILs (full 

siblings) than among crops highlights the opportunity for genetic characterization of these traits 

in experimental genotypes. 

Our results illustrate the need for a genotypic parameterization scheme (Figs. 2.3) while 

offering targets (Fig. 2.9) for further genetic dissection. Genomic and transcriptomic analysis, the 

evaluation of the complete setoffRNA transcripts produced by the genome at a specific time, can 

therefore be proposed to further understand of the factors controlling observed trait distinction. 

The differentiation between RILs for many traits suggests that the existing RIL population 

derived from a cross between an oilseed (R500) and a WI rapid cycling genotype (IMB211) 

would be an effective one in which to begin the genetic dissection of traits underlying variation 

in A. RIL populations developed from crosses between R500 x turnip, R500 x cabbage and R500 

x brocoletto that are under development will provide additional segregating lines for the genetic 

dissection ofA within this crop following a process similar to one in Zea mays (Dell 'Acqua et 

al., 2015). Breeding efforts focused on the mechanisms underlying variations in Jmax25 and 

V cmax25 constitute the best targets for increasing A and thereby yield in agricultural crops (Long, 

Stephen Pet al., 2006). 
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2.4.4 Method limitations 

The curve-fitting method ofgm estimation does not have the benefit of using alternative gm 

measurement techniques based on other data types (Pons et al., 2009; Tazoe et al., 2011; Hanson 

et al., 2016). Estimation ofgm based on combined fluorometry/gas exchange methods should 

consider the consequences of alternative electron pathways for AJ, because differences between 

linear electron transport and total electron transport may not be entirely accounted for through gm 

alone (Yin et al., 2009b). State of the art methods propose a dynamic gm responding to variations 

in both CO2 partial pressure and light using variable ETR rates from chlorophyll fluorescence 

and/or online discrimination methods (Tazoe et al., 2011; Gu & Sun, 2014). Introduced here is a 

methodological approach that addresses uncertainty and enables rapid screening. Dynamic gm 

models could be incorporated into the screening tool given appropriate data to address 

uncertainty associated with online discrimination techniques. A fully integrated photosynthesis 

model using linear electron flow and total electron flow from gas exchange and fluorometry 

observations coupled to online discrimination data may help resolve concerns related to gm 

estimation (Pons et al., 2009; Tazoe et al., 2011; Gu & Sun, 2014). 

Partitioning of energy between PSI and PSII (p2) was assumed 0.5, an assumption that 

does not hold in all cases (Laisk, Agu & Loreto, Francesco, 1996). This assumption complicates 

the understanding of variation in AJ: if the assumption is valid, then mechanics of PSII light 

harvesting appear to be different in oil relative to others, however if invalid, then oil may in fact 

have different photosystem partitioning relative to other genotypes. p2 could have been made a 

parameterized trait but lacking meaningful data p2 was set constant. Finally, the study lacked 

independent validation of parameters. Many parameters (Rd, I'*, <PJ) can be estimated 

independently through alternative gas-exchange methodologies (Laisk, A. et al., 2002; Laisk et 

al., 2007; Hanson et al., 2016), while others (Kc, K0 ) can be evaluated using in-vitro 

methodologies (von Caemmerer et al., 1994). Such parameter validation would provide an 

alternate means of assessing model suitability and could be integrated into a Bayesian 

framework. The practical implications of proposed trait validation, including gm mentioned 

above, on large populations remain problematic monetarily and logistically. 

Finally, alternatives to DIC could be considered in future multimodel comparison studies, 

such as the widely Applicable Information Criteria (wAIC) (Watanabe, 2010). DIC relies 

heavily on the mean of the posterior distribution presenting some bias against posteriors with 
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skewed distribution, potentially a problem for posteriors here including gm, but these alternate 

scoring metrics are not ready implemented in rjags currently (Watanabe, 2010; Gelman et al., 

2014). 

2.4.5 Implications 

Our modeling of phenotypic variation helps clarify how allelic variation impacts the expression 

of biophysical traits (Fig. 2.1 ). Three improvements along the pipeline from large breeding 

populations to selection of genotypes with enhanced yield and stress response were identified. 

Two of these improvements support the use of multiple model approaches for discovering 

important information content not available in single model analysis. First, comparison of 

multiple models was critical in determining differentiation of traits among genotypes. For 

example, the Ci Cc _Jm _ Temp model, which is similar to a commonly utilized method (Sharkey 

et al., 2007), did not identify Rd as variable based HDI analysis, yet six of the remaining seven 

models did. Further, Ci Cc _Jm _ Temp found gm25 to be variable at 80% HDI, the highest gm 

variation found. Given finite resources for further investigation, our approach supports 

quantifying the genetic architecture ofRdwith in this population (Fig. 2.9) while an approach 

solely relying on Ci Cc _Jm _ Temp would support scrutiny ofgm. The demonstrated uncertainty in 

trait estimates also supports focused model improvement and/or modified experimentation. 

Second, potential genotypic differences were revealed using complexity analysis, which would 

not have been observed in single-model analysis. Specifically, complexity analysis demonstrated 

ETR differences in this population as some genotypes wholly selected Jm based models while 

others oil selected an alternative ETR derivation (Table 2.5) (Figs. 2.6-2.9). Pitting competing 

models against one another allowed specific genotypic responses to emerge and identified model 

components in need of revision. Moreover, testing competing mechanistic models is superior to 

null hypothesis testing using frequentist statistical approaches (McElreath 2016). Finally, the 

posterior trait distributions represent knowledge to be preserved as one expands models. The 

Bayesian updating procedures of the sensitivity analysis provides a way to codify this 

knowledge. Information preservation further informs our understanding of plant physiology and 

should embolden modelers attempting to link traits relevant to plant productivity to genes. Vcmax, 

Jmax and gm are hypothesized to underline genetic variation in A for 13 lines of Ozyzo sativa (Gu 

et al., 2012), as was similarly shown here for Vcmax & Jmax• Indeed, both genotypic and 

evolutionarily conserved parameters have been advocated for crop models (Yin, Xinyou et al., 
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2004; Bertin et al., 2009; Gu et al., 2014). These can be thought to have a hierarchical 

organization in which genotypic parameters are clearly distinguished from conserved parameters. 

This hierarchy should be continually informed by both modeling output such as those provided 

here and through phylogenetic analysis of genomes when possible (Galmes et al., 2005). 

2.4.6 Conclusions 

The integration of data from six genotypes into eight photosynthesis models allowed for a 

comprehensive exploration of trait space occupied by this population. Importantly this study 

found considerable variability in key photosynthetic traits of a globally important agricultural 

crop while revealing a hierarchical structure of trait variation. Because photosynthesis represents 

one of the major processes governing plant growth and development, the genotype level 

screening described here using competing mechanistic models can inform our understanding of 

the links between observed variances and genetic controls. Bayesian methodology, emerging as a 

powerful tool in plant sciences, permits the explicit incorporation of prior information, 

propagation of uncertainty from measurements to models and offers a way to improve 

phenotyping methods while incorporating new data and theory. 
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Chapter 3 

Evaluating nitrogen fertilization impacts on photosynthetic electron transport 

in Brassica rapa rils using a model coupling gas-exchange and chlorophyll a 

fluorescence 

3.1 Introduction 

The results and implications of Chapter 2 spurred the updating of the phenotyping 

framework (Fig. 2.1) leading to model revision and methodological alterations presented in 

Chapter 3. 

Four major results of Chapter 2 motivated a second experimental-modeling cycle for 

photosynthetic characterization ofB. rapa genotypes. First, the B. rapa population showed such 

a diversity in physiological traits to support its use as a suitable species for further physiological 

investigation. Second, differences in genotypic ETR, specifically in Jmax estimates, suggested a 

need for refining the model treatment ETR for revealing causal traits in observed An, Third, the 

multimodel evaluation of Chapter 2 allowed for updating of Bayesian prior distributions of 

photosynthetic traits used for parameters estimation. Fourth, a hierarchical trait structure with 

parameters varying a species or genotype level depending of potential for variation was codified 

formally*
2

• 

The primary effort of Chapter 2 was the implementation of a photosynthesis model 

coupling gas-exchange and chlorophyll a fluorescence, and development of an experimental 

design to test this model across genotypes and nitrogen treatments. The aim of the updated model 

was to improve the mechanistic foundation for modeling photosynthetic electron transport using 

(/Jps11 observations against Q for parameterization of light harvesting processes (Laisk, A et al., 

2002; Yin et al., 2009). As defined in Chapter 2 the transfer of e- between photosystems, known 

as the Z-scheme (Fig. 3 .1 ), is finely controlled by concurrent regulated mechanisms which 

alleviate light induced damage preventing photoinhibition, balancing photosystem excitation, 

and scavenging oxidative species (Laisk, A et al., 2002; Kramer et al., 2004a; Yin et al., 2009; 

Govindjee et al., 2017). In all photosynthesis models of Chapter 2 photosynthetic e- transport 

2 The hierarchical trait structure was developed as part of Chapter 3 was but was subsequently used in Chapter 2 

as part of the review process for publication to Frontier of Plant Sciences. 
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follows a linear path and critical assumptions are made about light absorbance factors, such as 

energy partitioning between PSII and PSI as well as the proportion of light absorbed by 

photosynthetic pigments, thus lacking of mechanistic detail for these processes (Horton et al., 

1994; Allen & Pfannschmidt, 2000; Laisk, A. et al., 2002; Yin, X et al., 2004). One of the model 

types in Chapter 2, the Jf models, did make use of chlorophyll a fluorescence observations of 

(/)p811 to make inferences regarding ETR, albeit they followed a simple formulation (Eqn 2.3.5) 

which assumes 100% LEF. 

Photosynthetic electron transport is a highly sensitive process capable of physiological 

adjustment under changing environmental conditions to avoid stress (Laisk, A et al., 2002; 

Kramer et al., 2004a; Yin, X et al., 2004). Excitation energy, derived from absorbed incoming 

radiation, exceeding the requirement for CO2 assimilation triggers reactive oxygen species (ROS) 

production (Krieger-Liszkay et al., 2008; Miller et al., 2010). If ROS species are produced at a 

faster rate than the enzymatic and non-enzymatic scavenger activity, both photosystems and ETR 

components can be damaged (Sharma et al., 2012). Limitation of CO2 supply via low gs can 

result in over-reduction of the photosynthetic electron transport chain (Miller et al., 2010). In an 

effort to improve the characterization of these processes, a photosynthesis model based primarily 

on the work of Yin et al. (2009) was implemented coupling both gas-exchange data and 

chlorophyll a fluorescence. This update improves the model ability to reflect changes in 

environmental conditions as expressed through differences in fluorescence yield and therefore 

photochemistry. 
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Fig 3.1 - Schematic diagram ofphotosynthetic electron transport showing the electron transfer from 
H2O to NADPH. Excitation energy is transferred from the light-harvesting complex to PSII reaction 
center where an e- is provided via splitting ofH2O. This e- excitation in PSII (PSII*) can be monitored 
via chlorophyll fluorescence ((/)psu) (red arrow). The e- is transferred from PSII to PSI across the 
thylakoid membranes by pumping H+ ions into the lumen. Light transfer excites PSI (PSi*) raising the 
e- energy state again before finally reducing NADP+ to NADPH. In the Yin conceptualization of 
electron transfer rate (ETR), quantum yield is estimated on a photon toe- basis using the relationship 
between (/)psIJ and Q under lowlight conditions (inset a). A lumped s parameter (inset b) is calculated 
to separate LEF from an unknown fraction of cyclic electron flow around PSI {!a11), leaf absorbance 
(a1eaf) and differences in PSII/PSI light fractionalization (p2). 

The integrated model (Yin), based largely on the work ofYin et. al. (2004, 2009), was 

developed for Chapter 3 to use chlorophyll fluorescence to investigate genotypic model 

differences in Jmax found in Chapter 2, specifically using observations of c/Jps11• c/Jps11 estimates 

the total e- excitation ofPSII using Eqn 2.3.5 (Fig. 3.1 - red line). In the Yin model the ETR 

yield ofPSII yield is evaluated as Q approaches zero to establish the maximum light acclimated 

c/Jpslfefficiency (<JJPSII_u); a quantum efficiency measure on a /1e-/11Q based (Fig. 3.1 inset (a)) 

(Laisk, A. & Loreto, F., 1996). c/Jpslf_ll provides a link to the CO2 derived quantum yield 

(11CO2/11Q) of the FvCB model. Second, Yin acknowledges that the common simplification from 

assuming 100% linear electron flow (LEF) for forcing carbon fixation via ATP and NADPH 

production should be reconsidered. 

A better understanding of ETR can be gained by estimating the difference between the 

estimates ofLEF and the true ETR (Laisk, 1998; Laisk, A et al., 2002; Yin, X et al., 2004; Yin et 
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al., 2009). This can be done using one parameter, s, which account for leaf absorption ( a1eaf), 

light energy between PSII and PSI (p2) and alternate pathways for electron flow ifa1t), usually not 

trivial to measure (Laisk et al., 2007). First, leaf pigmentation changes can also adjust light 

absorption by the leaf (Loggini et al., 1999). Second, the partitioning of light energy between 

PSII and PSI (p2) is assumed in FvCB as 50/50, but p2 may differ from this due to 

photoinhibition of one of the photosystems or differential abundances and localization of PSI and 

PSII (Laisk et al., 2007). Finally, alternate pathways for electron flow,fa1r, (assumed as 

negligible in FvCB) have been identified between PSII excitation and NADPH production, 

including cyclic electron flow around PSI (Fig. 3.1 brown lines). The biological relevance of 

these alternate pathways continues to be explored (Alric & Johnson, 2017), but evidence 

suggests thatfa1t is involved in the reduction of photooxidative stress (Foyer & Shigeoka, 2011) 

and the protection of PSII from heat and light stress (Miyake, 2010). Further, modification of 

both p2 andfa1t may play a role for optimizing the stoichiometry of ATP and NADPH production 

for the Calvin Cycle (Miyake et al., 2004; Yin et al., 2009b). 

One major question left unanswered in Chapter 2 is how are observed photosynthetic 

traits altered by environmental stress or by crop management schemes? Nitrogen fertilization 

was chosen as an altered management in the experimental design as N should limit An capacity 

serving as a means of testing model performance. At the leaf level the critical enzymes of carbon 

fixation and light harvesting are heavily dependent on N (Lambers, 2008). Consequently, by 

measuring photosynthetic traits under different N treatments alternative strategies used by plants 

to acclimate to N availability can potentially be revealed (Manter et al., 2005; Wataru et al., 

2011). Further, nutrient use efficiency (NUE) is an important agronomic trait due to lower 

fertilization costs, but also because nutrient loss from agricultural systems into the environment 

has detrimental impacts on aquatic ecosystems (Billen et al., 2013). The mechanisms ofNUE 

are complex with below ground processes responsible for availability and uptake impacting 

leaf/fruit level utilization and storage processes. As such there are numerous tradeoffs is plant 

nitrogen use. A given amount ofN may influence leaf area development by having an interactive 

effect on light exposure throughout a canopy leading to changes in the partitioning in N 

throughout the canopy (DeJong et al., 1989; Meier & Leuschner, 2008). Alternatively, lower 

photosynthetic capacity in N depleted leaf tissue may lead to hydraulically risky behavior such as 

higher stomatal conductance to increase CO2 availability within the stroma (Fredeen et al., 
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1991). Therefore, testing genotypes against N treatments can both assess the model for expected 

responses in photosynthetic traits while also evaluating genotypes for unique NUE strategies at 

the leaf level, which may have whole plant implications. 

To further evaluate the robustness of the combined gas exchange and fluorescence model, 

observations were made under both ambient and low 0 2 conditions. Plants naturally experience 

limited fluctuation in 0 2 partial pressure; however, Rubisco's behavior as both an oxygenase and 

a carboxylase makes the experimental adjustment in 0 2 availability a valuable experimental tool 

for testing mechanisms ofAn (von Caemmerer, 2000). An is subject to Rubisco's dual behavior 

making CO2 fixation dependent on the partial pressure of both 0 2 and CO2• Increased 0 2 results 

in decreased CO2 fixation due to photorespiration through the oxygenation of RuBP (Voss et al., 

2013). It should be possible to reduce photorespiration while making gas exchange 

measurements by feeding the measurement chamber a gas supply of limited 0 2• The effects of 

experimentally managing non-photorespiration conditions include lowering the apparent CO2 

Michaelis-Menten constant for Rubisco's, Kc (I + O/K0 ), through decreased competition with 0 2 

as well as a reduction of CO2 compensation point, P ( von Caemmerer, 2000; Laisk, A et al., 

2002). 

Overall, the primary goal of Chapter 3 was to improve the modeling of ETR to further 

characterize the mechanisms of photosynthetic traits variation in B. rapa and test how trait 

differentiation is impacted by nitrogen treatment and oxygen availability. 

The two objectives of Chapter 3 were: 

1. Develop a novel photosynthesis model with expanded treatment of light limited 

photosynthesis through integration of gas-exchange and chlorophyll fluorescence. 

2. Test the impacts ofN fertilization/stress on traits of photosynthetic ETR within a 

population ofB. rapa. 

This primary research question for Chapter 3 is: Can the differences in photosynthetic capacity, 

specifically of r46 and r301 as seen in Chapter 2, be clarified using an updated photosynthesis 

model integrating gas-exchange and chlorophyll fluorescence observations using both A/Ci and 

LR observations? 
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3.2 Methods 

3.2.1 Genotypes evaluated 

B. rapa genotypes r46 and r301 were chosen for this analysis because of their very extreme rates 

ofETR in the results of Chapter 2 (Figs 2.6, 2.8 & 2.10). r46 and r301 are a cross between R500 

and IMB211. R500 is an oilseed (subsp. Yellow Sarson accession #FIL500) long cultivated in 

India, which flowers relatively later and generally achieves greater size with large allocation to 

seed production while IMB211 is derived from a Wisconsin Fast Plant and selected for rapid 

cycling, flowers early, and small leaves (Baker et al., 2017). These RILS further have 

contrasting water-use efficiency (WUE) with r46 as high WUE and r301 low WUE (Edwards et 

al., 2011; Edwards et al., 2012). The ril population from the cross ofR500 and IMB211 has been 

subject to numerous experimental manipulations (Edwards et al., 2011; Lou et al., 2011; 

Edwards et al., 2012; Baker et al., 2015; Baker et al., 2017; Guadagno et al., 2017). 

3.2.3 Growth Conditions 

Seeds were germinated in petri dishes, using paper towel as a substrate. After 5 days, 

germinated seedlings were transferred to 1.5" Grodan rockwool cubes (ROXUL Inc., Milton, 

Ontario, Canada), which had been saturated in a weak nutrient solution maintained at pH of 6.0. 

After one week, the plants in rockwool cubes were placed into 4x4" pots containing a 50:50 mix 

of loose Grodan rockwool and Hydroton fritted clay aggregate (Sunlight Supply, Vancouver, 

WA). Plants were placed into trays of either a high N (H) or low N (L) flood and drain 

hydroponic system for the vegetative growth period (approximately 5 weeks) under a 14-10 

light-dark cycle with Q values of 300 µmol m-s s-1 at pot height to 500 µmol m-s s-1 at maximum 

plant height (315w Phantom CMh system, Houston, TX). 

The plants were grown in a temperature and humidity controlled laboratory setting at the 

University at Buffalo's Wilkeson Hall. A flood and drain hydroponics system was developed to 

implement this controlled experiment. The system watered plants one time per day one hour 

before the lights were turned on, this was done to ensure plants were fully saturated once lights 

turned on. Over a fifteen minute period the nutrient solution flooded the tray to a height of 3.2 

cm (Fig. 3.2). Nutrient solutions were refreshed weekly and trays were washed clean of any 

debris or algae buildup. 
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Reservoir 
(low/high N) 

Fig 3 .2 A flood and drain hydroponics system was developed for experimentation and set up at 
UB's Wilkeron Hall Laboratory (A). Each tray was connected to high or low N reservoir, water 
was pumped into growth tray over a period of 15 minutes to height of 3.2 cm every morning just 
prior to lights turning on (B). 

3.2.3 Nutrient solution design 

Modified Hoagland nutrient solutions (Hoagland & Amon, 1950) were developed to 

maintain the same macro and micronutrient contents, other than NH4+ and NO3-, with similar 

solution pH and electrical conductivity (EC). These hydroponics N fertilization treatments were 

established based on pilot experiments conducted during 2016 & 2017 as well as a Timmer 

analysis conducted by collaborators at the University of Wyoming (Brock, M. personal 

communication). Timmer vector analysis identifies nutrient limitations by assessing the impacts 

of nutrient availability on growth factors such as biomass, leaf nutrient content or specific leaf 

area (Imo & Timmer, 1997; Isaac & Kimaro, 2011). A Timmer analysis was run using rapa 

genotypes R500 and tur at the University of Wyoming during 2016 in a greenhouse setting. This 

analysis used a low N and low organic matter soil with treatments ofHoagland nutrient solution 

using five dilutions (Full,½,¼, 1/ 8 and no Hoagland addition). Timmer analysis assisted in the 

designing the hydroponics solution, as a significant difference in leaf area between 31-33 days 

after germination was found between the full Hoagland nutrient solution and ¼ diluted Hoagland 

nutrient solution; these fertilization rate represents solutions of 175 (ppm) N to 42 (ppm) N, 

respectively. Using this information, the high and low N solutions were designed using 

HydroBuddy, an open source software designed for developing nutrient solutions for 

hydroponics and greenhouse application (Fernandez, 2013). The high N (NO3-, NH/) solution 

has a final N concentration of 190 (ppm) and the low N solution has a final N concentration of 

50.1 (ppm). These values are slightly higher than the full and ¼ fertilization rates of the Timmer 
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analysis to account for any soil N in that experiment. Table 3 .1 details all macro and micro 

nutrient concentrations (ppm) in High and Low N solutions. 

Table 3.1 Concentrations (ppm) in high and low nutrient solutions of major plant macro-nutrients (N, P, K), 

including total N, other macro-nutrients (Ca, Mg, S) and micro-nutrients (Cl, B, Fe, Mn, Cu, Zn, Mo, Cu); 

along with observed electrical conductivity (EC) and pH of full reservoirs with mean and standard deviation. 

High N Low N Substance(s) providing nutrient 

Nutrient Concentration (ppm) 

N (N03-) 119.7 
Ammonium Nitrate (NH4NO3) (high N only), Calcium Nitrate 

50.0 
(Ca(NO31.4H2O), Potassium Nitrate (KNO3) 

N (NH4+) 70.3 
Ammonium Nitrate (NI!iN°-3) (high N only), 

0.1 
Ammonium molybate ((NH4)6 MOA4 4H2O) 

N total 190.0 50.1 

p 50.0 50.0 Potassium Monobasic Phosphate (KH2PO4) 

K 150.0 150.0 Potassium Nitrate (KNO3) 

Ca 120.0 120.0 Calcium Nitrate (Ca(NO31.4H2O), Calcium Chloride (CaC12) 

Mg 50.0 50.0 Magnesium Sulfate (MgSO4.7H2O) 

s 66.0 66.0 Copper Sulfate(CuSO4.5H2O), Magnesium Sulfate (MgSO4.7H2O) 

Cl 168.2 168.2 Mangenise(II) Chloride (MnC12 4H2O), Calcium Chloride (CaC12) 

B 0.5 0.5 Boric Acid (H3B03) 

Fe 1.4 4.0 Iron EDDHA (FeEDDHA) 

Mn 0.5 0.5 Mangenise(II) Chloride (MnC12 4H2O) 

Cu 0.1 0.1 Copper Sulfate (CuSO4.5H2O) 

Zn 0.1 0.1 Zinc Sulfate(ZnSO4.2H2O) 

Mo 0.1 0.1 Ammonium molybate ((NH4)6 MOA4 4H2O) 

Cu 0.1 0.1 Copper Sulfate (CuSO4.5H2O) 

EC (mS/cm) 3.4 (±0.3) 1.6 (±0.1) 

pH 6.1 (±0.6) 6.1 (±0.6) 

3.2.4 Physiological Measurements 

Gas exchange were measured using an infrared gas exchange analyzer (IRGA) equipped 

with a chlorophyll fluorimeter (Li-6400XT, Li-Cor, Lincoln, NE, USA). Response of 

assimilation to CO2 will follow the same methodology as Chapter 2 (Long & Bernacchi, 2003). 

Response of assimilation to light modifies the procedures described in Chapter 2 while keeping 

ambient CO2 at approximately 400 ppm and varying Q at 0, 15, 30, 60, 120,250, 500, 1000, 

1500, 2000 µmol m-2s-1
. Chlorophyll a fluorescence parameters were measured in light 

acclimated conditions using a saturating flash (~8,000 µmol photon -2s-1
; 0.8 sec) followed by a 

short far-red pulse in dark to measure steady state fluorescence (Fs), maximum light adapted 
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fluorescence (Fm'), and minimal light adapted during momentary darkening (Fa,), at each Q 

actinic light was at 11. of 470 nm (Baker, 2008). These observations were used to calculate 

maximum quantum efficiency of PSII (Fm •-FalFm •or FvlFm) and the operating quantum 

efficiency of PSII ((Fm ·-Fs)IFm' or c/JpSIJ) (Genty et al., 1989; Baker, 2008). 

Low oxygen response curves (LR and A/Ci) were made by controlling the airflow into the 

LI-6400 air intake. Pure nitrogen gas (02 < 0.1 %) (Jackson Wielding & Gas Products, Buffalo, 

NY) was passed through a bubble humidifier the flow of which was regulated to ~1.5 L/min 

using a Rotometer (PIN 294-03334, Li-Cor, Lincoln, NE, USA) before plumbing entered the 

IRGA's CO2 mixer. This flow regulation ensured that the IRGA flow meter could be maintained 

at 300 µmol s-1
. A diffusion correction was applied following manufacture instructions to Ci 

output ( Ccarr) for low 0 2 curves due to the decreased viscosity of air devoid of 0 2 (Loriaux & 

Welles, 2004), 

Eqn 3.1 

where Cm was measured output Ci, Xa is 0 2 concentration of incoming gas(= 0.1 %), e is Euler's 

number (2.71828) and a and bare correction factors 0.0010480 and 0.00087511, respectively. 

Relative chlorophyll content was also monitored using a custom MultispeQ protocol 

(Kuhlgert et al., 2016) (MultispeQ, PhotosynQ, East Lancing, MI, USA). Leaf photosynthesis 

2protocol also monitors c/Jps11 at 300 µmol m- s-1 Q as well as leaf thickness, leaf temperature and 

absorbance at eight wavelengths; the protocol is available at https://photosyng.org/protocols/leaf

photosynthesis-multispeg-v 1-0-3 00-umol-jrp. 

3.2.5 Modeling approach 

The modeling approach in Chapter 3 expanded the methods developed in Chapter 2. 

Modeling again was conducted with rjags within the R Foundation for Statistical Computing 

(Plummer, 2014; R Core, 2014). The posterior trait analysis (Section 2.4.3) was used to impose a 

hierarchical trait structure while establishing species-specific prior trait distributions. These two 

modifications represent direct transfer of knowledge from one model iteration to the next. The 

hierarchy in trait variance codifies the highly conserved C-3 traits Kc, Ka and all E/s as varying 

only at the species level while traits that were found variable, including Vcmax and Jmax, were 

https://photosyng.org/protocols/leaf
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allowed to be fit genotypically. Posterior trait distributions from all models in Chapter 2 were 

combined and fit using the fitdistr function from the MASS package in R (Ripley et al., 2002). 

These species-specific trait priors can be seen in results figures . Finally, for evaluation of ETR 

differences an updated photosynthesis model was developed to couple the gas-exchange with 

chlorophyll fluorometry parameter <pps11. 

The photosynthesis model relied upon the methods described by Yin and others (Yin, X et 

al., 2004; Yin & Struik, 2009; Yin et al., 2009; Bellasio et al., 2016) with implementation in a 

hierarchical Bayesian framework. The FvCB has previously been implemented in a hierarchical 

Bayesian design (Patrick et al., 2009; Xiaohui & Michael, 2013; Pleban et al., 2018) but a 

hierarchical Bayesian design of the Yin model has till now not been implemented. The Yin 

approach alters the derivation of photosynthetic ETR following the general framework 

established in FvCB (Farquhar, Get al., 1980; Farquhar & von Caemmerer, 1982; von 

Caemmerer, 2000). The FvCB model estimates ETR using information from leaf gas-exchange 

(Farquhar, Get al., 1980) (Eqn 2.5). With the FvCB derivation of ETR for AJ (Jm) requiring 

estimation of three parameters, where Jmax, is the maximum rate of electron transport, </Jc02 is the 

quantum yield on a CO2 to photon basis, and 0J is the convexity factor for the response of ETR 

to Q. Two other parameters are often fixed a prior in FvCB, the ratio of electons to fixed CO2 is 

static at 4:1 and a1eaf is set at 0.85, this would lead to a maximum quantum yield on a e- to 

photon basis of 0.53. The approach described by Yin estimates ETR for AJ (Jy) using a combined 

gas-exchange and chlorophyll fluorescence approach (Yin, X et al., 2004; Yin et al., 2009). 

Specifically, the Yin model used fluorescence data to parameterize PSII efficiency at limiting 

light, </>Ps11_11, as well as a lumped parameter, s, which accounts forfa,1, p 2, and a1eaf- The quantum 

yield parameter for the Yin model, </Jps11_11, was estimated as the y-intercept of a linear regression 

of An against </JPS11 under low Q (0 < Q < 200 umol photon m-2 s-1
). LR data (An, Q, <pps1I) was 

subset in the same way to estimate Rd and s Rd is estimated following the Yin derivation as the y-

intercept of a linear regression ofAn against Q<f>psu_ The slope of this regression is used as an 
4 

estimate of the lumped s parameter. 

There are three major differences between the model developed here and the Yin 

derivation other than the Bayesian implementation. First is the estimation of the critical Ci (Ccrit) , 

or Ci at which An transitions from Ac to AJ, second is the use of a fixed gm values, and third is the 
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implementation of a triose phosphate use (TPU) limitation for the low 0 2 dataset. The estimation 

of Ccruwas established based on an analysis ofFv 'Fm ' under increasing C Fv 'Fm ' will increase 

when Ci< Ccritand then remain constant when C> Ccrit (Sharkey et al., 2007; Gu et al., 2010; 

Moualeu-Ngangue et al., 2017). This approach was feasible as fluorescence data taken with A/Ci 

curves. Bayesian methods were employed using a single change point model (Dose & Menzel, 

2004) to estimate individual and population level Ccrit• Results of change point model found a 

mean posterior estimate Ccrit of all individuals under ambient 0 2 of 282.8 (±3.9) and all 

individuals under low 0 2 of 202.3 (±4.7). The difference is a reflection oflimited 

photorespiration under low 0 2 conditions and these values were used for Eqn 3 .2. A second 

difference from Yin's model was that gm was fixed at a large value (20 umol m-2 s-1 bar-1
), as no 

water stress was present to impose gm limitation. Additionally, it has been shown, for example in 

Chapter 2, that gm can have an interactive effect on parameter estimation, specifically on Vcmax 

estimates (Manter & Kerrigan, 2004). For these two reasons, as well as the general challenges in 

gm estimation identified in Chapter 2, gm was fixed. Finally, a triose phosphate use (TPU) 

limitation was added to the low 0 2 model, as low 0 2 A/Ci exhibited a strong sill at high Ci values 

(Appendix A.3.2); this curve behavior is indicative ofTPU limitation. TPU limits An when the 

rate of conversion of triose phosphate, a Calvin cycle intermediary, to sugars and starches limits 

turnover of the Calvin cycle as the conversion rate impacts phosphate availability for 

photophosphorylation (ATP production) (Sharkey et al., 1986; Yang et al., 2016). 

Table 3 .2 describes the equation used for this updated model. The addition of Ccrit and 

TPU necessitated the modification ofEqn 2.3.1 to Eqn 3.2 (Table 3.2). The quadratic derivation 

ofAc remains the same (Eqns 3.3 & 3.4). The quadratic derivation ofAJ remains the same (Eqn 

3.5), but the estimate ofETR (Jy ) is varied using Eqns 3.6, 3.7 & 3.8. Finally, for low 0 2 data a 

simple TPU limitation is imposed using Eqn 3.9 and fixing the Ci ofTPU limitation at 1225 

umol m-2 s-1 using Eqn 3.2. 
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Table 3 .2 
List of equations used in modified Yin (2009) photosynthesis model. 

Eqn No Equation Descript ion 

A n summarized by 3 primary limiting factors 

3.2 Ac=CO2 limited , AJ=Q limited , 

At= Triose phosphate use (TP U) !imitated 

General quadratic form for 
A . - -b+ ~3.3 i - 2a 

solving Ac, Aj 
- 1a 
9= 

3.4 b Vc=;:- Rd + C,+ Kc( \ ;:~ ) Quadrat ic roots for describing Ac 

C R d(Ci + Kc(1j;:0 ) 

- 1a 
9= 

3.5 b '-1- -n d + c + 2r· Quadratic roots for describing Ai 
9= ' 

C R d(Ci + 2f*) - i (Ci - f *) 

a 0J 
Quadrat ic roots for combined gas-exchange and 

3.6 b - (Qs</Ju ") - J max 
chlorophyll fluoresce ETR (J1) 

C Qs</Ju " * J m ax 

Linear Regression for calculat ing maximum 

3.7 </J II = m Q + <PPSII" quantum efficiency PSII under limit ing 

Q <PPSII" , where m is slope term 

Linear Regression for calculating lumped 

3.8 s parameter (slope) and 

Rd as intercept term 

Triose phosphate use (TPU) Limitat ion 
3.9 3TPU 

T P U limitation imposed on Low 02 data only 

The updated model continues to use a temperature response following an Arrhenius 

function was used for Kc, K0 , Vcmax, Jmax, gm, Rd and r *.Each parameter was normalized with 

respect to 25 °C following Eqn. 2.3.7, and the activation energies (Ei's) were estimated at the 

population level only. Other temperature response functions may be considered, but given the 

limited variability in T1ea1 (mean= 22.9 ± 1.3) a simple one-parameter equation was selected for 

this analysis. 

Finally, the implementation of the model in Bayesian form used the full set of gas

exchange observations ofA/Ci and LR data for parameters estimation, a practice becoming more 

common (Patrick et al., 2009; Archontoulis et al., 2012). But <pps11 was only used partially in two 

ways. First, <pps11 AIC data was used as described previously to estimate Cent in a change point 

model against C, and these Ccritvalues were then imposed on the photosynthesis model of 

ambient and low 0 2 observations. Second, <pps11 LR data was subset to low light(< 200 umol m-2 

s-1
) for parameterization of <pps11_u following Eqn 3.7, and for parameterization of s as well as for 

informing Rd following Eqn 3.8. Unlike Ccrit, where the estimate of the Fv 'Fm '/Ci step-function 
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was set as a fixed parameter, the values for </JPS11_u, sand Rd were not imposed on the 

photosynthesis model as fixed values based on estimates form Eqn 3.7 and 3.8. Instead the full 

model equations of photosynthesis (Eqn. 3.2-3.6) as well as Eqn. 3.7 & 8 were concurrently 

assessed using the rjags Gibbs sampler. 

3.3 Results 

3.3.1 Observational data and Model performance 

Significant treatment differences (Table 3 .1) were seen in relative chlorophyll content, 

with r46 L=36.7 (± 3.2) and r46 H=42.6 (± 3.6) (p=0.02) and with means for r301 L=41.4 (± 

4.0) and r301 H=56.1(± 3.3) (p<0.001). Limited differences were seen in other parameters 

measured using the MultispeQ leaf-photosynthesis protocol, although <pps11 at 300 µmol m-2 s-1 Q 

was significantly different between r46 Hand r301 L (p=0.02). 

Overall 572 repeated observations of both gas-exchange and chlorophyll fluorescence 

were made using LR and A/Ci curves under ambient and low 0 2 on the same three individuals 

per each line and treatment. Low 0 2 LR curves resulted in greater light saturated An in all 

treatments groups except r46 L where the change in light saturation point was negligible. Low 

0 2 A/Ci curves resulted in greater maximum An in all treatments groups again except r46 L 

where the change in maximum An was negligible. The quantum yields (L1CO2/L1Q), determined 

using the initial slopes of LR curves using Q<200 µmol m-s s-1
, oflow 0 2 LR were significantly 

greater than ambient curves with mean values of 0.085 and 0.063 respectively. The initial slopes 

of low 0 2 AIC curves (Ci< l50 µmol m-s s-1
) were also significantly greater than ambient curves 

with mean values of 0.2 and 0.16 respectively. Finally, the mean intercept of the low 0 2 A/Ci 

curves increased by 7.8 µmol m-s s-1 relative to ambient. Raw A/Ci and LR curve data for both 

lines and treatments can be seen in the Appendix (A.3.1-4). 

Using the medians of genotype level posterior parameter distributions yielded simulation 

results which closely matched observations with an R2=0.94, intercept=l.37 µmol m-s s-1and 

slope of 0.91 (Fig. 3.3). When considered by genotype and treatment ambient 0 2 data R2 values 

ranged between 0.99-0.95, with r46 H maximum and r46 Las minimum. Low 0 2 data R2 values 

ranged between 0.85-0.95, with r301 H as maximum and r46 Has minimum. Median posterior 

estimates at genotype level of all A/Ci and LR curve data for both lines and treatments can be 

seen in the Appendix (A.3.l-A.3.4). 

https://0.85-0.95
https://0.99-0.95
https://intercept=l.37
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Fig. 3 .3 Observational data 
vs. simulated results for 
572 measurements of An. 
Leaf gas-exchange 
observations were made for 
two treatment groups: high 
nitrogen availability (H) 
and low nitrogen 
availability (L), for two 
rapa genotypes (r46, 
r301). Measures were 
made in the form of A/Ci 
and LR curves under 
ambient (21 %) 0 2 (~) and 
low(< 0.1 %) 02 conditions 
(•). 

3.3.2 Parameter Variability 

The modified Yin model showed variation in Vcmax and Jmax posteriors (Fig 3 .4). These 

differences were dominated by the N-treatment impact, although Vcmaxalso showed genotypic 

variation (Fig 3 .4 a &b). It is notable that low 02 conditions reduced estimates of Vcmax by 
2approximately 30 umol m- s-1 (Fig 3.4 (a,c )). Jmax posteriors showed large treatment responses 

but limited genotypic differences under ambient and low 0 2 conditions (Fig 3.3 (c,d)). 

https://RMSE=4.03
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Fig. 3.4 Posterior parameter distributions for maximum rate of carboxylation (Verna.,) 
(a,b) and maximum rate of electron transport (Jmax) (c,d). Estimates were for rapa 
genotypes r46, r301 under high nitrogen (H) and low nitrogen (L) treatments, and 
under conditions of ambient (a,c) and low 0 2 gas-chamber conditions (b,d). 

Genotypic parameter and treatment variation was seen in ETR parameter ¢PSII II under both 

ambient and reduced 0 2 conditions (Fig 3.5 a,b). Posterior distributions of r301 were slightly 

higher under the high N treatment while for r46 they were slightly lower under the high N. r301 

showed a greater </JPSIIII estimate regardless ofN treatment relative to r46. The lumped s 

parameter showed no variation across lines or treatments (Fig 3.5 c,d colored lines), though an 

increase ofnearly 0.1 was observed under non-photorespiratory conditions in the population 

levels estimate (Fig 3.5 c,d black dotted lines). A third ETR parameter, 01, demonstrated limited 
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genotypic or treatment variation, but low 0 2 conditions pushed the parameter distributions closer 

to the parameter's theoretical limit of 1 (Fig 3.6 a,b). 

Ambient 02 Low 0 2 (2%) 

r301 High N-- r301 Low N (a) (b) 
LO - r46 High N 
0 

r46 Low N- 0- - Population Mean <D 
0 prior
'St 

>, 
0 ~ 0C')~ (/) 'St 

C C 
Q) Q) 

Cl Cl 

, 
\ 

- - - ,,, 
., 

0. 5 0. 0 

q>psfl_/1 

0 

(C) (d) 

z,
I "cii 

C
I Q) 

Cl 

I 

I 

0. 5 

lumpeds 

Fig. 3 .5 Posterior parameter distributions for maximum PSII efficiency (</JPSI1_11) ( a,b) 
and lumped parameter (s) (c,d). Estimates were for rapa genotypes r46, r301 under 
high nitrogen availability (H) and low nitrogen treatment (L) and under conditions 
of ambient ( a,c) low 0 2 gas-chamber conditions (b,d). 
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Fig. 3 .6 Posterior parameter distributions for curvature parameter (0J) (a,b) and leaf 
respiration rate in the dark (Rd) (c,d). Estimates were for rapa genotypes r46, r301 
under high nitrogen availability (H) and low nitrogen treatment (L) and under 
conditions of ambient (a,c) low 0 2 gas-chamber conditions (b,d). 

Rd demonstrated limited genotypic parameter or treatment variation and the 0 2 conditions 

also has little impact on estimates of respiration (Fig 3.6 c,d). Species level posterior parameter 

distributions for the Rubisco Michaelis-Menton constant for carboxylation (Kc25) and Michaelis

Menton constant for oxygenation (K025) were unchanged while r* decreased by approximately 

1.9 µmol m-s s-1 under low 0 2 conditions (Fig 3.7). 
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3.4 Discussion 

3.4.1 Role of N and 0 2 on Model Performance 

The updated model identified nitrogen treatment effects: as expected, high N conditions 

resulted in increased Jmax and Vcmax estimates. Surprisingly, the ratio ofJmax to Vcmax did not 

remain fixed, as r301 showed an increase in the Jmax to Vcmaxratiounder high N while r46 showed 

a reduced Jmax to Vcmax in the same conditions (Fig. 3.4). Maintaining of constant N partitioning 

for carboxylation processes to light harvesting processes is a standard assumption of the FvCB 

model as used across scales (Farquhar, Get al., 1980; Quebbeman & Ramirez, 2016). Changes 

in the Jmax to Vcmax ratio have been identified across seasonal changes in water availability as well 

as based on leaf age (Wilson et al., 2000; Xu & Baldocchi, 2003; Niinemets et al., 2004). Here, 

the discrepancies found suggest possible genetic differences playing a role in N partitioning 

patterns, as other environmental drivers and leaf age variation were minimized in this 

experiment. 
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The use of low 0 2 observation served as a robust tool for evaluating the combined gas

exchange fluorescence model. Parameters expected to change based on non-photorespiratory 

conditions responded predictably (Brooks & Farquhar, 1985; von Caemmerer, 2000). Limiting 

10 2 resulted in decreased r* estimates of approximately 2 µmol m-s s- . Similarly, non

1photorespiratory Ccrit decreased by approximately 80 µmol m-s s- • In the absence of 

photorespiration, the estimates of Vcmax were reduced proportionally with an estimate of 

photorespiration following a simple gas-exchange estimate (Thomas, 1988). Both the estimates 

of photorespiration and the estimates of Vcmax were reduced by 20-30 % under low 0 2. While 

robust estimates of r *, Kc and K0 require in-vitro methodologies or more intensive gas-exchange 

methodologies (von Caemmerer et al., 1994; Laisk, A et al., 2002; Hanson et al., 2016) these 

results support the continued use and development of Yin-based models using the hierarchical 

Bayesian framework developed in Chapter 2. 

3.4.2 Differences in ETR 

The deeper evaluation of ETR was conducted here because of the striking differences in 

Jmax between r46 and r301 found in Chapter 2. In this experiment, however, Jmax was not found 

to vary genotypically while Vcmax was variable and the ratio between the two demonstrated 

unique responses (Fig, 3.2). Mechanisms ofETR did vary between r46 and r301 , however, as 

r301 showed a greater <pps1111 estimate regardless ofN treatment relative to r46 (Fig. 3.5 (a & b)), 

highlights the contrasting genetic architecture of the rils. That <pps11_11 showed contrast between 

r301 and r46 while </JJ(FvCB quantum yield) did not (Figs. 2.6 & 2.8)) demonstrate the value of 

utilizing <pps11 LR data directly for modeling. It is clear from these and earlier results that both 

genetic and environmental processes impose constraints on ETR. It is possible that the low light 

environment (approximately 300-500 µmol m-s s-1
) of this experiment relative to the field setting 

of Chapter 2, resulted in the lack of variance previously identified in Jmax as leaf tissues and 

photosynthetic machinery have been shown to acclimate to the growth light environment 

(Murchie et al., 2005; Moualeu-Ngangue et al., 2017). While LR curves appeared light-saturated 

at 2000 µmol m-s s-1
, and therefore A/Ci measurements were set at 2000 µmol m-s s-1 Q, it is 

possible that under lower A/Ci irradiance (1000-1500) differences in J max may emerge from the 

modeling analysis (Buckley & Diaz-Espejo, 2015). Overall, understanding the control of ETR 

processes is enhanced through model expansion such as this as mechanisms of component 

processes can be evaluated relative to treatment and genotypic expectations. 
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3.4.3 Limitations 

While the 0 2 supply to the IRGA was managed at <0.1 % following established methods 

the true physiological 0 2supply was largely unknown. This uncertainty is due to 0 2 evolution as 

well as diffusional process from tissues bordering to the chamber gasket likely provides a 0 2 

supply greater than source gas. A simple analysis was conducted illustrating how modeled V cmax 

is very sensitive to the 0 2values used in testing (Fig A.3.5). Four alternative 0 2values (1 %, 2%, 

5%, 7.5%) were imposed on low 0 2 curve data set using same methods used for original 

analysis, which assumed 0.1 % 02 supply. An increase in V cmax estimates is seen at each increased 

0 2 values. Attempts to model 02 evaluation based on rates of CO2 fixation could be used to 

better approximate true 0 2availability beyond source 0 2concentration. 

In the future, a fully coupled model should be considered, which uses the combined data 

for ambient and low 0 2curves. This model must make appropriate 0 2supply accommodations 

for parameter including T, *v cmax and C crit, which are dependent on 0 2 supply and therefore 

photorespiratory rates. These methods could use research using gas-exchange and fluorescence at 

both ambient and alternate 0 2concentrations as well as leaf transmission at 850 nm were used to 

diagnose light reactions and CO2fixation (Laisk, A. & Loreto, F., 1996; Laisk, 1998; Laisk, A et 

al., 2002). These modifications could improve gas-exchange estimates of parameters, which are 

typically validated only with in-vitro methodologies. 

Moreover, the utilization of </JPs11 here was limited to the estimation of C crit, </JPs11_11 ands. 

The use of </Jps11 should be extended to all light conditions next and potential exists for using the 

relationship between </Jps11 and Q in a more integrated way for ETR estimation. This endeavor 

will be explored further in Chapter 4. 

3.4.4 Implications and Conclusions 

Chapter 2 conditions manifested in Jmax differentiation while here noticeable </JPs11_11 

differences were observed as well as a unique N fertilization response in the Jmaxl V cmax ratios; 

these results together point to clear genetic differences in ETR between these rils. A genotypic 

analysis of the ETR differences between r46 and r301 identified in Chapters 2 and 3 is 

promising. The use of models coupled with genotypic or other -omics analysis appear to offer 

potential for revealing connections between modeled physiological mechanisms and yet to be 

uncovered genomic mechanisms (Gu et al., 2012). This approach has been advocated (Yin, 



63 

Xinyou et al., 2004; Hammer et al., 2006; GroBkinsky et al., 2015) and the ril population of this 

investigation appears to have genetic and physiological diversity amicable to these approaches 

(Edwards et al., 2011; Edwards et al., 2012; Baker et al., 2015; Baker et al., 2018; Pleban et al., 

2018). 

Implementation of the Yin model should be expanded and further developed as it makes 

use of a readily available data type, which can provide important information regarding the 

mechanisms of the light reactions of photosynthesis. We should consider integration of other 

chlorophyll fluorescence parameters, including estimates of non-photochemical quenching, 

which may serve as valuable indicators of stress responses to factors including drought, salinity 

or light (Tietz et al., 2017). We should also consider scaling beyond the leaf level as many 

whole plant, ecosystem scale, and global models use scaling factors to apply the FvCB model 

(Sellers et al., 1992; Leuning et al., 1995; DePury, 1997). The ease of making PAM fluorescence 

observations make it clear that larger scale photosynthesis models can make use of fluorescence 

observations to assist in developing parameterization schemes for a wider variety of taxa or 

functional groups (Smith et al., 2001). This may have additional application as larger scale 

models have begun to implement solar induced chlorophyll fluorescence measures for capturing 

global patterns of photosynthetic variation (Frankenberg et al., 2011; Guanter et al., 2014). 

Linking leaf level, PAM observations of fluorescence, with passive remote-sensing observations 

of fluorescence would provide a powerful means of scaling quantum yield of photochemistry to 

crops at field scales, landscape to regional scale ecosystem, and global models of photosynthesis 

and primary productivity (Porcar-Castell et al., 2014). 
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Chapter 4 

Rapid chlorophyll a fluorescence light curves used for phenotyping 

photosynthetic processes under drought stress 

4.1 Introduction 

Advances in trait phenotyping will improve the ability to link observed physiological 

mechanisms to candidate sequences in the growing libraries of genetic resources. The linking of 

phenome to genome is challenging, however, as the observable traits of interest to breeders do 

not always have a direct connection to a genotype (Holland, 2007; Shi et al., 2009). For this 

reason, model assisted phenotyping has been advocated whereby complex traits such as yield, 

water use efficiency (WUE), drought tolerance, and photoprotection are separated into 

manageable components using mechanisms (Reymond et al., 2003; Hammer et al., 2006; 

Tardieu et al., 2017). Models must be developed in such a way that they are able to directly use 

phenotypic trait data, environmental data that influences the expression of traits, and parameters 

and model structures that are sensitive to these expressed traits among genotypes. When these 

requirements are met a mechanism represented with a biophysical model can assist in unraveling 

the complex genetic architecture underlying broadly defined complex quantitative traits 

(Reymond et al., 2003). 

Phenotypic expression of complex traits is the result of plant development across varied 

environmental conditions. Mechanistic biophysical models have evolved to refine how plant 

organ and system responses to changes in the vital factors of CO2, H20 and light availability are 

represented. This is specifically true in the development of photosynthesis models where each of 

these factors is critical to CO2 fixation (de Witt, 1966; Farquhar, Get al., 1980; Patrick et al., 

2009; Yin et al., 2009). Photosynthesis model development has evolved as new observational 

data of these three factors has improved, including non-invasive observations of leaf spectral 

reflectance, absorbance and chlorophyll a fluorescence characteristics (Cruz et al., 2016; 

Kuhlgert et al., 2016; Silva-Perez et al., 2018). Integration of these data into existing 

photosynthesis models is beneficial because the high temporal resolution can be used decompose 

complex traits while the throughput capacity allows for screening larger and more diverse 

populations (Kuhlgert et al., 2016; Baker et al., 2018; Wang et al., 2018). 
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Variable or saturation pulse (PAM) chlorophyll a fluorescence analysis reveals traits of PSII 

and the initial behavior of the photosynthetic electron transport chain (Maxwell & Johnson, 

2000; Kramer et al., 2004b; Baker, 2008). PAM fluorescence uses the re-emitted activation 

energy, fluorescence, to understand the fate of absorbed light in the leaf. PAM fluorescence is a 

fast, reliable observation that is increasingly used in phenotyping (Filek et al., 2015; Gulli et al., 

2015; Flood et al., 2016; Gomez et al., 2017; Guadagno et al., 2017). The operating efficiency of 

PSII (</JPSn) is a widely used fluorescence trait defined using the relative difference of 

fluorescence in steady state light-acclimated conditions (Fs ') and the maximum fluorescence in 

light conditions determined using a saturating flash able to quickly close (reduce) all PSII 

reaction centers (Fm'); i.e. <ppsn= (Fm'- Fs ')/ Fm') (Genty et al., 1989). A large fraction of the 

remaining light not used by PSII photochemistry or re-emitted as fluorescence is dissipated using 

energy dependent processes called non-photochemical quenching (NPQ) (Muller et al., 2001). 

NPQ can be estimated using the same short flash period as <pps11 (NPQ1) (Tietz et al., 2017). 

These data and other high throughput observations with leaf gas-exchange provide a powerful 

way to inform models of photosynthesis (Laisk, A et al., 2002; Yin et al., 2009; Bellasio et al., 

2016). 

Photosynthetic models consider the primary limiting factors of net assimilation rates (An) 

including light and CO2 (Farquhar, Get al., 1980; Long & Bernacchi, 2003; Grassi & Magnani, 

2005; Sharkey et al., 2007; Yin et al., 2009). Observations ofAn and available CO2 (A/Ci) are 

routinely combined with models such as the Farquhar, von Caemmerer and Berry (1980) (FvCB) 

to reveal biochemical mechanisms controlling An. FvCB estimates An as the minimum of two 

primary limiting factors RuBisCO limited An (A c) is dominated by the responses of Vcmax•Light

limited An (AJ) is coordinated by the electron transport rate (ETR) across photosystems II and I 

(PSII, PSI), which produces ATP and NADPH needed for the Calvin carboxylation cycle 

(Farquhar, Get al., 1980; von Caemmerer, 2000). FvCB captures the conceptual link between 

ETR and An while avoiding some mechanistic details that are harder to constrain with 

observations (Horton et al., 1994; Allen & Pfannschmidt, 2000; Laisk, A et al., 2002; Yin, X et 

al., 2004). 

The conceptual power of the reduced complexity models yields insights under non-stressed 

conditions, but additional mechanistic detail may be justified for plants exposed to drought. Fig. 

4.1 (a) summarizes the ETR derivation of the FvCB model. Data from the linear portion of a 
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light response curve can be used to parameterize quantum yield on an /1CO2/ 11Q basis ( ([Jc02) 

(Fig. 4.1 (a-inset graph)). The CO2 fixation rate from the A/Ci response is used to parametrize the 

maximum ETR CJmax) while assuming that all electron flow is entirely linear (LEF) from PSII to 

NAPD+ reduction. Other necessary parameters of the ETR derivation in FvCB include the 

curvature of a light response curve (0J) and implicit energy partitioning between PSII and PSI 

(p2), which is typically set at 0.5 (Evans, 1989; Patrick et al., 2009; Gu et al., 2010), (Sharkey et 

al., 2007; Sharkey, 2016). 

FvCB was recently expanded to improve the link between ETR and An using LR observations 

of <pps11 for estimation ofETR andAJ (Yin, X et al., 2004; Yin et al., 2009; Bellasio et al., 2016), 

hereafter called the 'Yin' model (Fig, 1 (b)). Specifically, quantum yield is estimated on an /1e-

/11Q basis using the linear portion of the (/Jps11 light response (Fig, 4.1 (b - top inset graph). 

Further, a lumped parameter, s, is estimated accounting for p2, absorbance by leaf photosynthetic 

pigments ( a1eaJ) and potential use of alternate electron pathways other than LEF (la,1). The Yin 

model maintains the estimation Jm ax and 0J for modeling AJ. 

One disadvantage of the Yin model is that it requires observations under low light conditions 

to inform estimates of PSII quantum yield. Alternatively, it is possible to consider PSII activity 

across all relevant light conditions (Fig. 4.1 (c)). Data from the </JPS11 /Q response can be modeled 

in an exponential decay function (Fig. 3 (c)- inset graph), this <pps11estimation using the <pps11 

decay against light (/Jps11) can then be used to calculate ETR, AJ and ultimately An without the 

need to parameterize Jmax and 0J. The /JPs11 model can also make use the of s parameter for 

describing potential differences in ETR. The advantage of this method is that data informs the 

fJps11 model in the description of the PSII antenna complex passing excitation energy to P680, as 

the decay rate becomes more negative this transfer rate is reduced. 
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(A) Fig. 4.1 Three conceptual models of 
Stromaside photosynthetic electron transport 

rate (ETR). Traditional FvCB 
conceptualization (A) model's 
quantum yield on a photon to CO2 

basis. FvCB assumes 100% linear 
FvCB Quantum yield 
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There are two major advantages to modeling the changing behavior ofPSII antenna complex 

through integrating the ¢PsIIexponential decay into the modeling ofAn, First, the high throughput 

of fluorescence makes it tractable to screen large populations, and integration of c/Jps11 decay 

provides a link between high throughput fluorescence to traditionally lower throughput gas-



68 

exchange based models. While recent improvements in instrumentation have increased the 

throughput of gas-exchange measures (Stinziano et al. , 2017), this technology is still largely 

unavailable due to the high cost per sample. Second, traditional photosynthesis models are not 

well equipped to capture the responses of the PSII antenna complex to stressors and so the 

mechanisms of photoprotection, photoinhibition and photodamage, which are critical in stress 

responses, cannot be captured by these biophysical models (Govindjee, 2002; Asada, 2006; 

Murata et al., 2007). By modeling the dynamics of the c/Jps11 vs. Q response we aim to improve 

the modeling of these stress response mechanisms. 

Here the /JPSII approach is applied because it utilizes the full fluorescence response to drought 

severity (Nogues & Baker, 2000; Filek et al., 2015; Guadagno et al., 2017), in conjunction with 

other observable responses to drought. One of the initial responses to drought is a decline in 

stomatal conductance (gs), a protective mechanism to guard against dangerously low leaf water 

potential which reflect stress in along the plant hydraulic pathway. But lowering gs also 

decreases CO2 availability for photosynthesis (Lambers, 2008). Mesophyll conductance (gm), 

which can further limit the availability of CO2 inside the chloroplast ( Cc), has also been 

implicated as an important drought mechanism (Grassi & Magnani, 2005). Within chloroplasts, a 

CO2 limitation may result in an over-reduction of the photosynthetic electron transport chain 

(ETR) (Miller et al., 2010). When the excitation energy, derived from absorbed incoming 

radiation, exceeds the energetic requirement for CO2 assimilation, it triggers the production of 

reactive oxygen species (ROS) (Krieger-Liszkay et al., 2008; Miller et al., 2010; Sharma et al., 

2012). lfROS species are produced at a faster rate than the enzymatic and non-enzymatic 

scavenger activity, both photosystems and ETR components can be damaged (Sharma et al., 

2012). Photosystem II (PSII) is highly susceptible to photo-oxidative damage, which can cause 

photoinhibition when the mechanisms of photoprotection are unable to fully alleviate the photo

oxidative stress (Murata et al., 2007; Takahashi & Badger, 2011). To protect PSII from 

photodamage and limit photoinhibition a variety of mechanisms shield PSII from photo

oxidative damage. Excess energy dissipation using non-photochemical quenching (NPQ), 

increased energy use by PSI, and changes in leaf absorbance using alternate pigments or 

chloroplast avoidance are known mechanisms of photoprotection (Takahashi & Badger, 2011). 

Importantly, the main consequence of a reduction in PSII activity is an overall reduction of 

photosynthetic capacity (Figure 1 (c)). 



69 

PSII photoprotection, photoinhibition and photodamage co-occur with ETR over-reduction 

and ROS toxification. Each represents a source of decline in PSII activity. Photoprotective 

mechanisms contribute to the decrease PSII quantum yield in plant under stress. Photoprotective 

NPQ unloads a fraction of the excitation energy safely as heat but also away from PSII 

photochemistry, serving as a means to safety reduce PSII damage by uncoupling the light 

harvesting complex from the PSII reaction center (Muller et al., 2001 ). One form of excess 

energy dissipation by NPQ can be mediated via the buildup of the trans-thylakoid pH gradient. 

This component can rely on PSI to play a role in PSII photoprotection by increasing cyclic 

electron flow round PSI. Chloroplast avoidance provides another photoprotection mechanism 

through limiting the amount of light absorbed by stacking chloroplasts behind one another 

(Masahiro, et al., 2002). Absorbance change can also limit the amount of light impacts PSII, 

these changes can arise from accumulation of pigments such as anthocyanins and phenolic acids 

which screening PSII from damaging UV radiation. Integration of these mechanisms is difficult 

without fully incorporating the relationship between <pPSII and Q as many including NPQ are 

highly dependent on Q availability. These mechanisms can play a critical role in stress tolerance 

and therefore integrating them into models is imperative. 

Using a full suite of <pps11 vs. Q observations will maximize the information content available 

for identifying the limiting factors on An including photoprotection strategies. When modeling 

water stress impacts on An the whole soil-plant-atmosphere continuum must be considered as soil 

moisture (supply) and atmospheric vapor pressure deficit (VPD) (demand) impact on leaflevel 

hydraulic status and therefore physiology (Medrano et al., 2002; Damour et al., 2008). For this 

reason, mechanistic models of photosynthesis have been integrated into whole plant models for 

understanding the relationship between plant components (DePury, 1997; Boote et al., 1998; 

Mackay D.S., 2015). In drought, the whole plant hydraulic status imposes critical constraints on 

leaf level assimilatory processes. Modeling the overall impacts of CO2 supply limits the over

reduction of the ETR and potential PSII damage therefore requires knowledge of processes 

beyond just fluorescence yields and gas-exchange observations. Finely controlled experiments 

coupled with mechanistic models can be of value in the development of phenotyping strategies. 

While precise designs impose known levels of stress, producing significant physiological 

responses, model-based approaches can dissect the controlling traits of the observed responses. 
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Here a population ofBrassica rapa was used, a diverse species with both crop and 

naturalized herbaceous varietals. B. rapa is an excellent candidate to investigating phenotyping 

tools as it is a model crop species and has high physiological diversity including in quantitative 

traits such as An, drought tolerance and WUE (Edwards et al., 2011; Franks, 2011; Edwards et 

al., 2012; Baker et al., 2015; Yarkhunova et al., 2016; Pleban et al., 2018). Understanding the 

observed differences in An requires a careful evaluation of potential differences in 

photoprotection strategies in relation to ETR. This can be accomplished through first describing 

</JPSII light response curves using a three-parameter exponential function where the decay rate of 

</JPS11 under increased light (/JPs11) and the rate of <pps11 as Q approaches zero (aps11) are used to 

model the responses. These traits are evaluated across a series of drought and re-watering 

treatments. Next, the utility of <pps11 light response traits (/JPs11, aps11) were tested in a novel 

photosynthesis model which directly incorporate <pps11 light response traits into the estimation of 

ETR and how these traits relate to other limiting factors, including V cmax and gm, The novel 

model performs similarly to two established photosynthesis models while utilizing the 

fluorescence light curve response data set. Finally, a whole plant model is used to impose 

changes in PSII activity upon soil moisture stress to investigate components of photoprotection. 

Overall our analysis represents an improvement in monitoring ETR responses to drought using 

biophysical models incorporating PSII activity across relevant light availability. 

4.2 Materials and Methods 

4.2.1 Species and Genotypes 

Four genotypes ofB. rapa were evaluated in this Chapter. Two crop accessions were used, an 

oilseed Yellow Sarson, subsp. Trilocularis (R500) and at turnip VT-089 D'Auvergne Hative, 

France - CGN1099 (VI) . The two recombinant inbred lines (RILs) were r46 and r301 used in 

Chapter 2 and 3. Crop accession seeds were obtained from the W ageningen UR Center for 

Genetic Resources. The RILs are F8 offspring of a cross between the genotypes IMB211 and 

R500. IMB211 is a rapid cycling line derived from the Wisconsin Fast Plant™ population that 

resembles weedy B. rapa populations and R500 is an oilseed long cultivated in India, which 

flowers later and generally achieves greater size with large allocation to seed production (Baker 

et al., 2015). The two RILs, full siblings, were selected based on the expression of transgressive 

segregation for intrinsic water use efficiency (WUE) and contrasting photosynthetic traits 

identified in earlier research (Edwards et al., 2011; Edwards et al., 2012; Pleban et al., 2018). 
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4.4.2 Growth Conditions 

Seeds of the B. rapa genotypes were germinated and grown in pots (500 ml) filled with a soil 

mixture (Miracle-Gro Moisture Control Potting Mix (20% v/v), 453 Marysville, OH, USA and 

Profile Porous Ceramic (PPC) Greens Grade (80% v/v), Buffalo Grove, IL, USA) with the 

addition of 2 ml of Osmocote 18-6-12 fertilizer (Scotts, Marysville, OH, USA). Experimentation 

occurred during July and August of 2017 at the University at Wyoming in three growth 

chambers (PGC-9/2 Percival Scientific, Perry, Iowa, USA). The experimentation was design and 

conducted collaboratively with Dr. C.R. Guadagno. I made the majority of the gas-exchange and 

MutlispeQ observations with some help from undergraduate technicians from the University at 

Wyoming Growth chamber conditions were set at a 16-h photoperiod of approximately 250 
2µmol of photons m- s-1 Q, with a 25-30°C /18-22°C day/night cycle and relative humidity 

maintained between 45-65%. Soil moisture content (ECH2O/EC5 probe, Decagon, Pullman, 

WA, USA) was monitored daily for all treatment groups while growth chamber temperate and 

relative humidity were monitored continuously during experiment (EL-USB-2 RH/Temp Data 

logger, Lascar Electronics, Erie, PA, USA). 

For four weeks, all plants were regularly watered to maintain volumetric soil water 

content at 38 ± 5 % (ECH2O probe, Decagon, Pullman, WA, USA). On day 28 after sowing 

(DAS), watering was withheld from treatment plants with two drought severities established 

from this point (Appendix A.4.1 ). The first drought treatment was a subset of plants that received 

no water for nine days followed by returning to well-watered conditions, and the second 

treatment group had water withheld for fifteen days before re-watering. The control group 

continued to receive daily watering to soil saturation (38 ± 5 %). This resulted in five treatment 

classes: well-watered, early drought, early-recovery (9 days after water withholding), late

drought, and late-recovery (15 days after water withholding). Plants were randomized in three 

growth chamber compartments with blocks of each treatment present in each compartment. 
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Table 4.1. 

List of abbreviations used for models (observations, predictions and parameters). 

Abbreviation 

C; 

gs 

Q 

Fs• 

a ieaf 

P 2 

LEF 

/a,, 

s 

I'*25 

K c25 

K o25 

Ei's ( Kc, Ko , Rd, 

Vcmax , r•, Jmax, gm) 

J max25 

a.ps11 

KPSJJ 

Definition 

COi assimilation rate observed 

Intercellular COi partial pressure observed 

Leaf temperature observed 

Conductance to COi from atmosphere to intercellular space observed 

Photosynthetically active radiation observed 

Steady state fluorensce of light acclimated leaf observed 

Maximum fluorensce of light acclimated leaf observed 

Operating efficiency ofphotosystem II (Fm'-Fs' /Fm) observed 

Predicted Rubisco limited rate of COi assimilation 

Predicted electron transport limited rate of COi assimilation 

Predicted rate of electron transport following Farquar 

Predicted rate of electron transport following Yin 

Predicted rate of electron transport following ~ decay model 

Absorptance of leafphotosythetic pigments 

Partitioning of energy between PSII and PSI 

Linear electron flow (Q ¢PS11 a.1eafP 2 ) 

Fraction of electron not using LEF (1-l,,seudo(b;/{l-fcyc) in Yin et al . 2009 

lumped parameter (p 2 a.1eaf /a11) (Yin et al. 2009) 

COi photocompensation point (standardized to 25 °C) 

Michaelis-Menton constant for Rubisco for COi (standardized to 25 °C) 

Michaelis-Menton constant for Rubisco for Oi (standardized to 25 °C) 

Activation energy used in Arrhenius function 

Respiration rate in the dark (standardized to 25 °C) 

Mesophyll conductance (standardized to 25 °C) 

Maximum rate of carboxylation (standardized to 25 °C) 

Maximum rate of electron transport (standardized to 25 °C) 

Quantum yield of CO2 using Eqn 4.2.6 

Curvature factor on eletron transport rates predictions Jm and J y 

Maximum quantum effiency following Yin using Eqn 4.2.6 

Decay rate in ¢ PSJJ under increasing Q using Eqn 4.1 

Modeled ¢PS11 as Q appraoches zero using Eqn 4.1 

Modeled ¢PS11 as Q appraoches oo using Eqn 4.1 

Units 

oc 
µmolm-2 s-1 

µmolm-2 s-' 

e- /photon 

µmolm-2 s-1 

µmolm-2 s-1 

µmolm-2 s-' 

µmolm-2 s-1 

µmolm-2 s-1 

% 

% 

Pa 

Pa 

kPa 

KJmoi-1 

µmolm-2 s-1 

2µmol m- s-1Pa- ' 

µmolm-2 s-1 

µmolm-2 s-1 

mol COi mol photon -1 

unitless 

mol e- mol photon-' 

-1 
Q 

unitless 

unitless 

4.2.3 Plant physiological observations 

The experimental design informed the time line of plant physiology observation (Appendix 

A.4.1 ). All abbreviations of observational data are listed in Table 4.1. For evaluation of 

photosynthesis traits throughout the treatment period curves of assimilation against CO2 

availability (A/Ci curves) and photosynthetic light response curves (LR) were taken (Li-COR 
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6400-40, LI- COR Biosciences Inc., Lincoln, NE, USA). Both response curves were measured 

between 10:00 h and 16:00 h on fully expanded leaves (leaf numbers 5-8) with cuvette settings at 

flow rate of 300 µmol S ', relative humidity maintained at 50% (± 8) and temperature maintained 

at 20°C. AIC curves followed procedures outlined in Chapter 2 and set sample chamber 

CO2 concentrations to approximately 50, 100,200,300,400, 500, 600, 800, 1000, 1250, 
2 11500 and 2000 µmol m- s- . AIC curves were taken on well-watered, early drought, and early

recovery plants. LR curves were measured across ten light conditions (Q= 2000 1500, 1000, 500, 

250, 125, 60, 30, 15, 0 umol photon m-2 s-1
). LR curves were taken on well-watered, early 

drought, early-recovery, and late-drought plants. For both curves PAM fluorescence observations 

were made in conjunction with all changes in C or Q as described in Chapter 2. Observations of 

relative chlorophyll content were measured with a hand-held SPAD meter (SP AD-502; Minolta 

Corp., Ramsey, N.J.) and a MultispeQ spectrophotometer (PhotosynQ LLC, East Lancing, MI) at 

all treatment times (Appendix A.4.1 ). 

Further chlorophyll fluorescence observations were made using rapid PAM LR curves. The 

MultispeQ and PhotosynQ platform was used to develop rapid light response protocol. The 

protocol and all data from this investigation are available on the PhotosynQ platform under 

project title: B. rapa drought and recovery Chl Fl evaluation (https://photosynq.org/projects/b

rapa-drought-and-recovery-chl-fl-evaluation). In a single clamping, again using fully expanded 

leaves (leaf number 5-8), actinic light (655 nm (Lumileds, LXZl-PA0l) was incremented at ten 

light intensities (1000, 800, 600,500,400,300,200, 100, 50, 0 µmol photon m-2 s- 1
) for 30 

seconds before a PAM fluorometry sequence was initiated. The 30 sec acclimation interval 

follows established methods (Rascher et al., 2000; Datko et al., 2008). After each light 

acclimation period the PAM sequences used the multiphase flash technique as described in 

Lorauex, S.D. et al (2013) with three initial rectangular saturation flashes of 4500 followed by a 

saturation ramp of 4050, 3600 and 3150 µmol photon m-2 s- 1 providing six Fm' signals. A linear 

regression for these six Fm's vs 1/Q was made to determine expected Fm' used for calculating 

further fluorescence parameters. The rapid PAM LR protocol was also used to compute </>Ps11, 

</JNPQt and </>No at each light intensity following (Tietz et al., 2017). </JNPQt represents the fraction of 

Q dissipated safety as heat while assuming a constant theoretical maximum dark-adapted 

fluorescence yield, and </>No represents the fraction of Q quenched via unregulated excitation 

dissipation ( </>No= 1-(</JNPQt+ </>Psn). From these response cures, linear electron flow (LEF) was 

https://photosynq.org/projects/b
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calculated at a given Q following LEF = </JPSJIQa1eaJP2, where a1ea1is assumed to be 0.85 and p2 

is assumed to be 0.5. The Rapid PAM LR curves were taken on well-watered, early drought, 

early-recovery, late-drought plants, and late-re-watered plants, six-hours after re-watering and 

again 30-hours after re-watering (Appendix A.4.1 ). 

Total electrochromic shift (ECSt) measurements were made at two Q intensities (300, 1000 

µmol m-2 s-1 at 650 nm) using the MutlispeQ (Kuhlgert et al., 2016). ECSt monitors the proton 

flow into the thylakoid lumen by evaluating shifts in the absorbance of cross-membrane 

carotenoid pigments (Fig. 4. (c) (purple line)). Carotenoid absorbance spectrum is dependent on 

the changing electrical gradient produced by proton flow across the thylakoid membrane 

(Sacksteder et al., 2000). The protocol for these ECSt observation is available on the PhotosynQ 

platform (https://photosynq. org/ proj ects/b-rapa-drought-and-recovery-ecs-evaluation ). Briefly, 

ECSt is observed following a light to dark transition and determined by absorbance changes at 

530 nm using a 300 ms dark interval followed by re-illumination (Sacksteder et al., 2000). ECSt 

observations were on well-watered, early drought, early-recovery, late-drought plants, and late

re-watered plants (Appendix A.4.1 ). 

4.2.4 Exponential decay of </JPs11 against Q 

Light response data, </Jps11, from both the IRGA fluorimeter and the MultispeQ rapid 

fluorescence protocol were used to model the decay in </Jps11under increasing Q using hierarchical 

Bayesian modeling to generate genotype X treatment posterior trait distributions of exponential 

decay parameters. The following three parameter exponential decay function was used: 

(Eqn 4.1) 

where apsJI(y-intercept) represents the maximum light adapted </JPs11, /JPSIIrepresents the decay 

rate in lpps11under increasing Q and KpsJI represents a non-zero minimum of <PPsIIas Q approaches 

oo. Eq. 4.1 was implemented in R using rjags with Gibbs sampling (Plummer, 2014). Model 

parameters (apsJI, /JPs11 or KpsJI) were estimated using a three-level hierarchical structure with 

global, genotype by treatment and individual plant levels. Priors for the means of exponential 

decay parameters followed normal distributions and were broadly informed using wide 

https://photosynq
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variances. Priors for the precision terms used weakly informed normal distributions (Gelman, 

2006); all priors are listed in supplemental Table A.4.1. 

4.2.5 Photosynthesis Modeling 

FvCB has previously been implemented in a hierarchical Bayesian design (Patrick et al., 

2009; Xiaohui & Michael, 2013; Pleban et al., 2018) and is widely used at leaf scale in crop 

models, ecosystem scale and terrestrial biosphere models (De Pury & Farquhar, 1997; Sellers et 

al., 1997; Boote et al., 1998; Mackay D.S. , 2015). Three approaches to modeling were used to 

test the utility of fluorescence light response for characterizing ETR and light limited An with 

ETR equations for each detailed in Table 4.2. All three approaches estimate An using Eqn 4.2.1 

and all estimate Ac using Eqn 4.2.2 & 4.2.3. Each approach varied in the derivation of 

photosynthetic ETR following the general framework establish in the FvCB model (Farquhar, G 

et al., 1980; Farquhar & von Caemmerer, 1982; von Caemmerer, 2000). The first approach 

followed the traditional FvCB model, estimating ETR using information from only gas-exchange 

(Farquhar, Get al., 1980) (Eqn 4.2.5). The FvCB derivation used is conceptually similar to the 

Ci Cc _Jm _ Temp model of Chapter 2 with FvCB AJ CJm) requiring the estimation of three 

parameters Jmax, <PJ. the quantum yield on a CO2to photon basis, and 0J the convexity factor for 

the response ofETR to Q. Two other parameters were fixed a priori, with the ratio of electrons 

to fixed CO2 set at 4: 1 and a1eafset at 0.85. The second approach follows the Yin estimate of 

ETR described in Chapter 3, where Yin AJ (Jy) uses the combined gas-exchange and chlorophyll 

fluorescence approach (Yin, X et al., 2004; Yin et al., 2009). Specifically, the Yin model used 

fluorescence data to parameterize PSII efficiency at limiting light ( </JPs11_u) as well as a lumped 

parameter (s) which accounts for absorbance differences, differences in p2, and the utilization of 

alternate electron paths fore- along the Z-scheme of electron transport (Eqn 4.2.6). Low light (0 
2 1< Q < 250 umol photon m- s- ) LR data (An , Q, <pps11) was subset to estimate Rd, sand </JPs11_u in 

the Yin model. Rdis estimated following the Yin derivation as they-intercept oflinear regression 

of An against Q<f>psu. The slope of this regression is used as an estimate of the lumped s 
4 

parameter. The quantum yield parameter for the Yin model, </JPs11_u, was estimated as they-

intercept of a linear regression ofAn against <pps11under low Q. For the /JPs11 photosynthesis model 

derivation ETR for AJ (Ji) the full LR fluorescence dataset (</JPs11vs Q) was passed in the /JPs11 

decay model for estimation of aps11, /JPs11 or Kps11 needed to describe ETR (J,). From aps11, /JPs11 or 
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Kps11a predicted <pps11 can be provided at each Q, and Ji is solved using Eqn 4.2.7. /JPs11 

implementation used the same Rd and s estimation as Yin. 

All models used a temperature response following the Arrhenius function that was used 

previously for Kc, K0 , Vcmax, Jmax, gm, Rd nd r * (Eqn 2.3.7). Other temperature response functions 

were considered but given the limited variability in T1eaf (mean=20.0 ± 0.2) a simple one 

parameter equation was selected for analysis. 

Table 4.2. 
List of equations used in three photosynthesis models (FvCB, Yin, fJ PSII decay). 

Eqn No Equation Description 

ifC < Ccrit CO2 assimilation rate as minimum 
4.2.1 An= { Ac 

Ai if C; < Ccrit of 2 limiting factors 

General quadratic form for - b+ ✓b2 -4ac4.2.2 A; = 2a solving Ac , Aj, I m, ly 
- 1a 
9m Quadratic roots using intercellular CO2 ( C;) 

4.2.3 b Vcmax - Rd + C- + K (1+0) and a mesophyll conductance (gm) term9m i C K 0 

for describing Ac 
C Rd(C; + K c(1"t:O) 

- 1a 
9m 

Quadratic roots for Aj using
4.2.4 b "'t 

J· 

- Rd + c + 2r· 
9m ' Im, ly or J1 

C Rd(C; + 2I'*) - 1j-(C; - I'*) 

Qabs Qcxleaf 
Quadratic roots for whole chain ETR (Jm)

a 0J 
4.2.5 as described in von Caemmerer (2000) 

b - (Qabs c/>co 2 ) - Jmax 
assumes CXleaf = 0.85 

C Qabs c/>co 2 Jmax 

a 0J Quadratic roots for combined gas-exchange and 

4.2.6 b - (Qs cf>II,,) - Jmax chlorophyll fluoresce ETR (Jy) as described in Yin (2009) 

S = O'.leaf f /altC Qs cf>II,,Jmax 

fJPSII model for full ¢PSII vs Q derivation of ETR (Ji)
4.2.7 J1 c/>predSQ 

using Eqn 1 to predict ¢ II from decay with Q 

The critical C ( Ccrit), or Ci at which An transitions from Ac to AJ, was fixed at 285 ppm in 

all models based on an analysis ofFv 'Fm ' under increasing Ci. Fv 'Fm ' will increase when Ci< 

Ccrit and then remain constant when Ci> Ccru (Sharkey et al., 2007; Gu et al., 201 0; Moualeu-

N gangue et al., 2017). This approach for estimating Ccrit was feasible as fluorescence data taken 

with A/Ci curves. Hierarchical Bayesian methods were employed using a single change point 

model (Dose & Menzel, 2004) to estimate individual and population level Ccrit• Results of 

change point model found a mean posterior estimate Ccrit of all individuals of282.8 (±3.9) ppm 
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while the population level estimate had a mean of 287.3 of with a 95% high density internal 

between 265.1-318.7 ppm (Appendix A.4.7). 

In summary, all models follow the same derivations ofRubisco limited An (Ac), and use Ccrit 

following Eqn's 4.2.1, 4.2.2 and 4.2.3. All Ci, An, Q and Tieafdata from A/Ci and LR curves were 

fed into all three models, as has been done previously (Patrick et al., 2009; Archontoulis et al., 

2012). As with the simple /JPsII decay model, the posterior parameter distributions of all 

photosynthesis models were generated using rjags (Plummer, 2014). Hierarchical Bayesian 

methods followed the methods described in Chapter 3 with highly conserved traits of C-3 plants 

estimated at the population level only (all Ex' s, Kc, K0 and r *) with other parameters estimated 

for each genotype X treatment. Parameter priors for FvCB have been selected based on the 

updated B. rapa priors used in Chapter 3. The parameters Yin and fJps11 share with FvCB are also 

based on this implementation. Yin specific parameter priors were specified with wide normal 

distributions around means reported in Yin et al. 2009. /JPs11 specific parameter priors can be 

found in Table A.4.5. 

4.2.6 Whole Plant Modeling Implementation 

The fJps11 model for characterizing ETR was integrated in the full photosynthesis routine of a 

whole plant model. This allowed for comparing how the fJps11 model and the FvCB modeled 

R500 from a drought experiment previously conducted (Guadagno et al., 2017). The Terrestrial 

Regional Ecosystem Exchange Simulator (TREES) was parameterized to model a single R500 B. 

rapa individual. TREES is an object-oriented whole plant process model which tightly couples 

plant hydraulics with carbon uptake and utilization (Mackay et al., 2012; Mackay D.S., 2015; 

Millar et al., 2017; Johnson et al., 2018). TREES has been applied extensively to model 

individual tree, tree strand and ecosystem level responses to climatic drivers (Samanta et al., 

2008; Loranty et al., 2010; J. et al., 2017; Tai et al., 2017; Johnson et al., 2018). The process

based mechanistic underpinnings of the TREES model provided flexibility to test the coupling of 

the /JPs11 decay photosynthesis model to plant hydraulic status. Data from Guadagno et al. 2017 

was used to test how plant hydraulic status can be used to understand reductions in 

photosynthetic ETR. I used a simple linear relationship between midday leaf water potential 

( 'PMD) and </JPS11at 300 Q (umol photon m-2 s-1
) (Fig. 4.2 (a)). From this <pps11 , Eqn. 4.1 was 

solved for /JPs11 using the simplifying assumption of fixing aps11 at 0.76 and Kps11 at 0.04 (Fig. 4.2 

(b)). 
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Fig. 4.2 Light-acclimated Photosystem II efficiency (</Jpsu) of B.rapa genotype R500 across midday leaf 
water potential (If/leaf) from well-watered, increasing drought and re-watered plants (Guadagno et. al. 
(2017) (a). The linear regression from the relationship between <ppsu vs. If/lea/ was used to parameterize 
TREES with a /3PsIJ photosynthesis routine inverting Eqn 4.1 to estimate a /3Psu decline used water stress 
conditions while keeping apsu and Kpsu fixed (b). 

Three modeling frameworks were tested to simulate the drought mortality experiment. The 

TREES model simulates the movement of water successively through soil-root-plant segments 

using an explicit, iterative solution of the Richards equation which solves for leaf water potential 

( 'PteaJ) using both the whole plant hydraulic status along with water demand following VPD and 

regulated gs (Sperry et al., 1998; Mackay D.S. , 2015). In TREES most recent form (Mackay 

D.S., 2015) a standard FvCB routine limits An only via gs control. The photosynthesis routine of 

TREES was modified, by myself, from its original FvCB form to test two approaches for 

capturing ETR changes in response to drought. First, the /JPSII decay ETR model (Eqn. 4.2.7) was 

implemented to replace the traditional FvCB model (Eqn. 4.2.5). The TREES /Jps11 model 

implementation was used with the relationship between </JPsIIat 300 umol photon m-2 s-1 and 'Pteaf 

(Fig 4.2 (a)) to identify a water stressed </JPs//based on TREES output of 'Pteaf. Eqn 4.1 was then 

inverted to solve for the /Jps11 assuming a fixed a psII and KpsII for simplification. This TREES 
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implementation (TREES /J) serves as a means of describing drought responses in photoprotective 

and photoinhibitory of the PSII reaction antenna complex impacting ETR. As a1eaf, p2 and la,, 
may also impact the ETR under drought stress the TREES photosynthesis routine was further 

modified to vary the s parameter (TREES fJ s). In this setup, the f3ps11 changes were imposed as 

described in TREES fJ while s was allowed to vary with /JPs11 changes following a logistic curve 

which was calibrated so that under well -watered conditions s was fixed at approximately 0.31 

and could vary between 0.31 and 0.1 as /JPS11 changed from -0.001 to -0.004. This logistic curve 

was fit as follows: 

s = Sinit I (I+ 0.0025*e(-JOOO*f3PSJJ)) Eqn. 4.4 

where Sinit is the unstressed s value (0.31 ), and the /JPs11 values is estimated by TREES following 

the relationship with lf'leaJ(Fig. 4.2 (a)). The values of 0.0025 and the steepness rate of -3000 

were calibrated to match the decline ins under drought stress (Appendix A.4.3). 

4.3 RESULTS 

4.3.1 Experimental Design 

All treatment groups were observed at nine time points. The well-watered plants were 

observed on experimental days 1, 5 and 9. The drought plants were observed at experimental 

days 5, 9 and 15 and re-watered plants were observed on experimental day 10, one day after re

watering, on experimental day 15 day six hours are re-watering and on experimental day 16 day 

30 hours are re-watering. (Appendix A.4.1 ). Volumetric Soil water content (VWC) was 

monitored throughout the experiment in well-water, drought and re-watered plants (Appendix 

A.4.2). 

4.3.2 Rapid Light Response Curves 

Figure 4.3 shows the rapid fluorescence light response curves for all genotypes and 

treatments using mean <pps11 at each Q and fitted line using median posterior parameter 

distributions from Eqn 4.1 for each genotype and treatment. All genotypes showed depression in 

</JPSII vs. Q under drought, particularly after fifteen days. All genotypes demonstrated recovery in 

</JPSII vs. Q from drought depression at both six and 30 hours after re-watering. Figure 4.4 (top

panels) summarizes the changes in <pps11 decay rate, /JPs11, against VWC, using 95% posterior 

HDI's of the f3ps11 estimates. All well-watered observations are combined in Figure 4.4 as well-
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watered plants did not show a highly credible change in /JPsn at 95% HDI (data not shown). VT 

shows a strongly credible difference in /JPsnafter nine days of drought while r46, r301, R500 

show a fJps11 posterior median decrease at 9 days and strongly credible difference after 15 days of 

drought. All genotypes demonstrated similar recovery patterns including an increased recovery 

between the six-hour and 30-hour interval after re-watering. Figure 4.4 (bottom panels) displays 

the change of the aps11 parameter along with 95% posterior HDI. Only r301 had a strongly 

credible decrease in apsn after 15 days of drought. The posterior medians of apsn decreased in 

R500 and VT at 15 days of drought while no credible decrease was seen for r46 at 15 days 

drought. The parameter showed a recovery response similar to /JPs11 with median estimates across 

genotypes increasing upon re-watering. r301 and R500 had strongly credible differences between 

fifteen days of drought and recovery after 30 hours. 
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Fig. 4.3 Photosystem II efficiency (<ppsu) at Q ranging between 0-1000 µmol m-s s-1 of four 
B.rapa genotypes, r301 (a), r46 (b), R500 (c) and VT (d), over a range of water regime 
from well water to increasing drought and re-watering. Points are mean values of replicates 
and fitted lines used median posterior estimate ofa three-parameter exponential model (Eqn 
4.1) fit to each genotype X treatment time. 
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Fig. 4.4 Photosystem II efficiency decay rate under increasing light intensity (/3Psu) (A,B,C,D) and 
maximum light-acclimated photosystem II efficiency (apsu) (E,F,G,H) for four B. rapa genotypes, 
R500, (A,E), r301 (E,F), r46 (C,G) and VT (D,H) over a range ofwater regimes described by volumetric 
soil water content (VWC). Points represent median posterior estimates of from exponential decay mode 
(Eqn 4.1) vertical bars are 95% high density intervals and horizontal bars are standard deviation of 
VWC, also shows are right are model priors. 

4.3.3 Comparison of Rapid Fluorescence with Gas-Exchange Fluorescence 

Rapid LR curves were taken on 119 leaves at nine time points with each genotype x 

treatment replicated between 1-7 times (mean replication rate of 3.3 ± 1.2). Full gas-exchange 

light response curves with fluorescence were taken on 34 leafs at four time points with each 

genotype x treatment replicated between 1-4 times (mean replication rate of 2.3 ± 0.9)). 

Comparable treatment time points of rapid fluorescence and full gas-exchange light response 

curves were well-watered at experimental day five, drought at experimental day five, re-water at 

experimental day nine and drought at experimental day fifteen (Appendix A.4.1 ). The 

comparable posterior parameter estimates shown in Fig. 4.5 were matched with posterior 
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parameter estimates from full gas-exchange light response curves using the same hierarchical 

Bayesian framework following Eq. 4.1. The median posterior estimates of the comparable fJps11's 

showed an R = 0.76 (p=0.001) (Fig. 4.5 (a)) while median posterior estimates of the comparable 

aps11's showed an R = 0.63 (p=0.008) (Fig. 4.5 (c)). The range of /JPs11's from the rapid 

fluorescence response curves was greater than those from the full gas-exchange curves. The 

maximum aps11 was slightly greater in the full gas-exchange curves while the rapid curves 

showed a greater range overall in aps11. There was minimal correlation in Kps11 estimates, 

potentially because the rapid fluorescence protocol had a maximum Q was 1000 umol photon m-
2 1 

2 s-1 while gas exchange observations extended to 2000 umol photon m- s- • Fig. 4.5 (b & d) 

shows a comparison of the posterior /JPs11 (b) and aps11 (d) estimates from the full /JPs11 

photosynthesis model, which used combined gas-exchange and fluorescence observations using 

the LiCor 6400, to that of the rapid fluorescence <pps11 vs Q curves from the MultispeQ using the 

simple decay relationship in Eq. 4.1. The correlations of the full /Jps11 photosynthesis model vs. 

the simple decay relationship in Eq. 4.1 for /JPs11was 0.66 and for aps110.69. 

https://aps110.69
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Fig.4.5 Comparison of estimates of decay 
rates of photosystem II efficiency under 
increasing light intensity (/3Psu) (a,b) and 
maximum light-acclimated photosystem II 
efficiency ( apsu) (c,d) using two instruments 
and a simple and complex model. Simple 
model estimates (Eqn 4.1) (a,b) compares 
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Table 4.3. Genotype by treatment estimates for 14 traits with either 95% credible interval or standard deviation 

Trait Treatment r301 r46 RSOO VT 

Amax Well Watered 27.70 (25.47, 30.26) 17.12 (14.99, 19.57) 25.42 (22.86, 28.13) 18.25 (15.94, 20.64) 
(µmo! m·2 s·') Early Drought 28.70 (26.02, 31.22) 14.54 (12.73, 16.43) 25.62 (23.33, 27.74) 14.71 (12.91, 16.45) 

(95% CI range) Late Drought 9.70 (7.63, 11.76) 8.75 (6.65, 10.71) 4.75 (2.17, 7.21) 3.30 (-0.74, 6.83) 

s Well Watered 0.33 (0.3, 0.37) 0.29 (0.25, 0.32) 0.32 (0.29, 0.34) 0.31 (0.27, 0.35) 

unitless Early Drought 0.36 (0.33, 0.38) 0.28 (0.25, 0.31) 0.32 (0.3, 0.34) 0.29 (0.25, 0.32) 

(95% CI range) Late Drought 0.16 (0.12, 0.2) 0.19 (0.15, 0.22) 0.26 (0.02, 0.53) 0.11 (0.05, 0.17) 
4 4 4

ESCt 300 Well Watered 0.0017 (3 .5 e·~ 0.0017 (3.4 e ) 0.0014 (3 .2 e ) 00.12 (4.2 e· ) 

Early Drought 0.0014 (1.0 e4
) 0.0017 (4.9 e4

) 0.0018 (4.8 e4
) 0.0019 (3 .2 e4) 

4 4 4
(Std. Dev) Late Drought 0.0030 (4.4 e ) 0.0024 (1.3 e ) 0.0027 (2.4 e ) 0.0027 (2.1 e4) 

ESCt 1000 Well Watered 0.0027 (1.5 e"") 0.0026 (2.7 e"") 0.0025 (2.9 e"") 0.0019 (7.8 e"") 

Early Drought 0.0025 (1.8 e·~ 0.0023 (3 .5 e4) 0.0023 (6.5 e·~ 0.0024 (2.2 e· 4) 

4
(Std. Dev) Late Drought 0.0037(4.3 e ) 0.0031 (2.7 e4) 0.0036 (5.7 e4) 0.. 37 (7.1 e·5) 

LEF 300 Well Watered 61.07 (2.90) 57.37 (0.26) 70.25 (4.43) 64.06 (3.39) 
(µmo! m·2 s·') Early Drought 68.72 (0.18 57.46 (7.59) 63.27 (4.34) 61.23 (3 .05 

(Std. Dev) Late Drought 34.48 (11.38) 43 .06 (7.59) 36.21 (5.70) 42.39 (1.53) 

LEF 1000 Well Watered 93 .00 (6.78) 79.14 (8.03) 106.17 (6.76) 92.48 (7.64) 
(µmo! m·2 s·') Early Drought 105.18 (0.30) 76.93 (2.65) 98.07 (17.36) 88.93 (9.63) 

(Std. Dev) Late Drought 49.22 (13 .29) 54.62 (10.92) 51.74 (8.27) 59.93 (3.61) 

QJNPQt_J00 Well Watered 0.31 (0.03) 0.33 (0.04) 0.21 (0.03) 0.24 (0.04) 

(%) Early Drought 0.24 (0.02) 0.32 (0.01) 0.27 (0.06) 0.28 (0.03) 

(Std. Dev) Late Drought 0.55 (0.05) 0.49 (0.07) 0.52 (0.08) 0.49 (0.03) 

QJNPQt_/000 Well Watered 0.64 (0.02) 0.66 (0.02) 0.57 (0.03) 0.59 (0.04) 

(%) Early Drought 0.6 (0.01) 0.67 (0.01) 0.60 (0.06) 0.62 (0.03) 

(Std. Dev) Late Drought 0.73 (0.01) 0.73 (0.02) 0.69 (0.05) 0.69 (0.01) 

Well Watered 0.21 (0.019) 0.22 (0.009) 0.24 (0.011) 0.25 (0.028) 

(%) Early Drought 0.22 (0.018) 0.23 (0.01) 0.23 (0.032) 0.24 (0.011) 

(Std. Dev) Late Drought 0.18 (0.045) 0.17 (0.015) 0.20 (0.036) 0.18 (0.019) 

QJNO_300 

Well Watered 0.15 (0.022) 0.15 (0.006) 0.18 (0.018) 0.20 (0.029) 

Early Drought 0.15 (0.005) 0.15 (0.011) 0.17 (0.021) 0.17 (0.008) 

(Std. Dev) Late Drought 0.15 (0.026) 0.14 (0.007) 0.19 (0.035) 0.16 (0.005) 

SPAD 530 Well Watered 58.66 (3 .93) 52.42 (6.57) 58.53 (5.8) 41.54 (8.2) 

Early Drought 53 .06 (7.57) 45.61 (7.39) 56.86 (17.02) 43.19 (9.4) 

(Std. Dev) Late Drought 98.91 (10.11) 72.59 (11.91) 102.86 (8.66) 84.86 (27.68) 

Gs Well Watered 0.48 (0.07) 0.21 (0.06) 0.44 (0.12) 0.23 (0.11) 
(mmol m·2 s·') Early Drought 0.30 (0.15) 0.17 (0.07) 0.15 (0.15) 0.09 (0.11) 

(Std. Dev) Late Drought 0.19 (0.14) 0.17 (0.12) 0.04 (0.06) 0.06 (0.06) 

Lea/Temp Well Watered -1.2 (1.57) -0.68 (1.02) -0.58 (1.19) -1.03 (0.94) 

Differential ( 0 C) Early Drought -0.17 (0.81) 0.51 (1.32) 0.45 (1.48) 1.76 (0.7) 

(Std. Dev) Late Drought -0.1 (1.41) 0.53 (0.57) 0.33 (0.24) -0.24 (0.35) 

Relative Well Watered 45.75 (3 .58) 42.46 (5.91) 45.72 (3.03) 29.57 (10.98) 

Chlorophyll Early Drought 47.13 (3.18) 38.12 (2.41) 41.29 (14.02) 39.00 (4.99) 

(Std. Dev) Late Drought 73 .52 (2.04) 56.82 (5.37) 77.85 (3.67) 67.44 (10.18) 

QJNO_/000 

4.3.4 Leaf Traits involved in Photoprotection and Photoinhibition 

Fourteen photosynthetic traits are shown in Table 4.3 at three time-points for the four B. 

rapa genotypes investigated. The 9-day drought showed limited impact on traits. Genotype VT at 
2300 and 1000 umol photon m· s· 1 did show an increased ECSt, a proxy for the hydrogen gradient 
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across the thylakoid membrane, under early drought relative to well-watered conditions. gs 

showed reduction under 9-day drought control with the greatest changes in the VT and R500 

genotpyes. Late drought resulted in more pronounced changes across genotypes. Of note is the 

two to three-fold decrease in Amax under 15-day drought relative to both well-watered and early 

drought. LEF was decreased across genotypes, with R500 showing the greatest reduction at both 

300 and 1000 umol photon m-2 s-1 Q. NPQt and ECSt at both 300 and 1000 umol photon m-2 s-1 Q 

increased across the population under late drought. SP AD at 530 nm and Relative Chlorophyll 

increased under late drought in all four genotypes. The changes in ECSt, LEF and SPAD's are 

reflected by decreased sin late drought, which accounts for potential changes infa11, a,ea1 and P2 

(Appendix A.4.3). gs showed further reduction in three of the four genotypes under late drought, 

with r46 as the exception. 

4.3.5 Photosynthesis Modeling Results 

The /JPs11 decay function for describing <pps11vs Q was integrated into the ETR derivation 

for estimating light limited photosynthesis, AJ, and the updated ETR description was compared 

to both the FvCB and Yin photosynthesis models. As a means of comparing the alternate 

modeling approaches to estimating ETR, a comparison of the posterior median estimates from 

the FvCB model, Yin model and f3ps11 model were made (Fig. 4.6, 4.7). The median values of the 

posterior parameter distributions were evaluated across models using the coefficient of 

determination (R2). For Vcmax the R2between the FvCB model and the f3ps11 decay model was 

0.96, between the Yin model and the /JPs11 decay model was 0.93 and between the FvCB model 

and the Yin model was 0.92. For gm, a parameter often having an interactive effect with traits 

estimating ETR, the R2between the FvCB model and the f3ps11 decay model of 0.76, between the 

Yin model and the f3ps11 decay model of 0.79, and between the FvCB model and the Yin model of 

0.94. Rd showed agreement amongst models with the R2between the FvCB model and the f3ps11 

decay model of 0.63, between the Yin model and the /JPs11 decay model of 0.89, and between the 

FvCB model and the Yin model of 0.61. Other posterior traits were not common to all three 

models, and so in these cases parameters were compared with similar biophysical meaning, such 

as quantum yield terms (<PJ, </Jw and aps11) or when they were common to two of the three models 

(Fig. 4.7). Agreement between the quantum yield was strong between </Jw and aps11 with an R2 = 

0.99 (Fig.4.7 (b)), and the relationship between </JJ sand </Jw and aps11was 0.44 and 0.49 
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respectively. The agreement between the s estimates between the Yin model and the /JPSII decay 

model show slightly larger s estimates for the Yin model consistently with an R2 = 0.49 (Fig. 4.6 

( d)). Finally, a comparison between the simple Eqn 4.1 /JPsIIdecay rate with Vcmax and Jmax, 

showed an R2 of 0.41 with Vcmax for both the FvCB model and Yin model and 0.66 with Jmax for 

both models (Appendix A.4.4). 

All three models performed well across genotypes and treatments when comparing 

observations to estimates using the medians of the posterior parameter distributions. For the 

FvCB model testing both LR andACi curves R2values ranged between 0.48 for early drought VT 

to 0.96 for well-watered R500. This range was between 0.48 -0.96 for the Yin model and 

between 0.4 7-0.94 for the /JPSII model with the same genotypes and treatments at the extremes. 

The /Jps11 model was also used to test late drought LR curves without any A Ci data support, R2 of 

0.22, 0.42, and 0.71 were found for r301, r46 and VT respectively (R500 was excluded due to 

lack ofIRGA fluorescence data). 
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4.3.6 Whole Plant Modeling Results 

To test the coupling of whole plant hydraulic status to ETR responses under drought the 

TREES model was parameterized using R500 data from both Guadagno et al., 2017 and this 

study. TREES, as described in Mackay, 2015 where the FvCB photosynthesis routine An control 

is dominated by gs, was compared to a modified TREES model using estimated mid-day 'Pteafto 

reduce ETR via /JPsII(TREES /J). The 'Pteafto /Jps11 relationship was extended to reduce the 

lumped s parameter using a logistic function connected to /JPsII(TREES /J s), ass showed decline 

under drought stress. Fig. 4.2 summarizes the modeling approach implemented to couple the 

/Jps11 decay photosynthesis model to plant hydraulic status. A time series validation ofR500 

from well-watered conditions through drought leading to mortality was established. Observations 

ofVWC show a close match with observation across model (Appendix A.4.6). gs limitations also 

showed at good fit with data across models (Appendix A.4.6), while mid-day '¥tea/did not 

decline as severley as shown in observations (Appendix A.4.6). All TREES photosynthesis 

implementations showed modeled hydraulic decline preempting observations while simulated An 

persists beyond observations (Appendix A.4.6, Fig. 4.8). The persistence in simulated Anis most 

severe in TREES implemented with the FvCB photosynthesis routine and match data more 

closely using the TREES /J and TREES /J s implementation. The addition of the s constraint on 

fatt, a1ea1and/or p2 limits An toward zero first as drought severity increases (Fig. 4.8 (red-line)). 
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Comparison between the three implementations showed highest correlation in TREES /J (Fig. 

4.9). 

30 Simulated TREES 277 Well Watered o Well Watered Mid-day Obs 
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Fig. 4.8 Observations of An with standard deviations for well-watered (blue) and 
drought stressed (brown) R500 with simulated An of three photosynthesis routines 
using whole plant model TREES. TREES simulates both well-watered (grey) and 
drought stressed (orange) using FvCB, TREES f3 (purple) is implemented using /3PSIJ 

photosynthesis routine and TREES f3 s (red) is implemented using /3PSIJ photosynthesis 
routine and allows for changes in the s based on hydraulic stress. 
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Fig. 4.9 Correlation of observed net assimilation (An) vs simulated An for three photosynthesis routines 
within the TREES whole plant model. TREES (left) is implemented using a standard FvCB photosynthesis 
routine in which An limitation under water stress is driven by stomatal controls (gs ), TREES f3 (center) is 
implemented using f3psu photosynthesis routine in which An limitation under water stress includes gs as well 
as declines in f3psu following Fig. 4.2. TREES f3 s (right) is implemented using f3psu photosynthesis routine 
and allows for An limitation by s , f3PsTT and.£, under water stress. 

4.4 DISCUSSION 

4.4.1 Overview 

Photosynthesis models were used in Chapter 4 to test how the description of ETR and 

quantum yield (<Pl, </JPSII_II, /JPsII) may improve the representation of the cascading photosynthetic 

stress responses to water stress including photoprotection, photoinhibition and photodamage. 

Chapter 4 extended a photosynthesis model to include data and traits responsible for changes in 

observed photosynthetic decline under drought stress (Fig. 4.3, 4.8). Further, photosynthetic 

stress responses were incorporated into a whole plant model linking leaf level hydraulic status to 

ETR. 

4.4.2 /3Ps11 decay response 

/Jps11 provided a means to assess changes in PSII activity under varying degrees of water 

stress (Fig. 4.2,4.3). Identifying changes in /Jps11 under declining VWC is valuable due to the 

mechanistic connection to ETR processes ofphotoprotection, photoinhibition and photodamage 

(Ort & Baker, 2002; Souza et al., 2004). Processes including photoprotective NPQ (Table 3) and 

chloroplast avoidance along with photoinhibition and damage to PSII could each play a role in 

the declines observed in /Jps11. Accounting for these processes revealed significant declines in An 

https://RMSE=5.26
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under drought stress beyond those imposes by conductance limitations (Nogues & Baker, 2000; 

Grassi & Magnani, 2005). Upon re-watering Fig 4.3 clearly shows PSII recovery of these 

processes. The modest gains in both /JPs11and aps11 between the six and 30-hour range suggests 

potential exist for evaluating differences in recovery based on primary photoprotective 

mechanisms, those relieved after six hours, and recovery from photoinhibition and photodamage 

where more time consuming repair processes are required (Nishiyama et al., 2006). Testing how 

<pps11 vs. Q may change the ETR saturation point has previously been used to describe ETR 

responses to stress (Gioia et al., 2015), while in this study a more complete understanding of the 

full changes in <pps11 vs. Q was shown to be justified as /JPs11 showed strong treatment effects. 

Therefore, evaluation of /JPs11 and associated process are promising given the throughput of <pps11 

vs. Q observations and continued application is advocated. 

4.4.3 Photosynthesis modeling 

The implementation of direct observations of <pPSII vs. Q data into a leaf photosynthesis model 

provided a means of quantifying the cumulative impacts of photoprotection, photoinhibition and 

possible photodamage of PSII on ETR. These processes are critical to net photosynthesis yet 

largely undeveloped in FvCB based modeling efforts (Horton et al., 1994; Allen & 

Pfannschmidt, 2000; Laisk, et al., 2002). The f3ps11 approach extended both the development of 

FvCB based models using both A/Ci and LR curves in analysis (Holland, 2007; Patrick et al., 

2009) and efforts to integrate both gas-exchange and chlorophyll a fluorescence observations 

into models (Laisk & Loreto, 1996; Laisk et al., 2002; Yin et al., 2004; Yin et al., 2009). 

The /JPs11 photosynthesis model maintained the use of commonly employed parameters, Vcmax, 

Rd and gm, while shifting away from others, Jmax and 0J, for describing ETR processes. Estimates 

of the common parameters including Vcmax showed strong similarity across models (Fig. 5). The 

correlations between /JPs11with Vcmax and Jmax estimates is promising for increasing the population 

size of genotype level parameters in crop simulation models given the throughput of <pps11 vs. Q 

data (Boote et al., 2001; Bertin et al., 2010; Archontoulis et al., 2012). 

The lumped s parameter served a valuable role in accommodating a number of ETR 

mechanisms. As expected s showed strong shifts under late drought (Appendix A.4.3). Further 

model and data development will be needed to disentangle the three factors of s. Potential 

components impacting s factors,fa1t, a1eaf, p 2, can be seen in Table 4.3. In Table 4.3 changes in 

relative chlorophyll and SP AD at 540 nm implicate a1eaf as partially responsible for changes in s. 
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Disentangling the a1eaf could leverage work evaluating the light harvesting properties of 

photosynthetic pigment molecules (Ye et al., 2013) or use statistical methods to identify 

dominate shifts in absorption from spectrophotometric data (Baker et al., 2018). It appears likely 

thatla,, and p2 changed during dry down based on the decline in LEF relative to increases in ECS, 

(Table 4.3). This shift in the relationship between LEF and ECS, points to PSII activity decline in 

favor of PSI leading to increased cyclic electron flow around PSI (Kohzuma et al., 2009; 

Livingston et al., 201 Ob). 

Coupling <pps11 vs. Q to photosynthesis and whole plant models provides a framework for 

testing the role of ETR mechanisms in stress responses. Implementation of /JPsII into a whole 

plant model through coupling to leaf water status improved validation of a drought sequence in 

R500 (Fig 4.8 &4.9). Clearly further development of how declines in ~ ea/impacts ETR 

mechanisms beyond the limited connection demonstrated here are needed. Therefore, 

observational and modeling techniques that can estimate of these components will further 

enhance the ability to link mechanistic changes to genetics analysis (Ghanem et al., 2015; 

GroBkinsky et al., 2015; Martre et al., 2015). 

4.4.4 Limitations 

This approach needs to be tested under natural and/or higher intensity light conditions. 

Photodamage can be more severe in the UV range and 500-600 nm, and the ratio of 

photodamage to repair is higher as light intensity increases (Nogues & Baker, 2000; Murata et 

al., 2007; Zavafer et al., 2015). It is possible that under natural lighting conditions the drought 

impacts observed, specifically in /JPs11, aps11 and s, would have increased in severity with 

subsequent recovery processes altered as well (Fig. 4.4). A second limitation involves the 

estimating of gm. Accounting for gm remains challenging and alternative methods ofgm limitation 

should be considered when expanding this framework for estimating ETR limiting factors . All 

models estimated gm based on a combined fluorometry/gas exchange approach (Harley et al., 

1992) with two (Yin and fJps11) making allowances for the s parameters to consider alternative 

electron pathways. State of the art models describe a dynamic gm responding to variations in 

both CO2 partial pressure and light (Tazoe et al., 2009; P. et al., 2017). Integrating a 

dynamic gm model into these methods given appropriate data for a fully integrated 

photosynthesis model using linear electron flow and total electron flow from gas exchange and 

fluorometry observations coupled to online discrimination data may help resolve concerns 
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related to gm estimation (Pons et al., 2009; Tazoe et al., 2009; Lianhong & Ying, 2014; P. et al., 

2017). Finally, a data set of dry down with high density observations of ~ ea/and </JPS11 vs. Q 

would have improved implementation of the whole plant model. Such a dataset may have 

allowed separating /JPs11from aps11 components while further observation ofESCt and/or 

observations PSI efficiency could improve the ability to disentangles. 

4.4.5 Implications 

The mechanistic responses identified in this analysis may serve as better breeding targets 

than using "coarse" quantitative trait such a WUE (A 0 /g8 ) . The model enhanced phenotyping 

applied here begins to narrow the mechanisms responsible for An declines under drought stress. 

This will have value for identification of QTLs under genetic analysis as breeding selection 

based on broad WUE can lead to the selection of crop varieties with gs dominated responses 

leading to co-selection of plants traits with little agronomic value such as slow growth rates, 

early flowering and smaller leaf area (Condon et al., 2004; Blum, 2009). Photosynthesis models 

applied to phenotyping require incorporation of photoprotective strategies, which can reduce the 

impacts of ROS accumulation and cellular damage. Breeding targets aligned to narrow ETR 

mechanisms may be preferred over WUE targets through less co-selection of non-valued traits. 

This analysis provides a basis for further integrating photoprotective strategies into models and 

therefore providing preferred breeding targets. 
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Chapter 5 

Merging climate models with genotypic process models for evaluating whole 

species response to climate change. 

5.1 Introduction 

Innovations in breeding and management must be tapped to meet the agricultural challenges 

presented by global environmental change (Long et al., 2006; Borlaug, 2010). Society has a 

history of modifying agricultural practices to adapt to changing environments. For example, 

there is evidence of irrigation use in Yemen 6,000 years ago (Harrower et al., 2008) while 

inventive management permitted sustainable and productive agricultural systems in nutrient poor 

environments (Homburg & Sandor, 2011). Society has also utilizing a variety of breeding 

approaches to adapt to changing environments. Much of the exiting com diversity is a function 

of the ancient selective adaptation for yield in varied environments (Tian et al., 2009). Today 

aggressive molecular breeding techniques based on the modem synthesis of Mendelian genetics 

and Darwinian evolution seek to expand this genetic diversity for improving productivity 

(Varshney et al., 2014). 

Management and breeding improvement remains imperative as a dual-pronged challenge 

has emerged as environmental change is occurring more rapidly while the demand of population 

growth on food supply is rising (Rosenzweig & Parry, 1994; Stocker, 2013) (Fig 1.1). How 

breeding and management decisions are made can be informed through crafted prognostic 

modeling approaches accounting for the current genotypic diversity and applicable management 

practices of critical crops. Mechanistic models of plant productivity, which can be informed by 

genotype level traits, provide a means of prognostic evaluation of plant physiological 

performance under these novel conditions (Lobell & Burke, 2008; McDowell et al., 2013). 

The wide cultivation, high morphological and physiological diversity as well as growing 

economic importance make B. rapa an obvious choice for prognostic evaluation of genotypic 

performance under changing climate (Prakash S, 1980; Raymer, 2002; Edwards et al., 2012; 

Yarkhunova et al., 2016). The collected knowledge from Chapters 2-4 was used to predict 

cultivar specific B. rapa productivity under a climate change scenario. Genotypic differences 

identified in plant traits related to An, nitrogen availability and plant hydraulics were used to 

produce a theoretical envelope ofB. rapa responses to simulated climate conditions. Integration 
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of genotypic trait knowledge overcomes one of the major obstacles in understanding crop 

response to climate change as many predictions assume a uniform species level response to 

future change (Lobell & Burke, 2010). 

Management alternatives under climate change also represent a major uncertainty in 

predicting future crop yields (Kang et al., 2009). Management strategies must therefore be 

integrated into prognostic models. Two critical management practices are fertilization and 

irrigation each having impacts of both plant and ecosystem health (Anderson et al., 2002). How 

fertilization and irrigation are applied in the future is uncertain and therefore for prognostic 

purposes alternatives should be considered. 

The aim of Chapter 5 was to develop a modeling framework for making yield predictions of 

valuable crop species under a variety of environmental and management conditions. As the 

genetic diversity of commercial hybrids will change a group of cultivars ranging in critical plants 

traits were used. The objective of Chapter 5 was to evaluated productivity and hydraulic status of 

multiple genotypes varying in traits of assimilation and vulnerability to cavitation across 17 

years of climate prediction data while considering irrigation and fertilization management 

scenanos. 

5.2 Simulation Methods 

5.2.1 Overview 

Insights from the modeling and experimental work of Chapters 2, 3 and 4 were used to inform 

the Terrestrial Regional Ecosystem Exchange Simulator (TREES) through the use of genotype 

specific traits (Mackay et al., 2012; Mackay et al., 2015). Literature was used to support 

modification of TREES for application to conditions of elevated CO2 based on emerging 

knowledge from Free Atmosphere CO2 enrichments (FACE) experiments (Ainsworth et al., 

2008; Leakey et al., 2009). 

5.2.2 Genotypic traits 

Three B. rapa genotypes, r46, r301 and oil were chosen as genotypes for this evaluation of 

oilseed production. TREES is currently designed with allocation of sugars derived from 

photosynthesis to support root and shoot growth. Vastly different allocation strategies are likely 

across the crop types such as cabbage and turnips. To avoid complication with these different 

allocation strategies oil types were chosen exclusively. 
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Prior chapters provided a wealth of detail making possible a genotypic assessment of 

productivity under novel climate conditions. Genotypic trait differences identified for An, ETR, 

and plant hydraulics were used to produce an envelope ofB. rapa responses using the three 

genotypes identified. Specifically, parameterization ofAn and ETR was genotypic for Vcmax, Jmax, 

</)1, gm following the median estimates in Fig 5.1, which are results of the CiCc_Jm_Temp model 

of Chapter 2. This parameterization results in r301 and oil having relatively high An capacity and 

low water use efficiency (WUE) while r46 can be describe as lower in An capacity but greater 

WUE given low gm. 
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Plant hydraulic parameters were developed using data generated during the experiment of 

Chapter 2, where a drought treatment group was included but not reported. The drought 

experiment included observations of leaf gas exchange at mid-day and observations of lflteafat 

both pre-dawn and mid-day over multiple days of a 10 day drought. Using the difference 

between pre-dawn and mid-day lflteafand mid-day observations of leaf transpiration estimates of 

genotypic whole plant conductance were made. The maximum plant conductance was calculated 

to estimates percent loss of conductance (PLC) by genotype. TREES uses a Weibull function to 

describe PLC as lflteaf becomes increasingly negative following: 

Eqn (5.1) 

where e is Euler's number (2.71828), bis the lf/teafvalue at 63% loss of conductivity and c is the 

Weibull function slope. Data from the drought experiment conducted in conjunction with the 

work in Chapter 2 (Aston et al. in prep) demonstrated r46 to be the most resistant to cavitation 
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and oil being the most vulnerable (Fig 5 .1 ). Genotypic sets of Weibull parameters were 

generated using a simple Bayesian model following Eqn (5.1). Genotypic posterior distributions 

for band c did not show credible differences at the 75% HDI for r46, r301 and oil. However, as 

a means of comparing the species range of vulnerability the medians of b and c were used to 

model vulnerability to cavitation of r46, r301 and oil 

Fig. 5.2 Genotype specific 
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5.2.3 Plant CO2 and temperature responses 

The TREES model was updated, again I did this updating, to reflect what is theorized about plant 

responses to rising CO2using the FACE experiments conducted on C-3 crop types. Important 

leafphysiological factors have demonstrated down regulation under elevated CO2across C-3 

crops (Ainsworth et al., 2008; Leakey et al., 2009) and within Brassica populations (Mathur et 

al., 2013). Despite down-regulation ofgs, Vcmax and Jmax under elevated CO2, C-3 crops have 

shown increases in A sat (Leakey et al., 2009). TREES was modified to reflect the down

regulation in An traits gs, Vcmax and Jmax using a linear regression of existing FACE trait estimates 

against CO2concentrations and applied to B. rapa genotypes uniformly. The linear relationship 

was taken from C-3 crop datasets reviewed in Ainsworth & Rogers (2007}. gs declined with CO2 
2 1availability at a rate of -0.015 mmol m- s- per ppm increase in CO2. The relationship resulted in 

a Vcmax decline of 30% by 2100 when CO2 availability reached over 900 ppm. The decline Vcmax 

had coordinated Jmax declines based on median genotype ratio of Vcmax to Jmax (Fig 5.1 ). Finally, a 

three-parameter peaked-Arrhenius temperature response function was used to reduce Vcmax at 
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temperatures above 29 °C, as the simple Arrhenius one parameter function used in Chapters 2-4 

would result in continuous increase in V cmax with respect to temperature (Medlyn, B et al., 2002; 

Patrick et al., 2009). 

5.2.5 Simulated climate data 

Climate projections were used for every five-year interval between 2020 and 2100, resulting in 

17 years of simulated climate data under Representative Concentration Pathway (RCP) 8.5. The 

simulated climate data was from the NOAA Geophysical Fluid Dynamics Laboratory Earth 

System Model (ESM2M) available at https://esgf-node.llnl.gov/projects/esgf-llnl/ (Dunne et al., 

2012). Simulated climate conditions were gathered for SW S. Dakota, an area with existing 

canola oil production (Raymer, 2002). A summary of the RCP 8.5 climate scenario is presented 

in Fig. 5.3. Under RCP 8.5 atmospheric CO2 increases to over 900 ppm by 2100, over 2.5 times 

current concentrations. Average growing season temperature increases over the simulation 

period by about 0.043 °C per year. The increase in maximum temperature is 0.082 °C per year, 

which could impose temperature stress during growing season. The growing season was selected 

based on research evaluating Brassica napus, a related oil seed crop, where mid to late April 

seeding is advocated to allow harvest prior to high temperatures in July (Kirkland & Johnson, 

2000). 

https://esgf-node.llnl.gov/projects/esgf-llnl
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Fig.5.3 Summary of NOAA ESM2M climate projections under RCP 8.5 evez 5 years 
between 2020-2100 for a 100 day growing season from April 20th-June 29 for SW 
S.Dakota. Mean and maximum seasonal temperature (0 C) & vapor pressure deficit 
(VPD)(kPa) (top); atmospheric CO2 (µmol/mol), precipitation (mm), historical mean 
precipitation and irrigation subsidy provided in management scenarios (bottom). 

5.2.5 Management integration 

Two management strategies were evaluated for impacts on genotypic productivity. First, N 

fertilization was evaluated using biogeochemical parameters promoting high or low plant N 

assimilation and changes to An parameters. TREES has recently been modified to include 

microbe-plant N dynamics (Mackay et al., 2016). These modifications rely on a soil nitrogen 

cycle model controlled by temperature, soil moisture and a Dual Arrhenius Michaelis-Menten 

enzyme kinetics model for controlling soil decomposition rates (Porporato et al., 2003; Davidson 

et al., 2012). The model allows for establishment of both fertilized and unfertilized N through 

modification of biogeochemical parameters governing below-ground C:N dynamics. 



100 

Second, an irrigation regime was established for each year based on monitoring of soil 

moisture content estimates. Irrigation for each of the seventeen simulated years allowed for 

precipitation plus irrigation to total 250 mm during the growing season (Fig. 5.3 (bottom)). For 

implementation when soil moisture content dropped to approximately 0.3 a 12mm irrigation 

pulse was provided during the following evening, this was done until the 250mm total was 

reached. The soil moisture based irrigation scheme represents current best practice for 

maintaining both plant health while conserving water resources (Mufioz-Carpena & Dukes, 

2005). Fig 5.4 illustrates one simulation year, 2085, of controlled irrigation for r46. 

r46 no irrigation Fig. 5.4 Impact of five-
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content (0s0 u) of r46 under 

CD Cl) predicted climate conditions 
0 for Julian day 101-201 

0 
(f) 

during 2085 . 

"! 
0 

100 120 140 160 180 200 
Julian Day (2085) 

5.2.6 Evaluation metrics 

Net primary productivity (NPP) and hydraulic safety were used as evaluation metrics for 

the prognostic simulations. NPP is the rate plants produce net useful chemical energy. NPP is 

equal to the difference between the rate at which plants produce useful chemical energy (GPP) 

and the rate of respiration, where some GPP is used for growth and maintenance. Hydraulic 

safety is defined as the differences in a plants maximum transpiration potential (Ecrit) and the 

actual transpiration (Ee)- The hydraulic safety margin decreases as drought progresses and 

hydraulic failure can occur along the plants water transport pathway when the safety margin 

decreases to zero. These metrics were chosen with NPP serving as a proxy for crop yield and 

hydraulic safety serving as an estimate of crop water-stress status. Both NPP and hydraulic 

safety are computed in TREES in part of a series of equation including Fick' s Law for estimating 

stomata! conductance, Darcy' s Law for estimating plant hydraulic conductance, the Penman-
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Montieth Equation for estimating net evapotranspiration, the FvCB photosynthesis model and the 

detailed Sperry et al. (1998) hydraulic model accounting for hydraulic limitation in water 

transport across the soil-plant-atmosphere continuum (Mackay D.S., 2015). 

5.3 Simulation Results 

Simulations were run under non-irrigated fertilized conditions, non-irrigated unfertilized 

conditions and irrigated fertilized conditions for all three genotypes at five year intervals 

between 2020 and 2100 resulting in 153 simulated scenarios. All genotypes and scenarios had 

positive slopes in NPP over the 17 years evaluated with maximum slope for r301 under non

irrigated fertilized conditions and minimum slope for r46 under non-irrigated fertilized 

conditions (Fig. 5.5). Irrigation increased yield potential over time in oil and r301 but not r46. N

fertilization had limited impact on yield potential over time though modest gains were seen in 

oil. High WUE r46 shows maximum productivity in 2065 ( driest year) in unfertilized conditions 

only (Fig. 5.5 (middle)). Overall, NPP results revealed genotypic responses to management and 

yearly climate variability with r301 showing greatest productivity potential. 

Average seasonal hydraulic safety showed little trend across the 2020 to 2100 period in 

all three scenarios (Fig. 5.6), though a slight increase in safety margin was seen in both un

irrigated scenarios from year 2080 and beyond (Fig. 5.6 (top & middle)). Irrigation strongly 

relieved hydraulic stress in all genotypes (Fig. 5.6 (bottom)) while hydraulic safety was highly 

dependent on seasonal water availability (Fig. 5.3) in un-irrigated simulations (Fig. 5.6 (top & 

middle)). The driest year, 2065, resulted in smallest safety margins for all genotypes with 

hydraulic stress more pronounced in unfertilized conditions. r301 shows lowest hydraulic safety 

under water stress in non-fertilized conditions only in a dry year (2065) and a hot year with 

average precipitation (2075) (Fig 5.3). In all 46 of the 51 simulated years (3 genotypes X 17 

years) hydraulic safety increased under fertilization when irrigation was not considered. These 

gains in hydraulic safety under fertilization were greatest for r 301. 
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Fig.5.5 Simulated cumulative net primary productivity (NPP) over 17 years between 2020-
2100 for 3 B.rapa genotypes (r46, r301, oil) under simulated climate conditions with N
fertilization(top), no fertilization(middle) and fertilization & irrigation (bottom). 
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Fig.5.6 Simulated seasonal average hydraulic safety (EcrrEc) over 17 years between 2020-
2100 for 3 B.rapa genotypes (r46, r301, oil) under simulated climate conditions with N
fertilization(top), no fertilization(middle) and fertilization & irrigation (bottom). 

5.4 Discussion 

5.4.1 Conditions addressed in simulations 

The simulations demonstrated the importance of genotypic and management 

consideration for long term yield predictions (Fig. 5.5 & 5.6). Under the scenarios evaluated the 

high productive gains by r301 are not offset by environmental stressors imposed. The CO2 

fertilization effect based on these simulations outweighed the negative impacts of higher 

temperature and lower precipitation rates relative to historic average. This supports a primary 

focus on productivity in breeding programs with a secondary focus on stress response. The 

increasing and maintaining photosynthetic capacity under CO2 enrichment as a major research 

focus is therefore supported by this simulation experiment (Long, et al., 2006). 

Hydraulic limitations were largely alleviated through the irrigation management scenario 
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imposed (Fig 5.6). This is a promising result provided that water is available for supplementing 

crop productivity. Long term projections of aquifer reductions in the US Midwest make it 

unclear that this level of irrigation could be provided (Rosenberg et al., 1999). Regional impacts 

of climate change on precipitation patterns are highly uncertain as well (Lobell & Burke, 2008). 

This uncertainly suggests that WUE should also be considered as a major target for breeders, this 

is exemplified by the high WUE r46 showing maximum productivity in driest year (Fig. 5.5 

(middle)). Considerable work remains in this endeavor as breeding based on improvements in 

leaf-level WUE, such as those describe in the photosynthesis models presented in this 

dissertation, have not always lead to higher whole plant WUE or increased yields (Condon et al., 

2004). 

5.4.2 Conditions not addressed in simulations 

Literature provides some indication that elevated temperatures can have negative impacts 

on B. rapa and related species productivity. Three Brassica species, including a Polish rapa 

oilseed, were adversely affected by daytime heat stress of 35°C based on dry matter 

accumulation and seed yield, with rapa being the most sensitive (Angadi et al., 2000). There is a 

clear need for additional data on B. rapa specific responses to elevated temperature beyond what 

was used. The results of the simulations rely on a weak understanding ofB. rapa responses to 

temperature as observational data used in parameterization had limited temperature variation. 

Parameterization of photosynthetic trait response to temperature could be improved through 

experimentation with growth at alternative temperatures and follow established methods for 

characterizing temperature response traits (Medlyn, B et al., 2002; Zhu et al., 2011 ). 

Hierarchical modeling using existing datasets may be informative in clarifying B. rapa 

responses to elevated CO2. No data was found in the literature for B. rapa grown under elevated 

CO2conditions. Experiments using related species have been conducted including Brassica 

napus (Qaderi et al., 2006) and Brassica juncea (Uprety & Mahalaxmi, 2000; Mathur et al., 

2013), though gas-exchange observations were limited in those experiments. A hierarchical 

framework could be considered where datasets are combined and simulated responses of traits 

including as gs and Vcmax to elevated CO2 are derived from the most closely related species to B. 

rapa. Ongoing studies conducted using C-3 crops including cotton, wheat, rice and soybean 

could serve a as basis for this development (Ainsworth & Long, 2005). There are limits to this 
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approach however as taxonomical relatedness does not necessarily correspond to similar 

adaptive strategies (Ackerly et al., 2000). 

Predicting future agricultural productivity must address the uncertainties in the climate 

predictions themselves, which can vary widely depending on future emissions scenarios. 

Therefore climate scenarios using contrasting RCPs have been developed based on the Coupled 

Model Intercomparison Project (Moss et al., 2008). Here only the "business-as-usual" 

greenhouse gas emissions scenario, RCP 8.5, was used to predict genotypic responses. RCP 8.5 

predicts a consistent rise in atmospheric greenhouse gas concentrations. Use of multiple RCPs in 

simulation models should be considered to allow for explicitly addressing the wide uncertainty in 

projected climate based on RCP. 

Finally, the use ofNPP as an evaluation metric should be reconsidered. NPP, a gross 

measure of productivity, does not consider genotypic carbon allocation to roots and shoots which 

may alter crop yield relative to NPP. Additionally, a reproductive carbon allocation for oilseed 

production would be preferred for determining yield based on the harvestable product. An 

improvement to the NPP approach could consider three carbon allocation pools for growth of 

roots, shoots and reproductive tissues based on genotypic ratios if possible (Tian et al., 2016). 

NPP as utilized here therefore serves as an appropriate metric of vigor but may not serve an 

effective role in predicting yields. 
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Chapter 6 

Contributions and Summary 

6.1 Summary 

This dissertation focused on the development of models of photosynthesis for revealing 

mechanistic traits at a genotype scale using a valued crop and model species Brassica rapa. 

Photosynthetic responses to environmental changes demonstrated a strong genotypic component 

providding insights into the underlying mechanisms. The transfer of this knowledge to models 

allowed for measurable improvement in predictions at scales from leaf to field. A generalizable 

multi-model Bayesian framework allowed for assessment of the mechanistic changes among 

genotypes by making probabilistic statements. 

In Chapter 2 the comparison of alternative functions for explaining photosynthesis used a 

complexity analysis for revealing genotypic differentiation in photosynthetic traits. Chapter 3 

evaluated the impacts of nitrogen fertilization on photosynthetic electron transport traits while 

testing a model using a robust dataset of gas-exchange and chlorophyll fluorescence 

observations. In Chapter 4, a drought and recovery experiment used observations of chlorophyll 

fluorescence against Q to establish a link between plant hydraulics and photochemistry. Finally, 

in Chapter 5 a modeling experiment was conducted for evaluating genotype specific responses to 

climate change. 

Taken together these approaches represent the state of the art in the development of 

models accounting for genotypic differentiation in photosynthetic traits. The models developed 

can clearly separate out genetically conserved traits from those requiring genotypic 

parameterization in models of productivity among or within species. Further, the results of this 

dissertation can be used to advance plant productivity models across scales as the advances make 

use of readily available data for integration into broader scale models. Lastly, the mechanistic 

connections developed provide credible predictions under novel environmental conditions. 

6.2 Contributions 

In Chapter 2 a phenotyping strategy rigorously evaluated photosynthetic trait differences in 

an unstressed population ofB. rapa. A framework for multimodel phenotyping was established using 

A/C; curves of six B. rapa genotypes (Fig. 2.1 ). The methodology extended traditional analysis of 

AIC; curves in three critical ways. First, genotypic differences were revealed that were 
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unattainable using traditional single model analysis. Second, the approach produced an expected 

trait hierarchy without relying on the use of constants (Table 2.6). This hierarchical approach is a 

powerful tool, increasingly so when tested against larger populations of more diverse species. 

Finally, the approach provided greater confidence in estimates of trait variance as some traits 

were identified repeatedly across models while others were only identified in a limited number of 

models. 

Chapter 3 extended the analysis of photosynthetic traits through model improvement and 

data synthesis. A relatively new photosynthesis model based upon the traditional FvCB 

framework (Yin, et al 2009) was implemented for the first time in a hierarchical Bayesian 

framework allowing for probabilistic tests that integrate chlorophyll a fluorescence data into the 

analysis of photosynthetic electron transport traits. The N-treatment by genotype design along 

with observations of gas-exchange under low 0 2 conditions served as comprehensive test of the 

Yin photosynthesis model. The Yin model was extended through identification of the transition 

point between carbon limited and light limited An using fluorescence observations. Unique 

genotypic responses in the effect ofN fertilization on the ratio ofJmax to V cmax suggests possible 

genetic differences playing a role in N partitioning patterns. 

Two major contributions developed out of the work in Chapter 4. First, the ETR 

modeling was extended beyond the utilization of the Yin model in Chapter 3 to include 

chlorophyll a fluorescence observations across a large range in Q. This was accomplished 

through modeling </JPs11 vs. Q as an exponential decay process and integrating this decay 

response, /JPs11, into the ETR calculation ofAJ. The clear response of /JPs11to water-stress (Fig 

4.4) made its addition to photosynthesis modeling important for capturing downregulation of 

ETR processes during drought. Second, the /JPS11 photosynthesis model was integrated into a 

whole plant mechanistic model, TREES, to further characterize plant responses to drought. 

TREES, with an explicit plant hydraulic focus, allowed for evaluating mechanisms ofETR down 

regulation through leaf hydraulic status, a relationship rarely explored in phenotyping 

investigations and yet critical for understanding plant physiological responses at various stages 

of drought. 

In Chapter 5, a modeling experiment evaluated genotypic response to climate change. 

Current approaches to prognostic modeling often fail to account for uncertainty in their 

predictions. Two important areas of uncertainty in predicting future crop productivity were 
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assessed. First, uncertainty in crop species diversity used the knowledge gained in this 

dissertation and presented in Chapters 2-4 to represent the genotypic diversity ofB. rapa. 

Second, because inventive management continually evolves in agriculture, multiple management 

scenarios were incorporated. By accounting for these uncertainties, a prognostic assessment of a 

valuable crop species was conducted which can be used for informing breeding decisions in an 

unclear future. 

Overall this dissertation provided advances in photosynthesis phenotyping by leveraging 

novel ways of evaluating physiological data with mechanistic models. The iterative process of 

model improvement employed in this dissertation enhanced understanding of photosynthetic 

differences at the genotype scale. Models of photosynthesis continually evolve and presented 

here is a framework for using existing theories to focus future coupled model-experimental 

undertakings. The iterative process applied to a single, albeit vital, plant process allowed for 

incremental improvement of a whole plant model as well. Validation of TREES with the /JPsII 

photosynthesis routine furthered modeling efforts toward understanding drought induced 

mortality as it links leaf hydraulic status to photosynthetic ETR processes related to ROS 

accumulation and cellular damage. Importantly, these improvements were made at a fine 

evolutionary scale. Genotypic level trait estimation is of critical importance in the genomic age 

as phenotyping currently represents a bottleneck in the pipeline from large breeding populations 

to the introduction of high yielding and stress tolerant genotypes. 

6.3 Implications 

Improving the quality and quantity of physiological traits observations related to crop 

productivity and stress tolerance is demanded for crop improvement research. Advances in trait 

phenotyping improve the ability to link observed physiological mechanisms to candidate 

sequences in the growing libraries of genetic resources. The linking of phenome to genome is 

challenging, however, as easily observable traits of interest to breeders do not always have a 

direct connection to a genotype (Holland, 2007; Shi et al., 2009). For this reason, model assisted 

phenotyping has been advocated whereby complex traits such as yield, water use efficiency 

(WUE), drought tolerance or photoprotection are separated into are components using known 

and/or theoretical mechanisms (Reymond et al., 2003; Hammer et al., 2006; Tardieu et al., 

2017). Models must be developed in such a way that they are able to directly use phenotypic trait 
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data, environmental data that influences the expression of traits, and parameters and model 

structures that are sensitive to these expressed traits among genotypes. In this capacity the 

mechanism described through biophysical models as having that link to genetically diverse traits, 

are forced with environmental data, and use and predict traits that match phenotypic traits from 

sensors can assist in unraveling the complex genetic architecture underlying broadly defined 

complex quantitative traits (Reymond et al., 2003). 

Phenotypic expression of complex traits is the result of plant development across varied 

environmental conditions. Critical environmental factors impacting plant phenotypic expression 

include CO2, H20 and light availability. Mechanistic biophysical models have long attempted to 

refine how plant organs and systems respond to changes in these vital factors. This is specifically 

true in the development of photosynthesis models where CO2, H20 and light availability as all 

three are critical to CO2 fixation (de Witt, 1966; Farquhar, Get al., 1980; Patrick et al., 2009; 

Yin et al., 2009). Photosynthesis model development has evolved as new observational data of 

these three factors has improved. Ongoing improvements are increasing the throughput of non

invasive observations of leaf spectral reflectance, absorbance and chlorophyll a fluorescence 

characteristics (Cruz et al., 2016; Kuhlgert et al., 2016; Silva-Perez et al., 2018). Integration of 

these data into existing photosynthesis models is beneficial because the high temporal resolution 

can be used to decompose complex traits, the throughput capacity allows for screening larger and 

more diverse populations, and the models offer the opportunity to explore the genetic basis of 

traits (Kuhlgert et al., 2016; Baker et al., 2018; Wang et al., 2018). Indeed, co-development of 

sensor technologies with biophysical models can maximize the information content revealed 

from these data and should ultimately increase the prospects of linking phenotype expression to 

genetic mechanisms (Yin, Xinyou et al., 2004; Ghanem et al., 2015; GroBkinsky et al., 2015; 

Martre et al., 2015; Tardieu et al., 2017). 

6.4 Limitations 

Each chapter recognized specific limitations, but attention should also be given to some 

overall limitations to this work. First, the use of alternative priors in Bayesian models was not 

tested. A rigorous testing of the influence of priors on posterior probabilities, including testing of 

non-informative priors, is advocated in Bayesian analysis and its absence is a limitation of this 

work (Geisser, 1984). Second, obtaining quality data on plant and leaf water status was limiting 
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factor throughout this work. Numerous B. rapa leaves and whole plants were sacrificed in an 

attempt to understand genotypic plant hydraulic characteristics. Unfortunately, B. rapa are tender 

herbaceous annuals with semi-ellipse leaf petioles and stem making observation of If/leaf 

complicated and prone to error. This limitation is manifest in the whole plant implementation in 

Chapter 4. Critical reevaluation of this implementation is needed as it is largely based upon a 

weak linear regression between and </>Ps11 and mid-day lf/IeaJ(Fig 4.2). The relationship may not in 

fact be linear but given the limited data this was the prudent choice. Methodological 

development is needed to link leaf and whole plant hydraulic status to leaf gas-exchange and 

fluorescence processes. 

6.5 Future Research 

There are numerous lines of research to be explored from the collective work presented in 

this dissertation. Potential exists for combining the methodologies presented in Chapter 2, 3 and 

4. The multimodel complexity analysis approach advocated in Chapter 2 could be used to test the 

three photosynthesis models presented in Chapter 4 (FvCB (CiCc_Jm_Temp), Yin and f3ps11). A 

multimodel complexity analysis on these three as well as alternatives beyond those may result in 

clearly superior model designs particularity if tested on stressed data such as in Chapter 4. 

Another area of future research is the continued development of the f3ps11 photosynthesis 

routine both as a stand-alone model and also within the TREES framework. As a standalone 

model the integration ofNPQ processes along with disentangling the s parameter are areas for 

adding mechanistic detail. With respect to TREES, downregulation of photosynthetic processes 

in TREES under water-stress prior to adding the /JPs11 model was dominated by gs. Results from 

Chapter 4 clearly identified An limitation from downregulation of ETR as well as gs. Further 

model development should consider the feedbacks between ETR and gs, with particularly focus 

the role each plays in mortality. This research will require additional complexity in describing 

how excessive light energy and CO2 availability in excess of photochemical capacity contribute 

to ROS imbalance with the potential for cellular damage leading to mortality. 

Finally, the phenotyping approaches developed should be fully incorporated into a 

genetic analysis. Traditionally statistical methods are used to link quantitative trait loci to 

complex target traits such as yield or WUE. These approaches frequently fail as the number of 

loci identified are not trackable for breeders (Hammer et al., 2006). Using the associations 
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between loci and traits identified through models may have greater chance of being exploited as 

they approach a functional genomics method to breeding and selection. Therefore, ongoing 

improvement in the representation of physiological mechanisms in models will help understand 

the genotype to phenotype relationships of complex traits of interest to crop breeders. 

The views expressed here are solely mine, and I take full responsibility for all errors. 
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Fig. A.2.1 Comparison between 
observed CO2 assimilation (An) and 
predicted 95% credible interval (CI) 
for eight models of four B.rapa, 
genotypes (bro, cab, oil, tur). Each 
plot shows An for two genotypes (a, b, 
c, d for bro and cab, e, f, g, h for oil 
and tur) and Bayesian 95% CI for 2 
models one with a temperature 
constraint ( dotted lines) the other 
without (solid lines). (a,e) Models 
shown incorporated an estimate of 
mesophyll conductance (gm) and used 
chlorophyll fluorescence to 
characterize electron transport rate 
(ETR). (b, f) Models assumed an 
infinite gm and used Eqn 1.6 to 
characterize ETR. ( c, g) Models 
shown incorporated an estimate ofgm 
and used Eqn 1.6 to characterize ETR. 
(d, h) Models assumed an infinite gm 
and used Eqn 1.6 to characterize ETR. 
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Fig. A.2.2: Boxplots (median, quartiles, 
m1mmum, maximum) of posterior 
distributions of all parameters in CaCc_Jf 
model, which are described in Table 2.1 and 
priors for each parameter (Table 2.4). 

Fig. A.2.3: Boxplots (median, quartiles, 
m1mmum, maximum) of posterior 
distributions of all parameters in CiCc Jm 
model, which are described in Table 2.1 and 
priors for each parameter (Table 2.4). 
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Fig. A.3.2 Observation data (0 for two B.rapa) 

genotypes (r301 (top), r46 (bottom)) m two 
nitrogen treatments (high N (left), low N (right)) 
ofphotosynthetic rate (An) against CO2 availability 
(C;) under low 0 2 gas-change condition. 
Simulated data is also shown(+) using genotype 
level median parameter estimates from Hierarchal 
Bayesian implementation of a modified Yin et. al. 
(2009) photosynthesis model. 

Fig. A.3.3 Observation data (0 for two B.rapa) 

genotypes (r301 (top), r46 (bottom)) m two 
nitrogen treatments (high N (left), low N (right)) 
of photosynthetic rate (An) against light 
availability (Q) under ambient 0 2 gas-change 
condition. Simulated data is also shown(+) using 
genotype level median parameter estimates from 
Hierarchal Bayesian implementation of a 
modified Yin et. al. (2009) photosynthesis model. 

Fig. A.3.4 Observation data (0 for two B.rapa) 

genotypes (r301 (top), r46 (bottom)) in two 
nitrogen treatments (high N (left), low N 
(right)) of photosynthetic rate (An) against 
light availability (Q) under low 0 2gas-change 
condition. Simulated data is also shown (+) 
usmg genotype level median parameter 
estimates from Hierarchal Bayesian 
implementation of a modified Yin et. al. 
(2009) photosynthesis model. 
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Fig. A.4.1 Experimental design and observation schedule. Three treatment groups were established on 
experimental day 0, 21 days after seeding (DAS). One treatment group was well-watered throughout the 
16-day experimental period. A second treatment group experience a 9-day drought before re-watering and 
a third group experience a 15-day drought before re-watering. Plant physiological observations made 
throughout the 16-day period included leaf gas-exchange curves (ACi and LR) , CfJNPQ and ESC 300 and 
1000 umol Q Relative Chlorophyll and SPAD at 530 nm and rapid CfJpsuvs Qresponse curves. Volumetric 
Soil Moisture Content was also measured throughout the 16 days in all treatment groups (A.4 .2). 



118 

R500 r301 

---e- well-watered 
---e- drought 
---e- re-watered 1 

....I1g I- ,,,--I, ✓,,Aft\ 
~ ~ 
·5 
::;; 
·5 
Cl) ~ 

0 

0 0 

a'-,-------------- a'-,--------------
10 15 10 15 

Days of Experiment Days of Experiment 

r46 VT 

1'. 1-----1;t>~~ r 
0 

• lv1-i----8 
0 0 

a'-,-------------- o'-r--------------
10 15 10 15 

Days of Experiment Days of Experiment 
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after 9 days of drought (blue), and plant re-watered after 15 days of drought ( dark 
blue) for four B. rapa genotypes. 
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Prior probability distributions ofparameters used in expondential 

decay function (Egn. 4 .1) and full /J em photosynthesis model. 

Parameter Hierarchly level Prior Distribution 

µ aps11 global dnorm (.75, 0.2) 

Taps11 global dnorm (.05, 0.01) 

µfl PSI/ global dnorm(-0.002, 0.001) 

T/J PSI/ global dnorm (.001 , 0.0005) 

µ Kps11 global dnorm (0.06,0.1) 

TIC PSII global dnorm (.01, 0.1) 

aps11 genotype X treatment dnorm (µapsn, 'r{lpsu) 

fJ PSII genotype X treatment dnorm (µ13rsn, -rl3rsu) 

I( PSI/ genotype X treatment dnorm (µKpsn, 'rKpsu) 

aps11p individual dnorm ( (lpsn, 'r{lpsu) 

fJ PS/Ip individual dnorm (13rsn, -rl3rsu) 

I( PSIIp individual dnorm (Kpsn, 'rKpsu) 
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Fig. A.4.6 Validation ofthree TREES based implementations, TREES 277 (left column), TREES 277 /3 (middle 
column) and TREES 277 f3 s (right column) under well-watered (blue) and drought stressed (orange) B. rapa 
genotypes R500. Top row shows validation of data against simulated volumetric water content (VWC)(%). 
Middle row shows validation of data against simulated observed stomatal conductance (gs) (µmol m-2 s-1

). 

Bottom row shows validation of data against simulated observed mid-day leaf water potential ( Pieaf) (MPa). 
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