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Chapter 1. General introduction



Chapter 1

Optimal photosynthesis; an evolutionary paradox?

Photosynthesis is a complex process, yet one of the most important on earth. The production of oxygen by
primitive photoautotrophic organisms enabled the development of terrestrial aerobic life forms, including
humans. In turn, these organisms themselves serve as a food source and form the basis of all webs of life.
In plants, photosynthesis developed when cyanobacteria engaged in a complex form of endosymbiosis,
were stripped from most of their functional genome to maximize their efficiency and eventually forming
chloroplast organelles. In these organelles, complex proteins harvest light energy and use this to free
electrons from water (in the light-dependent reactions). These are subsequently used as a resource to
assemble carbohydrates from carbon dioxide (in the light-independent reactions) (Figure 1). The produced
carbohydrates eventually form the quintessential building blocks of life itself.

Photosynthesis is in development for over approximately 3.2 billion years (Blankenship, 2010), of
which the latest 430 million years in terrestrial plants. Thus, the process of photosynthesis should have had
more than enough time to be optimized in the course of evolution as a result of natural selection. This
assumption, together with the practical difficulties to robustly assess photosynthesis in plants (Murchie et
al., 2018), led to this process being ignored for purposes of selection and improvement in plant breeding
schemes (Flood et al., 2011). However, with the advance of better phenotyping tools, the sharp increase in
knowledge on the physiology and kinetic balances that are involved in photosynthesis has resulted in
numerous studies that have highlighted inefficiencies in photosynthesis (Farquhar et al., 1979; Pettersson
& Ryde-Pettersson, 1988; Laisk ef al., 1989; Poolman et al., 2000, Zhu et al., 2007; Kubis & Bar-Even
2019). Most notably, modelling the quantity of incoming irradiance that is processed into photochemistry
resulted in estimates of as little as 3.2% of light irradiance to be useful for plant productivity under optimal
conditions (Long et al., 2006, Zhu et al., 2010) — a figure which is approximately three times below the
theoretical maximum (Zhu et al., 2010). This indicates that photosynthesis did not reach optimal functional
efficiency.

Optimal photosynthesis in the context of species fitness and survival in natural environments,
which are often hostial and limited for resources, may constitute a different meaning compared to optimal
photosynthesis for purposes of production in the context of agricultural controlled environments.
Capturing the efficiency of photosynthesis traits in measurable parameters will thus not always provide an
obvious picture on why perceived suboptimal components in photosynthesis may exist. For example,
ribulose-bisphosphate carboxylase/oxygenase (RuBisCO) is the enzyme which assimilates CO> in the
Calvin-Benson cycle to produce carbohydrates for plant production . However, there is a high probability
that RuBisCO fails to capture a molecule of CO; and assimilates a molecule of O instead, a process which
is called photorespiration. This results in a net loss of energy in the Calvin cycle with no sugars produced
(Figure 1). This property of RuBisCO has previously been characterized as “imperfect” (Erb & Zarzycki,
2018) and “inefficient” (Andersson, 2008), which led to scientists dreaming of perfecting the enzyme
through genetic engineering (Yokota et al., 1999; Carmo et al., 2015). However, the photorespiratory
pathway is found to contribute to abiotic stress tolerance by removing critical intermediates in the Calvin

cycle, and may thus consequently contribute to plant fitness in natural environments (Wingler et al., 2000;
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Voss et al., 2013; Timm et al., 2019). Thus, photosynthesis must be considered in the context of particular

growth environments before embarking on optimization of this process.
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Figure 1. 4 simplified overview of photosynthesis in the chloroplast, the light dependent reactions and
Calvin Benson cycle (light independent reactions). In the light reactions, complex molecular structures in
the form of light harvesting antennae (LHA), photoreaction centres and proton pumps are required to
separate electrons from water (H>0). These electrons in turn are used to charge (reduce) adenosine
diphosphate (ADP) and nicotinamide adenine di-nucleotide phosphate (NADP") energy carrier molecules,
which results into their energy depleted (oxidized) counterparts adenosine triphosphate (ATP) and
NADPH, respectively. In turn, energy from the ATP and NADPH pools is used to drive the light-
independent Calvin Benson cycle. The Calvin Benson cycle fixes carbon dioxide (CO;), which results in
the production of essential carbohydrates to be used as building blocks for all biological processes in
plants. ATP and NADPH used and n lose their electron (oxidation), return to ADP and NADP*, and are
subsequently recharged via light energy captured by the photo systems in the light-dependent reactions
completing a cycle. This cycle is repeated itself for as long as light is harvested in the LHA. Picture
source: https://socratic.org/questions/why-is-the-calvin-cycle-referred-fo-as-a-dark-reaction

Maximizing photosynthesis in plants for sustainable and improved crop productivity.

By significant improvement of agricultural practices in the past decades, large crop yield gains have been
realized within a short time span (Kromdijk & Long, 2016), particularly during the “Green Revolution”
(Zhu et al., 2010; Ray et al., 2013). However, as each percentage point of further yield advancement
requires significantly more effort to realize than the previous, contemporary annual yield increments per
unit land area are currently stalling in all major staple food crops (Ray ef al., 2013). Key traits benefitting
yield (the harvest index) and light use efficiency (the light interception coefficiency of leaves) are already
being optimized (Zhu et al., 2010, Ort et al., 2015; Kromdijk & Long, 2016; Evans & Lawson, 2020). This
leaves improvement of photosynthesis efficiency — expressed as the rate by which carbon dioxide is
assimilated into sugars per unit light incoming irradiance — as a major trait to hold significant potential to

further staple crop productivity (Zhu et al., 2010). Many inefficiencies related to the core genes
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photosynthesis have previously been highlighted and materialized as potential targets for transgenic
improvement (Long et al., 2015; Zhu et al., 2020). Examples of these include overexpression of
SEDUHEPTULOSE-BISPHOSPHATASE (SBPase), to accelerate the regeneration of ribulose 1,5-
bisphotase — a rate-limiting step in the Calvin-Benson cycle — and improvement of carbon assimilation
rates in wheat (Driever et al., 2017); the introduction of highly efficient microbial photo-respiratory
pathways in tobacco (South ef al., 2020); and increased production of RuBisCO in rice (Yoon et al., 2020).
In each of these examples, (grain) yield in plants receiving the transgenes increased 20 to 40% compared
to wild types in greenhouse or field conditions — depending on the species or trait under investigation.
These examples confirm that optimization of photosynthesis of crops under agriculture conditions is
possible, and that there is ample room to boost crop productivity that way.

However, despite an increasing number of valuable examples being published in the past five
years, genetic engineering of common photosynthesis pathways may not always translate into the same
enhancement of productivity across species. Kromdijk et al. (2016) were able to increase biomass
productivity in tobacco plants by up to 20% due to improving acceleration and deceleration speed of
photo-protective mechanisms, so that plants are better able to optimize photosynthesis to fluctuating light
conditions. However, Garcia-Molina & Leister (2020) demonstrated that improving the same photo-
protective properties in Arabidopsis thaliana, unexpectedly, reduces plant growth by around 20% under
growth conditions of fluctuating light conditions similar as those used by Kromdijk et al., (2016), thus
achieving opposite effects. In addition, overexpression of SBPase in rice does not improve plant growth
under non-stressed conditions (Feng et al., 2007a,b), contrasting results obtained by Driever et al. (2017)
in wheat. The pinnacle of an example of tempered ambitions in genetic engineering of photosynthesis for a
better crop yield is the C4-Rice project — a major project involving the transplantation of the C4-
photosynthetic pathway into rice to overcome rate-limitations associated with the native C3-pathway
(Mitchell & Sheehy, 2006, Ermakova e al., 2020, 2021). The ambition set out in the project was to
introduce a C4-rice cultivar to the market in 2030. However, aiming to transfer the whole pathway proved
to be challenging, and eventually led to the initial goals being compromised (Araus et al., 2021).

Thus, although transgenic optimized “super-photosynthesizing crops” may play a role in future
agriculture, their intended application for some crops may still be problematic. However, and regardless
whether the experiments revolving around modifying plant photosynthesis proved to stimulate biomass
accumulation, they established that there is still room to optimize photosynthesis for agricultural purposes.
As with nearly all traits currently under optimization selection in plant breeding programmes, existing
natural variation present a powerful source to further optimize photosynthesis efficiency (Flood et al.,
2011; Zhu et al., 2020). The potential of studying genetic variation for photosynthesis, although previously
deemed irrelevant (Long et al., 2015; Ort et al., 2015), now increasingly receives attention as a resource to
consider for further improving the genetic yield potential in crops (Lawson et al., 2012; van Bezouw et al.,
2019; Araus et al., 2021), even among initial sceptics (Zhu et al., 2020). In the next section, I will discuss
how genetic variation can be exploited for improving traits — including those associated with

photosynthesis.
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Utilizing natural variation to study complex traits.

Genetic mapping stands at the core of modern genetics (Bazakos et al., 2017), a method which is used to
study natural variation for traits in many organisms. The ever-decreasing cost of genetic analyses and
whole genome sequencing (WGS) technology has popularized this methodology in plant science and
breeding. The genetic mapping of quantitative trait loci (QTLs) is now frequently used to explore alleles
linked to trait performance in plant breeding and genomic variations that result in our understanding of the
evolution of traits. The use of molecular markers and sequencing has resulted in various applications in the
plant breeding industry to improve selection efficiency. By adopting such technology, plant breeders can
now select for desired genetic material in early growth stages and unwanted traits can be easily selected
against without the need for confirmation through direct, expensive phenotyping.

The success of genetic mapping is dependent on the number of genes and their interactions, and
causal allelic variation therein. Together, these factors constitute the genetic architecture of a trait in
populations of organisms (McKay, 2001; Hansen, 2006). The genetic complexity of a trait is then
determined by the quantity of genes involved in the process under study, with an emphasis on those
containing genetic variation. Examples of traits controlled by low numbers of genes (and thus not so
complex) may include some pigment proteins (e.g., visible as petal colours) and race-specific disease
resistances mediated by specialized resistance genes. Such traits may be controlled by one or few genes
and are thus easily selected for (Figure 2). By contrast, traits such as tolerance to abiotic stresses of plants
(e.g. salinity), fruit yield and others related to plant development are highly quantitative in nature and often
controlled by genetic variation in numerous — often interacting — genes and pathways. Genes encoding
proteins that affect photosynthesis are likely to be the most numerous (Figure 2), as more than 10% of the

nuclear genome encodes chloroplast located proteins alone (Fristedt ez al., 2017).
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Figure 2. 4 scale of genetic complexity for some plants traits. While hundreds of disease resistance genes
are known, often only very few resistance genes are necessary to reliably cope with each disease strain
(Hammond-Kosack & Jones, 1997). Many disease resistances are therefore considered to be traits that are
explained by simple genetics. In Arabidopsis, 306 genes are known to affect flowering time in Arabidopsis
thaliana (Bouché et al., 2016). Flowering time can be regarded as a moderately complex trait. In salt
tolerance also several hundreds of genes are known to contribute, but the trait is poorly understood
(Munns & Tester, 2008) and the total figure of involved genes will likely end up being higher. The most
important process in plants is photosynthesis, which regulated by thousands of genes that encode for
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proteins locating to the chloroplasts alone (Fristedt et al., 2017), and possibly a large number of genes
that co-regulate downstream further processes. The more genes are involved in a trait, the higher the
genetic complexity will be.

High trait complexity undermines the ability to detect genetic loci underlying trait variation in
genetic mapping studies. This is particularly the case if genetic variation is not related to genomic variation
(e.g. in epigenetics) and if interactions between genetic loci (epistasis) are highly prevalent. A
compounding difficulty in the detection of relevant genotypic variation for photosynthesis is the presence
of genetic variation in the chloroplast genome (El-Lithy et al., 2005; Flood et al., 2016a; Flood et al.,
2020), which do not inherit in a Mendelian fashion. Depending on the genetic layout of mapping
populations, these factors may contribute to some extend to the masking of genetic signals leading to

relevant genetic variation for photosynthesis.

What the study of diversity panels can and cannot accomplish to advance our understanding

of highly complex traits like photosynthesis.

Many genetic mapping population types require multiple generations of inbreeding or back-crossing before
a sufficient level of homozygosity is reached for accurate mapping (Bazakos et al., 2017). Due to the
availability of genetic diversity panels and increasingly accessible genomic sequence data, genome wide
association studies (GWAS) have become the plant geneticist’ workhorse to study complex traits (Atwell
et al., 2010; Bazakos et al., 2017). Collections of accessions are often readily available in seed centres and
genetic variation represent generations of natural recombination events, exchange of genetic material and
random mutations for millions of years (Atwell et al., 2010; Korte & Farlow, 2013; Durvusalu et al.,
2017). These properties allow genetic mapping at unparalleled genetic mapping accuracy (Kim et al.,
2007), while in cultivated species GWAS are generally less accurate and diverse due to genetic lineages
having diversified more recently (but see maize, Tian ef al., 2011; Yann et al., 2013). Phenotyping and
genotyping at high density in diversity panels followed by GWAS allows to accurately pinpoint the genetic
components for traits up to the level of causal polymorphisms in densely genotyped material. Exploiting
diversity panels to identify genetic components contributing to traits in this way is less time and resource
consuming than inbreeding, backcrossing and fine-mapping of QTLs using mapping populations from
traditional crosses (Bazakos et al., 2017). These factors led to GWAS surpassing the use of traditional
mapping populations in plant science.

However, the diversity present in such panels comes with several serious drawbacks that impair
their use to detect novel traits and genetic variation to improve complex traits. These drawbacks include
population genetic relationships related to genetic architecture (Korte & Farlow, 2013), epistasis
introducing false additive associations and vice versa (Zan et al. 2018), the presence of multi-alleles at a
single locus (e.g. Forsberg et al., 2015; Tang et al., 2018; Hazzouri et al., 2018, but see van Bezouw et al.,

2019b), and chloroplastic variation being present while unaccounted for in nuclear genomic data (Flood et
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al., 2016b, 2020). Lastly, due to the requirement of setting a minor allele frequency threshold to account
for false positives, rare variants that are of interest in breeding may remain undetectable (Korte & Farlow,
2013; Bernardo 2016). Thus, while exploration of diversity panels is a highly useful method to obtain an
impression of available genetic or phenotypic diversity for a trait within a plant species, the identification
of elite alleles may be challenging. GWAS thus only have limited applications for use in crop species to
identify novel genes and variation of use in plant breeding programmes — a view that is more and more

acknowledged among plant breeders and geneticists (Bernardo, 2016; Liang ef al., 2021).

The advantages of reducing genetic complexity; usingbiparental mapping populationsfor in-

depthexploration of natural variation in photosynthesis traits.

Success in studying and discovering new and relevant traits in photosynthesis ultimately leans on three
parameters: i) the genetic complexity of photosynthesis, ii) the ability to phenotype the trait of interest; and
iii) the genetic complexity of the population at use. The number of genes and their complexity are factors
that are difficult to control, i.e. it is impossible to reduce the number of genes that constitute
photosynthesis in a given genotype. Phenotyping of photosynthesis traits is similarly unlikely to be made
easier, as there are many different traits that cannot be ignored (Murchie ef al., 2018). However, being able
to more specifically define and phenotype certain traits may reduce the number of genes to be relevant to
affect a biological process of interest, and thus improve genetic mapping accuracy (Crowell et al., 2016;
van Bezouw et al., 2019). The factor that reduces genetic complexity most is the choice of the genetic
mapping population itself. Mapping populations derived from only two — or few — parental lines have a
limited genetic complexity compared to a diversity panel with long separate lineages. The result is that
genetic variants — including elite ones — are always present at a rate of 50% in a segregating population and
many of the previously discussed disadvantages of diversity panels also do not apply or impact results at a
lesser degree in bi-parental mapping populations compared to diversity panels.

Bi-parental mapping populations have a high detection power for quantitative trait loci
(Keurentjes et al., 2007, Kooke et al., 2012, Bazakos et al., 2017). This makes such populations ideal to
map traits with that are likely contributed by genetic loci that are small in effect size such as those related
to photosynthesis. The reduction of genetic complexity further increases the likelihood of detecting a
genetic factor affecting a trait, as often only few genetic loci will significantly impact traits between two
different genotypes at a time. Despite these apparent advantages, only few reports describe the use of bi-
parental mapping populations to study photosynthesis traits (Jung & Niyogi, 2009; Oakley et al., 2018; de
Oliveira Silva et al., 2018; Honda et al., 2021). Oliveira Silva ef al., (2018) and Honda et al., (2021) found
natural differences in carbon assimilation rates in rice and tomato to be as big as those reported for
transgenic alteration of key photosynthesis genes in tomato (Nunes-Nesi et al., 2005), tobacco (Simkin et
al., 2015) and wheat (Driever et al., 2017). The findings in these genetic studies thus establish the power
of natural variation to improve photosynthesis traits and as an alternative to transgenic approaches.
Unfortunately, in none of these studies genetic variation beyond the establishment and discovery of the

QTLs is further analyzed, and thus the underlying causal genes unfortunately remain unknown.
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A good model plant species to study natural variation is Arabidopsis thaliana (Koornneef et al.,
2004), which has a fast breeding cycle and is a good model species to explore novel genes and traits that
may be of interest in the context of plant breeding. In addition, many genetic mapping populations from
contrasting accessions have been developed. These include populations F2, introgression lines, doubled
haploids and recombinant inbred line populations, but also more advanced Arabidopsis Multiple Parental
Recombinant Inbred Line (AMPRIL) and Multiparent Advanced Generation Inter-Cross (MAGIC)-
populations (Wijnen & Keurentjes, 2014; Bazakos et al., 2017). All these come with specific advantages
and disadvantages with regards to development, genetic variation and mapping accuracy. However, the
high mapping power in all such populations may be highly advantageous in photosynthesis research.

While biparental crosses A novel biparental mapping population type is that composed of
Chromosome Substitution Lines (CSLs). CSL-populations are a special type of segregating mapping
population due to the absence of crossovers events in their chromosomes. This a property that opens new
angles and opportunities for the study of complex traits due to the highly simplified chromosomal
architecture (Wijnen, 2019). However, CSLs have so far seen little reporting in plant genetic studies. In the
next section, I will further elaborate on the development, potential advantages and use of populations

consisting of CSLs in quantitative genetics.

Chromosome substitution line populations as a novel bi-parental mapping population type.

The use of chromosome substitution lines (CSLs) is an established method to perform genetic mapping in
animal model species to dissect quantitative traits at high efficiency with high mapping power (Nadeau et
al., 2000; Belknap, 2003; Buchner & Nadeau, 2015). This is particularly true for the analysis epistatic
interactions (Spiezio et al., 2012), which are particularly hard to detect in conventionally segregating
populations due to segregation distortion and low statistical power (Carlbog & Haley, 2004; Mackay 2014;
Lachowiec et al., 2015). The development and use of single chromosome substitution populations in A.
thaliana dates back as early as 2002 (Koumproglou et al. 2002), although the first published report dates
back from 1967 (Laurie et al.). For inbreeding plant species, like 4. thaliana, a wide variety of genetic
mapping population types are already available that are more accurate and generally have a more cost-
efficient developmental trajectory albeit at the cost of subjecting larger populations to be phenotyped in
experiments (Keurentjes et al., 2007; Kooke et al., 2012; Wijnen & Keurentjes, 2014; Bazakos et al.,
2017). The use of populations of CSLs in plants thus comes with competing opportunity costs set off
against segregating populations, particularly related to their development. Thus far, the opinion of plant
geneticists is not positive towards potential advantages that CSL-populations offer over other population
types that are generally easier to generate, as can be concluded from the small number applications
reported in genetic studies in crops (see Unrau ef al. 1956, Wu et al., 2010, De Leon et al., 2011, Saha et
al., 2014).

The efficiency of substituting whole chromosomes in background genotypes is greatly enhanced
by recently developed transgenic approaches that suppress meiotic crossovers in plants using RNAi

silencing technology (Wijnker et al., 2012, 2014; Calvo Baltanas et al., 2020). Such technology allows a
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more efficient development of genetic mapping populations consisting of lines each with multiple
substitutions (Wijnker ef al., 2012; Wijnen, 2019). A CSL-population completed to the maximum number
of possible lines in this way offers several potential advantages in genetic mapping studies. These includes
the genetic mapping of heterosis and enhanced detection power epistatic interactions that are harder to
study in naturally segregating populations (Wijnen & Keurentjes, 2014; Wijnen, 2019). A preliminary trait
analysis in a CSL-population developed from Col-0 and Ler-0 showed that phenotypic variation in CSLs
appeared to be higher (Wijnen, 2019). In this analysis, more additive and epistatic genetic effects were
detected compared to a conventionally genetic mapping population composed from the same parents
despite the reduced genetic diversity resulting from a lack of crossovers (Wijnen, 2019). This suggests
that, also in plants, CSLs may offer increased genetic mapping power over naturally segregating
alternatives (Spiezio et al., 2012; Buchner & Nadeau, 2015). Next to potential opportunities, there are also
disadvantages associated with the use of CSLs. The development of complete and balanced populations in
species with larger chromosome numbers may be particularly laborious as the total number of possible
combinations doubles with each additional chromosome in the haploid chromosome count (Wijnker ef al.,
2012). Genetic mapping in CSLs will also result in QTLs that are mapped at the chromosome level, rather
than specific genomic regions. This is, however, not a disadvantage if trait variation can be discovered this
way that would otherwise be invisible, for example if trait variation is explained by epistatic interactions.
The motivation for developing and using populations of CSLs in quantitative trait analysis will eventually
depend on the value of being able to use small populations in experiments, the willingness to invest in the
development of such a population, the total number of chromosomes in the target species and the interest
in the analysis of (higher order) inter-chromosomal epistatic interactions. The use and advantages of
populations of CSLs are in need of tested and proven examples before they are unanimously adopted into

the plant geneticist’s toolbox.

Towards implementation of natural variation in photosynthesis in plant breeding

programmes

Chlorophyll fluorescence imaging greatly reduced the time and resource cost of mass phenotyping for
photosynthesis traits (Baker, 2008; Murchie & Lawson, 2013; Rungrat et al., 2016), which can potentially
support their deciphering and use in breeding programs. Due to the ease of screening genetic variation in
diversity panels, the existence of variation that can be used to improve photosynthesis traits can now be
considered as an established fact. This idea is supported by the large number of published studies showing
large trait variation in relevant crop and model species (reviewed in van Bezouw et al., 2019a). Studying
natural variation in photosynthesis for purposes of improving it imperatively demands a basis for a
subsequent improvement of productivity, abiotic stress tolerance and/or quality in plants. However, to do
so will require more knowledge on the causal genes controlling photosynthesis QTLs. In many genetic
studies, those are often neither resolved up to a sufficient level to determine their causality in

photosynthesis and/or empirically shown to eventually enhance productivity. Only few only few such
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examples existing (Jung & Niyogi, 2009; Athanasiou ef al., 2010; Wang et al., 2016; van Rooijen ef al.,
2017; Honda et al., 2021).

My main goal is to exploit the low genetic complexity and high genetic mapping power of
biparental mapping population to study novel traits and genes that may be used to improve photosynthesis
and subsequent downstream processes. To do so, I will use three different biparental mapping population
types (Figure 3), each differing in development time and genomic complexity, and grow these under three
different light environments. RIL and F2 populations are standard genetic mapping population types that
have been highly successful in studying quantitative traits (Keurentjes et al., 2011; Bazakos et al., 2017;
Jiang et al., 2021), while genetic mapping in populations consisting of CSLs have thus far received little
attention — particularly in those that contain multiple chromosome substitutions. To further explore the
possibilities, opportunities and strategies that CSL-populations have to offer, I will explore their use in
more depth using a modelling approach to help familiarize the concept and explore their potential.

In all experimental work in this thesis the tried and tested model species 4. thaliana is used. This
is an ideal species for the purposes set out in this chapter as large numbers of plants can efficiently be
phenotyped for photosynthesis in high-throughput phenotyping facilities (Flood et al., 2016); extensive
natural variation exists within the species (Atwell et al., 2010; Durvusalu ef al., 2017); biparental mapping
population of many types are available (Wijnen & Keurentjes, 2014); and it is the first species in which
populations of chromosome substitution lines exist with multiple substitutions per line (Wijnker et al.,
2012; Wijnen 2019). However, insights obtained from this research will likely be applicable to

commercially relevant species as well.
F1
RIL CsL

F2
il il
Holtull Wallull I

Figure 3. The genetic layout of different types of biparental mapping populations in Arabidopsis thaliana.
From an FI1 hybrid, different types of mapping populations can be developed upon selfing. An F2
population is the most basic population and is directly derived from the progeny of an F1 hybrid (used in
Chapter 4). Six to eight rounds of selfing F2's result in recombinant inbred lines (RILs; used in Chapter
3), which have an increased recombination frequency compared to an F2 population offering high
mapping accuracy. Following transgenic procedures, populations of CSLs (chromosome substitution lines,
used in Chapter 5) can be developed in a few generations. Such populations are developed with

suppression of recombination events and are characterized by a absence of cross-over events.
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Thesis layout

This thesis starts off with a review, in Chapter 2, which provides the latest insight in nearly a decade of
development, research, and utilization of genetic variation in photosynthesis since the latest review on this
topic by Flood ez al. (2011). I summarize developments contributing to our understanding of the phenomic
and genomic complexity of photosynthesis, with a focus on innovation in high-throughput phenotyping

methodology and I identify areas of study that have still not been covered sufficiently.

Chapter 3 describes the use of the more than thirty-years-old recombinant inbred line (RIL) population
developed from the tried and tested lab accessions Ler-0 and Col-0 to study photosynthesis under various
stable light environments. Natural variation in copy number variation of SQUALENE EPOXDIASE-like
genes is found to causally impact photosynthesis. The outcomes provide novel insights in the evolution of
photosynthesis and highlight the value of biparental mapping to discover new genes contributing to

complex traits.

The stable conditions in climate-controlled growth chambers typically do not represent those encountered
by plants in field conditions, where shifts in light intensity occur (van Rooijen ef al., 2015). In Chapter 4,
the genetic components underlying phenotypic variation between two A. thaliana accessions differing in
their high light acclimation response are mapped in an F2 population. The QTLs in this study proved to
have a high impact on the operating efficiency of photosynthesis. I tested their potential effects in
impacting biomass accumulation under appropriate light conditions and set up a biomass essay for

genotype x light environment to measure the effect of these QTLs on growth.

However, a single, a sudden shift does not represent natural daily light fluctuations, which range in the
order of milliseconds to hours (Kaiser et al., 2018). In Chapter 5, I aim to resolve the genetic architecture
of losses in productivity and changes in plant morphology under fluctuating light conditions compared to
stable light conditions. To do so, I complete and use a population of chromosome substitution lines
(CSLs), first developed by former colleague Ramon Botet Vaca to assess whether it is possible to dissect

genetic components related to productivity under influence of fluctuating light.

The development and use of CSL-populations include several challenges and strategic considerations. In
Chapter 6, quantitative aspects of the development, and mapping power of additive and epistatic genetic
effects of such populations are explored. Instead of performing experiments, permutation models are used

to explore a variety of scenarios to support decision-making in the use of CSLs.
The significance of these findings, and a final synthesis, are discussed and placed in the context of the

ongoing research of improving photosynthesis and the genetic mapping of complex traits, with an

emphasis on chromosome substitution libraries in the general discussion (Chapter 7).
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Chapter 2. Converging phenomics and
genomics to study natural variation in plant
photosynthetic efficiency

Roel F.H.M. van Bezouw', Joost J.B. Keurentjes', Jeremy Harbinson?, Mark G.M. Aarts'

SUMMARY

In recent years developments in plant phenomic approaches and facilities have gradually caught up
with genomic approaches. An opportunity lies ahead to dissect complex, quantitative traits when both
genotype and phenotype can be assessed at a high level of detail. This is especially true for the study
of natural variation in photosynthetic efficiency, for which forward genetics studies have yielded only
a little progress in our understanding of the genetic layout of the trait. High-throughput phenotyping,
primarily from chlorophyll fluorescence imaging, should help to dissect the genetics of
photosynthesis at the different levels of both plant physiology and development. Specific emphasis
should be directed towards understanding the acclimation of the photo-synthetic machinery in
fluctuating environments, which may be crucial for the identification of genetic variation for relevant
traits in food crops. Facilities should preferably be designed to accommodate phenotyping of photo-
synthesis-related traits in such environments. The use of forward genetics to study the genetic
architecture of photosynthesis is likely to lead to the discovery of novel traits and/or genes that may
be targeted in breeding or bio-engineering approaches to improve crop photosynthetic efficiency. In
the near future, big data approaches will play a pivotal role in data processing and streamlining the
phenotype-to-gene identification pipeline.

Laboratory of Genetics, Wageningen University, 2Laboratory of Biophysics, Wageningen University.

This work was published in Plant Journal issue 97(1):112-133, 2019: https://doi.org/10.1111/tpj.14190
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Introduction

In the past two decades annual increases in yield of major staple food crops such as rice, wheat, soybean
and maize have stagnated globally despite agronomic and genetic improvements (Wei et al., 2015). It is
expected that by the middle of this century 60—110% greater yield output is required from crops for food,
feed and bio-fuel in order to keep up with the increasing demand of the growing human population
worldwide (Kromdijk and Long, 2016; Tilman et al., 2011). To keep pace with this development a new
Green Revolution will be required to double the realised average annual yield increment from 2000 until
2018 of approximately 1.2%, up to a minimum of 2.4% per year from 2018 until 2050 (Ray et al., 2013).
The forecast negative effects of global warming on the yield of staple crops will further complicate the
achievement of this goal, given that the negative effects largely offset the potential gains from increased
atmospheric carbon dioxide (Schauberger et al., 2017; Zhao et al., 2017). The relationship between
irradiance and crop yield is summarised by the yield model of Monteith (Long et al., 2006) in which the
harvestable yield component is the product of irradiance, the interception of irradiance, the efficiency of
conversion of intercepted irradiance into biomass (g.) and the harvest index. In the past, crop breeding
programmes aimed to increase the harvest index and the light capture efficiency of the canopy, and did so
successfully. As a result these traits are now reaching their theoretical potential, making it unlikely that
there can be further significant improvement (Long et al., 2006; Zhu et al., 2010). The remaining
component of yield, &, is strongly influenced by the efficiency of photosynthesis, and & is still far below
its the theoretical maximum (Zhu et al., 2010). This means that there is still room for improving this trait
by crop breeding. A modest 50% improvement in &. — which would still leave it far below its theoretical
maximum — would already be enough to bridge the gap between human demand and production of plant
resources. Given its importance to &, photosynthesis is considered as a primary target for improvement in
crop species (Long et al., 2006; Ort et al., 2015; Long et al., 2015).

The physiological basis of photosynthesis, and the genes coding for the proteome of
photosynthesis, have been relatively well characterised during the last decades (e.g. Farquhar et al., 1980).
In the past 15 years, attempts to improve plant photosynthetic efficiency have focused on identifying the
efficiency bottlenecks in photosynthesis and then bio-engineering photosynthetic pathways to overcome
them (Long et al., 2015). This approach has led to suggestions, amongst others, to modify specific subunits
of photosystem II (PSII) to optimise light-harvesting capacity (Long et al., 2006; Ort et al., 2011; Walker
et al., 2018), improve the catalytic properties of Rubisco (Carmo-Silva et al., 2014) and transplant the C4
photosynthesis machinery into C3 plants (Crovshoff and Hibberd, 2012; Schiiler ef al., 2016). Application
of this strategy has been successful. For example, increasing the speed with which the photosynthetic
machinery in tobacco adapts to fluctuating light resulted in greatly improved average photosynthetic
efficiency throughout the photoperiod (Kromdijk ez al, 2016). Improving the rate of ribulose-1,5-
bisphosphate (RuBP) regeneration in the Calvin cycle in wheat by over-expressing sedoheptulose-1,7-
bisphosphatase (SBPase) resulted in increased rates of CO: fixation (Driever et al., 2017). These
improvements in photosynthesis translate to increases in plant biomass: in the case of tobacco, with
improved responses to fluctuating light (Kromdijk et al., 2016), plant biomass was increased by 14-20%
under field conditions, while for wheat, with improved RuBP regeneration, a 30-40% higher grain yield
was obtained under greenhouse conditions (Driever et al., 2017). From these examples it should be clear
that improving photosynthetic efficiency is both a promising and feasible route for increasing crop yields.

Natural variation is an underexploited genetic resource with which to improve plant
photosynthesis and the genetic yield potential of crops (Flood et al., 2011; Lawson et al., 2012). The
failure to better use natural variation in photosynthesis as a route to yield improvement stems partly from
the misconception that photosynthesis has been fully optimised by millions of years of selection for this
vital trait (Flood et al., 2011). Clearly this assumption of perfection is misguided — if nothing else, the
improvements in photosynthesis outlined above show this. In addition, highly heritable variation in
photosynthesis-related traits has been found for model and crop species such as wheat (Driever et al.,
2014), Arabidopsis (Arabidopsis thaliana), soybean (Glycine max), sorghum (Sorghum bicolor), maize
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(Zea mays) and rice (Oryza sativa) (see Table 1). The identification of functional allelic variations of
important genes and traits related to photosynthesis using a forward genetics analysis of diversity panels is
therefore a valuable approach, for three main reasons. First, the study of natural variation offers key
insights into regulatory processes of photosynthesis, for example under fluctuating light conditions
(Lawson et al., 2012; Murchie et al., 2018). Furthermore, genetic variation in the core genes of
photosynthesis has been acknowledged to be an important resource for the bio-engineering of improved
photosynthesis (Prins et al., 2016; Reeves et al., 2018). Lastly, when beneficial alleles are identified they
can be exploited in current crop breeding programmes. The exploitation of natural variation in
photosynthesis is likely to be particularly active in jurisdictions where the use of genetically modified
crops is prohibited, or where the resources to generate genetically modified crops are not available. Note,
however, that genes identified as being important in determining photosynthetic traits based on studies of
natural variation of these traits could be valuable not only in conventional plant breeding approaches to
improving photosynthesis but also in genetic modification approaches.

Despite the potential for increasing photosynthetic efficiency, major bottlenecks in the phenotypic
and genotypic evaluation of photosynthesis-related traits exist (Flood et al., 2011; Murchie ez al., 2018). In
the last 10 years, however, both plant genomics and phenomics have matured to the point where, together,
they can be used in forward genetics analyses of photosynthetic traits. In the case of photosynthesis,
chlorophyll fluorescence techniques allow the measurement of a range of photosynthetic traits (Baker,
2008; Maxwell and Johnson, 2000; Murchie and Lawson, 2013) and fluorescence imaging techniques
allow these traits to be measured quickly for large numbers of plants, enabling the high-throughput
phenotyping of photosynthesis (Box 1, Figure 1). At the same time, whole-genome sequencing has
become cheaper (Barabaschi et al., 2016; Jiao and Schneeberger, 2017), leading to the development of
high-resolution mapping populations in the form of genotypically detailed diversity panels suitable for
genome-wide association studies (GWAS) (Box 2, Figure 2). This convergence of phenomics and
genomics is expected to lead to a better understanding of the genetics and molecular mechanisms of
complex traits such as photosynthesis. Nonetheless, large-scale and detailed phenotyping of photosynthetic
traits is relatively new and may be conceptually challenging due to the multidimensional nature of the
traits. The possibilities for high-throughput phenotyping of many plant traits have been reviewed in detail
in other works (e.g. Awlia et al., 2016; Rungrat ef al., 2016; GroBkinsky et al., 2017). If measurement of
photosynthesis-related traits is discussed it is usually limited to the context of abiotic stress responses
(Rungrat et al., 2016, GroBkinsky et al., 2017). We believe that the time has come to examine the plethora
of genomic and phenomic tools that have been developed and how these can be applied to successfully
screen for natural variation in photosynthesis beyond its relatively simple use as a measure of plant stress.

This review aims to bring together developments in genomics and phenomics from the past
10 years, and evaluate their progress within the context of exploring natural variation in photosynthesis.
We first aim to provide an overview of how insights into photosynthesis and genetic mapping studies have
contributed to a deeper understanding of the genetic architecture of photosynthesis. As such, we have
reviewed studies that aimed to unravel the genetics of photosynthesis by using phenotyping methods that
are directly linked to photosynthesis-related traits and omit studies that assessed indirect traits, such leaf
architecture. Next, phenotyping of photosynthesis-related traits will be critically reviewed in the context of
mapping trait variation. In addition, we will argue for the need for phenomics to overcome the challenges
that lie ahead of successful mapping. Finally, high-throughput phenotyping of photosynthesis in relation to
statistics, data handling and gene identification will be discussed.
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Table 1. An overview of genome-wide association analyses found in the literature that target
photosynthesis-related traits. Nature of data: brief description of the methodology of obtaining the data.
Stress: Stresses subjected to plants as given in the corresponding literature. Growth conditions: Growth

conditions of the experiment. Rep: describes the number of replicates of the entire experiment to obtain the

complete dataset. Traits: the type of traits that were analysed in the study. Study: Roman numerals I, 11

and 11l correspond to repeated use of data collection obtained from the same experiment as described in

the earliest published papers’ methods of each pair.

. Traits
Species Nature of data (photosynthesis- Stress  Data Gro-w_th Rep (photosynthesis- Study
related only) conditions
related only)
Single measurements of chlorophyll Chlorophyll content
content by extracts and spectral Climate and chlorophyll
Soybean measurements - 1 chamber reflectance traits Hao et al. (2012)
Single measurements of data using Climate Chlorophyll content
handheld pulse amplitude modulation chamber (SPAD) and
(PAM) and soil plant analysis and field chlorophyll Strigens et al.
Maize development (SPAD) index devices Cold 1 grown reflectance traits (2013)
Single measurements of chlorophyll
content by both leaf extracts and Chlorophyll content
spectral measurements in mature (SPAD and leaf Wang et al.
Rice plants - 1 Field grown extracts) (2015)b
Photosystem |l efficiency data taken Photosystem Il (PSII)
1 h after a stepwise increase from low  High Climate efficiency (PAM van Rooijen et al.
Arabidopsis | to high light light 1 chamberb derived) (2015)11
Non-photochemical
quenching (NPQ)
Single measurement of chlorophyll (derived by
reflectance index of soybean canopies broadview Herritt et al.
Soybean using multispectral devices - 1 Field grown multispectral devices) | (2016)a
Measurements derived from
handheld PAM-devices and Chlorophyll content
assessment of chlorophyll content in (SPAD) and
seedling plants at multiple levels of Climate chlorophyll Fiedler et al.
Soybean cold stress Cold 1 chamber reflectance traits (2016)
Single measurement of chlorophyll Chlorophyll content
content by both extracts and spectral (multispectral derived | Dhanapal et al.
Soybean measurements - 1 Field-grown and leaf extracts) (2016)a
Measurements of NPQ in excised leaf Wang et al.
Rice discs by handheld PAM devices - 1 Field grown NPQ (PAM derived) (2017)b
Pre-cold, cold and post-cold
measurements of chlorophyll Chlorophyll
fluorescence traits and gas-exchange Climate reflectance and gas-
Sorghum measurements Cold 3a chamber exchange traits Ortiz et al. (2017)
PSII efficiency measurements, under
control (2 days) and high light (4 days) High Climate PSII efficiency (PAM van Rooijen et al.
Arabidopsis | conditions light 18 chamberb derived) (2017)1
Three measurements of chlorophyll
content by SPAD meter in developing Climate Chlorophyll content
Rice seedlings - 3 chamber (SPAD) Lin et al. (2017)

¢ Before, during and after cold measurements.
b See Flood et al. (2016b) for a description.
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Despite the potential for increasing photosynthetic efficiency, major bottlenecks in the phenotypic and
genotypic evaluation of photosynthesis-related traits exist (Flood et al., 2011; Murchie et al., 2018). In the
last 10 years, however, both plant genomics and phenomics have matured to the point where, together,
they can be used in forward genetics analyses of photosynthetic traits. In the case of photosynthesis,
chlorophyll fluorescence techniques allow the measurement of a range of photosynthetic traits (Baker,
2008; Maxwell and Johnson, 2000; Murchie and Lawson, 2013) and fluorescence imaging techniques
allow these traits to be measured quickly for large numbers of plants, enabling the high-throughput
phenotyping of photosynthesis (Box 1, Figure 1). At the same time, whole-genome sequencing has
become cheaper (Barabaschi ef al., 2016; Jiao and Schneeberger, 2017), leading to the development of
high-resolution mapping populations in the form of genotypically detailed diversity panels suitable for
genome-wide association studies (GWAS) (Box 2, Figure 2). This convergence of phenomics and
genomics is expected to lead to a better understanding of the genetics and molecular mechanisms of
complex traits such as photosynthesis. Nonetheless, large-scale and detailed phenotyping of photosynthetic
traits is relatively new and may be conceptually challenging due to the multidimensional nature of the
traits. The possibilities for high-throughput phenotyping of many plant traits have been reviewed in detail
in other works (e.g. Awlia et al., 2016; Rungrat et al., 2016; GroBkinsky et al., 2017). If measurement of
photosynthesis-related traits is discussed it is usually limited to the context of abiotic stress responses
(Rungrat et al., 2016, GroBkinsky et al., 2017). We believe that the time has come to examine the plethora
of genomic and phenomic tools that have been developed and how these can be applied to successfully
screen for natural variation in photosynthesis beyond its relatively simple use as a measure of plant stress.

This review aims to bring together developments in genomics and phenomics from the past
10 years, and evaluate their progress within the context of exploring natural variation in photosynthesis.
We first aim to provide an overview of how insights into photosynthesis and genetic mapping studies have
contributed to a deeper understanding of the genetic architecture of photosynthesis. As such, we have
reviewed studies that aimed to unravel the genetics of photosynthesis by using phenotyping methods that
are directly linked to photosynthesis-related traits and omit studies that assessed indirect traits, such leaf
architecture. Next, phenotyping of photosynthesis-related traits will be critically reviewed in the context of
mapping trait variation. In addition, we will argue for the need for phenomics to overcome the challenges
that lie ahead of successful mapping. Finally, high-throughput phenotyping of photosynthesis in relation to
statistics, data handling and gene identification will be discussed.

23



Chapter 2

BOX 1. Genetic mapping populations for trait discovery

Quantitative trait locus (QTL) mapping is traditionally performed by crossing two distinct genotypes with
contrasting phenotypes (parents) to generate an F; generation and then subsequently subjecting the F» or
other next-generation progeny to phenotypic screening. By extensive genotyping of the F» generation using
genomic markers [often based on single nucleotide polymorphisms (SNPs) or insertion—deletion (InDel)
polymorphisms in the genomes of two parental lines], causal loci responsible for the observed differences
in phenotype can be identified in QTL analysis, and will thus provide insights into the genetic architecture
of the studied trait. Each genotypic marker is assessed by applying analysis of variance (ANOVA), and
when the significance reaches a pre-formulated logarithm of the odds (LOD) threshold the genomic region
is claimed to be a QTL for a phenotype.

Major disadvantages of mapping in an F, population are that there are no replicates for each
genotype and that heterozygosity is prevalent in such a population, causing further segregation in
subsequent generations (Figure 1a) — both of which will increase genotypic variance that is difficult to
properly account for in QTL mapping. In addition, the limited number of recombination events per
chromosome generated by a single round of self-fertilisation means that genetic linkage between distant
regions is strong and large populations will need to be screened to achieve a sufficient mapping resolution
to be able to pinpoint genomic regions of interest.

In order to overcome most of the disadvantages described above, so-called ‘immortal’ inbreeding
and backcrossing populations have been developed in plant species that allow inbreeding (Wijnen and
Keurentjes, 2014). The most common ones are recombinant inbred line (RIL) and near isogenic line (NIL)
populations (Bazakos et al., 2017; Keurentjes et al., 2007). Recombinant inbred line populations are
acquired by selecting several F» plants and repeatedly self-pollinating these plants for six to eight
generations (Figure 1b). This will result in near homozygosity of all alleles and a large number of
recombination events which will increase mapping resolution. Near isogenic line populations are generated
through repeated backcrossing of F» plants to a recurrent parental line (Figure 1¢). Molecular markers are
then used to identify genomic regions of interest which will be selected for until the genetic background is
isogenic to that of the parent. Near isogenic line populations effectively allow the study of genomic
regions in isolation and individual lines can be easily backcrossed again to the parent of interest to fine
map causal loci. The genetic layout of each of these solutions introduces different types of population
structure and experimental pre-conditions that should be taken into account to properly identify genes
related to traits (Keurentjes et al., 2007).

The ever decreasing costs of full genome sequencing (Barabaschi et al., 2016) have led to the
development of diversity panels suitable for GWAS in many crop and model species (Bazakos et al., 2017;
Ingvarsson and Street, 2011; Korte and Farlow, 2013). These studies exploit naturally occurring variants
resulting from bi-allelic SNPs that have been recombining between genotypes through the course of
history of plant species (Figure 1d), as identified through whole genome sequencing. In this way,
thousands to millions of SNPs can be identified in diversity panels, to full saturation of the genome. The
process of continuous recombination out-crossing events typically lasts thousands to millions of years in
such panels. Co-segregating small genomic regions (also called linkage or haplotype blocks) in wild
species often span less than 1 kilobase pair (kbp). In crop species that have only recently been
domesticated, the size is generally less than 100 kbp. Compared with the linkage blocks of a few million
base pairs that are typically found in bi-parental mapping populations such as F», RILs and NILs, this is a
huge improvement. The result is that once a genomic region has been identified through QTL mapping
there will be only a few relevant candidate genes. This strongly accelerates gene identification and
overcomes the requirement for additional fine mapping experiments, especially for highly polygenic traits
such as photosynthesis; this has led to GWAS being widely adopted by forward plant geneticists (Atwell ez
al., 2010; Ingvarsson and Street, 2011; Tian et al., 2011).

Potential disadvantages of GWAS, compared with conventional bi-parental mapping studies,
generally include the low statistical power of finding QTLs. One of the reasons for this is that many
independent marker—trait association tests need to be made — which increases the threshold to control for
false positives. Additionally, in an ideal RIL population all alleles are present in a 1:1 ratio, while allelic
distributions in GWAS populations may be heavily skewed towards the major allele (Figure 1d), further
compromising QTL detection power (Korte and Farlow, 2013). Furthermore, the two-dimensional nature
of bi-allelic SNPs may be an oversimplification of reality since in natural populations many different
functional alleles exist and introduce extra variance into the analysis (Forsberg et al., 2015; Ingvarsson and
Street, 2011; Korte and Farlow, 2013). On top of these potential disadvantages, epitasis and epigenetics
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may further introduce variance that is difficult to account for in statistical models. Nevertheless, GWAS in
inbreeding plant species can be considered highly potent since replications can be used, which opens the
possibility of repeating the same experiment for confirmation or to account for genotype—environment
interactions (Brachi ez al., 2011).
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Figure 1. Schematic overview of the generation of different genetic mapping populations in inbreeding
plant species.(a) F> populations derived from a self-fertilised F' require only two generations to produce.
(b) Further self-fertilizing of F> lines for more than eight generations through single-seed descent will
result in fully homozygous recombinant inbred lines (RILs).(c) Parental backcrossing of the F> while
selecting for specific chromosomal segments will result in homozygous near isogenic lines (NILs) after
more than seven generations and a single round of self-fertilizing. (d) Diversity panels are collections of
independent, self-fertilised accessions (Acc.) that result from thousands of years of self- and cross-
fertilization and mutating between ancestral genotypes that can no longer be retraced
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BOX2. Evolution of photosynthesis phenotyping tools and their potential for phenomics

The genetic mapping of photosynthesis-related traits requires robust and efficient phenotyping protocols
that can be used to reliably assess these traits between different plant genotypes. A range of methods have
been developed in order to estimate the performance of photosynthesis-related traits in plant leaves. The
most important ones are listed here.

Measurement of leaf gas exchange

Infrared gas analysis technology allows direct measurements of carbon dioxide uptake and release and
water vapour release by plants (Long et al., 1996). Infrared gas-analyser systems intended for the
measurement of photosynthetic gas exchange are available as highly integrated systems, including, for
example, measurement systems for leaf temperature, irradiance and chlorophyll fluorescence, and with
extensive on-board data processing. Infrared gas analysis systems are accurate, but also expensive, and the
measurement protocols are generally time-consuming (Stinziano et al., 2017). They require an operator,
making them unsuitable for robotic use. Recently a method for the faster measurement of 4/Ci curves (net
CO; assimilation rate, A, versus calculated substomatal CO, concentration, Ci) has been proposed,
allowing a complete A/Ci curve to be measured in about 5 min (Stinziano et al., 2017) (this corresponds to
about 100 assessments per day). While this is a welcome advance, it needs to be seen in the context of the
potential need to measure 1000-2000 plants for a genome-wide association analysis, and to do this quickly
enough to avoid problems due to the variation in assimilation that can occur over even a day.

Assessment of chlorophyll content and other leaf reflectance-based methods

The reflectance spectrum of a leaf and changes in this reflectance spectrum can be a useful source of
biochemical and physiological information. In some cases reflectance-based measurements have been
developed for high-throughput phenotyping applications (e.g. measurement of the content of leaf
chlorophyll and other foliar pigments). In other cases optical methods, which have been developed for
more intensive laboratory applications, have not yet been used for high-throughput applications despite
being, in principle, suitable for this.

Measurement of chlorophyll content is often performed using laborious destructive protocols,
which greatly reduce their suitability for the high-throughput assessment required in genetic mapping
studies. Another problem arises from the variation of chlorophyll content over time (Flood ef al., 2016b;
Hardwick and Baker, 1974; Lin ef al., 2017). The foliar content of chlorophyll and other photosynthetic
(and non-photosynthetic) pigments can be measured via leaf reflectance measurements (Gitelson et al.,
2001, 2003, 2006) or by means of chlorophyll fluorescence (Cerovic et al., 2002; Gitelson et al., 1999).
These essentially optical methods can be readily implemented using narrow-band (i.e. via optical filters;
e.g. Flood et al., 2016b) or (hyper)spectral imaging (Yendrek et al., 2017), making them suitable for high-
throughput phenotyping.

Leaf reflectance or absorbance measurements have also been used to estimate physiological
properties connected with photosynthesis. The photochemical reflectance index (Gamon et al., 1997),
which is correlated with the de-epoxidation state of the xanthophyll-cycle pigment pool and thus the qE
component of non-photochemical quenching (NPQ) (Gamon et al., 1997; Herritt et al., 2016; Ruban et al.,
1993), has been developed for field- and even satellite-based remote sensing applications (Drolet et al.,
2005). The physiological traits Vcmax and Jmax, Which are commonly obtained from an analysis of A/Ci
curves, have been estimated from near-infrared reflectance data (Silva-Perez er al., 2018) using an
approach that would be highly suited to high-throughput applications. Other light-induced absorbance
change techniques that have been developed for intensive measurements of photosynthesis (the
electrochromic shift and absorbance changes induced by near-infrared light; Baker et al., 2007) could be
used in imaging-based, high-throughput applications — if this is technically feasible. So far, however, there
are no examples of these other potentially useful techniques being applied in fully automated, high-
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throughput applications, although some have been refined for use in hand-held field phenotyping
instrumentation (Kuhlgert ef al., 2016).

Chlorophyll fluorescence-based techniques

Chlorophyll fluorescence has been used extensively to measure photosynthetic processes in chlorophyll-
containing samples, such as isolated photosynthetic pigment-binding complexes, isolated thylakoids,
chloroplasts and leaves (reviewed in depth by Baker, 2008; Harbinson, 2018). Chlorophyll fluorescence is
the reverse of the light absorption process that forms excited states of chlorophyll a in the first place, and
while fluorescence occurs from all chlorophyll, it is from PSII that most fluorescence is emitted and the
yield of PSII fluorescence is strongly influenced by its physiological state (Figure 2). The most important
traits derived from chlorophyll fluorescence are photosynthetic efficiency (Fy'/Fn'), which is a measure of
photosynthetic efficiency in light-adapted leaves, and the maximum photosynthetic efficiency (Fv/Fm)
measured in dark-adapted leaves under conditions where the yield of photochemistry is maximal and no
rapidly relaxing NPQ is present. Modulated chlorophyll fluorescence techniques are the most commonly
used methods for measuring chlorophyll fluorescence in folio, and with these techniques a wide range of
physiologically useful parameters can be derived (Baker, 2008; Harbinson, 2018; Murchie and Harbinson,
2014). Chlorophyll fluorescence-based techniques are continuously being developed in order to improve
their efficiency. For example, a single assessment of NPQ in plants requires a long dark-adapted phase
lasting for 10-20 min (Baker, 2008; Murchie and Lawson, 2013). To overcome this requirement, Tietz et
al. (2017) developed a novel protocol termed NPQ(r), which drastically improved the speed at which each
measurement takes place. The relative ease with which chlorophyll fluorescence methods can be applied
using imaging techniques means that they are widely used in the high-throughput phenotyping of
photosynthesis.

Fluorescence Heat dissipation

Photochemistry

Figure 2. The fate of quanta absorbed by photosystem II.The absorption of photons by photosystem Il
results in the formation of excited, energy-rich chlorophyll a molecules. These can be used to drive
photochemistry, they may lose their energy as heat or they may lose the energy by re-emitting it as a
photon (fluorescence). Photochemistry in photosystem Il drives the oxidation of water and the reduction of
plastoquinone and is the start of the linear electron transport chain. The linear electron transport chain
drives carbon assimilation. Heat dissipation in the form of non-photochemical quenching is a regulated
process that is controlled to dissipate excited states of chlorophyll a that are in excess of the needs of
photochemistry. Non-photochemical quenching is a protective process, as by dissipating the excited states
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as heat it reduces the potential for producing damaging reactive oxygen species in photosystem IL
Whenever the rate of one of these parameters changes, the rates of the other two are adjusted
proportionately. This makes chlorophyll fluorescence a sensitive and thereby extremely useful tool for
assessing photosynthetic performance in plants.

Basic Principles of the Green Machine

Photosynthesis is a diverse physiological process that couples the energy of absorbed quanta to
metabolism, permitting otherwise endergonic reactions to proceed. Oxygenic photosynthesis, which occurs
in cyanobacteria, algae and plants, is the dominant type of photosynthesis and sustains most life in the
biosphere. In short, photosynthesis comprises the following steps: (i) light absorption by
photosynthetically coupled pigments (primarily chlorophylls) in PSI and PSII; (ii) the use of this absorbed
energy to drive chemical reactions that result in the formation of energy-rich metabolically useful
compounds (reduced ferredoxin or NADPH, and ATP); (iii) and metabolic activity driven by NADPH,
ferredoxin or ATP (see Figure 3 for an overview). The most conspicuous of the metabolic processes
coupled to photosynthesis is CO; fixation, which is driven by the light-independent photosynthetic carbon
reduction cycle (also called the Calvin cycle), which eventually results in the formation of sugars (initially
as sugar phosphates) and starch. Next to underpinning most life in the biosphere, photosynthesis is the
fundamental process for agricultural productivity. Photosynthetic efficiency, i.e. the efficiency with which
light is used to drive the photosynthetic processes, is an essential measure of photosynthetic performance
(Baker, 2008; Maxwell and Johnson, 2000). It effectively dictates the amount of light energy that is
required in photochemistry to fix a unit of carbon dioxide. It is this process of carbon dioxide fixation that
contributes most to biomass formation. The regulation of photosynthetic light harvesting and electron
transport is dominated by the need to moderate the production of reactive oxygen species (ROS) as a by-
product of photosynthetic chemistry. Both superoxide and singlet dioxygen (molecular oxygen) can be
formed directly by the photosynthetic light-harvesting and electron transport systems. To this end, various
processes, such as NPQ, the production of anti-oxidants and the regulation of electron transport, are
present to moderate the formation of ROS and detoxify them if they are formed. These protective
mechanisms are activated in response to stressful light conditions, either due to too much incoming light
and/or as a result of physiological stress, to reduce the rate of formation of ROS by photosynthesis.

co, CO, Sugar, Starch

= ATP

ADPU

H

H  NADPH

ATPase

Oz M. H
LUMEN B \_/

Figure 3. A summary of photosynthesis. Light energy is used by photosystem II (PSII) to oxidise water and
reduce plastoquinone (PQ) to plastoquinol. The reducing equivalents on plastoquinol move through the
electron transport chain via the cytochrome bg/f complex and plastocyanin, and are used by photosystem |
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(PSI) to reduce ferredoxin, a process that is also light-driven. Reduced ferredoxin in turn reduces NADP*
to NADPH via the enzyme ferredoxin NADP oxidoreductase (NR). The oxidation of water by PSII and the
oxidation of plastoquinol by the cytochrome bg/f complex liberates protons (H") into the thylakoid lumen,
generating a proton potential difference between the thylakoid lumen and the stroma. Protons passing
down this proton potential difference through the ATPase drive the phosphorylation of ADP to form ATP.

Non-photochemical quenching in PSII is an important photoprotection mechanism. The absorption of
quanta by PSII results in the formation of excited states of chlorophyll @ in PSII. These are used to drive
photochemistry in PSII and photosynthetic electron transport that result in the formation of NADPH and
ATP. If the rate of formation of excited states of chlorophyll @ in PSII exceeds the metabolic demands of
photosynthetic metabolism, and thus photochemistry in PSII, the activation of NPQ ensures that the excess
of excited states is dissipated as heat (Murchie and Harbinson, 2014). The activation of NPQ depends on
decreases in the pH of the thylakoid lumen which will occur if the rate of proton deposition into the lumen,
as a result of photosynthetic electron transport, exceeds the use of these protons by ATP synthesis
(Figure 3). An increase in proton concentration leads to a fall in lumen pH, protonation of photosystem
subunit S (PsbS) and the activation of violaxanthin epoxidase, which leads to the epoxidation of
violaxanthin to antheraxanthin and eventually zeaxanthin (Latowski, et al., 2011). Both the protonation of
PsbS and the formation of antheraxanthin and zeaxanthin contribute to the formation of NPQ in PSII.
Essentially then, NPQ thermally dissipates excited states of chlorophyll a, reducing the concentration of
these excited states in PSII and reducing the risk of photodamage due to ROS formation. When light
conditions become favourable again (i.e. lower), or when the plant adapts to the new light environment
(i.e. photosynthetic capacity increases), lumen pH increases, deprotonating PsbS and activating a de-
epoxidase that converts zeaxanthin and antheraxanthin back to violaxanthin. In this way, NPQ protects the
integrity of the photosystems and reduces photodamage (Miiller et al., 2001).

The Genomic Complexity of Photosynthesis

Photosynthesis is arguably the trait that above all others sets plants and algae apart from other,
heterotrophic, eukaryotes, and their needs have largely driven the evolution of plants as terrestrial
organisms over the past 450 million years. The importance of photosynthesis to the nature of plants can be
seen by comparing parasitic plants with their more typical autotrophic relatives. The anatomy of parasitic
plants is often reduced to only haustoria-like structures and reproductive organs (Kokla and Melnyk,
2018), and frequently there is the loss of plastids and photosynthetic genes (Hadariova et al., 2018; Vogel
etal., 2018).

In the course of evolution, many genes originally residing on the chloroplast genome have moved
to the nuclear genome, but their proteins are still mostly active in chloroplasts. A specific, conserved,
sequence tag encoding the so-called ‘chloroplast transit peptide’ needs to be present in genes located on
the nuclear genome in order for the translated protein to be properly transported into the chloroplasts
(Bruce, 2000). Using the presence of this sequence tag for the transit peptide as a criterion for a
photosynthetic gene, roughly 10-15% of plant genes are involved in photosynthesis (AGI 2000, Leister,
2003; Richy and Leister, 2004; van Rooijen et al., 2015). Given that the chloroplast genomes of
embryophytes are estimated to contain only about a hundred of these genes, most of the genes coding for
chloroplast-targeted proteins reside within the nuclear genome and can be genetically mapped — which
amounts to roughly 3000 genes in the genome of Arabidopsis alone.

Although mutations in the chloroplast genomes can potentially have strong adverse effects on
photosynthesis in plants they cannot be genetically mapped due to their strictly maternal inheritance in
nearly all species and the absence of meiotic recombination. For example, a single nucleotide mutation in
the chloroplast gene Photosynthesis Subunit A (PsbA) reduces the photosynthetic efficiency of Arabidopsis
(El-Lithy et al., 2005). PsbA encodes for the D1 protein, a reaction centre protein of PSII, so it is involved
in charge separation in PSII and the subsequent transfer of electrons to downstream electron acceptors
(Figure 3). This process is blocked entirely by binding of the herbicide atrazine to the D1 protein (Barros
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and Dyer, 1988; Kuhn and Boger, 1990). A point mutation causing a Ser264—Gly substitution in D1 leads
to a reduction in the efficiency of PSII charge separation (Barros and Dyer, 1988; Kuhn and Boger, 1990).
This mutation prevents atrazine from binding to the D1 protein, making the plant atrazine resistant, but at
the cost of reduced photosynthetic efficiency and reduced growth. Despite the reduction in growth this is a
viable phenotype, especially in atrazine-treated areas (El-Lithy et al., 2005; Flood et al., 2016a). This
shows that strong artificial selection pressure is required in order to select for substantial negative
chloroplast effects on photosynthetic efficiency. The contribution of other functional chloroplastic (or even
mitochondrial) variation to phenotypic variance for photosynthesis in natural genetic populations or crop
species accessions is currently unknown. However, such variation may in part be responsible for genetic
variance for photosynthesis-related traits that cannot be accounted for in GWAS, also known as missing
heritability (Brachi ez al., 2011; Zuk et al., 2012). Analytical pipelines or statistical models that can take
this variation into account will need to be developed. Identification of the phenotypic effect of chloroplast
mutations could be performed by comparison of reciprocal F» or RIL mapping populations, in which the
nuclear genome segregates in two different cytoplasmic backgrounds (El-Lithy et al., 2005). Alternatively,
cybrids, cyto-swaps or cytolines may be used, in which a full nuclear genome is transferred to another
cytoplasmic background, replacing the original nuclear genome, for example by recurrent backcrossing
(Miclaus et al., 2016; Roux et al., 2016).

The conserved composition of photosynthetic complexes coupled with the importance of the
process implies that not all nuclear-encoded chloroplast-targeted proteins are likely to have significant
natural genetic variation (e.g. essential genes involved in maintaining the chloroplast membranes). For
other genes associated with photosynthesis, but not coding for elements of the typically multicomponent
photosynthetic complexes and enzymes, the situation may be different. van Rooijen ef al. (2015) identified
SNPs associated with variation in the recovery of photosynthetic efficiency after transition from low to
high light. Associated with these SNPs were genes so far not linked to photosynthesis, although these were
enriched for genes encoding chloroplast proteins. The large number of genes encoding chloroplast-targeted
proteins found in the nuclear genome still leaves plenty of room for the discovery through forward genetics
of novel nuclear genes involved in photosynthesis-related traits. Sequencing efforts in parasitic plants,
which have lost a significant part of their photosynthetic capability, may provide further insight into their
identification (Vogel et al., 2018). The fact that little research has been performed to identify such genes
means that there is also still a lot to discover about the function of such novel genes in photosynthesis.

Insights from Genetic Mapping Studies into the Genetic Architecture of Plant Photosynthesis

From the above it is clear that photosynthesis is a complex quantitative trait that involves many genes.
Quantitative trait locus mapping is an effective and widely used research tool to unravel quantitative traits,
as it allows the unbiased discovery of the underlying functional variants of relevant genes. The diversity of
genetic mapping studies seeking to dissect the genetic architecture of photosynthesis-related traits has
increased markedly, which can be attributed to the awareness of the need to improve photosynthesis (Flood
et al., 2011; Leister, 2003; Long et al., 2006; Zhu et al., 2010). Popular QTL-mapping population types
such as RIL and NIL populations have been used to discover genetic variation and genes that contribute to
variation in photosynthetic efficiency for a wide variety of species (e.g. Adachi et al., 2011, 2014; Gu et
al., 2012; Yan et al., 2015; Oakley et al., 2018; de Oliveira Silva et al., 2018). The design principles for
these population types are described in Box 2. In line with what is expected of the genetic architecture of
quantitative traits (Atwell et al., 2010), most studies find multiple QTLs for photosynthesis-related traits
with a small effect size (Yan et al., 2015; de Oliveira Silva et al., 2018), which confirms the highly
polygenic nature of the trait. Nevertheless, large-effect QTLs were found by Oakley et al. (2018) who
assessed photosynthetic performance in a large RIL population of Arabidopsis exposed to cold stress. They
concluded that the recovery of photosynthesis to cold was controlled by only a few loci, which indicates
that some specific photosynthesis-related traits are influenced by functional genetic variation in a limited
number of genes. Adachi er al. (2011) characterised several regions associated with improved leaf
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photosynthesis by phenotypic analysis of a backcrossed NIL population composed of a commercial rice
variety (Koshihikari) containing introgressions from a cultivar with high photosynthesis (Habataki).
Subsequent introgressions of two of these loci into the Koshihikari genome significantly improved both
total accumulated biomass and the rate of photosynthesis of the recipient genotype (Adachi et al., 2014).
As such, Adachi ef al. (2011, 2014) showed that improving photosynthetic efficiency through conventional
breeding is a feasible strategy for further improving rice yield.

To summarise, photosynthesis-related traits are generally controlled by many QTLs with a small
effect size and this reflects the results from genome-wide analyses of photosynthesis-related genes. Large-
effect QTLs can nevertheless be detected for specific photosynthesis-related traits, which signifies the
relevance for forward genetic screening. A random genomic region of a few million base pairs in size —
which is a common size for introgressions in NIL populations and of QTL confidence regions identified in
RIL populations — can easily encompass hundreds of genes, of which only one may be involved in the
specific trait. To localise the causal gene(s) in such a gene pool would require a significant effort through
follow-up fine mapping experiments (Adachi et al., 2017). Given the lengthy breeding process needed to
improve the photosynthesis of crop species, based on newly identified genes, and the few decades left to
meet the increased global demands of plant production (Kromdijk and Long, 2016), a more efficient gene
identification pipeline is desirable. An advantage of GWAS over conventional bi-parental mapping
population studies is the greatly improved genomic resolution with which causal genetic loci can be
pinpointed (Box 1). As such, GWAS have the potential to result in much smaller lists of candidate genes
that may control the traits of interest, and at a high density of SNP markers many associated loci may be
identified. This would potentially allow faster identification and application of newly discovered genetic
variation.

There have so far been only a limited number of GWAS aimed at elucidating photosynthesis-
related traits, and an overview of all published studies we could identify is given in Table 1. Where
generally few highly significant QTLs can be found in bi-parental mapping studies, most GWAS report
numerous trait-marker associations. Many of these reach just above the LOD thresholds set to declare a
region of significant interest, even after strong statistical corrections for population structure and/or
experimental variance are applied (e.g. Hao et al., 2012). Most make only a small contribution to the total
phenotypic variation. These findings illustrate the classic dichotomy between GWAS and bi-parental
mapping studies; the former are more accurate at pinpointing causal variants and the latter are more
powerful at detecting phenotypic differences caused by such variants (Bazakos et al., 2017). Nevertheless,
QTLs in GWAS often identify SNPs that locate in or near genes that have a predicted role in
photosynthesis-related traits following Gene Ontology enrichment analyses, which sets the precedent for a
closer investigation of those genetic loci (Dhanapal et al., 2016; Herritt et al., 2016; van Rooijen et al.,
2017; Wang et al., 2017). Functional characterisation of these genes may greatly advance our knowledge
of the genetic regulation of photosynthesis and potentially lead to the discovery of new traits and genes
that could be targets in plant breeding programmes (Box 3). Such characterisation will require additional
physiological analysis of near-isogenic genotypes, such as mutants and wild types, including detailed, low-
throughput leaf or plant gas exchange measurements, comparative transcriptomics, promoter studies, etc.,
as is common in gene function analysis.
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BOX3. Highlights of two studies on functional genetic variation of plant photosynthetic efficiency

These studies have been selected to demonstrate the potential of using genetic mapping approaches to
unravel genetic variation in photosynthetic traits up to the DNA sequence level. Causal genetic variation in
selected candidate genes and their effects were confirmed in follow-up reverse genetics, and as such these
studies fulfil the aim of characterising the impact of genetic variation on the phenotype.

Example 1: Natural variation in OsPsbS-1 affects NPQ in rice

Improving the rate at which NPQ is induced and relaxes will ensure that the level of photoprotection
matches the level of incoming sunlight, which fluctuates drastically in field-grown crops (Murchie, 2017;
Ruban, 2017). This trait is increasingly being recognised as a priority target for genetic improvement to
boost crop productivity (Long et al., 2015; Taylor and Long, 2017). Violaxanthin de-epoxidase, zeaxanthin
epoxidase and PsbS are the key regulators of the early, energy-dependent phase of NPQ (also known as the
qE phase). Kromdijk er al. (2016) overexpressed these genes in tobacco and observed a higher
accumulation of biomass in tobacco plants growing under field conditions compared with wild-type
control plants, demonstrating the potential to improve NPQ to greatly benefit crop yield (Long et al.,
2015).

Wang et al. (2017) explored natural variation of NPQ in 529 field-grown rice accessions and made
use of a handheld pulse amplitude modulation fluorometer to assess the rate of NPQ in excised leaf parts.
Two major marker—trait associations were discovered, one of which located to OsPsbS-1 and explained
more than 40% of the total genetic variance for NPQ in the rice diversity panel. Major allelic variation —
which included a 2674-bp InDel located near the promoter region of OsPsbS-1 — explained significant
differences in the rate of NPQ, while no functional genetic variation was found that affected the strongly
conserved protein sequence. Subsequent analysis confirmed that allelic regulation of OsPsbS-1 expression
was strongly correlated with NPQ. The ability to detect significant functional variation in OsPsbS-1 by
means of genetic mapping can be considered as a proof of concept of the idea that candidate genes
belonging to important photosynthetic processes can be retrieved using genetic mapping approaches.
Consistent with the hypothesis put forward by Miiller ez al. (2001) that the xanthophyll cycle and PsbS
alone cannot account for total NPQ that takes place in plants during qE, Wang et al. (2017) discovered
more than 30 additional loci that affect NPQ, some of which explained medium to high proportions of the
phenotypic variance. This suggests that the regulation of NPQ in rice can be improved beyond the known
core genes. Several of the marker—trait associations were confirmed using a bi-parental F» mapping
population, and thus Wang et al. (2017) also demonstrated the power of applying both association panels
and bi-parental mapping populations to discover and validate functional allelic variation in genetically
complex traits such as photosynthesis.

Example 2: The role of YELLOW SEEDLING 1 in the high-light acclimation response of
Arabidopsis

Plant acclimation to changes in irradiance intensity induces various responses at the genetic, molecular and
physiological levels (Athanasiou et al., 2010; Bailey et al., 2004; Koufil et al., 2013; van Rooijen et al.,
2018). van Rooijen ez al. (2015) presented the first association mapping study in which high-throughput
phenotyping of photosynthesis-related traits was employed to elucidate these responses in Arabidopsis.
They performed a GWAS of 344 accessions of Arabidopsis to study light acclimation after a stepwise
increase in growth light intensity, after which photosynthetic efficiency (Fy'/Fn' or @PSII) was tracked
multiple times a day for 4 days. Short- and long-term acclimation responses were identified, leading to the
discovery of marker—trait associations that were present in different phases of light acclimation or
throughout the experiment, effectively dissecting long-term light acclimation into different phases with the
potential to derive different molecular mechanisms that account for them. By employing quantitative
complementation methods with knockout mutants (Turner, 2014), allelic variations of several candidate
genes were investigated to determine the light acclimation response in Arabidopsis. Allelic variation in
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YELLOW SEEDLING 1 (YSI) made a significant contribution to long-term acclimation to high light. YSI1,
a pentatricopeptide repeat protein, locates to the chloroplasts and is involved in the modulation of RNA
and chloroplast development (Kindgren et al., 2012; Zhou et al., 2009). It may be a key player in the
development of chloroplasts in young leaves in response to high light conditions (van Rooijen et al.,
2017). This finding may contribute to the little-understood transcriptional regulation of photosynthesis
(Imam et al., 2014; Yu et al., 2014) and it demonstrates the power of using chlorophyll fluorescence in a
high-throughput phenotyping facility to dissect a complex photosynthetic trait.

These studies are a first probe into identifying and characterising alleles of genes affecting
photosynthetic processes. The extent to which these or other alleles may improve crop yield is unknown
and may be tested in follow-up experiments.

Challenges of Phenotyping Photosynthesis-Related Traits

Diversity panel and bi-parental genetic mapping populations have been assessed for a large variety of
different phenotypes related to photosynthesis. In the majority of these studies, however, single
measurements are assumed to give a representative summary of the trait performance of plants. A
particular problem with photosynthesis is that it quickly adapts to changes in the physical environment of
the plant (e.g. to changes in light intensity, temperature and water or nutrient availability). Photosynthesis
also responds strongly to stress, it often shows a diurnal rhythm and it changes according to the
developmental stage of the plant. Choosing the exact timing for phenotypic evaluation of environmental
responses to photosynthesis can be very challenging, as shown by the response curve of photosynthetic
efficiency after a stepwise increase in light irradiance generated by high-throughput phenotyping in Figure
4. The outcome of the statistical test drastically changes over time, and even within a single day. Thus, if
only a single measurement of the plants was made its timing would determine the conclusion about
whether future investigations would be worthwhile or not.
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Figure 4. High-throughput analysis of the response curve of natural Arabidopsis accessions Tanzania 1
(CS75924) and Landsberg erecta 0 (CS76164) to a stepwise increase in photosynthesis, starting from the
second day of observations. Plants were grown as described by van Rooijen et al. (2015). Twelve
replicates of each genotype have been assessed. Error bars depict +1 standard error. Asterisks indicate
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significant (P < 0.05) differences over time and have been determined by applying Student's t-test. If no
asterisk is indicated at a time point there was no significant difference between the photosynthetic
efficiency of the two accessions. Each set of four data points, connected by a line, represents
measurements for a single day [low light (LL), 100 umol m>sec™! or high light (HL), 500 umol m ’sec™"].
Data points should be read as follows: measurement of LL1.1 is taken at 09:00, LL1.2 at 11:30, LL1.3 at
14:30 and LL1.4 at 16:00, and the same for HL.

Even when applying stable light regimes that are used to reduce undesired phenotypic variation, both
short- and long-term genetic variation in photosynthetic performance can be detected in the appropriate
phenotypic setting (Flood et al., 2016b). This fluidity of photosynthesis creates particular challenges for its
measurement. Accurate phenotyping of photosynthesis usually requires multiple measurements over the
course of the day and over the life of the plant, or at least over a period long enough to encompass the
changes in the process that are relevant to the photosynthesis-related trait of interest. In this section,
various aspects of photosynthesis are discussed which require future attention in genetic mapping studies,
but which impose serious challenges to phenotyping strategies. Photosynthetic responses due to
environmental change are among those where most genetic variation is expected and novel traits are to be
discovered (Lawson et al, 2012), but which are simultaneously the most difficult to properly track
(Murchie et al., 2018; Rungrat et al., 2016).

Fluctuating light

Light is the most variable resource throughout a plant's life. Plants growing under natural conditions
experience constant fluctuations in the availability of light. Apart from the diurnal sun cycle, fluctuations
are caused by the waving of leaves in the upper canopy, causing shadows on lower leaves (sunflecks), and
drifting clouds blocking and exposing sunlight (cloudflecks) (Kaiser et al., 2018). Long-term light
fluctuations include changes in weekly weather conditions and even seasonal variation, which affect
plant development and photosynthetic efficiency. Recent insights into mismatches between incoming light
and the ability to put that energy into use in carbon assimilation as a result of light fluctuations showed that
these can cause considerable growth penalties and reduction in photosynthetic carbon assimilation in
photoautotrophic organisms (Zhu et al., 2004; Graham et al., 2017; Vialet-Chabrand et al., 2017; Taylor
and Long, 2017; Morales et al., 2018; Slattery et al., 2018). This has been further demonstrated in
Arabidopsis plants that lack functional genes involved in photoprotection and light adaptation, such as in
the PsbS npg4-1 (Li et al., 2002) and glucose 6-phosphate/phosphate translocator 2 (gpt2) (Athanasiou et
al., 2010) mutants. Improvement of regulatory processes and adaptation mechanisms that allow plants to
improve their physiological responses to fast and slow changes in light availability is highlighted as a
promising path for improvement of crop photosynthetic efficiency (Long et al., 2015; Kromdijk et al.,
2016; Taylor and Long, 2017; Morales et al., 2018).

Plants have developed various types of adjustment mechanisms to cope with incoming light, of
which the short-term photoprotective mechanism of NPQ is one of the best investigated. In contrast to
most traits related to light acclimation, rapid protocols are available for evaluating NPQ (Baker, 2008) and
these have been successfully applied to discover significant allelic variation in PsbS in field-grown rice
(see Box 3). Beyond PsbS-driven NPQ, additional mid- and long-term adaptations include movement of
chloroplasts (Bailey et al., 2004; Wada et al., 2003) and the redistribution of light-harvesting complexes
and reaction centres at the molecular level (Koufil ez al., 2013), as well as long-term adaptations in leaf
architecture (Tardieu ef al., 2017; Vialet-Chabrand et al., 2017). The constant switching of photosynthetic
activity in response to changes in irradiance in both long and short terms requires a complex network of
signalling mechanisms and regulatory gene networks in order to drive physiological adaptation; as sessile
organisms, plants have to adapt physiologically as they are largely unable to evade increased irradiance or
to relocate themselves to brighter spots under conditions of light shortage. Substantial heritability was
found by van Rooijen et al. (2015) for several photosynthesis-related traits present during acclimation to a
stepwise change in light intensity for 12 natural Arabidopsis accessions. Measuring rapid plant responses,
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long-term acclimation and the relationships between these traits over time will impose challenges for high-
throughput phenotyping and interpretation of short- and long-term light adaptation in populations of a size
that allows bi-parental and/or association mapping.

Crop canopy architecture

In crop canopies, light availability is unevenly spread between top leaves and shade leaves and this affects
the rate of photosynthesis between different canopy levels (Wilson and Cooper, 1969; Stewart et al., 2003;
Zhu et al., 2012; Murchie, 2017). Strong discrepancies between incoming irradiance at the top canopy and
bottom leaves are particularly prevalent in densely grown, vertically structured crop species such as maize,
soybean, wheat and other cereals. Much of the scientific attention in crop modelling is on sun-exposed
leaves, but shade leaves are a significant factor that may account for over 50% of carbon assimilation in
crop canopies (Zhu et al., 2004, 2012). An uneven spread of incoming irradiance leads to heterogeneous
exposure of plant leaves across the crop canopy and introduces patches of activated and de-activated
photoprotective mechanisms (Murchie, 2017), which leads to de-optimisation of photosynthetic efficiency,
carbon assimilation and eventually crop biomass accumulation. While optimising canopy architecture
together with leaf-level functioning in the canopy is a clear route to improving photosynthetic efficiency of
the canopy, and the canopy is the agricultural unit of production, the difficulties of fully assessing canopy
architecture and within-canopy functioning are technologically burdensome. Not only must the canopy be
mapped in space and time, but processes within the canopy (both physical and physiological) also need to
be tracked in detail, which at the moment is not feasible on a large scale over time. Decreasing leaf
chlorophyll content to allow more radiation into the canopy is a possible route to improving canopy
photosynthetic efficiency (Ort et al., 2011, 2015). This should result in minor reductions in overall
photosynthetic efficiency while significantly saving on nitrogen input (Slattery et al., 2018; Walker ef al.,
2018). Therefore, this trait has received considerable attention in GWAS (Dhanapal et al., 2016; Hao et al.,
2012; Lin et al., 2017; Wang et al., 2015).

Photosynthesis affected by abiotic stresses

The importance of the effect of the environment on the photosynthetic machinery is reflected by the
number of genetic studies that aim to investigate plant—environment interactions (Fiedler et al., 2016;
Herritt et al., 2016; Oakley et al., 2018; Strigens et al., 2013). The response of the photosynthetic
machinery to cold is the most popular area of study, which may be related to the conspicuous effect that
low temperatures have on crop growth, especially in cool-temperate regions. Cold stress slows down the
activity of photosynthesis — as it does all metabolic and diffusion-dependent processes — but low
temperatures slow down plant growth more than photosynthesis, which results in photosynthesis becoming
restricted by sink activity. Any restriction of photosynthesis will increase the extent of either photodamage
to PSII (also known as photoinhibition; see Long et al., 1994; Takahashi and Murata, 2008; Nishiyama and
Murata, 2014) or the extent of slowly reversible down-regulation of PSII (Demmig-Adams and Adams,
2006; Murchie and Harbinson, 2014). F\/Fn represents the maximum quantum yield capacity of the
photosynthetic machinery in plants, and can be determined on the basis of chlorophyll fluorescence. In the
case of photodamage, low temperatures will simultaneously inhibit the synthesis of the D1 protein.
Photodamage to PSII and the slowly reversible down-regulation of PSII will both manifest themselves as a
slowly reversible loss of the Fy/Fi chlorophyll fluorescence parameter and are thus difficult to simply
distinguish from each other (Murchie and Harbinson, 2014). This slow reversibility of the loss of Fy/Fi,
results in a loss of photosynthetic efficiency under more physiologically permissive conditions, and thus in
lost productivity (e.g. Stirling et al., 1991). Photoinhibition and slowly reversible down-regulation of PSII
are universally induced by many abiotic stressors, including, but not limited to, salinity, drought and heat
stress (Nishiyama and Murata, 2014), even though there is variation in the exact physiological causes (e.g.
ion toxicity, which interferes with protein cofactors, is specific to salinity stress). As photosynthesis is the
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main driving force behind plant productivity, the discovery of traits that maintain photosynthetic
functioning under environmental pressure is highly desirable (Rungrat et al., 2016). F\/F, (see Box 2) has
been widely adopted in plant science to assess stress in plant leaves, primarily because unstressed leaves
always tend to reach a value of around 0.83 for this trait in all plant species (Bjorkman and Demmig, 1987)
but also because it is easily assessed using handheld devices (Murchie and Lawson, 2013). Generally, the
use of the dark-adapted F\/Fi, to measure stress means that photosynthesis is being used as a probe of the
plant's physiological state — the loss of photochemical efficiency may be a secondary effect to a more
significant stress acting elsewhere. The loss of photosynthetic function in plants due to abiotic stresses is
best described as a curvilinear transitory processes rather than a stepwise physiological transition. Insights
into these plant response curves for photosynthesis may provide valuable information on how the
photosynthetic machinery is preserved under environmental constraints — this is important for the recovery
of photosynthetic efficiency after the stress has been alleviated. Response curves can only be constructed
by repeated direct measurements of photosynthesis-related traits and can subsequently be used to map
specific phases of stress induction, recovery and adaptation.

Photosynthesis affected by biotic stresses

Next to abiotic stresses, crop plants are being attacked continuously by different types of organisms that
may have a severe impact on the integrity of plant tissue. Imaging techniques are being adopted as a
convenient method to detect early infections of plant leaves (Scholes and Rolfe, 2017; Araus and Cairns,
2014; Singh et al., 2016; Zhao et al., 2016). However, as with abiotic stresses, biotic stresses also affect
plant photosynthesis (Cheng et al., 2016) and this may affect overall plant metabolism (e.g. root infections
affect the nitrogen metabolism required for supporting photosynthesis-related proteins) (Berger et al.,
2007) and expression of photosynthesis genes (Bilgin et al., 2010). Elucidating genetic variation that
controls the physiological responses of the photosynthetic apparatus under biotic stress has not been
studied in any of the QTL works reported in this review and might be a topic of future investigations. The
difficulty in the phenotyping of such traits resides in the spatial tracking of the impact of microbes at their
sites of infection and high-resolution phenotyping would be required to do this.

Many aspects of crop photosynthesis described here may become more important in the near
future, for example because heat and drought stress are thought to affect crop production (Schauberger et
al., 2017; Zhao et al., 2017) or because the traits linked to certain phenotypes are highly potent to further
improve the genetic yield potential of crops (Lawson et al., 2012; Long et al., 2015; Ort et al., 2015).
Single measurements — while they can be very important (Box 2) — may still only be able to capture a
limited spectrum of traits that are involved in adapting and maintaining photosynthesis under growing
conditions as described here. Thus, more physiologically complete phenotyping technologies have to be
adopted to truly analyse traits and genes that may contribute to improve photosynthesis.

Towards High-Throughput Phenotyping to Study Natural Variation in Photosynthesis

Phenomics is often characterised as the collection of multidimensional phenotypic data covering
physiological traits, from the cellular level up to the whole organism (Houle et al., 2010). This includes
taking into account phenotypic plasticity induced by different environments and the developmental
progression of the plant (Furbank and Tester, 2011; Tardieu et al., 2017). In theory, the phenome of plants
comprises a near endless realm of spatial and temporal phenotypes that result from the interaction of a
range of plant traits with each other and the environment. In practice, plant phenomics for genetic studies
is often resolved as breaking down universal, whole-plant phenotypes into separate ones — in space or time,
or both — following the logic that each ‘sub’ trait is being controlled by a smaller number of genes
(Figure 5). Functional variation within such traits, which is only controlled by a subset of genes, is
expected to show stronger trait associations in genetic analysis than when more general phenotypes are
recorded, thus improving phenotypic resolution (Tian et al., 2011; Yang et al., 2014; Crowell et al., 2016;
Zhang et al., 2017; Prado et al., 2018). This was conceptually verified by Crowell et al. (2016) who
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dissected the trait of panicle size into 42 distinct and targeted traits in rice. Strong marker—trait associations
were found linked to distinct genes in genomic regions that were otherwise identified as weaker single loci
contributing to yield, in addition to new ones that could not be detected by using a universal major
phenotype. This implies that an important bottleneck in GWAS, namely its low detection power, can be
overcome by high-resolution phenotyping.

Conventional phenotyping Phenomics approaches
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Figure 5. Converging genomics and phenomics. In genetic mapping studies, a heritable, quantitative trait
of interest is usually determined as a one-time assessment — here represented as an assessment of carbon
assimilation in a plant leaf. Such traits are highly polygenic since different processes controlled by many
more genes are responsible for their phenotypic outcomes. This results in many, barely significant (low
power) quantitative trait loci (QTLs). Phenomics approaches allow the physiological and/or temporal
phenotypic dissection of the trait, effectively splitting it into many traits. These traits are individually
controlled by a subset of genes and/or pathways, which makes functional variation in one or a few genes
belonging to this subset much more pronounced and thereby more detectable.

The development of imaging technology has greatly expanded in the past decade as a result of the adoption
of chlorophyll fluorescence and hyperspectral techniques as sophisticated plant phenotyping analysis tools
(Box 2). The introduction of handheld fluorescence devices, such as the Multispec (Kuhlgert et al., 2016)
and tools to measure the soil plant analysis development (SPAD) index, have reduced the time needed for
assessing photosynthesis-related traits and opened the possibility for genetic mapping studies of
photosynthesis even in the field. A thorough analysis of traits such as photosynthetic efficiency is still
challenging, as is obvious from the limited number of phenotyping moments that can be accomplished in
the time between sowing and harvesting, especially in field experiments (see Table 1). Particularly
problematic is the incorporation of both short-term physiological responses and longer-term acclimation of
photosynthesis in phenotyping assays that are highly sensitive to environmental fluctuations, that are

37



Chapter 2

controlled by different genetic pathways and that are acting at different time points. These features
strengthen the demand for sophisticated phenotyping facilities (Flood et al., 2011; Kaiser et al., 2018;
Murchie et al., 2018; Rungrat et al., 2016).

Understanding the problem of this phenotypic bottleneck led to the development of phenotyping
facilities capable of high-throughput measurement of photosynthesis-related traits and growth parameters
for a large number of plants (e.g. Cruz et al., 2016; Jansen et al., 2009). Facilities that also have the
capacity to conduct GWAS or bi-parental mapping populations are still rare, but are emerging (e.g.
Cabrera-Bosquet et al., 2016; Flood et al., 2016b; Tschiersch et al., 2017). A key reason for this is the
financial burden of investing in photosynthesis phenotyping facilities that are able to evaluate phenotypes
for hundreds to thousands of plants — corresponding to the size of diversity panels with replicates, suitable
for GWAS for example — several times per day within an interval of less than an hour (Fahlgren et al.,
2015). Considerations concerning the experimental design of such facilities have to be taken into account,
and will depend on traits of interest that are to be evaluated. We have already highlighted some of the
photosynthetic traits that can be evaluated, each requiring different demands with respect to measuring
tools and protocols to be used by the phenotyping facility. High-throughput data acquisition can be defined
along two dimensions, temporal and spatial. High throughput on the temporal scale is achieved by
repeating measurements over time. This requires a quick, but reliable, phenotyping protocol. Spatial high
throughput is achieved by the ability to measure many plants within a short time, usually achieved by
robotic instruments. The relevance of either axis will heavily depend on the trait under investigation, while
the feasibility of doing so depends on the plant type, its developmental stage and its growing requirements.

Design approaches can be grouped into three different phenotyping principles and are generally
formulated through trade-offs between crop size, high-throughput level of the method and the degree to
which natural (field) growth conditions are met: moving the plant to the phenotyping sensors; moving the
phenotyping sensors to the plant in a closed, controlled environment; and phenotyping in an open field or
natural environment. The strengths and caveats of these design principles are critical to effective

phenotyping.

Moving the plant to the phenotyping sensors

The most important staple crops are rice, maize, wheat and soybean. Given their relative importance it is
unsurprising that such species are of major interest in GWAS that aim to identify the genes underpinning
photosynthetic efficiency (Table 1). The complex architecture of these plants, especially when compared
with Arabidopsis rosettes, implies that three-dimensional data need to be obtained for each plant from
multiple phenotyping sensors, and this is difficult to do with a moving phenotyping device. One solution is
to have a separate compartment with phenotyping equipment and have plants move to this by a conveyer
belt system. Tschiersch et al. (2017) adapted a semi-controlled high-throughput phenotyping facility at
IPK Gatersleben by incorporating chlorophyll fluorescence imaging systems into their existing
phenotyping arsenal (Figure 6a, b). This is the first facility known to be able to three-dimensionally
evaluate chlorophyll fluorescence-derived traits, such as photosynthetic efficiency, for the sizeable
populations that are required for genetic analyses. ‘Moving-the-plant’ designs are particularly interesting
for the implementation of tracking photosynthesis per leaf (Nagelmiiller et al., 2016; Viaud et al., 2017),
which would require sophisticated hardware for three-dimensional imaging. Another advantage of a static
phenotyping chamber is that it can be equipped with several diverse imaging devices. It can therefore
potentially be used to evaluate a larger number of traits per assessment for enhanced trait integration in
downstream analyses (Cabrera-Bosquet et al., 2016; Tschiersch et al., 2017). Alternatively, modelling can
be used based on parameters that are highly linked to key traits relevant to photosynthesis (Cabrera-
Bosquet et al., 2016). It should be noted that moving the plants may add extra variance, or noise, to the
measurements, because plants will respond to movement and be exposed to differential light irradiance and
angles on their way to the phenotyping sensors. The need to move plants to a single phenotyping station
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also limits the possibility of high-throughput measurements of the short-term photosynthetic responses of
plants to the environment (i.e. over many minutes or hours).

Figure 6. A variety of high-throughput phenotyping facilities for photosynthesis following different
experimental approaches that may be suitable for performing genetic mapping. (a) A high-throughput
phenotyping facility located at IPK Gatersleben with phenotyping sensors to measure photosynthesis-
related traits from all sides of plants the size of regular crop species (Tschiersch et al., 2017). (b) A close-
up of the phenotyping module for small plants at the IPK phenotyping station. (c) The Dynamic
Environmental Phenoyping Imaging system developed by Cruz et al. (2016) at Michigan State University.
(d) the Phenovator, developed at Wageningen University and Research (Flood et al., 2016b).

Photographs are used at courtesy of Henning Tschiersch, Thomas Altmann and Astrid Junker from IPK
Gatersleben (a, b), Jeffry Cruz, David Hall and David M. Kramer from Michigan State University (c) and
Tom Theeuwen from Wageningen University and Research (d).

Moving the phenotyping sensors to the plant in a closed environment

Arabidopsis is an excellent model species with respect to genetic analysis of photosynthesis, because of its
compact size and flat growth architecture. These properties enable efficient phenotypic platform designs
that have their measuring systems positioned above the plants (Cruz et al., 2016; Figure 6¢; Flood et al.,
2016b; Figure 6d). Ideally, these are systems that can assess each replicate simultaneously due to the
implementation of a high density of fluorescence imaging systems (Cruz et al., 2016). A huge advantage
of such systems is that growth light can be easily manipulated without disturbing the environment of the
plants, as is the case when plants are moved to the phenotyping sensors. A high density of photosynthetic
phenotypic measurements over consecutive time points allows tracking of short- and long-term
photosynthetic responses under conditions of acclimation to a change in light conditions, as well as the
short- and long-term physiological acclimation responses of photosynthesis that result from abiotic stresses
(Rungrat et al., 2016) and light fluctuation (Vialet-Chabrand et al., 2017). Programmed, pre-determined
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fluctuating light scenarios are of specific interest because they allow controlled experimental
reproducibility, while simultaneously providing realistic phenotypic responses that are more likely to be
observed in the field compared with stable light regimes (Vialet-Chabrand et al., 2017). This would also
allow the study of abiotic stresses such as drought under more realistic growth conditions (Rungrat et al.,
2016). The feasibility of this approach has been demonstrated by Athanasiou et al. (2010) and Kromdijk et
al. (2016), who studied differences in light acclimation regulation of control plants compared with
genetically transformed plants. This yielded no physiological response when plants were grown under
stable conditions, but strong differences were found in seed yield (Athanasiou et al., 2010) and biomass
accumulation (Kromdijk ez al., 2016) under realistic growth conditions with naturally fluctuating light.
These reports are promising for translating results from climate-controlled environments to field
conditions.

Phenomic analysis of photosynthesis in field-grown plants

The ultimate challenge of plant phenomics is to develop high-throughput phenotyping methods to assess
plants under field conditions (Araus and Cairns, 2014; GroB3kinsky et al., 2017; Murchie et al., 2018). This
deserves more attention, as the correlation between results from experiments in climate-controlled
conditions and those in the field is often low, which hampers the translation of results from controlled-
environment experiments to applications in agronomic conditions (Araus and Cairns, 2014). Nevertheless,
phenotyping in the field will always require that many uncontrollable and irreproducible variables are
taken into account, adding to the environmental variance in genetic studies which will considerably affect
the power to detect QTLs for photosynthesis. This has been demonstrated by Wang et al. (2017), who
found that NPQ was related to genetic variation in OsPsbS-1 in only one of the experimental replications,
not both, which they related to different weather conditions between years. As such, further validation of
QTLs — either by using experimental repetitions or testing different environments to determine the
sensitivity of the QTL to environmental fluctuations (Tardieu et al., 2017) — will be paramount for
identifying key regulators of photosynthesis or using the QTL information to develop markers for marker-
assisted breeding, especially when testing in field conditions. Up until now there have been no automated
high-throughput phenotyping systems that can thoroughly assess plant photosynthesis in the field while
accounting for in-field light fluctuations. Overcoming such problems may probably rely on field modelling
of photosynthetic performance (Murchie et al., 2018). Scaling down on phenotypic precision enables
measuring full crop canopy structures through broad view spectral and thermal imaging, which can
significantly improve high-throughput evaluation of a variety of photosynthetic traits (Box 1). Such in-
field imaging techniques have been successfully employed by Herritt e al. (2016) to measure the
epoxidation state of xanthophyll pigments as an indirect measure of NPQ. High-throughput phenotyping of
photosynthesis using such imaging devices should be relatively easy to include in phenotyping systems
like those that support cameras which move above the crop canopy (Kirchgessner et al., 2016; Sun et al.,
2018), and may provide a solution for measuring specific traits for field-grown crops.

Genetic Analysis of Photosynthesis Phenomics Data

Phenomics data for GWAS

Photosynthesis phenotyping facilities, including those that can be employed in field studies, are rapidly
developing to increase their trait measuring capabilities, thanks to diversifying and improved measurement
protocols (Box 2). Essential for dealing with phenomics datasets will be the adoption of a streamlined
processing pipeline for data handling, standardisation and storage (GroBkinsky et al., 2015). Similar to
phenomics data for other traits, photosynthesis data obtained from high-throughput phenomics facilities
will introduce new challenges associated with amalgamating gigabytes or even terabytes of imaging data
and their derived measurements into a comprehensible whole with a meaningful biological interpretation
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(Singh et al., 2016; Tardieu et al., 2017). Latent factors which might affect plant features without being
explicitly measured can be detected by applying multivariate modelling (Dormann et al., 2012) or training
unsupervised machine learning approaches that consider the influence of hidden or unmeasurable factors
(Singh et al., 2016). These factors can then be corrected for or integrated in biological models.
Furthermore, machine learning approaches and data modelling may significantly aid the use of phenomics
data in helping to identify patterns related to specific traits (Cabrera-Bosquet et al., 2016; Murchie et al.,
2018; Singh et al., 2016) — hereby referring to traits associated with development over time, but also traits
that may be spatially linked, for example within the same leaf. This is especially useful in discerning true
outliers from biologically interesting anomalies that may be lost in simpler models (Xu et al., 2015). To
reduce data dimensions, alternative methods can also be explored, such as multitrait GWAS. Here,
multivariate analyses are being employed to simplify the dimensions of phenotypic assessments which can
improve the strength of QTLs — especially when different traits are assessed that share a common
underlying genetic regulation (Thoen ef al., 2016). However, care must be taken not to oversimplify data
obtained from phenomics, as this could potentially hide important nuances in the data. The QTL leading to
the discovery of the effect of natural genetic variation in YS/ on acclimation of Arabidopsis to high light
would not have been detected if such methods alone were employed (van Rooijen et al., 2017).

From candidate gene to improving crop productivity

The ultimate goal of improving photosynthetic efficiency in plants will eventually reside in improvement
of harvestable plant products (Kromdijk and Long, 2016). Improving photosynthesis, though it might
result in increased total biomass accumulation, does not necessarily directly translate into greater
agricultural yield. For example, Adachi et al. (2014) introgressed QTLs supporting carbon assimilation
into an existing rice cultivar; this resulted in an increase in total biomass but not grain yield. While
transgenic approaches have been successful in improving plant yield through improved photosynthesis
(e.g. Driever et al., 2017; Kromdijk et al., 2016), and similar results might be achieved based on
spontaneous mutants, the natural allelic variation for many photosynthesis-related traits may be more
subtle, often with many small-effect QTLs contributing to the trait (van Rooijen et al., 2017). This will
complicate the identification of causal genes and limit the direct use of identified alleles in breeding
programmes, although it will increase our knowledge about which genes are relevant for improving
photosynthesis (Box 3) — which can then potentially be used in transgenic approaches for crop
improvement and inspire the search for additional allelic variants with strong affects. When many small-
effect QTLs are involved, a genomic selection approach may be adopted to improve photosynthesis, which
may be more effective than breeding for a few selected loci (Hamblin et al., 2011). As indicated above,
phenomics facilities are generally equipped with phenotyping sensors that measure growth and
development traits beyond photosynthesis-related traits, allowing the setting up of a complete,
physiologically comprehensible network analysis of how all traits impact upon, or are beneficial to, crop
yield. The further use of low-throughput, but highly accurate, measuring tools, such as gas-exchange
measurement devices on contrasting genotypes identified through high-throughput imaging analysis, will
be needed to properly assess the impact of photosynthesis on crop physiology.

Epistasis in highly polygenic traits

Due to the existence of complex regulatory networks that affect photosynthesis (Imam et al., 2014; Yu et
al., 2014) and the large number of genes that are involved, QTL mapping models that solely assume
additivity are likely not sufficient to derive a complete comprehension of the genetic architecture of
photosynthesis. Epistasis, meaning interaction between genes resulting in non-additivity of QTLs, has
often been regarded as a rather elusive and difficult phenomenon to study, and is therefore often
disregarded by plant geneticists and breeders. However, epistasis is expected to be common in highly
polygenic traits (Mackay, 2014). The occurrence of epistasis is a probable explanation for the failure to
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detect QTLs in bi-parental mapping approaches and GWAS, despite the presence of high heritabilities
(Brachi et al., 2011; Lachowiec et al., 2015; Zuk et al., 2012). Early algorithms that were able to detect
epistasis could only make use of small datasets and were too cumbersome to analyse the many gene-by-
gene interactions to be found in diversity panels. New efficient ones are being developed that will make
such analyses accessible to research groups without sophisticated high-performance computing
infrastructure (Ning ef al., 2018; Tsai et al., 2017; Zhu and Fang, 2018), which should lead to a more
complete comprehension of highly complex traits such as photosynthesis.

Conclusion

The need for understanding and genetic improvement of plant photosynthesis is widely recognised as a
vital development to combat looming future yield gap deficiencies (Flood et al., 2011; Lawson et al.,
2012; Long et al., 2015; Zhu et al., 2010). This recognition, together with the development of chlorophyll
fluorescence technologies that allow large numbers of plants to be evaluated within a short timeframe, has
led to an increasing number of forward genetic studies aimed at detecting the genetic loci that contribute
towards improving photosynthetic efficiency of crop plants. The introduction of GWAS has accelerated
the speed with which candidate genes can be identified in photosynthesis-related traits when compared
with bi-parental mapping population studies, but combining these population types to elucidate functional
genetic variation and traits is likely to be the most rewarding approach (Bazakos ef al., 2017).

In this review, we conclude that the current implementation of high-throughput phenotyping will
become necessary to elucidate the genetic architecture of photosynthesis-related traits in mapping
populations — especially with regard to the responses of photosynthesis to abiotic stresses, plant
development and light acclimation. The successful identification of target QTLs and underlying genes
using conventional methods greatly depends on the specific trait of interest, but has been well-
demonstrated (Box 3). The past 5 years have seen a marked improvement of and increase in the application
of high-throughput phenotyping tools, many of which can be incorporated with, employed or adapted to
include sensors that measure photosynthesis. Exploring traits that contribute towards dynamic acclimation
under conditions of fluctuating light may become a tractable option within a couple of years, given that
more time-efficient tools are gradually being developed. The final, and very challenging, step would be to
obtain field data at a desired level of phenotypic precision comparable to what can be achieved in climate-
controlled growth facilities. The integration of both controlled and field studies will be necessary to
validate gene candidacy and evaluate its application potential. We expect that the developments described
here will enable further discoveries of photosynthetic trait in both science and industry to meet the ever
growing demand for food for human consumption in the next three decades and beyond.
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SUMMARY

The study of natural genetic variation is increasingly receiving attention and indicated as a potential
target to improve crop species. In this work, an Arabidopsis thaliana recombinant inbred line
population was grown to study photosynthesis efficiency under different environmental conditions.
We provide evidence of copy number variation of a previously undescribed sub-family of a
SQUALENE EPOXIDASEs (SQEs) to significantly impact photosynthesis efficiency and underlie the
sole quantitative trait locus identified in this study. We additionally show that transgenic
overexpression of SQEs can improve photosynthesis beyond values expressed by the parent
demonstrating higher phenotypic values. The exact molecular pathways and processes in which these
genes are involved remain unknown. In all, this study shows how bi-parental mapping populations
and the availability of de novo genome sequences are a powerful combination to identify novel traits
and genes involved in photosynthesis.
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1. INTRODUCTION

Photosynthesis is the primary driver of plant production and, in fact, of most life in the biosphere. While
all plants use basically the same photosynthetic mechanism, there is considerable variation between
species and genotypes at the quantitative level on photosynthetic properties, such as the light-saturated rate
of photosynthesis. This fine-tuning of photosynthesis arises most conspicuously from the need to optimize
the overall efficiency of photosynthesis in terms of not only light-use efficiency, a complex parameter in
the natural environment where fluctuating light is the norm, but also in terms of resource use efficiency
(especially fixed carbon, nitrogen and other mineral nutrients) associated with the maintenance and
development of the photosynthetic apparatus; water-use efficiency; and mechanisms that protect the
photosynthetic machinery from damage, especially during periods where the intercepted quantum flux
exceeds the metabolic demands of photosynthesis. As a result of this fine-tuning, photosynthesis in most
species does not operate even at the biological limits defined by species with exceptional photosynthetic
properties (Zhu et al., 2010).

Selection against these limitations in photosynthesis efficiency had until recently not been
considered as a target for plant breeding, leaving photosynthesis as one of the few major traits not to be
optimized in crop species (Flood et al., 2011; Lawson ef al., 2012). Thus, improving plant photosynthesis
efficiency is regarded as one of the most promising ways to further improve the genetic yield potential of
staple crops beyond rates that are currently realized (Zhu et al., 2010; Ray et al., 2013). Through modeling
approaches limitations and options for improvement in key components of the photosynthesis apparatus
have been identified. Many of these options are targets for genetic improvement (Zhu et al. 2015, 2020),
including improving acceleration and relaxation of photo-protection mechanisms under fluctuating light
conditions (Kromdijk et al, 2016), enhancement of the regeneration rate of sedoheptulose-1,7-
biphosphatase in the Calvin-Benson cycle (Driever et al, 2017) and increasing the chance of
photosynthetic recapture of CO; released during the photosynthetic carbon oxidation cycle (or
photorespiration) (South et al. 2019). In each of these studies, biomass or yield improvements were
reported to span the range of 15-40%, verifying that the potential exists for not only improving the
properties of photosynthesis but using these improvements as means to increase crop yields.

So far the proof-of-principle experiments that have improved photosynthesis and yield relied on
genetic modification. Making use of natural genetic variation is, however, an alternative route to seek for
improvement of photosynthesis (Driever et al., 2014; van Rooijen et al., 2015; Faralli & Lawson, 2019).
Better understanding the genetic basis for naturally occurring variation in photosynthesis will also open up
new targets for improving photosynthesis by genetic modification or gene editing. The prospects of using
natural variation in photosynthesis to improve crop yields has become increasingly feasible following the
development of new phenotyping facilities in the last decade (Rungrat et al., 2016; van Bezouw et al.,
2019). Such facilities are capable of rapidly measuring large numbers of plants and are thus suitable for the
analysis of genetic mapping populations. As indicated by van Bezouw et al. (2019), studying natural

variation in plants can lead to 1) the identification of novel genes previously not thought to affect
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photosynthesis, 2) the identification of new potential targets for purposes of genetic engineering and 3) the
identification of beneficial alleles that are readily available to be bred into existing cultivars. Genetic
variation in photosynthesis traits is therefore a potential source for improving photosynthesis (Faralli &
Lawson, 2019), which is underlined by studies that previously found significant variation for
photosynthetic traits in several crop species (reviewed in Flood ef al., 2011, van Bezouw et al., 2019).
However, few examples of natural variation in photosynthesis traits have been explored up to the level of
variation in genes (Jung & Niyogi 2009, Wang et al., 2016; van Rooijen et al., 2017; Basu et al., 2018),
and even fewer describe a functional connection between natural variation in a photosynthesis mechanism
and plant productivity (Adachi et al., 2017, 2019; Honda et al., 2021). Thus, the hypothesis that natural
variation in photosynthesis can be used to improve crops — in yield or other aspects — requires further
examination in order to be attractive for more commercial applications.

Arabidopsis thaliana (hereafter: Arabidopsis) is a suitable model species to study this hypothesis.
It is small enough to be conveniently grown in the large numbers needed for genetic mapping in high
throughput phenotyping that use chlorophyll fluorescence imaging to evaluate photosynthesis traits
(Rungrat et al., 2016, Flood et al., 2016, Oakley et al., 2018). Furthermore, considerable variation exists
among Arabidopsis genotypes for a variety of photosynthesis traits (Athanasiou et al., 2010; van Rooijen
et al., 2015; Rungrat et al., 2019; Flood et al., 2020; Zhang et al., 2021), which indicates that it is a
suitable model species to explore the nature and impact of genetic variation on photosynthesis. The short
reproductive cycle allows the development of a plethora of different genetic mapping population types
with different parental lines (Wijnen & Keurentjes, 2014), which can be used to detect quantitative trait
loci (QTLs) and the causal variants that underlie these. A particularly effective genetic mapping type is
one composed of recombinant inbred lines (Bazakos et al., 2017). Populations of recombinant inbred lines
are derived from single seed descent and selfed for approximately eight generations to develop essentially
homozygous, immortal lines that each carry a randomly determined, but unique mixture of the original
parental genotypes. This subsequently leads to a resulting population with high genetic mapping power
and a decent resolution (Keurentjes et al., 2007). Because of the immortality of such lines in a selfing
species, quantitative trait loci can be evaluated in replicate experiments covering a variation of
environmental conditions to test their validity and robustness (El Soda et al., 2014; Bazakos et al., 2017).

In this study, we took advantage of the high mapping power, experimental replicability and
genetic simplicity of a bi-parental recombinant inbred lines population to study photosynthesis efficiency
under several environmental conditions. The population developed from the Ler-0 and Col-0 accessions
previously developed by Lister & Dean (1993) was chosen because of the availability of de novo reference
genomic sequences for both parental lines (Berardini et al., 2015, Zapata et al., 2016) and the availability
of a high density linkage map (Singer et al., 2006). The population was grown under a total of three
treatments, control, nitrogen deficiency and low light conditions. Fine-mapping of the single
photosynthesis QTL detected in the mapping population resulted in the discovery of a novel role in

photosynthesis for a previously uncharacterized family of SOUALENE EPOXIDASEs.

47



Chapter 3

2. MATERIALS AND METHODS

2.1 Seed material

We made use of a recombinant inbred line population developed from accessions Ler-0 and Col-0 (ABRC
stock: CS1899, described in Lister & Dean, 1993). 97 lines that were previously genotyped for 676 genetic
markers by Singer et al. (2006) were used in the mapping experiments. Segregating recombinant F2:3
families and introgression lines to fine-map and characterize the QTL were developed from a cross
between double haploid introgression lines CSL-A10 x CSL32 and L5C-D12 x CSLI1 (these lines are
described in Wijnen et al., 2018). In each of the experiments, material with the same harvest date and from
the same climate chamber or greenhouse compartment was used to avoid possible confounding effects
introduced by parental growth conditions.

Up to three — or two when insertion lines were previously characterized — T-DNA insertion lines
per target gene were ordered from the Eurasian Arabidopsis Stock Centre (http://arabidopsis.info/),
potentially disrupting the function of the following genes; At5g24120 (SALK_101921, SALK _141383),
At5g24130 (SALK_137191), At5g24140 (SALK 040805, SALK 012094), At5g24150 (SALK_024504,
GABI _151G06), At5g24160 (SALK 083343, SALK 112366, SALK 118625) and At5g24165
(SALK 053722, SALK_069263). For At5g24155 no potential T-DNA insertion lines were available. Gene
and T-DNA specific primers (Supplementary table 1) were used to identify homozygous T-DNA
insertion plants among segregating progeny of these lines. Verified, but previously uncharacterized,
insertion lines with T-DNAs locating outside the protein coding region were tested for transcription of the
target gene. Only those lines in which the gene was not transcribed were considered to be a functional

knock-out mutation of the target gene.

2.2 Plant phenotyping and experimental design

Plant phenotyping was performed in a robotic high-throughput platform based on chlorophyll fluorescence
imaging as described by Flood et al. (2016) (hereafter called the Phenovator). The RIL-population was
monitored in three different environmental conditions over two independent experiments, I & II. In
experiment I, plants were grown under a growth irradiance of 100 pmol m™ s™! using normal N-supply
(“100 pmol”). In experiment II, plants were grown a growth irradiance of 200 pmol m™2 s™!, with two
treatments of nutrient supply — control ( “200 pmol”) and nitrogen deficiency ( “200 pmol -N”, but fed
with a solution of only 10% of the N-input compared to control conditions, see Erol, 2019, Dissertation,
see https://library.wur.nl/WebQuery/wda/2253094 for details). Each RIL was grown in six replicates in
experiment [ and four replicates per condition for experiment II. For fine-mapping, T-DNA-insertion lines
and transgenic analysis purposes, plants were grown under conditions of 100-120 pmol m2 s™! of light.
Plants were phenotyped for the quantum yield of photosystem II electron transport in the light (®PSII) by
dividing ambient light adapted chlorophyll fluorescence (Fg’) over the maximum chlorophyll fluorescence

(Fm’) (Baker, 2008), for either four or five times per day depending on the experiment. Near infrared
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imaging was used to obtain the projected leaf area (PLA) as arbitrary pixel counts of rosettes. In all
experiments, and unless specified otherwise, plants with a PLA value below a 200 pixel value after ~20
days of growth were discarded from datasets as these mostly represent stunted or weakly developing

individuals with aberrant phenotypes.

2.3 Statistical analysis and genetic mapping procedures

Prior to genetic mapping, phenotypic Best Linear Unbiased Estimates (BLUES) per genotype and
heritability estimates were calculated for the RIL population using experimental block, table positions and
camera position as random factors following Flood et al. (2016), with the R-package ade4 (Dray et al.,
2020). The quantitative trait locus (QTL) mapping procedure of r/QTLwas used to map QTLs in all
experiments (Broman et al., 2003; Arends et al., 2010), based on the genetic markers and resulting linkage
map previously developed by Singer et al. (2006). For comparisons of genotypes, analysis of variance
involving a linear mixed model was used, using genotype as a fixed variable and the aforementioned
blocking effects as random factors. All RNA expression data was log-transformed prior analysis. The

package ggplot2 was used for visualization of the data (Wickham, 2016).

2.4 Genomic sequence analysis and development of genetic markers

The fine-mapped regions on chromosomes 5 of the Ler-0 de novo assembly (Genbank ref: CM004363.1,
Zapata et al. 2016) and Col-0 (Genbank ref: CP002688.1, Cheng et al. 2016) were used to align the
genomic regions and highlight genetic variation for the region of interest. A dotplot was made using the
NCBI  Blastn tool to visualize larger genomic  polymorphisms in the region

(https://blast.ncbi.nlm.nih.gov/Blast.cgi?PAGE_TYPE=BlastSearch& BLAST SPEC=blast2seq&LINK L

OC=align2seq). The NCBI multiple sequence alignment tool was used to map sequence polymorphisms
and single nucleotide polymorphisms (SNPs). The SNP markers were used to develop Kompetitive Allele
Specific PCR (KASP) probes used for analysis of recombinations and fine-mapping. The markers used in
this study are listed in Supplementary table 2.

2.5 RNA expression analysis

For RNA expression analysis, 21-days old full rosettes were harvested and snap frozen in liquid nitrogen.
The rosettes were ground to powder, and subsequently RNA was extracted using the Direct-Zol RNA
isolation kit as provided by Zymo Research (Irvine, USA). A total of 1 pg of total RNA was added to
initiate cDNA synthesis using the SensiFAST™ cDNA Synthesis Kit (Bioline, London, UK). The SYBR
Green assay with SensiFAST™ SYBR no ROX kit was used for the quantification of transcripts in RT-
PCR following the manufacturer’s protocol. Primers were developed using the NCBI Primer-BLAST tool
(https://www.ncbi.nlm.nih.gov/tools/primer-blast/index.cgi), and in such a way that the 3’ endings
overlapped exon-exon junctions. Based on experience drawn from previous studies on RNA expression

related to photosynthesis (van Rooijen ef al. 2017), UBQ7 (At2g35635), CBSE (At5g53560) and OTUBI1
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(AT1G75780) were used as housekeeping genes for reference, All qRT-PCR gene primers used in this
study are listed in Supplementary table 3. RNA expression values were calculated using the 2-24¢t

method and log!? transformed prior analysis.

2.6 Cloning of vectors and selection of transformants

For each of the identified candidate genes, a transformation vector was developed that contains either the
Col-0 or Ler-0 allele for the following genes: At5g24120 (SIGMA FACTOR 5, SIGS), At5g24150
(SQUALENE EPOXIDASE 5, SQES), At5g24155 (SQE7), At5g24160 (SQE6) and At5g24165
(PUTATIVE PLASTID PROTEIN, PPP). The promoter region was assumed to cover at least 2000 base
pairs (bp) upstream of the predicted ATG-start codon, or until the predicted transcribed part of the
upstream gene. The terminator region was considered to cover at least 800 bp downstream from the
predicted stop codon. Primers were designed to universally amplify both Col-0 and Ler-0 gene fragments
(Supplementary table 4), except for SOES for which two different forward primers had to be designed.
Verifi high fidelity DNA polymerase (PCR Biosystems Itd, London, UK) was used to amplify each gene
fragment. Restriction enzymes Pstl (pos: 2670) and Psil (pos: 4573) were used to remove the ccdB gene
from the pKGW_RedSeed vector and create a backbone (Ali ef al., 2012). Gene fragments and vector
backbone were assembled following a modified version of the Gibson Assembly manufacturer’s protocol
(#E2611, New England Biolabs, Ipswich, MA, USA).

For overexpression (OX) of the Ler-0 allele of SOUALENE EPOXIDASE 6, RNA was isolated
from a Ler-0 plant and cDNA was synthesized as previously described. The full-length ¢cDNA was
amplified using primers OX160 F and OX160 R (Supplementary table 4). The resulting product was
subsequently cloned into the pFAST-R02 vector (Shimada et al. 2010). Note that the reverse primer had to
be modified at the nucleotide level in order to have the fragment properly ligate to the cDNA in the correct
orientation. This did not affect the amino acid sequence of the translated product.

An artificial micro-RNA (amiRNA) was designed using the Web microRNA designer (WMD?3)
tool as described in Schwab ef al  (2006). The amiRNA  sequence used,
“TGTTGGTAAGGTAGAACACCG”, was predicted to target At5g24160 at 100% identity, and
At5g24155 and At5g24150 at 95% and 85% identity, respectively (Supplementary figure 1). The original
protocol used the primers A and B to amplify the amiRNA precursor fragment, however we used nested
primers (amiF and amiR, Supplementary table 4) to facilitate the cloning in the pENTR/D-TOPO vector

(Thermo Fisher Waltham, Massachusetts, United States). Once cloned and sequenced, an LR reaction was

performed to transfer the amiRNA precursor fragment into the pFAST-R02 binary vector, as described by
the manufacturer (Gateway cloning protocol, https://www.thermofisher.com/nl/en/home/life-
science/cloning/gateway-cloning/gateway-technology.html, Thermo Fisher). All the cloning steps were
performed using standard molecular biology techniques as described in Sambrook et al. (1989).

All vectors were verified by sequencing and transformed into the Agrobacterium tumefaciens
strain GV3101. Arabidopsis thaliana was transformed following an adapted protocol for floral dipping
(Clough & Bent, 1998). Transgenic T1 seeds were selected for their dSSRED marker phenotype under a UV
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fluorescence microscope. After harvesting the T1 plants, T2 seeds were subsequently selected based on the
increased fluorescence signal following Shimada er al. (2010). Copy number quantification in allelic
transgenes was analysed following qPCR as previously described, but DNA sampled from T1 seedlings
was used as template. Primers were designed on the dsRED gene to detect insertion copy number. Relative
quantification of transgene copies was performed against two single copy reference genes. Primers used
for copy number quantification are listed in Supplementary table 5. For RNAi and OX-lines, respective
overexpression and silencing functioning were verified in T1 plants, from two leaves per independent

transformant, after which the most promising lines were subsequently phenotyped for photosynthesis.
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3. RESULTS

3.1 Genotypic differences in @PSII between Col-0 and Ler-0 are controlled by a single OQTL on

chromosome 5

Col-0 and Ler-0 exhibit a significantly different level of photosystem II efficiency (®PSII) at conditions of
a growth irradiance of 100 umol m* s-' (Figure 1a), which makes their RIL-population suitable to screen
for this trait in the Phenovator (for details; see Flood et al., 2016). Projected leaf area was similar between
these lines (Figure 1b). The RIL-population was grown for twenty five days in two experiments and three
conditions, 100 pmol m? s, 200 pmol m? s and —N 200 umol m2 s, the latter which includes a
growing solution that has only 10% of the nitrogen input compared to the other treatments. ®PSII and
projected leaf area were being monitored after approximately twenty days of growth for up to five days
when rosettes matured. A single QTL for ®PSII (@PSII _c5) on chromosome 5 is found in the Ler x Col
population and found in all three conditions (Figure 1c, supplementary figure 2). Epistatic analysis for
@PSII in all three treatments yields no detection of major additional genetic factors to significantly explain
the observed phenotypic variation (Supplementary figure 2, supplementary table 6). Furthermore, the
@PSII c5 locus is unaffected by any of the environmental conditions as determined by two-way ANOVA,
using the single peak marker (m536) and treatment as the genotypic and environmental factors,
respectively (Supplementary table 7). The QTL for PLA on chromosome 2 locates to the pleiotropic
erecta locus, which is known to affecting plant physiology, development and growth (van Zanten et al.,

2009), and was not investigated further (Figure 1d).

3.2 Fine-mapping of the quantitative trait locus on chromosome 5 for ®PSII

@DPSII ¢5 explains 25-50% of the genotypic contribution to phenotypic variation and is the only
significant genetic factor explaining differences in ®PSII between the studied genotypes under the tested
environments (Figure 1). Two rounds of fine-mapping experiments were applied to determine the causal
genetic variant underlying this quantitative trait locus. Introgression line C5L-A10 and CSL32 (described
in Wijnen ef al. (2018)) were crossed to start an F2:3 fine-mapping scheme (Supplementary figure 3).
This leaves a heterozygous region of approximately ~10 Mbp with the Col-0 allele in an otherwise
isogenic background of the Ler-0 genotype (Supplementary figure 3). The resulting F2 progeny of this
population was grown in a greenhouse and screened for recombinants within the confidence interval
between positions 7909425 and 8842971 on chromosome 5 (relative to CP002688.1, Cheng et al. 2016) of
the QTL-region as defined by the 100 pmol m 2 s™! RIL-mapping experiment (Figure 2a, table 3). Six
genetic markers were used to identify recombinants for this region in ~1800 F2 lines (Two most important
markers shown in Figure 2a, supplementary table 2). A total of 113 F2 lines were found to contain a
recombination event within this selected region. For each of these F2 recombinants, eight of their progeny
were grown in the Phenovator. In this first fine-mapping experiment, plants were phenotyped for both PLA

and @PSII since the onset of germination. ®PSII phenotypes were then corrected for developmental stage
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by recalibrating the growth curves (based on PLA) starting at day 1 when 30+ pixels were visible for each
plant. All individual plants were genotyped for a total of 17 genotypic markers after conclusion of the

experiment (Supplementary table 2).
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Figure 1. Projected leaf area (PLA) and photosystem Il efficiency (PPSII) in the Col-0 and Ler-0
genotypes, and genetic mapping for these two traits in their recombinant inbred line (RIL) progeny.
Boxplots for a) DPSII and b) PLA in the Col-0 and Ler-0 parental lines after 24 days of growth under 100
umol m-2 s-1 of irradiance. n = 16 for Col-0 and n = 9 for Ler-0. Genetic mapping of ¢) @PSII and of d)
PLA under three different environmental conditions, 100 umol m-2 s-1 irradiance (blue), 200 pmol m-2 s-
1 irradiance (purple) and 200 umol m-2 s-1 irradiance with a nutrient solution with only 10% nitrogen of
the concentration of Nitrogen compared to control (orange). Genetic mapping was conducted in 97 lines
of the Ler-0 x Col-0 populations using the Best Linear Unbiased Estimates of the genotypes. Genetic
mapping was performed on PLA and ®PSII at 09:00 om the 21°' day after sowing. Logarithm of the odds
(LOD) is expressed as the -log(p) value. The dotted line represents the LOD-threshold of significance
(2.94) for assigning a quantitative trait locus based on an experiment-wide permutation analysis as
described in Broman et al. (2003).
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Table 1. Population statistics of ®PSII data from three different treatments . ‘Exp’ =the independent
experiments. ‘Treatment’: 100 um: plants grown at an irradiance of 100 umol m™2 s71;200 umol -N:
plants grown at 200 umol m™? s~ and grown in nutrient solution with only 10% nitrogen content
compared to control (which introduces shortage); and 200 um: plants grown at an irradiance of 200 um
m 257! in normal growing solution. ‘Min’: the minimum value of ®PSII found for any of the lines, ‘Max’:
the maximum value of ®PSII found for any of the lines (both ‘Max’ and ‘Min’ are the Best Linear
Unbiased Estimate); ‘StdDev’: the standard deviation; ‘CoV: the Coefficient of variation; H’: is the broad
sense heritability. H° was calculated using a linear mixed model and using Imed to separate the
environmental variance from the genotypic variances. Data is presented for ®psid at 09:00 on the 21st

day after sowing.

Exp Treatment ‘ Min ‘Average OPSII ‘ Max ’ StdDev ‘ CoV ‘ H?

1 100 pm 0.610 0.680 0.696 0.011 0.016 | 0.153
I 200 um -N | 0.695 0.723 0.740 0.008 0.011 | 0.093
II 200 pm 0.720 0.734 0.751 0.008 0.010 | 0.137

Table 2. Characteristics of the ®PSII _c5 locus in the three different treatments. 'Exp’: the independent
experiments; ‘Treatments’: ‘100 um’: plants grown at an irradiance of 100 umol m™>s™; 200 um -N’:
plants grown at an irradiance of 200 um m™? s~ and grown in nutrient solution with only 10% nitrogen
content compared to control (which introduces shortage); and ‘200 um’ plants grown at an irradiance of
200 um m~? 5! in regular growing solution. The ‘Position’, * Marker’ and ‘Chr’ (chromosome number)
are the coordinates of the QTL, ‘LOD’ is the logarithm of the odds as —log(p). ‘PVE (%)’ is the
percentage of genotypic variation explained by the peak marker. ‘Effect’ is the effect size of the
quantitative trait locus in expressed as a ©psy value. ‘Allele’ is parental origin of the alleles with higher
phenotype. QTLs are based on measurements of @psy made at 09:00 h on the 21° day after sowing.

Exp | Treatment ’ Chr ‘ Position (cM) ‘Marker LOD PVE (%) Effect | Allele

I 100 pm 5 42.962 m563 ‘ 6.218 24.9 0.0106 | Ler-0
1I 200 pm -N 5 42.962 m563 ‘ 6.296 252 0.0078 | Ler-0
1I 200 pm 5 42.962 m563 ‘ 12.842 44.6 0.0103 | Ler-0

The first round of fine-mapping experiment reduced the confidence interval of @PSII ¢5 to only
103.7 kbp (Figure 2a, table 3, see supplementary figure 4 for evaluation of each specific time point).
The locus causes a ~2% phenotypic difference between the Ler-0 and Col-0 alleles over the duration of the
experiment (Figure 2b). The fine-mapped genomic region still contained 23 genes (Table 3). To further
delimit @PSII ¢35, eight recombinant F2 lines were selected with crossovers between markers at positions
8131781 and 8220636 (Figure 2a). The experimental set-up was kept the same, except that for the selected
recombinant families a total of eighty replicate progeny were grown in order to maximize statistical power
for identification of recombination events that further decrease the region. These lines were genotyped
with increased marker density compared to the first screen (Supplementary table 2). LOD-scores were
similar as for the previous fine-mapping study (Figure 2¢) and the region was reduced to only 28.9 kbp

(Table 2).
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Figure 2. Fine-mapping of the ®PSII c5 locus. a) schematic overview overview of the F2:3 family
mapping gains (See supplementary file 3 for elaboration of the method). Dark grey indicates the defined
finemapped regions with their nucleotide positions indicated by the confidence intervals of the
experiments. The black boxes indicate selection markers for recombinants. Image is not scaled. b)
Outcomes of the first F2:3 mapping experiment (F2:3—1). Average LOD-value is given for 100 evaluations
of the mapping population for ®PSII over a twenty-day growing period. The x-axis gives the nucleotide
positions on chromosome 5. ¢) Phenotypic plot with daily phenotypes for the first fine-mapping
experiment. Each data point is comprised of all finemapping lines scoring Columbia / Col-0, Landsberg
(Ler-0) or Heterozygote scores for the top three markers. d) As in b, but the second round of fine-mapping
(F2:3-11) using a select number of eight F2:3 families of which eighty segregating replicates were grown
to further delineate the QTL. Only the outcomes of the six peak markers are shown, with no common
markers with a. Dashed grey lines (b, d) represent significance thresholds calculated following the
permutation threshold procedure outlined in R/qtl (Broman et al. 2003). The black bar in b covers the full
length of the x-axis of figure d as a reference. The gene identities are as follows: SIG5: At5g24120; PTP:
At5g24130; SQE4: At5g24140; SQES5: At5g24150; SQE7: At5g24155; SQEG6: At5g24160 and PPP:
At5g24165.
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Table 3. Delimitation of the ®PSII c5 QTL in the RIL experiment (at an irradiance of 100 umol m™s™"),
the F2:3-1 and F2:3-1l fine mapping experiments. Start, end and size of the confidence intervals here
defined as the genomic region with the inter-marker lines, with nucleotide positions following those from
Genbank ref: CP002688.1 (Chr 5 of TAIR10). Reduction is defined by the size of the new interval relative
to that determined in the previous mapping experiment. ‘No. genes’: total number genes in the region. -
log(p) range gives the range of observed LOD-values over the duration of the respective the experiments,
and represents the values generated from 20-100 datapoints. Although the duration of each experiment
differed, in each experiment plants were phenotyped afier at least 20 days of growth.

Experiment Start End Size (bp) Reduction  No. genes  -Log(p) range
RIL 7909425 8842971 933546 - 238 6.08 -11.20
F2:3-1 8083047 8186712 103665 11.1% 23 11.25 - 47.09
F2:3-I1 8157864 8186732 28868 27.8% 7 12.59 - 46.11

3.3 Development and phenotypic analysis of reciprocal introgression lines

After fine-mapping, reciprocal introgression lines were developed from specific F2:3 family lines (Figure
3a). IL-A4 and F8-C3 are introgression lines for Col-0 and Ler-0 alleles in a Ler-0 and Col-0 background,
respectively (Figure 3a). The lines were phenotyped for ®PSII under similar conditions as the fine-
mapping experiments and subjected to a two-way ANOVA to detect epistasis, including the genotype of
the background and introgression as genotypic variables. In this experiment, a significant effect for the
genotype of the genomic introgression was found (F7144.5= 53.3603, p < 0.001), but not for genetic
background (F7144.15= 1.1686, p = 0.28197) (Figure 3b). However, a significant interaction effect
between the genotype of the locus and the genetic background effect of the introgression lines was found
(F1144.05= 5.2815, p = 0.02337). This suggests that the Ler-0 allele exhibits a 30% larger increase of the
phenotype in a Ler-0 genomic background than the Col-0 background (Figure 3b).
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Figure 3. Structure and phenotypic analysis of reciprocal introgression lines carrying variants of the
@DPSII ¢S5 locus. a) Genetic structure of reciprocal introgression lines (shown for chromosome 5 only).
Blue, highlights Ler-0 genomic sequence; red, highlights Col-0 genomic sequence; and purple, indicates a
region of uncertainty inbetween two recombinant markers (given as positions — see supplementary table
2). CSL32 is effectively Ler-0, but with a Col-0 cytoplasm. IL-A4 carries a Col-0 genomic introgression of
at least 1.37 Mbp in a CSL32 background. F8-C1 is effectively Col-0, but having gone through a phase of
haploidization. F8-C3 carries an introgression of at least 0.44 Mbp in an F8-C1 background. The position
of marker ¢c5_8177051, one of the molecular markers associated with enhanced photosynthesis during the
fine-mapping experiments, is indicated in the figure. b) Phenotypic analysis of the reciprocal introgression
lines. The locus variant indicates the genotype of the interaction, while background indicates the
remainder of the genome. The ®PSII average is calculated from a time series of measurements containing
24 data-points and is supported by 30+ biological replicates per line.

3.4 Allelic variation of genes in the fine-mapped region

Based on the maximum LOD-scores from the second F2:3 mapping experiment, we defined a QTL region
of 28.9 kbp in size, specifically between the start codon of At5g24120:(C5_pos 8159744) and the start
codon of At5g24165:(C5_pos 8188622), to be our region of interest to contain causal variation and
candidate genes (Figure 2d, supplementary table 8). This fine-mapped region encompasses five
complete genes (At5g24130-At5g24160), and the promoter regions of two other genes (At5g24120,
At5g24165) that locate partially within the QTL region (Figure 2d). In order to identify genomic
variations between Ler-0 and Col-0, de novo genomic sequence data (Ler-0, Genbank ref: CM004363.1,
Col-0; Genbank ref: CP002688.1) was analyzed and used to generate a dot plot to visualize larger genomic
variations in the QTL-region. The region of interest contains various deletions, duplications, inversions
and local re-arrangements, the majority which relate to SQUALENE EPOXIDASE 4 (SOE4, At5g24140),
SOES5 (At5g24150), SQE7 (At5g24155) and SQE6 (At5g24160) genes (Figure 4a). All these genes belong
to a tandemly repeated family of sub-class Il SQUALENE EPOXIDASE genes (Laranjeira et al., 2015).
Genetic variation between Col-0 and Ler-0 for the other genes (i.e. SIG5; At5g24120, PTP; At5g24130

and PPP; At5g24165) consists primarily of nucleotide changes resulting in synonymous amino acid
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substitutions and polymorphisms in promoter regions, suggesting that only gene expression difference may
underlie genetic variation for those genes.

The SQE genes encode proteins annotated as SQUALENE EPOXIDASESs (Rasbery et al., 2007,
Laranjeira et al., 2015). SQE1, SQE2 and SQFE3 can functionally complement the yeast Saccharomyces
cerevisiae SQUALENE EPOXIDASE-deficient ergl mutant, but SOQE4, SOQES5, SQE7 and SQE6 cannot and
are thus referred to as SQF-like genes (Rasbery et al., 2007; Laranjeira ef al., 2015). To detail specific and
potentially impactful mutations within the SQE-like genes, the following described polymorphisms are
determined relative to the Col-0 genome. The Ler-0 allele for SOE4 is truncated due to missing an
essential first exon (Figure 4b), which assumes this allele to be non-functional. For SQES5, the region of
the 3> UTR termination region in Ler-0 is markedly different to that of the Col-O allelic version
(Supplementary figure 5). The cDNA sequences of both alleles of SQES5 are relatively similar, but
polymorphisms still cause a total of five amino acid substitutions in the resulting protein (200 F->L, 304 F-
>L, 379 E-=>Q, 426 C->S, 500 R->S, see Figure 5). SQE7 (at5g24155) in Col-0 is previously described as
a truncated member of the sub-class Il SQUALENE EPOXIDASE family by Laranjeira et al. (2015),
missing five out of the eight exons (Figure 4b, Figure 5). The genomic sequence of Ler-0 covering the
SQE?7 gene suggests the presence of an intact version of SOE?7 in this genotype (Figure 4b). To confirm
this, we sequenced the Ler-0 SQE7 cDNA, aligned the sequence to the de novo genome assembly and
recoded the cDNA sequence to amino acids proving this suggestion (Figure 5). For the predicted amino-
acid sequence of SQE6, only two amino acid substitutions are present between the Col-0 and Ler-0 alleles
(3F->S, 72H->N, see Figure 5). In addition, at a distance of 316 bp upstream from the translation start side
of the gene, the Col-0 promoter region of SOQE6 contains a larger 160 bp deletion and several smaller ones

(Supplementary figure 6).

3.5 T-DNA-insertion mutant and RNA expression analysis of candidate genes

For four out of seven genes under consideration, homozygous T-DNA insertion knockout-lines were
identified, SIGS5 (2x), PTP (1x), SOE4 (2x) and SQE6 (2x) (Supplementary table 9), but none of these
showed deviating ®PSII phenotypes compared to the Col-0 version of the locus under 100 m2s™! (Figure
6a). To characterize the impact of genetic variation in the promoter region, 21-day old rosettes of CSL32
(Ler-0 allele) and IL-A4 (Col-0 allele) grown during the T-DNA line experiment were sampled for
transcriptional analysis. Sampling took place at two hours and nine hours after the start of the photoperiod
to anticipate the possibility of genetic variation impacting known diurnal expression patterns expressed by
SIG5 (Noordalley ef al., 2013). PTP and SQE4 are not expressed in the rosettes (Figure 6b, c¢). For the
other genes, there were no significant differences between the Col-0 and Ler-0 alleles, with the exception
of SQE6 for which the Col-0 allele had a significantly lower expression level than the Ler-0 allele (Figure
6b, c).
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Figure 4. DNA sequence variation in genes underlying the ®PSII ¢5 QTL. a) Dotplot alignment of the
8159744-8188622 region on chromosome 5, which is the identified region after fine-mapping, using Col-0
as a reference against Ler-0 (positions follow TAIRI0 annotation). b) Layout of the introns (grey lines)
and exons (coloured blocks) of SQE-like genes in Col-0 (red) and Ler-0 (blue). The black arrow indicates
the direction of transcription. Roman numbers I-VIII and the colour gradient indicate the eight exons
required for functional SQE-like genes. The sizes of introns and exons are scaled to match their relative
sizes. The black lines are merely visual aids to correctly identify the exon ID among these highly similar
genes.
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Figure 5. Alignment of the SQES5, SOE7 and SQE6 amino acid sequences in SEAVIEW following the
MUSCLE algorithm (Edgar, 2004, Guoy et al., 2010). The amino acid sequence for SQE7 was derived
from ¢cDNA sequencing of the full transcript PCR, followed by alignment of this sequence to the Col-0
chromosome 5 de novo sequence (NCBI Reference sequence: CM004363.1).
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Figure 6. Functional analysis of candidate genes underlying ®PSII c5 under 100 pumol m? s of
irradiance. a) Evaluation of ®PSII in ILA-4 (red, Col-0 allele for ®PSII c¢5), CSL32 (blue, Ler-0 allele for
@DPSII c5) and seven independent T-DNA knockout lines (brown, in Col-0 background) on day 25 of
growth after sowing, results shown for 9:00 h (1 hour after onset of light). N = 48-60 per genotype. b)
Transcription analysis of seven candidate genes between the CSL32 and IL-A4 lines. Samples were taken
at 09:00 h in the morning (one hour after the onset of the photoperiod). For each gene, the results of three
pools consisting of three independent replicates per genotype are shown. c) as b, but samples were taken
in the afternoon at 16:00 h (eight hours after the onset of the photoperiod).Unless indicated with symbols,
no significant differences were found between the control and T-DNA insertion lines or between allele
specific expression patterns. Significant differences are indicated at ** p = < 0.01, *** = p < 0.001, ns =
not significant. The black and yellow bar indicates the photoperiod and the time since the onset of lighting
for which the samples have been taken.
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3.6 Transgenic complementation of IL-A4 and copy number manipulation of SQE-like genes

The T-DNA mutant and RNA expression analyses did not result in evidence leading to identification of a
causal gene underlying ®PSII c5. The PTP and SQE4 genes did not show a phenotype upon disruption of
the gene and are also not expressed in the shoots (Figure 6b, ¢, Klepikova et al., 2016). As SQE4 is
assumed to be non-functional in Ler-0 (Figure 4b), we expected a deviant phenotype from the T-DNA
mutant in Col-0 background compared to the Col-0 functional alleles for the gene to be causal but this we
did not find (Figure 6a). Based on these considerations we omitted these two genes from further
consideration. In addition, no gene expression differences were found for S/G5 and PPP. These two genes
were also considered to be unlikely causal genes as only their promoters locate in the QTL region and thus
we expected a difference in expression (Figure 2d). The high amino acid sequence similarity between
SQES, SQE7 and SQEG (Figure 5) and the high allelic diversity between the parental lines (Figure 4b;
supplementary figure 5-6) implies that copy number variation of these genes drives this locus. To further
explore the causality of genetic variation, the different alleles belonging to SIGS5, SQES, SOE7, SOE6 and
PPP were transformed into IL-A4 as complementing the phenotype back to CSL32 indicates a causal
relationship be. To explore a role for copy number variation in the SQE-like genes, a transgenic
overexpression line in the IL-A4 background was generated for the SOE6 cDNA from the Ler-0 allele,
which should result in an effective increase of the number of active copies of SQFE-like genes in Col-0
background. An amiRNA gene (sqe576) silencing vector was developed for post-transcriptional silencing
of SQES5, SOE6 and SQE7, to reduce activity of SQEs. The transgene was transformed into the CSL32
background to assess the impact of such a reduction on its phenotype.

Unfortunately, for allelic transgene of SIGS for the Col-0 allele (SIG5/CJ), no transformants were
obtained after repeated floral dipping experiments and it was thus excluded. For all other transgenic lines,
T2 seeds were sown in the Phenovator (Figure 6a) and phenotyped for ®psii. For each independent T1
line, four homozygous T2 seeds, characterized by higher intensity of seed fluorescence (Shimada et al.,
2010), were chosen for 24-25 independent transformants per allele, leading to a total of 96-100 plants per
allelic complementation transformant. We chose this approach as it would have been too tedious to
validate all these transformants while at the same time ensuring all lines to have reached T2 stage to reach
homozygosity in phenotyped progeny (Figure 6a). Analysis of allelic transgenic insertions revealed that a
considerable — but variable — number of copies are present in the transgenic lines (Supplementary figure
7). Furthermore, two independent transformant lines of the gene silencing sge576 and overexpression
358::SQE6[L] transformants — each of which had the functionality of the transgenic alleles verified in the
T1 — were grown in 32 homozygous replicates.

Introgression line IL-A4 transformed with additional gene copies of SIG5 or PPP did not recover
the ®PSII phenotype of CSL32, which verifies that these genes are not causal to @PSII ¢5 (Figure 7b).
However, transgenic complementation with SQES5/C], SQE6/L] and SQE7/L] did (Figure 7b), while their
allelic counterparts SQES/L], SOE6/C] and SQE7[C] do not. This proves a causal role for these Squalene-
like genes in photosynthesis and verifies that allelic variation in these genes contributes to phenotypic

difference between Col-0 and Ler-0. These results further underscore the deleterious genetic variation
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earlier described in these genes (Figure 4b, 5, Supplementary file 5, 6), and the causality of these genes
to explain @PSII ¢5. Gene expression analysis in T2 lines harvested during this experiment verified the
intended functionality of the 35S::SQE6/L] and sqe576 lines in the T2 (Figure 7c-f). Gene transcription of
sqe576 lines shows that SQES is unaffected by activity of the amiRNA, but transcription of SQE7 and
SQEG6 is reduced to ~50% and ~30% compared to levels observed in the WT background CSL32.
35S::SQEG6[L] showed 70-96x higher transcription values of SQE6 compared to the WT background IL-
A4. In line with these observations, sqe576-lines show a ®PSII phenotype that is at an equal level to the
IL-A4 line (Figure 7g) and both independent 35S::SQEG[L] overexpression transgenes in the IL-A4
background showed elevated levels of ®psn, even exceeding that of CSL32 (Figure 7h). Together, these
results prove that natural variation and transgenic alteration of the effective dosage of SOF-like genes has a

profound effect on @psn in Arabidopsis.

4. DISCUSSION

In this work we applied a multi-environmental QTL-mapping approach to study the genetic architecture of
photosynthesis under different environmental conditions in a Ler-0 x Col-0 RIL-population. Only a single
quantitative trait locus — @PSII ¢5 — was found to underly variation of ®pgyy in all the treatments we used.
Photosynthesis takes place in the chloroplast, in which only be accessed by proteins that can enter
membranes by carrying a specific chloroplast transit peptide (ctp). Two out of seven genes underlying this
QTL, namely SIGMA 5 (SIG5) and PUTATIVE PLASTID PROTEIN (PPP), contain such a sequence, but
our experiments did not indicate their involvement in the QTL. Instead, we discovered an unexpected
causal relationship between photosynthesis and copy number variation of SQUALENE EPOXIDASE-like
gene members which do not encode a ctp (Laranjeira et al., 2015). Nonetheless, our work highlights a role

for leaf-expressed SQE-like genes in photosynthesis.

4.1 The Ler-0 x Col-0 RIL population expresses a simple genetic architecture of @psii for plants

grown under stable light conditions.

In order to carefully characterize the nature of @PSII c¢5, we analyzed its interaction with the environment,
genetic background, interaction with productivity, and plant development. Doing so may support the
evaluation of specific hypotheses about the potential involvement of candidate genes underlying QTLs (El-
Soda et al., 2014; 2015; Lachowiec et al., 2015; Knoch et al., 2020). Using a Ler-0 x Col-0 population, we
tested three different environments but found no evidence for GxE effects (Figure 1b, Supplementary
table 6). Furthermore, we found no QTL for PLA to co-locate with @PSII c¢5 (Figure 1c¢). Instead a QTL
for PLA located on chromosome 2, this QTL is driven by the well-known Erecta locus of which the
variant in Ler-0 is known to cause extreme pleiotropic effects in many traits (van Zanten et al., 2009) and
may have masked a potential growth benefit associated with increased photosynthesis in @PSII ¢5. We

did not, however, find interactions with this Erecta locus in our genome-wide epistatic analysis which

63



a)

Tl

T2

SQES5 REL

Chapter 3

b)
®. .: °.
. 0.72
5 0.70
(oR
=
O 0.68
2
0.66
0.64
d)
2.0 2.0
ns ns i aa
15/ o % 15 i
Ll o] 100,
| & & @ —3—
1.0 e o ) o 1.0 o 19 .
S | W . s | U w e
! == 50 =
os| * ° P05 = L Y . |98 .
e T == 25)
0.0} 0.0 0.0 - 0J o—
v A v A v A o ©
LA g £ 5 T 5 # L &
& & & & & & & & & oy & &
s 5 s & & & r & ¢
¢ b " N
074 @ a 4 074] 8 b % % i =
0.72 o7 *
@ 0.70 g 0.70
<068 S068
0.66 0.66
064 i
Ty & F y 5 & §
N & & & s & § &
o o ~ @9 %)
9 9 (? ‘(?
oy

Figure 7. Evaluation and validation of transgenic T2 lines under 100 umol m™ s of light irradiance. a)
Selection strategy to obtain the number of active transgenic insertions for growing T2 seeds. The most
intensely red fluorescing seeds (dark red) were picked from the T2 segregating offSpring and assumed to
be homozygous for the inserts (following Shimada et al., 2010). b) Dpsi values for transgenic allelic
complementation lines measured at 09:00 h on day 21 of growth after sowing. IL-A4 and CSL32 are the
control lines, representing respectively Col-0 (red) and Ler-0 (blue) alleles for the genes underlying the
QTL (n= 92 for WT lines, n=96-100 from 24-25 independent transformants per construct). Dark red and
blue indicate the parental origin of the alleles. Abundance of the SQE5 (c), SQE7 (d), and SQEG6 (e)
transcripts in two independent sqe576 SQE-like silencing RNAi-lines. f) Transcript abundance of SQE6 in
two independent SQE6 overexpression lines. Relative expression levels (REL) in c-f are normalized
against the expression of the same gene in the WT control line (CSL32, resp IL-A4) (n=3-4 individual
biological replicates). g) Evaluation of ®psy in two independent sqe576 (n=32) against the indicated WT
lines (n=96).. h) as in g, but for two independent, homozygous overexpression lines (n=32) against the
indicated WT lines (n=96). For c-f, ns = no significant differences, * = p <0.05, ** = p <0.01, ***p
<0.001 in student’s t-test against the reference genotypes for log-normalized expression data. For b, g, h,
letters indicate equal groups following Tukey post-hoc test after ANOVA.
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suggests that it does not in any way affect ®psi (Supplementary table 5). Previously identified genetic
variation between the chloroplast genomes of Col-0 and Ler-0 also does not appear to have an effect on
@PSII ¢5 (Flood et al. 2020), which confirms our observation that the RILs, which are developed in the
Ler-0 cytoplasmic background do not map differently than the fine-mapping population and introgression
lines which are in the Col-0 background. The heritability estimates (<0.16 ) for each of the conditions
indicate that the genotypic contribution to variation in ®PSII is very low, (Table 1). These values are
surprisingly similar to other estimates of heritability obtained using diversity panels screened for
photosynthetic traits (such as ®PSII) with the same phenotyping system (van Rooijen et al., 2015;
Prinzenberg et al., 2020). Intensive phenotyping during our first round of fine-mapping allowed us to
conclude that there is no developmental effect on ®PSII (Figure 2¢). Taking all observations together, we
conclude that @PSII ¢5 is a low effect size QTL that is unresponsive to environmental conditions, is
independent of plant development, and is not dependent on genetic variants in the nuclear or cytoplasmic

genomes (but see figure 3b).

4.2 Advantages of a bi-parental mapping population and use of transgenic complementation for

the discovery of novel traits and genetic variation for photosynthesis

The role of @PSII c¢5 as the sole genetic factor significantly contributing to genetic variation for ®@pgyy in
the RIL is surprising given the plethora of QTLs typically found for this trait in Arabidopsis in both
diversity panels (van Rooijen et al., 2015; Prinzenberg et al., 2020) and RIL-populations (Oakley et al.,
2018; Flood, 2016), and also because photosynthesis is generally acknowledged to be a highly complex
trait (Flood et al., 2011; van Bezouw et al., 2019). Two rounds of fine-mapping in populations derived
from cross with a near isogenic line allowed us to reliably narrow down the identity of ®PSII c5 to just
seven possible gene candidates (Figure 2b, d). By analysis of de novo genomic sequences of only two
genotypes, Col-0 and Ler-0, we were able to examine and predict the impact of genetic variation on
functionality and causality of these genes (Figure 4b, 5, supplementary figure 5-6), even though T-DNA
knock-out lines and RNA expression analysis provide no conclusive evidence for which gene or genes
exhibits variation that explains the @PSII c¢5 (Figure 6a-c). Although our RNA expression and T-DNA
knockout line experiments reasonably excluded SIGS5, Polypyrimidine tractbinding-like protein (PTP),
SQE4 and PPP as potential causal genes, definite proof for causality of the genetic polymorphisms in
SQES, SQE7 and SQEG6 to contribute to variation in photosynthesis required a transgenic complementation
experiment.

Transgenic complementation is a powerful method to prove the involvement of specific genetic
variation. This is particularly useful for genes for which T-DNA-lines give a phenotype due to the
presence of potential null alleles already present in the background genome (Bentsink et al., 2006; Huang
et al., 2012; Tang et al., 2018). However, plant transformation often results in the integration of multiple
copies of the transgene in the recipient genome of independent transformants. This may affect the stability

and functioning of these inserts and thus the validity of resulting phenotypes of the transformants (Buck et

65



Chapter 3

al., 2009; Glowacka et al., 2018). Furthermore, high dosages of transgenic inserted natural alleles may not
accurately reflect natural genetic variation as an increase in the number of copies of a gene may have a
different impact than can be expected from natural copy numbers. In our complementation lines we found
varying, but high numbers, of transgene copies, but no significant differences in the transgene copy
number for between groups of independent transformants (Supplementary figure 7). Thus, we could
reliably identify functional allelic variation that links to @PSII ¢35, regardless of the exact number of
copies in each independent line and without the need to consider alternative hypotheses to have caused the
phenotypes.

In our experiments we transformed introgression line ILA4 — which contains an introgression
including the Col-0 version of the @PSII c¢5 locus (Figure 3a) thus exhibiting lower ®PSII compared to
the Ler-0 version (Figure 3b) — with whole allele, overexpression or gene silencing transgenes to identify
which gene would elevate ®PSII to the level of CSL32 (Figure 3b) — carrying the Ler-0 version of
@DPSII ¢5. We showed that alleles of SQES/C], SOE7[L] and SQE6/L]-alleles successfully complemented
IL-A4 to the CSL32 phenotype (Figure 7b), while the alternative alleles of these genes (i.e. SOES/L],
SQE7[C]. SQE6/C]) and the other tested genes failed to do so (Figure 7b). Our extensive genomic
analyses provided insight as to why. The Ler-0 version of SQE5 (SQE5/L]) may have reduced
functionality, possibly due to low translation efficiency, as the 3’-UTR region is very different from
SOE5/C] (Supplementary figure 5), which showed higher ®PSII. The 3’-UTR region is known to affect
the translation efficiency of a protein from RNA (Mayr, 2019). This gives a plausible explanation as no
expression differences were found between for alleles of this gene (Figure 6b, ¢). SOE7/C] is truncated
(Figure 4b, Figure 5), losing 5 out of 8 exons compared to Ler-0, and lacks most of its predicted catalytic
domains as described in (Laranjeira et al., 2015). The removal of these catalytic domains directly explains
the failure of this allele to complement ILA4. SQE6/C] is expressed at a significantly lower level han
SQEG[L] (Figure 6b, c), most likely as a result of a deletion in the promoter region (Supplementary
figure 6). As we harvested full rosettes for RNA extraction we cannot conclude whether the expression of
SQEG[C] is generally lower or restricted only in certain tissues. The latter is expected due to the high
number of additionally introduced copies of these genes among our transgenes following floral dip
(Supplementary figure 7), which should compensate for reduced transcriptional activity in the natural
allele compared to CSL32 (Figure 6b, ¢). However, promoter reporter lines would need to be developed in
order to verify this hypothesis. The overexpression and amiRNA-lines support our findings that the dose of
SQE-likes influences ®PSII (Figure 7g, h), with overexpression lines even expressing a superior
phenotype to that of CSL32. All our outcomes suggest that the range of copy numbers where an increase in
SQE-like results in an increase in the photosynthesis phenotype operates between two limits (Figure 8), a
base level defined by the WT and sqge576-lines, and a saturation level defined by the overexpression line.
However, the exact impact of this gene family on biochemical pathways requires further investigation to

biologically explain this relationship.
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st 0OX-SQE6[L]

CSL32, + comp. lines

PSll-efficiency

ILA4, - comp. lines, sqe576

copies SQE-like

Figure 8. Hypothesized relationship between activity of SQE-like genes and photosynthesis. An upper and
lower horizontal asymptote are visible, within which SQE-like genes have a dose-response effect on
photosynthesis. ‘+ comp. lines’ denote the SQE-like genes for which the alleles complemented the CSL32
with a Col-0 introgression of the QTL (IL-A4). The ‘— comp.’ lines denote those SQE-like genes for which
complementation of the IL-A4 negative introgression line failed. ‘sqe576 is the rnai line that suppresses
the expression of SQES, 6, and 7 in CSL32, while ‘OX-SQEG[L]’ is the overexpression line in the IL-A4
background line.

4.3 How do SQE-like genes impact photosynthesis?

Sterol biosynthesis is a primary plant process that is initiated in two pathways, the chloroplastic
methylerythritol phosphate pathway and the cytosolic mevalonate pathway. Farnesyl pyrophosphate is the
final product of both pathways, and this in turn is converted to squalene by SQUALENE SYNTHASE.
SQUALENE EPOXIDASEs (SQE) then catalyze the epoxidation of squalene to form (S)-2,3-
epoxysqualene, a precursor from which a broad diversity of sterols is produced in downstream metabolism
(Kalra et al. 2015; Valitova et al., 2016).

SQEs exist in all living organisms and are essential because they catalyze a vital step in the
formation of sterols, which are vital for cell functioning, signaling, development and growth (Piironen,
2000; Sonawane et al., 2015; Valitova et al., 2016). While species generally encode only a single copy of
SQE in the genome, in the plant kingdom many species have extra copies — including those targeted to the
chloroplasts (Rasbery et al., 2007; Laranjeira et al., 2015; Liu et al., 2019; Manzoor et al., 2021). SQE-like
genes form a sub-clade of SQUALENE EPOXIDASEs, a gene sub-family which is exclusive to
Brassicaceae (Laranjeira et al., 2015). A major difference between SQE4-7 (SQE-likes) and SQE1-3 (true
SQEs) genes is the presence of a flavin adenine di-nucleotide (FAD) dependent oxido-reductase domain,
comparable to a nicotinamide adenine dinucleotide NAD(P)-binding Rossman-like domain, suggesting
functionally different roles (Laranjeira ez al., 2015). Both clades contain FAD/NAD(P) binding domains
that extend to most of the posterior region of the predicted genes. Unlike true SQEs , SQE-likes are unable
to complement SQE deficient erg/ mutant yeast (Rasbery er al., 2007), a functional diversification
between these two groups is likely to have occurred. A relationship between SQE or SQE-like genes and
photosynthesis has so far not been shown. A knock-out mutant for SQEI in Arabidopsis thaliana,
dry2/sqel-5, had impaired growth, accumulated squalene, and had impaired stomatal closure (Rasbery et

al., 2007; Posé et al., 2009), but apart from squalene accumulation sge3 mutants do not show these
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phenotypes (Laranjeira et al., 2015). Micro-array data of the dry2/sqel-5 mutant reveal that photosynthesis
genes are down regulated, while stress-related genes are upregulated. These results imply that disruption(s)
of SQEs directly or indirectly affects plant photosynthesis, but that functional redundancy exists among the
members of this gene family. In this work we have established a dosage dependent relationship between
SQE-like genes and photosynthesis, but the functional relationship has not yet been established. However,
the mutants we developed in this work provide excellent starting material with which to further study these

relationships.

4.4 Genetic variation in the SQE-like tandem reveals insight in Brassicaceae evolution

In the Brassicaceae multiple SQF-like genes are present in an interspecific conserved syntenic block
signifying a copy number expansion event (Laranjeira et al., 2015). SOE4 may be the first copy of SQE-
likes. 1t displays root-restricted expression in Arabidopsis, similar to SQEI-3 (Rasbery et al., 2007;
Laranjeira et al., 2015; Klepikova et al., 2016) and the first diversification occurred in a species with only
one orthologue of SQF4 (Laranjeira et al., 2015). Phylogenetic clustering by Laranjeira et al., (2015)
supports the idea that SOES was the next formed SQE-like, followed by SOE7 and then SQE6. The ~30kbp
genomic region after finemapping in our experiment exactly matches a previously described conserved
syntenic region in species within the Brassicaceae as identified by Laranjeira et al. (2015). Their alignment
of this region suggests that related species all contain the truncated version of SQE7 rather than the full-
length gene. A more thorough analysis of the polymorphisms we describe here is required before we can
be certain of nature and evolution of these genes within Arabidopsis genotypes and other species within

the Brassicaceae clade.

4.5 SOUALENE EPOXIDASE-like genes as a target for improving crop photosynthesis

Established core proteins in the photosynthesis machinery, such as RIBULOSE-1,5-BISPHOSPHATE
CARBOXYLASE-OXYGENASE, SEDUHEPTULOSE BISPHOSPHATASE and PHOTOSYSTEM
SUBUNIT S, are popular targets for transgenic modification to enhance photosynthesis and subsequent
productivity in a wide variety of (crop) species (Kromdijk et al., 2016; Driever et al., 2017; South et al.,
2019; Yoona et al., 2020). Although the exact functionality of SQE-/ike genes is unknown, we found that
in overexpression lines ®PSII was higher than found with natural Ler-0 (CSL32) alleles (Figure 7c, d).
However, ®PSII is a relative measure of the light-use efficiency of photosystem II which is at its
maximum in the dark-adapted state when it is normally referred to as Fv/Fm, which in plants reaches a
maximum of around 0.83 (Baker, 2008). It is also linearly related to gross carbon dioxide fixation, a major
factor in plant productivity. Thus changes in ®PSII are expected to be paralleled by changes in
assimilation. Although it is difficult to point towards the metabolic step that is catalysed by the SQE-like
gene product, the potential beneficial effects on photosynthesis may not be restricted to Arabidopsis — or
even the Brassicaceae. The use of exogenic photosynthesis genes has previously led to improved

photorespiration properties in Tobacco and biomass growth (South et al. 2019), which is an attractive
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application of the discoveries we report here. Improving photosynthesis traits may not always result in
improved above-ground growth (Garcia-Molina & Leister, 2020), and normally growth is only judged
above ground. The relationship between photosynthesis and plant growth is complex and variable,
depending on factors such as leaf area, leaf area per unit leaf dry weight, and the leaf fraction of plant
biomass, none of which are necessarily constant, thus Arabidopsis may be a poor model to study the link
between photosynthesis and productivity. Introduction of SQE-like genes driven by a universally active
promoter — such as the 35S — in other species such as crops or algae might yield potential benefits in terms
of increased photosynthesis, potentially useful metabolites, and maybe even biomass production. However,
before engaging in SQF-like mediated crop improvement, the potential molecular pathways in which SQF-

like genes are involved in remains to be elucidated.

S. CONCLUSION

In this study, we used a recombinant inbred line population to explore natural variation in photosynthesis
efficiency between Ler-0 and Col-0. We mapped this to an uncharacterized gene family of SQE-/ike genes
and provided evidence of how natural genetic variation can affect photosynthesis. So far, the biological
role of this gene family is unknown. Overexpression of these genes revealed that ®PSII — and perhaps
other photosynthesis parameters — can be increased to above that found in the high performance parent.
SQE-like genes are not available in most of the clades in plant kingdom, which may suggest that other
species may be enhanced by introduction of such genes. To conclude, we have shown that natural variation
for photosynthesis is a powerful resource for improving photosynthesis that may reveal unexpected options

for improving photosynthesis efficiency in crop species.
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SUPPLEMENTARY FILES

Supplementary table 1. Primers used to confirm TDNA insertions. LP = left border primer, RP = right
border primer.

Locus Primer sequences
Salk LBb1.3 attttgccgatttcggaac
SAIL LBI gccttttcagaaatggataaatagcecttgcttee

70

LP

RP

SALK_101921
SALK 141383
SALK_ 133729
SALK_ 137191
SALK_130439
SALK_012094
SALK 012094
SALK_040805
SALK 024504
GK-151G06
SALK_083343
SALK_ 118625
SALK_ 053722
SALK 069263

ccattctctagtgtcagccac
tctcataccegcettgacaaag
tctcaagetecggatgcetttac
ggatggtcttctcagcaacag
ggatggtcttctcagcaacag
tgatgaagttcgttgtgttge
tctagcggatgatttttggtg
tggttgttattcgaaccttcg
ttttgcggaactgaaacaaac
actcgacgeccgtactatgt
cccttaattgecaattaaaagg
tgtgcaagagttccataactcc
cgacgtaaaatatcgtttcge

tcatagegttagacgecgtac

gtttgagatgggaagacctce
gttcagctgcaagatctccac
aagctagctcacttgtgetge
ggatggtcttctcagcaacag
aaattccactagccccagttg
tgtggcgatatagttecttcg
tttcctctcaacaaatgtcgg
gtaattgaagcagccttgtcg
gtcagtagcaccgtcttctcg
agtggcgtcacagtttcaca
ctgaggatcaaaaagacggtg
tgtgtttagaacttttccceg
ttetcatcttcagettectatgg

cgatttctttgtcggagacag
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Supplementary table 2. The markers and their positions as used for finemapping in this study. In bold the
markers defining the QTL for the first (I) fine-mapping experiment. The underlined markers mark the location
of the quantitative trait locus according to the second (II) fine-mapping experiment.

Position Polymorphism Selection I Fine-mapping I  Selection II  Fine-mapping II

Col-0 Ler-0

6776258
7903935
8000694
8042919
8087656

X
X
X

8131781
8153590
8157027
8160764
8177051
8186643
8188246
8189521
8220636
8265957
8309822
8319308
8335443
8445073
8532284
8580048
8638564
8704447

8781505
8839564

9691551
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Supplementary table 3. qRT-PCR Primers used in the gene expression experiment.

72

qRT PCR Gene Primer name Primer sequence
Candidate At5g24120 | At120 F ctcctagagtectgtegee
At5g24120 | At120 R cgetctcgacgatgtgete
At5g24130 | At130 F gtggattgaagcttcttgggg
At5g24130 | At130_ R caacgttcagcaatccteec
At5g24140 | Atl40 F gcagetgegtttgttggaate
At5g24140 | Atl40 R gectcagaattettgeetggg
At5g24150 | Atl50_F | gtatgacagaacctccgeattg
At5g24150 | Atl150 R | caggcgaagaaacaacagcc
At5g24155 | Atl55 F cgtectectggetgeataac
At5g24155 | Atl55 R |gcatattctettgctaaggacggg
At5g24160 | Atl60_F gatacgcggetgcatttge
At5g24160 | Atl60 R gcectcaagcetttttggtttgge
At5g24165 | Atl65_F | ctatctcatetggttctggaceg
At5g24165 | Atl65_R ctatctcatctggttcttcg
Reference AT2G35635| UBQ _7 F | ccctcetgttcaacaaaggcetc
AT2G35635| UBQ_7 R | acagagcctcectctatcge
At5g53560 | CBSE F | gtettgttgtcctcaacagggaa
At5g53560 | CBSE R tecatcatgtccettgeagtg
AT1G75780| OTUBIL _F | cacaagatcgtgctgaagtcg
AT1G75780| OTUBI1_R | gttgctcaaggaacaacgca
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Supplementary table 4. Primers used for molecular cloning

Molecular cloning IPrimer name |[Primer sequence

pKGW RedSeed::SIG5C) At120 F1 |ctcgggctattcttttgatttaaatttaagtggttgtgataatggctetge
At120_R1 jatacggtcaatgacaacttcaaacttcac
Atl120_F2 |gaagttgtcattgaccgtatgatgg

Atl120_R2 jatatggtcgacctgcactttacgtggctttgtgcatgg

pKGW RedSeed::SQES5M At150 C F1 [ctcgggctattcttttgatttatgtatagagagggacgagactatcact
Atl150 L FI [ctcgggctattcttttgatttaattcggttctggticgggtca
At150_R1 [cgccttcatgetgacttggacagtgt
At150 F2 |gtccaagtcagcatgaaggcgagtag

Atl150_R2 jatatggtcgacctgcagaacttatcgttgtaggtatgagaaacgt

pKGW RedSeed::SQE7CD Atl155 F1  [ctcgggctattcttttgatttattttatctgcataaccctecctaaagg
At155 R1 [ctettgctaaggtttgtaaagtgge
At155 F2  [ctttacaaaccttagcaagagaatatgcgagag

At155 R2 |atatggtcgacctgcacacgaatctatgtgattgtgcatttgg

pKGW RedSeed::SQE6CD At160 F1 |ctcgggctattcttttgatttatgcaatataaggatcceatgettctaga
Atl60 R1 [acatacaagaataaagaaggcgaagaaacaac
At160 F2 |gccttctttattcttgtatgtcactcctt

At160_R2 jatatggtcgacctgcatcagettcctatggattcttcaagtaattg

pKGW RedSeed::PPPCL) GA165 F |ctcgggctattcttttgatttaagatagttgtggaaagaggagtgaca

GA165 R [atatggtcgacctgcaacctgatcgtgtgagtcgga

pFASTRO02::SQE6" 0X160 F |cgtgcgtaaaagccat

OX160 R [tattagataacggttgcagcca™

pFASTRO2::RNAi sqe576 RNAI 1 cggtgttctagegttaccaaca

I 2aTGTTGGTAAGGTAGAACACCGtctctcttttgtattce
II gaCGGTGTTCTACCTTACCAACAtcaaagagaatcaatga
11T 2aCGATGTTCTACCTAACCAACTtcacaggtcgtgatatg
v gaAGTTGGTTAGGTAGAACATCGtctacatatatattcct
A ctgcaaggcgattaagttggotaac
B lgcggataacaatttcacacaggaaacag

amiF caccgtcgacggtatcgataaget

amiR catggcgatgccttaaataaaga

*The reverse primer for the SQE6 had to be modified at the nucleotide level compared to the genomic
sequenceto enable proper annealing for TOPO-cloning purposes. These modifications do not impact the amino
acid sequence
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Supplementary table 5. Primers used for copy number quantification of transgenic complementation lines

Primer name

Primer sequence

CBSE_FWD
CBSE_REV
PSD1-1_ FWD
PSDI-1 REV
DS3_FWD
DS3 REV
DS4 FWD
DS4 REV

74

tgatcatcctggaggcgatg
ttgcagtgtcgcetgtgacca
geggtectggctageaatgatg
gtagcectgegecttegttatg
ggttcgeatggaaggaacggtc
aagcaaatggcaaaggtcccce

ccaccgggtgtaacaagacgga

ttggaggtagtgcegttgggaa
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Supplementary table 6. Epistatic analysis of ®PSII efficiency under three different conditions. Chr x Chr
represents the combination of chromosomes in which the largest interaction effect was found. PSII 1I,
PSII_n & PSII_c represent three treatments; Low light (100 um m? s of light), Nitrogen deficiency
(Nitrogen at 10% of control), Control (200 pm m s'). All numbers represent the —log(p) values of the
genetic interactions between genetic loci. The treatment-wide average calculated LOD-threshold for
interactions is 3.9, which none of the interactions meet.

ChrxChr |PSII 1 PSII n PSII ¢
cl:cl 0.000  0.001 0418
cl:c2 0.484  0.065 1.540
cl:c3 0.275 2337 1.744
cl:c4 1.210  1.367  0.973
cl:c5 0.022  0.066  0.263
c2:c2 0.620 0949  0.301
c2:c3 0.818 1.205  0.832
c2:c4 1.950 0.756  1.521
c2:c5 0.160  0.024  0.022
c3:c3 0.783  0.609 0.254
c3:c4 0326  0.590 0.494
c3:c5 1.430  0.239  0.097
cd:c4 0.253 1.639  0.019
cd:c5 1.070  0.608  1.160
c5:e5 0.000 1.782  0.795

Supplementary table 7. Two-way ANOVA to explore the Genotype x Environment component of
@PSII 5. Factor, Treatment has three levels (100 pmol, 200 umol —N and 200 pmol) and marker M536
has two levels (Col-0 and Ler-0). Marker M536 is linked to @PSII c5.

Factor SumSq | Df F-value Pr(>F)
Treatment 0.04053 | 2 493.6 2.20E-16 o
M536 0.001438 | 1 35.025 6.85E-08 ok
Treatment x M536 | 0.000002 | 2 0.0228  0.9775 NS
Residuals 0.003449 | 84
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Supplementary table 8. All genes in the finemapped region. The data was generated through the plant
ensemble bioMart tool (consulted in March 2019).

Gene locus

Gene Start*

Gene End*

Abbrevationt

Gene namet

Gene ontology

AT5G24120

8157151

8160343

SIG5

RNA polymerase sigma factor SIG5,
chloroplastic/mitochondrial
[Source:UniProtKB/Swiss-Prot;Acc:Q9ZNX9]

cellular response to blue light
plastid sigma factor activity
cellular response to salt stress
response to far red light
response to red light
embryo sac development

positive regulation of transcription, DNA-
templated

regulation of transcription, DNA-templated
DNA binding

chloroplast

plastid

mitochondrion

transcription, DNA-templated
DNA-binding transcription factor activity
sigma factor activity

DNA-templated transcription, initiation
protein binding

chloroplast organization

regulation of RNA biosynthetic process

photosystem Il assembly

AT5G24130

8161928

8164066

PTP

Poly-pyrimidine tractbinding like protein
[Source:UniProtKB/TrEMBL;Acc:Q9FL61]

biological_process
molecular_function
membrane

integral component of membrane

AT5G24140

76

8164319

8167776

SQE4

ISQUALENE EPOXIDASE 4
[Source:TAIR;Acc:AT5G24140]

sterol biosynthetic process
membrane

integral component of membrane
monooxygenase activity
oxidoreductase activity
oxidation-reduction process

flavin adenine dinucleotide binding

squalene monooxygenase activity
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endoplasmic reticulum

AT5G24150

8172300

8175525

SQE5

ISQUALENE EPOXIDASE 5
[Source:UniProtKB/Swiss-Prot;Acc:065404]

sterol biosynthetic process
membrane

integral component of membrane
oxidoreductase activity
oxidation-reduction process

flavin adenine dinucleotide binding
squalene monooxygenase activity

endoplasmic reticulum

AT5G24155

8179703

8181107

SQE7

ISQUALENE EPOXIDASE 7
[Source:UniProtkKB/TrEMBL;Acc:Q6ID26]

sterol biosynthetic process
oxidation-reduction process

FAD binding

squalene monooxygenase activity

endoplasmic reticulum

AT5G24160

8182917

8186704

SQe6

ISQUALENE EPOXIDASE 6
[Source:UniProtKB/Swiss-Prot;Acc:065402]

sterol biosynthetic process
membrane
integral component of membrane
monooxygenase activity
flavin adenine dinucleotide binding
oxidation-reduction process

squalene monooxygenase activity

AT5G24165

8188166

8189470

PP

Putative plastid
protein[Source:UniProtKB/TrEMBL;Acc:Q8LD
Qs8]

biological_process

*positions relative to the TAIR10 reference genome assemble
tgene nomenclature sensu Laranjeira et al. (2015). If no gene abbreviation convention was established,

they were formulated ad-hoc.
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Supplementary table 9. List of T-DNA lines used in this experiment. Names are determined ad-hoc
unless the respective line was previously characterized.

SQES5[L]
SQE7[L]
SQE6[L]
sge576

Locus name® T-DNA lines Name location Knockout?®

At5g24120 SALK 101921 sig5-4 Exon Yes®

SALK 141383 sig5-3 Exon Yesd
At5g24130 SALK 137191 pip-1 Exon Yes

SALK 130439 - Exon No
At5g24140 SALK 012094 sqed-1 Exon Yes

SALK 040805 sqed-2 Exon Yes
At5g24150 SALK 024504 - 3°-UTR' Expression still detectable’

GK-151G06 - Exon No TDNA present

At5924155 - - - -

SALK 083343 sqe6-1 Intron Yes*
At524160 SALK 112366 - Exon No TDNA present*

SALK 118625 sqe6-2 Exon Yes*®
At5g24165 SALK 053722 - Promoter No TDNA present

SALK 069263 - S'UTR No TDNA present

*Following TAIR10.

"TDNA’s located between the translation start and end sites were assumed to be introduce a proper
gene knockouts. TDNA insertions locating outside the coding region were experimentally verified to
be or not a knock-out.
¢ dexperimentally verified by Zhao et al. (2017), Noordalley et al. (2013) respectively.

fExpression verified by qPCR. http:/www.ruf rice.cdu/~bartel/projects/genesofinteresthiml lists the location of the

TDNA as 429 bp into the 5S’UTR region, but this is incorrect. The 5’-UTR of At5g24150 is 130 bp in

size (sensu TAIRI10 https://www.Arabidopsis.org/servlets/TairObject?type=locus&name=AT5G24150, 12-03-2021),

which means that the TDNA locates in the promoter region and functional copies can be produced.

*Consistent with http://www.ruf.rice.edu/~bartel/projects/genesofinterest.html

ATGGCCTTTACGAACGTTTGCCTATGGACGCTACTCGCCTTCATGCTGACTTGGACAGTGTTCTACGTCACARACAGGGGGAAGARGGCGACGCA

ATGGATATGGCCTTTACGCACGTTTGTCTATGGACGCTACTCGCCTTCGTGCTGACCTGGACGGTGTTCTACGT TACCARCAGGARGARGARGGCGCCGGA

ATGGCTTCTACGCACGTTTGTTTATGGACGTTAGTCGCCTTCGTGCTGACGTGGACGGTGTTCTACCTTACCARCATGARGARGARGGCGACGGA
CGGTGTTCTACGTTACCARCA

Supplementary figure 1. The artificial micro-RNA sequence and recognition site of the sge576 vector.
The first ~100 bp (starting from ATG) of the genomic coding sequence of the Ler-0 accession are given
and aligned against the 21 bp long micro-RNA sequence (sqe576) for SQES, SOE7 and SQEG6. sqe576
binds to SQES5, SOE7 and SQE6 mrna at 3, 0 and 1 mismatches, respectively.
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Supplementary figure 2. QTL mapping of time series for PSII efficiency of plants aged 19-21 days after
sowing. Trait is given as the time point (5 points/day for the low light, 4 points/day for the others). During
the Ndef (10% nitrogen supply, 200 pmol m2s™! growth irradiance) and Nsuf experiments (200 pmol 25!
growth irradiance) growth irradiance PSII efficiency was evaluated four times a day, while for the low
light (200 umol 2! growth irradiance) experiment this was evaluated five times a day. Marker position is
given as a cumulative number from the first marker on chromosome 1 to the last marker on chromosome 5.
Colour intensity indicates the LOD-value, with red values indicating higher LOD-scores.
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C5L-A10 CSL32

DPSII ¢5
P1 x P2

F1

T

non-recombinants recomblnants
F2:3

Supplementary figure 3. Schematic overview of the F2:3 family mapping approach targeting @PSII_c5.
A cross between CSL32 - an isogenic Ler-0 line, but with a Col-0 cytoplasmic genome — and introgression
line C5L-A10 — as CSL32 but with a Col-0 introgression spanning ~10 Mbp (Wijnen et al., 2018). The
location of the @PSII ¢5 is annotated in the introgression line. Selfing of this F1 hybrid generates
recombinant and non-recombinant lines in the F2, with recombinants defined as those lines that now
exhibit crossovers between the borders (black solid lines) of the confidence of the @PSII_c5 QTL. Selfing
of these F2 lines generate F2:3 progeny that segregate for their identified cross-over sites, thus generating
F2:3 families.

8781505
8704447
8500045
8532084
5 Mas07
e}
£ 8335443 -log(p-value)
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Q
= 25057
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8042019
5000604
[1J2]ala]s]67]s]o]t0]11]12]1a]sal15[s6]17]18]10]20]
Days

Supplementary figure 4. LOD-values for each individual timepoint of the first F2:3 fine-mapping
experiment. The colour intensity indicates the LOD-values (as —log(p-value)). Days indicate the day of
growth from which the average rosette size of each of the replicates reached 30 pixels, and thus represent
the developmental stage of the plants.
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5’ 0 50
Col-0  EECTCTCTAR AACACTGGTG CTTTAAACTG CAAAAT.... ..ATAACACA
Ler-0  GGCTCTCTAA GTJJACTGGTG CTTTAAACTG CCAAACTAGA TCATAACCCG

51 100
Col-0 TA.TATAAAT CACGAATCTT TGTGATTCTG CATATATTGT GTTCTACAAT
Ler-0 TGCTATACAG CACGGGRCAT TAATATTTTG TATAAATTAA ATTGTATATT

101 150
Col-0 TATTCTCATA TAAATGAAAA TTGTTCTACG TAAAAGTAAA AAGAAGGAAT
Ler-0 TTGTTTGAAT TACATAAGAA ATATTATA.G TATAAAAATG ATGTCATAAT

151 200
Col-0 . TGTAATACT AATAAAACGA GTTTTTAATT CTGTTGAATG CTTGTGTATA
Ler-0 ATTTTTTAAT ATTTTTACTA TTTGCATATA ATGCTTCATT GGATTGACTI

201 250
Col-0 TTGGTGACCT CTGGTTTTCT TGCACAGTAT ATCTTTATTC TTATGTATAC
Ler-0 TTGTTTAAAA ATGTTATTTT TATAATAAAT AlCAACATAT GTAGTTTTAA

251 300
Col-0 TAAAATCGAA GTTATAAGAA TGAATTTACG AAAGAAAAAA ACAGTCTAAT
Ler-0 GTAAATGTGT AAAATTTGTA TATAATTGTT TTGGTAAGAA ACATTTTTCT

301 312 3/
Col-0 GATATTTTAA AC
Ler-0 TTTATATTAG AG

Supplementary figure 5. Terminator region alignment of SQUALENE EPOXIDASE 5 (SQES,
At5g24150) of Ler-0 and Col-0 alleles for the first 340 basepairs in beyond the stop codon. Green indicates
the translation termination site of SQES5 (TAA) and several bp upstream into the coding region. Yellow
indicates single nucleotide polymorphisms, red indicates deletions and cyan indicates insertions (all
relative to Col-0). The bold, underscored sequence denotes the entire 3’-UTR region length of the Col-0
allele of the gene (NCBI Reference sequence; NM 122320.4; Tabata et al. 2000). The sequencing
alignment was made in MULTALIN (Corpet, 1988).
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57 1 50
Ler-0 AGCCGAAGTT GGCGGCTCGC CTCTCGCCTA TGCACTTCCC ATTGTTCGTA
Col-0 AGCCGAAGTT GGCGGCTCGC CTCTCGCCTA TGCACTTCAT AAGGTTCGTA

51 100
Ler-0 ATCGGTCCAA GTATCGAATC TCTCAGGGCC GGCTCATTAG AATATTGGGT
Col-0 ATCGGTCTAA GTATCGAATC TCHAG

101 150
Ler-0 TCTGTACTAT TATATATTTA AGCCTACAAT AAAGATGATT TTAAACGAAA
Col-0

151 200
Ler-0 GACCCTAAAG TGTGAAGAAA AATTTGTAAA ATTATTTTGG ACCCTGTACA
Col-0

201 250

Ler-0 TTTGCTCTCC AAGATCCTCC CAAGAACCGC CTGCCGAATC TGCATCTCTC
Col-0 [ C GAATC . TGCAACTCTC

251 300
Ler-0 TTCTAAAACA TCTAGTTAAC TTCTTGACAT TTTATATAAT TAGCAAATTA
Col-0 TTCTAAAACA TCTAGTTAAC TTCTTGACAT TTTATAT- TAGTAAATTA

301 350
Ler-0 TTGAGATTTT TGAAACTCTT AAATGAATTA AAATAGTCAA AATGTCAATA
Col-0 TTGCGATTTT TCAAACTCTT AAATGAATTA TAATAGTCAA AATGTCAATA

351 400
Ler-0 ATTTGAGTGG TGCATTTTGT TTGCTTGTTC TATATAGTAA CAAAAACTCA
Col-0 ATTTGAGTGG TACATTTTGT TTGCTTGTTC TATATAGTAA CAAAAACTCA

401 450
Ler-0 TTAATTAGGG TGGTCAATAT CTTCTGTTTG TTATCTGATA TAAACTTATC
Col-0 TTAATTAGGG TGGTCAATAT CTTCTGTTTG TTATCTGATA TAAACTTATC

451 500
Ler-0 GTTTCTTTTA TGTCAAACTT TGACAGCCGA GATTATGATA ACGAGCATGT
Col-0 GTTTCTTTTA TGTCAAACTT TGACAGCTGA GATIATGATA ACGAACCTGT

501 550
Ler-0 GGTAATAATG CGACGTTCAA ACTGACATAT CTTTGAACTA TATATATGTC
Col-0 GGTACTAATG CCACGTTCAA ACTGACATAT CTTTGAACTA TATATATGTC

551 600
Ler-0 ACTCCTCTTT CCACAACTAT CTCATAAGCC ATTTTTTTTA AAAACTCATA
Col-0 ACTCCTCTTT CCACAACTAT CTCATAAACC ATTGTTTTTC AAA.CTCATA

601 636 3’
Ler-0 AATCATATTG AGAACAAATA GATTTGGTTA TA;‘.

Col-0 AATCATATTG AGAACAAATA GATTTGGTTA TA!

Supplementary figure 6. Promoter alignment of SQUALENE EPOXIDASE 6 (At5g24160) of Ler-0 and
Col-0 alleles for the first 633 base pairs in front of the ATG translation start site. Green indicates the
translation start site, yellow indicates single nucleotide polymorphisms and red indicates deletions (all
relative to Ler-0). The bold sequence denotes the 5’-UTR region of the gene (NCBI Reference sequence;
NM_122321.5, Tabata et al., 2000). The reverse complement sequence is shown. Sequencing alignment
was made in MULTALIN (Corpet, 1988).
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Supplementary figure 7. Copy number estimation in sets of allelic transformants grouped per allelic
construct. No significant differences were found among the number of copies detected in each of the lines,
following ANOVA and Tukey post-hoc test. The number of independent lines per transformation vector
tested is given above each boxplot. These particular lines were not phenotyped in the Phenovator, but
independent lines originating from the same batches were and these results are thus representative for all

lines tested.
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Chapter 4. Genetic analysis of photosynthesis
traits in response to high light irradiance in two
Arabidopsis thaliana accessions

Roel F.H.M. van Bezouw', Roxanne van Rooijen!, Stefan Meijs!, Marieke van der Hoeven!,
Chi-Wei Pan', Yvet Boele!, Tom Theeuwen!, Bastiaan de Snoo?, Jeremy Harbinson®, Mark
G.M. Aarts!.

SUMMARY

The use of high-throughput phenotyping facilities has come increasingly more popular to assess and
understand the genetic architecture of photosynthesis traits in plants. In this chapter, we used several
genetic approaches to describe natural variation in the photosynthetic response to high light irradiance
in an F2 population derived Arabidopsis thaliana accessions contrasting for this trait. Two novel
quantitative trait loci (QTL) are discovered and described to have a profound impact on
photosynthesis efficiency following a stepwise increase of irradiance. From the F2 progeny, further
genotypic material was selected to genetically dissect one of the discovered QTL and assess the
potential of these QTL to improve plant productivity under fluctuating light regimes. In this work,
new genetic variation, phenotypes and the possibility of a gene with unknown function
TRANSCRIPTION INITIATION FACTOR II D (TFIID) (At3g45210) as being involved in high light
acclimation are described. The outcomes of this study highlight the potential that is present within
plant species to improve photosynthesis efficiency, and consequently yield.

Laboratory of Genetics, Wageningen University & Research, 2Rijk Zwaan Breeding B.V., *Laboratory of
Biophysics, Wageningen University & Research
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1. INTRODUCTION

Light energy intercepted by plant leaves is the driver of plant photosynthesis, plant growth and, ultimately,
for most of the life in the terrestrial biome. To function optimally, photosynthesis relies on the balanced
operation of several distinct sub-processes; light-harvesting, electron and proton transport, photosynthetic
metabolism, and the supply of carbon dioxide from the surrounding air. This balanced operation depends
on regulation of the photosynthetic sub-processes. In the short-term (seconds - hours time range) this
depends on the physiological regulation by changes in, for example, lumen pH, or the activation of
enzymes by thioredoxin or stromal Mg?* concentration or pH. In the longer term (several hours or longer)
this regulation depends on changes in the composition or stoichiometry and organization of the
photosynthetic machinery.

Disturbance to the operation of photosynthesis — and thus the activation of regulatory responses —
occur in part due to changes in the physical environment of the leaf. Photosynthesis is known to be very
sensitive to the environment, and the environment fluctuates over a large range of time scales. Fluctuations
in irradiance, the energetic driving force of photosynthesis, have a particularly strong effect on
photosynthesis. Partly this arises from the physiological role played by light in photosynthesis and partly
from the fact that there are no buffering mechanisms for light, so fluctuations in light can be large, rapid
and common (Kaiser et al., 2018, Matsubara 2018). When these changes in light intensity are prolonged,
they result in alterations in the stoichiometry of the components of photosynthesis. The number of light-
harvesting components decreases, while electron transport, ATP synthesizing capacity, and metabolic
capacity (especially of rubisco) increases. Photoprotective mechanisms will also be upregulated to deal
with the risks associated with the formation of reactive oxygen species in higher irradiance conditions.

Adaptation to changing incoming irradiance by either physiological or stoichiometric changes
may be slow compared to the speed of fluctuations in irradiance (Kaiser ez al., 2018). Light fluctuations
that prevent a completely adjusted state of the photosynthesis apparatus impact leaf carbon assimilation
and, consequently, productivity (Athanasiou et al., 2010; Vialet-Chabrand et al., 2017; Graham et al.,
2017; Kaiser et al., 2020). Improving a plant’s capacity to adapt to changing light conditions is therefore
seen as a promising target with room for improvement for purposes of improving crop yield (Zhu et al.
2015). Within plant species, natural variation exists for the rate or extent of the response of photosynthetic
sub-processes important for short and long-term adaptation to changes in irradiance, which means that
such traits are also amenable to genetic mapping (Niyogi ef al., 2009; van Rooijen et al. 2015, Wang et al.,
2016, Rungrat et al., 2019). Consequently, this opens a route to improve these responses by exploiting this
natural variation in crop breeding for improving adaptation under conditions of light fluctuation as a
potential route of investigation to further advance crop production (Flood et al., 2011; Lawson et al., 2012,
van Bezouw et al., 2019).

Genetic diversity for a trait can be explored in various ways. Diversity panels of model and crop
species have become a popular tool to screen genetic variation in photosynthesis following genome wide
association studies (van Bezouw et al., 2019). However, in such studies typically only few of the observed
quantitative trait loci (QTL) for photosynthesis studies have been verified and are generally found to be
weak in effect. Classic bi-parental mapping populations present a more powerful alternative for studying
the genetics of quantitative traits (Bazakos et al. 2017), but these are not as efficient in mapping accuracy.
However, for highly polygenic traits such as photosynthesis, the simplistic genetic layout of bi-parental
mapping populations can be advantageous as the number of genetic loci contributing to the trait of interest
and the number of genetic factors contributing to non-additive genetic portion of variation are much lower
(Tiang et al., 2021). Furthermore, bi-parental mapping populations are a good basis for subsequent
selection experiments to assess the impact of QTL on the trait of interest through the development of e.g.
introgression lines.

Two Arabidopsis thaliana (hereafter; Arabidopsis) accessions, S96 and SLSP30, were previously
identified in a genome wide association study by van Rooijen et al. (2017) to contrast in their
photosynthetic response to long-term high light acclimation. The contrasting response of these two
accessions is utilized in this study to further explore the high light acclimation response in Arabidopsis
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using an F2-mapping approach. We discovered two high light responsive QTL, which combined account
for a 25% improvement of photosynthesis efficiency in response to increased irradiance. The associated
markers were used to evaluate selection for these QTL in fluctuating light experiments to assess the impact
of these large effect size on productivity. Furthermore, one of the QTL found in this study was fine-
mapped to the gene level, identifying TRANSCRIPTION INITIATION FACTOR SUBUNIT D (TFIID;
at3g45210) with a function in the mitochondria underlying the genomic locus. In all, this study highlights
the large impact of intra-specific natural variation that can be found for photosynthesis traits in

Arabidopsis.
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2. MATERIALS AND METHODS

2.1 Seed material

Arabidopsis accessions S96 (CS76153) and SLSP30 (CS76228) were crossed and the resulting F2 was
used for genetic mapping. After phenotyping, 304 plants were genotyped using Illumina’s Golden Gate
Genotyping with Vera Code Technology for 384 markers, of which 117 markers were found to be
polymorphic between the parents. These markers were subsequently used to generate a genetic map
through Joinmap 4 (van Ooijen, 2006) (Supplementary figure 1) and were used for linkage analysis. F2
line progeny was allowed to set seed after the conclusion of this initial experiment. The progeny was then
used for the development of fine-mapping populations and introgression lines as described in the results
section.

2.2 Whole genome sequencing

Genomic DNA of the parental lines was isolated following the Maloof CTAB-protocol (see
https://openwetware.org/wiki/Maloof Lab:96well CTAB). Genomes of S96 and SLSP30 were sequenced
at 40x coverage by GenomeScan b.v.. The snpeff bioinformatics tool (Cingolani et al., 2013) was
subsequently used to map polymorphisms between the S96 and S96 genomes, which were then used to
develop KASP probes for genotyping and predicting the impact of genetic variation on candidate gene
functioning. Primer sequences and their respective positions can be found in supplementary table 1.
These KASP probes were subsequently used for genotyping in mapping experiments, recombinant
selection and the development and selection of introgression lines

2.3 Growth conditions and high-throughput phenotyping using the Phenovator

For genetic mapping of photosynthesis efficiency and phenotyping of genetic material, plants were grown
as described in van Rooijen ef al. (2017). In short, plants were grown for 24 days under conditions of 100
pmol m~2 s7! of light, then a stepwise increase of light irradiance to 450 pmol m? s!' was introduced for
four days. Unless otherwise noted, the Phenovator experiments were as described here. Four to six times
per day, ®PSII was measured as an indicator for photosynthesis performance using chlorophyll
fluorescence techniques as described by Flood ef al. (2016), Murchie and Lawson (2013) and in Chapter
3.

2.4 Mutant characterization and analysis

For all genes located between the flanking markers of the Q3 quantitative trait locus and found to be
expressed in rosettes, up to three independent T-DNA insertion lines were ordered from the Nottingham
Arabidopsis Seed Centre (Scholl et al. 2000), depending on availability. For At3g45140 LYPOXYGENASE
2 (LOX-2), no TDNA insertion lines were available and thus we requested the /ox2-/ EMS-mutant from dr.
Mats Andersson (Swedish University of Agricultural Sciences) and prof. Edward Farmers (University of
Lausanne), which was kindly provided. A snp mutation introduces a W630* amino acid substitution
which truncates the protein and causes a proper gene knockout, as previously described by Gauser et al.
(2009). In addition, we ordered the RNAi-LOX2 (NASC stock: N3748) line, but contrary to what is
reported by Bell et al. (2005), we were able to detect LOX2 transcripts indicating a possible loss of
function of the RNAi-transgene. All TDNA lines were tested for homozygosity of the insert and other
mutants were genotypically verified using the primers as described in supplementary table 2. All plants
were grown and harvested simultaneously in the greenhouse prior to subsequent experimentation to avoid
undesired variation resulting from seed age or unequal growth conditions.
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2.5 RNA isolation and sequencing.

The B9-C11 and B9-E7 introgression lines (Figure 2), selected for genomewide homozygosity for the Q3
QTL from the progeny of an F2 line, were grown in the Phenovator, and grown as described previously. 48
replicates of each line were grown in a corner of the Phenovator, in a checkerboard experimental design to
ease the collection of the samples. The table was subdivided in six blocks to ensure proper randomized
sampling. For five time points, 09:00 low light (LL), 09:00 high light (day 1; HL1), 11:30 HL (day 1;
HL2), 09:00 HL (day 2; HL3), 09:00 HL (day 5; HL4), six rosettes belonging to each genotype were
harvested and snap-frozen in liquid nitrogen — for a total of thirty samples per genotype. Collecting all
twelve (2x6) rosettes per time point this way took less than one minute. The rosettes were stored in a -80
freezer before subsequent isolation of RNA. RNA was isolated using protocols as described in Chapter 3.
Five RNA-samples with the best RNA integreity scores per genotype per time point were chosen for
sequencing and then sent to Novogene™ (Cambridge), processed into cDNA, normalized and sequenced
using an Illumina Novaseq 600. The raw reads were returned with the final data quality control report
given in supplementary table 3. Raw sequences were then processed using a specialized in in-lab script
using Kallisto (Bray et al., 2016) script and aligned against the Col-0 reference genome TAIR10.1 for
purposes of gene identification and read countings. Subsequently, RNA-expression levels were analyzed in
the Sleuth (Pimentel et al., 2017) and Deseq2 (Love ef al., 2014) packages.

2.6 Fluctuating light regime experiments and phenotyping.

Inbred lines containing different variants of the QTLs in homozygous state (See figure 1, supplementary
figure 2), and the introgression lines B9-C11 and B9-E7 (Figure 2), were grown in a climate chamber and
illuminated by Fluence LED modules. Plants were grown for 5 days at 300 pmol m? s! before being
exposed to a range of light regimes that differ in their fluctuation frequency. The “Constant” light (CL-
)regime was set at 300 pmol m 2 s~!, while fluctuating light regimes were set at three different frequencies,
oscillating between stepwise changes in irradiance between low light, 100 pmol m? s*! and high light, 500
umol m? s7!; in the “24 h” treatment, changes in irradiance alternated between photoperiods over days, in
“60 min” alternate and “S min” the light irradiance changes changes every five minutes (Figure 3). On the
28" day of growth, light intensity was set to control conditions (300 umol m? s') and plants were
measured using an enclosed semi-automated chlorophyll fluorescence measuring facility. This facility, PSI
PlantScreen'™ (see https://www.npec.nl/tool/the-robin-psi-plantscreentm-system/ for details), is capable of
measuring only few plants each time compared to the Phenovator (Chapter 3; Flood et al., 2016).
Furthermore, plants must be carried into the facility to be phenotyped. However, the main advantage of the
PSI PlantScreen™ is that it can be programmed to assess a much larger number of possible traits of interest
and is thus more flexible in photosynthetis trait analysis. Measurement protocols for photosynthesis traits

were developed that measure ¢PSII, NPQt, qEt (energy dependent, reversible photochemical quenching)
and ¢/t (photoinhibtion), following equations as described in Baker (2008) and Tietz et al. (2017);

Equation 1) oPSII =Fq/ Fiw

Equation 2) NPQt = (4. 88/ (Fn' / Fo')— 1)) — 1
Equation 3) qEt = (Fw” — Fw') / Fm’

Equation 4) qIt = (4. 88/ ((Fn” / FJ)—1)— 1))

To assess these parameters in the PSI PlantScreen™, all plants were acclimatized for 250 seconds at 300
pmol m2s~!. At the end of this acclimation period F’and F,, were measured, the latter with a saturating
pulse of 5500 pmol m2s~!. The recovery period of the saturating pulse was 20 seconds, after which plants
were exposed to darkness for four seconds. Subsequently, plants were exposed to far-red light for 16
seconds. At the end of this far-red light acclimation, F, and F,,” — the latter again under a saturating pulse
of 5500 pmol m2 s™!. After phenotyping in the PlantScreen™ system, the aboveground parts of the plants
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were harvested and put in paper bags. Plants were oven-dried for 60 degrees for at least two days and
measured using a closed chamber analytical balance with an accuracy of four digits.

Parents

F1

F2

F2:

F2:

ChrI

596 HH | II“ SLSP30
HIMI

I i I i c5_18241308
Ezlﬂ< = I[ ":I: I c3 16271354

€3.14902959

c3_18778656.

3 Recombinant

€3_18579832
selection II ]| II II L IJ_ II
BT L N S

526621481
4 ® S3S5 S3L5 L3S5 L3L5
Finemapping

Figure 1. Overview of crosses and generation of genetic material for the genetic analysis of high light
acclimation of the Arabidopsis thaliana accessions S96 and SLSP30. Parents were crossed to generate the
F2 population. From the F2 population, two experimental routes were followed, a fine-mapping approach
and the generation of introgression families (IFs). In the fine-mapping approach, several F2 lines were
chosen that only segregate for Q3 (the genomic locus indicated by the pink triangle) and are homozygous
for Q5 (the genomic locus indicated by the orange triangle). Progeny of these specific F2 lines were grown
to select for recombinants based on the molecular markers given on the left, giving the F2:3 generation.
Inbreeding of the selected lines then form the F2:4 fine-mapping population for Q3. Further material was
developed to study the cumulative effect of the Q3 and Q5 QTL on phenotypic performance and
productivity. IFs are collections of lines that have been selected based on their homozygosity for either
QTL. For two QTL, this can be subdivided into four classes, while they still segregate for their background
(Supplementary figure 2). S3S5 represents F2 lines selected to be homozygous for S96 alleles for both the
03 and QS5 alleles, S3L5 are homozygous S96 on Q3 and homozygous SLSP30 on Q5, and so on. The
markers on the right are derived from polymorphic makers from the lllumina Golden Gate chip and its
genetic map (Supplementary figure 1). The markers denoted on the left are KASP probes which have been
developed exclusively for the fine-mapping study (Supplementary table 1). The markers give the
chromosome number and nucleotide position in basepairs, following the TAIRI0.1 reference genome
sequence of Arabidopsis thaliana. Only chromosomes I, Il and V are shown and the pictures represent
concepts, not actual recombinants. The figures are not scaled.
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B9-E7 B9-C11

I II III IV V
3_p7842432
3_p8448361 I I

Figure 2. The scaled genetic layout of the B9-E7 and B9-C11 introgression lines. Purple = marker scores
SLSP30, yellow = marker scores S96, pink = ambiguous region. The purple diamond indicates the
location of the Q3 QTL for high light acclimation (marker location c3_16271364).

300

i BN B

500
24 h 100

5 min |

One day of 24 h
Figure 3. Light regimes used during the fluctuating light experiments. The durations indicate how long,
during each day, it takes for the next stepwise change in photosynthetically active radiation (in umol m™ s
!). The “Constant” light treatment regime had plants grown stably at 300 umol m™ s™. All fluctuating light
regimes have a maximum of 500 umol m? s and a minimum of 100 umol m? s”'. Each day of 24 hours
contains a photoperiod of 12 hours. The figure shows three photoperiods and two dark periods (no light)

s

per treatment for the “Constant”, “24 h”, “60 min” and 5 “min”".

2.7 Statistical analysis and QTL-mapping.

QTL-mapping was performed using the qtl package in R (Broman ez al. 2003). Multiple QTL Mapping
was used in order to increase the reliability of the observed results (Arends et a/. 2010). For analysis of T-
DNA lines and analysis of parental and introgression lines in the Phenovator, a linear mixed model was
applied including block and camera block (See Flood et al. 2016). Camera block is an alternative blocking
effect for camera position that results from a peculiar deviation within the camera head of the Phenovator
(Supplementary figure 3). Analysis of data from a uniformity trial in the Phenovator suggested that
camera block displays a strong, stepwise environmental gradient which is more influential than any of
those listed individually in Flood et al. (2016). As such, the linear model for all line-to-line comparisons
follows;

@DPSII = genotype + experimental.block + camera.block + ¢

where genotype includes introgression lines or mutant lines, experimental.block follows from Flood ef al.
(2016) and camera.block is a factor as described previously.
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3. RESULTS

3.1 Assessment of the photosynthetic response to high light acclimation in two Arabidopsis

accessions and discovery of two large effect size quantitative trait loci

S96 and SLSP30 are two Arabidopsis accessions that respond differently to an increase in high light
(Figure 4a). S96 always exhibits a 2% higher ®PSII compared to its SLSP30 counterpart throughout the
low light phase of the experiments. The relative difference increases five-fold, immediately after exposure
to high irradiance (Figure 4b), but by the end of the first day of high light this difference increases to a
20% higher ®PSII — a tenfold larger difference (Figure 4c¢). Meanwhile, ®PSII of SLSP30 declines
throughout the first day of high light, while ®PSII in S96 does not. To investigate the underlying genetic
components of this difference, 304 segregating F2 progeny plants of the F1 hybrid S96 between and
SLSP30 were grown in the Phenovator and phenotyped for the low light (100 pmol m™2s7") to high light
(450 pmol m2 s!) acclimation response (See van Rooijen et al. 2015, 2017). After phenotyping, the
individual F2 lines were grown to maturity, harvested for seeds and post-experimental genotyping revealed
a total of 117 markers to be polymorphic between the parental lines. A genetic map was drawn totaling
381.9 centimorgan (cM), with an average marker spacing of 3.26 centiMorgan, or 3.05 Mbp,
(Supplementary figure 1). This map was then used to perform genetic mapping of quantitative trait loci
(QTL) for this trait.

To identify genetic loci in the F2-population, a multiple QTL-mapping (MQM-)procedure was
performed as described by Arends et al. (2010). Three genetic markers are identified as co-factors to
improve mapping power and delineation of the QTL; ¢3_p16271354, ¢5_p22099562 and c5_p26203511
(Supplementary figure 4). No QTL are detected during the low light growth stage of the experiment,
while two QTL emerge after a stepwise increase of irradiance on chromosome 3 (here designated as Q3)
and chromosome 5 (Q5) (Figure 5a, Table 1). These QTL were found for two days before the strength of
the associations decays from the third day of high light. The QTL on chromosome 5 potentially consisted
of two co-locating independent QTL (Figure Sb). The MQM-mapping procedure is unable to make a
further distinction and QS5 is thus considered to be one locus for the remainder of this work. For both QTL,
alleles originating from S96 are associated with higher values of ®PSII in the acclimatization response to
high light and both QTL explain a maximum of 30% of the variance depending on the time point (Table
1). Q3 and QS5 each cause a relative effect size of, at maximum, 10% and 15%, respectively, with
particularly high differences recorded at the end of day 1 and on day 2 of high light (Figure Sc). In
addition, no evidence for epistatic interaction was found in the population (Supplementary table 4),
suggesting that Q3 and Q5 act additively and do not interact.

Q3 and Q5 show a combined additive phenotypic effect of 25% for ®PSII, which implies a
significant impact on the photosynthesis capacity in lines carrying either both the stronger or the weaker
alleles for these QTL. To further investigate their significance, a selection program was performed (Figure
1), to be able to assess the implication the effect of these photosynthesis QTL on plant growth. Two types
of genetic material are developed from the initial F2 population (Table 1). Specific groups of lines were
selected that are homozygous for the different alleles of Q3 and Q5 (Figure 1), but otherwise still
segregate in the background (Supplementary figure 2). To minimize background effects, multiple of such
lines are chosen per group, forming families of related lines. These families are defined as “introgression
line families”, and are composed of progeny from five to seven F2 lines, selected for combinations of
homozygous loci for Q3 and Q5 for the various alleles, but with variable backgrounds. Each introgression
line family (IF) is designated as S3S5, L3S5, S3L5 and L3L5, with S as a designator for S96 alleles and L
as a designator for SLSP30 alleles for Q3 and Q5 (Figure 1). Furthermore, two introgression lines (ILs),
B9-C7 and B9-E7, were selected as different for the Q3 locus and carring SLSP30 alleles for Q5 (Figure
2). These lines were chosen to further the explore Q3 QTL in more detail as described further.
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Figure 4. @PSII performance of S96 and SLSP30 under conditions of increased irradiance. Evaluation of
@PSIT in a) 100 umol m™? s on day 24 of growth, b) one hour afier the onset of a stepwise increase in
irradiance to 450 umol m? s on day 25 of growth, ¢) as in b, but now afier 9 hours afier the onset of the
photoperiod. The black bars indicate the difference of the genotypic means between the parental lines,
with the numbers indicating the percentage change between the accessions. n = 26 for S96, n = 27 for
SLSP30. In la-c, black dots represent individual measurements. *** = p < 0.001, following a linear
mixed model as described in the methods..

Table 1. Characteristics of the Q3 and Q5 quantitative trait loci associated with the photosynthetic high
light acclimation response for three representative time points. “Treatment”; a select number of time
points as described in figure 5. “QTL”; the name of the QTL. A two-QTL model involving both QTL is

also included. “Position”

“Marker” =

percentage of the total genotypic variation that is explained by the marker.

contributing to higher values of ®PSII.

= genetic position in centiMorgan (cM) (see also Supplementary figure 1),
the peak marker associated with the QTL. The marker name is a combination of the
chromosome and the marker position (in base pairs). “LOD”; Logarithm of the odds as -logp,

“PVE”;

“Allele”; the allele

Treatment | QTL  Chromosome Position Marker LOD PVE | Allele
(cM) (with position) (-log(p)) (%)

LL2.1 Q3 3 459 c3 pl6271354 0.93 1.40 S96
HL1.1 Q3 3 459 c3 pl6271354 3.21 4.75 S96
HL2.1 Q3 3 459 c3 pl6271354 8.65 12.27 | S96
LL2.1 Q5 5 79.5 ¢S5 p26203511 1.35 2.03 S96
HL1.1 Q5 5 79.5 ¢S5 p26203511 5.65 8.20 S96
HL2.1 Q5 5 79.5 c5 p26203511 11.5 1599 | S96
LL2.1 Q3+Q5 - - - 2.22 3.31 -
HL1.1 Q3+Q5 - - - 8.90 12.60 -
HL2.1 Q3+Q5 - - - 21.05 27.30 -
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Figure 5. Genetic mapping of the response of ®PSII to a stepwise increase in high light in the S96 x
SLSP30 F2-population. a) MOM mapping of high light acclimation QTL over time. The x-axis represents
time points (4 per day) and the y-axis represents the genetic markers spread across the five chromosomes.
Dotted vertical lines delineate the days, while the bold line indicates the switch of irradiance from 100
umol m? s (low light) to 450 umol m? 5™ (high light). Scale gives the —log(p) value for each time point.
b) QTL plot for®PSII measured at three different time points as indicated with black triangles in a. The
threshold was drawn at 2.9 as an average for all phenotypes after a permutation test of 450 permutations.
¢) Phenotypic difference in ®PSII between the S96 and SLSP30 alleles for each time point for Q3
(homozygous for markers c3 pl6271354:c3 pl18579832) and Q5 (homozygous for markers
c5 pl8241308:c5 p26621481). Positive values indicate that S96 alleles are associated with higher
photosynthesis, while negative values for SLSP30. The yellow and red bars in a, c represent the low light
and high light phases. Time points represent indicated as LL = low light, HL = high light, with the first
number being the days and the second number the specific time points within the days; 1 = 1.0 h after
onset of photoperiod, 2 =3.5h, 3 =5.0hand 4 =7.5 h.
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3.2 Analysis of allele-specific OQTL effects on ¢PSII and growth in the introgression lines and

families

To validate the effect of the QTL in the and introgression line families (IFs) (Figure 1, supplementary
figure 2) and introgression lines (ILs) (Figure 2) lines were grown in the Phenovator in the same
experimental conditions as the F2-population. S3S5 IFs, homozygous for S96 at both QTL, show an
enhanced photosynthesis efficiency of maximally 20% higher than the L3L5 IFs, homozygous for SLSP30
at both QTL (Figure 6a), while this difference is only ~2% under low light conditions. It takes L3L5 a full
day to reach the levels of photosynthesis efficiency as S3S5 on the first day. Tukey post-hoc tests conclude
that the L3L5 IF exhibits lower ®PSII compared to the other three introgression families for the majority
of the high light acclimation period. This suggests an epistatic effect between Q3 and Q5 to take place
(Figure 6b), although we found no evidence for such in the analysis of the whole F2-population
(Supplementary table 4). S3L5 and L3S5 IFs take more intermediate positions in their ranking of ®PSII
values. Between the introgression lines, IL B9-E7 carrying the S96 allele for Q3 shows an approximate
10% higher ®PSII compared to B9-C11 carrying the SLSP30 allele for Q3 (Figure 6c¢). This difference is
consistent with the Q3 effect as identified in the F2-mapping (Figure 5¢)

In the constant low light phase, the S96 and SLSP30 accessions exhibit a significant difference in
growth after 24 days (Figure 7a). However, for the ILs and IFs, all genotypes reach similar sizes with no
significant differences between B9-E7 and B9-C11 (Figure 7b) or between the IFs (Figure 7¢). As such,
these genotypic selections effectively eliminate the differences in growth observed between the parents in
constant light conditions.

3.3 The effect of O3 and Q5 on biomass and photosynthesis traits under fluctuating light
conditions

During the high light acclimation experiments, only a single stepwise increase of irradiance introducing a
photosynthesis response is used. However, in natural environments many changes in irradiance are
typically observed and at various durations (Kaiser et al. 2018). Athanasiou et al. (2010) previously
reported on the correlation between genotypic fitness under fluctuating light conditions and genotypic
variation in the photosynthetic response to a stepwise change to high light. In line with these observations,
we hypothesized that repeated changes of irradiance triggering the Q3 and Q5 QTL effects can potentially
impact growth. To test this hypothesis, IFs and ILs were subjected to four different regimes of fluctuating
light for 28 days and measured for productivity (as dry weight), but also photosynthesis efficiency and
non-photochemical quenching (photoprotection, Tietz et al., 2017). The light regimes consist of constant
light at 300 umol m? s (“Constant”), and three fluctuating light regimes involving stepwise changes to
100 umol m? s! and 500 umol m? s, with intervals lasting full days (24 h), hours (60 min) to five
minutes (5 min) (Figure 3).

Plants grown under the fluctuating light regimes show variable degrees of growth reductions
compared to the constant light treatment. Most notably, the long-term 24h treatment leads to a ~40%
reduction after 28 days of growth compared to plants grown in constant lights. 60 min fluctuations and 5
min fast fluctuations caused reductions of approximately 25% in dry weight (Figure 8a). Values for ¢PSII
are lower (Figure 8b), while total non-photochemical quenching (NPQ) is higher (Figure 8c) for plants
grown under any of the fluctuating light treatments.Photoinhibitory quenching (ql) is highest in the 24 h
treatment (Figure 8d) and short term energy-dependent quenching qE; is highest in plants grown in
conditions of 60 min and 5 min treatments (Figure 8e). Between ILs B9-C11 and B9-E7, variation is
found only found for ®PSII, NPQ; and ql; in the 60 min growth conditions although generally higher
values are reported the other conditions for B9-E7. Plant productivity remained the same in all conditions
(Figure 9a-e). Most notably, ql;is higher in B9-E7 than in B9-C11 (Figure 9d), particularly in the 60 min
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treatment. Phenotypic variation among the IFs is larger than the ILs, due to selection for two QTLs.
Among the IFs, S3S5 score lower values for dry weight (Figure 10a) and ®PSII (Figure 10b), while
values for the various NPQ; components are consistently higher in these lines (Figure 10c-d). No
genotypic variation is observed for qE;among all conditions (Figure 9e, 10e).
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Figure 6. Phenotypic confirmation of Introgression family (IF) and line (IL) analysis. a) Phenotypic
evaluation of four F2:4 families each with a different selection of alleles for Q3 and Q5, that have either
SLSP30 (L3L5) or S96 (S3S5) alleles — or a combination thereof (L3S5, S3LS5). Dots represent the
phenotypic mean of each ILF per time point, with n = 28 for each allelic group. Six or seven independent
IFs were grown for each genotypic group in four or five replicates. b) Tukey post-hoc test outcomes per
time point for the data depicted in a. Letters indicate groups of IFs with similar phenotypic means for
@PSII. ¢) Phenotypic means for introgression lines B9-C11 and B9-E7, differing for only the Q3 QTL due
to a large chromosomal introgression (Figure 2). The black bar indicates the range of time points in
which (p < 0.05) = *. Time points represent low light (100 umol m? s7!) or high light (500 umol m s)
phases — also indicated with yellow and bars at the top of the graphs. First number indicating day, starting
for plants grown for 24 days, second number specific time points of measurements (X.1 = 9:00, X.2 =
11:00,X.3 =12:30 and X.4 = 14:00, X.5 = 15:30, X.6 = 17:00.
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Figure 7. Evaluation of projected leaf area of the a) parental accessions (S96 and SLSP30), b)
introgression families (IFs)(L3L5, L3S5, S3LS5, S3S5,) and c) introgression lines (ILs) (B9-C11 and B9-E7)
after 24 days of growth at constant light (100 umol m? s™). n = 21-28 for each independent IF and IL. A
significant difference is only found between the parental lines (p < 0.05), following ANOVA on linear

models as described in the methods.
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Figure 8. Phenotypic response of plants grown under different light conditions. Constant light (grown at
300 umol m™ s7'), 24 hour fluctuations (100/500 um m-2 s-1 every other day), 60 minutes (100/500 pumol m’
25) and 5 minutes (100/500 um m s'). Total accumulated incoming irradiance among all treatments is
equal. Traits are a) total rosette dry weight in milligrams, b) photosystem II efficiency (¢PSI), c)
theoretical non-photochemical quenching (NPQ,), d) photo-inhibitory component of NPQ; (ql,). e) energy
dependent component of NPQ, (qE)). Total plants evaluated per treatment; constant light (n=169), 24 hour
(m=177), 60 minutes (n=217) and 5 minutes (n=220). Letters indicate groups with equal means after
Tukey post-hoc test.
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Figure 9. Phenotypic response of introgression lines families under different light conditions. The dots
represent the genotypic means with standard errors given. Treatments; constant light (grown at 300 umol
m-2 s-1), 24 _hour fluctuations (100/500 umol m-2 s-1 every other day), 60 minutes fluctuations (100/500
umol m-2 s-1), 5 minutes fluctuations (100/500 umol m-2 s-1). Traits are a) total rosette dry weight in
milligrams, b) photosystem Il efficiency ($PSIl), ¢) non-photochemical quenching (NPQ,), d) photo-
inhibitory component of NPQ: (ql,). e) energy dependent component of NPQ, (qE,). L3L5 = selection of
seven F3 lines homozygous SLSP30 for light acclimation quantitative trait loci Q3 and Q5, L3S5 =
selection of seven F3 lines homozygous SLSP30 for O3 and Q5, S3L5 = selections of seven F3 lines
homozygous S96 for Q3 and SLSP30 for Q5, S3S5 = selections of seven F3 lines homozygous S96 for QTL
03 and Q5. 18-39 replicates per genotype per treatment were evaluated. Letters indicate groups with
equal means after Tukey post-hoc test. ns = no significant differences were detected in ANOVA prior post-
hoc test, thus indicating that there is no genotypic difference in the treatment for the trait.
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Figure 10. Phenotypic response of introgression lines under different light conditions. The dots represent
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Traits are a) total rosette dry weight in milligrams, b) photosystem Il efficiency ($PSII), ¢) non-
photochemical quenching (NPQ,), d) photo-inhibitory component of NPQ, (ql,). e) energy dependent
component of NPQ, (qE,).. B9-C11 is recombinant inbred line that only differs for 12 Mbp compared B9Y-
E7. Total n = 29-44 per genotype per treatment. ns = p > 0.05, * = p < 0.05, following Student’s t-test.
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3.4 Fine-mapping of the O3 quantitative trait locus for high light acclimiation

The fluctuating light experiments show that selection for the Q3 and Q5 QTL may be promising to elevate
losses in productivity to fluctuating light conditions. However, knowledge of genes that are causal to
photosynthesis phenotypes are required for further implementation in crop species (Theeuwen et al.,
2022). Due to the small size of the F2 population and subsequent limited number of recombinants, both
QTL could not be mapped to regions smaller than several million base pairs, thus requiring additional
rounds of fine-mapping. Q3 could be mapped to a region of certainty of approximately ~3.6 Mbp, while
the Q5 QTL could only be located to a region of uncertainty of nearly 9.0 Mbp (Figure 5b). Therefore, Q3
was chosen as a target for fine-mapping. For the development of the fine-mapping population, F2:3
progeny from three different, independent F2-genotypes heterozygous for Q3 and homozygous SLSP30
for Q5 were selected for the development of an F2:4 fine-mapping population (Figure 1). Q3 was defined
as laying between positions 14902959 and 18778656 on chromosome 3 and a total of 2046 plants were
genotyped using five markers across the region (Figure 11a). A total of 365 genotypes were identified as
having crossovers between 15819786 and 17785729, thus effectively reducing the QTL to ~2 Mbp. 300
F2:3 lines were selected that show crossovers between the these markers in the region and the progeny of
these lines (F2:4) were used to for finemapping. Selection criteria of F2:3 progeny to chose a balanced
population included taking into account the occurrence and distribution of crossovers between each of the
markers proportionally to the genomic distance covered between the markers on the physical map, if
possible. Four plants of each F2:3 line, for a total of 1200 plants, were sown in the Phenovator, with
conditions and phenotying similar as in the F2 mapping. All individuals were subsequently sampled for
DNA isolation and genotyped for an additional 23 markers which were used to further delineate the region
(See supplementary table 1).

All non-recombinant genotypes were discarded from the analysis prior to QTL-mapping in this
F2:4 population. Fine-mapping confirms the presence of a strong QTL on chromosome 3 (Figure 11b),
with an observed effect size of, at maximum, ®PSII 0.033 (or ~10% difference between the alleles) for the
last three time points on day one (Figure 11c¢). In this experiment, the confidence interval is reduced to at
minimum 170000 and maximum 240000 basepairs, depending on the time point, but effectively between
markers 163113585 and 16632585 (Figure 11a). In this region, which 37 genes are annotated (following
TAIR10.0). In order to further decrease the size of the confidence interval of the QTL, a subset of six F2:3
families was chosen based on the presence of a recombination region (between positions 16481741-
16632585). These plants were grown at a much higher replication number of sixty plants per F2:3 line
each to maximize phenotypic contrasts of recombination. Plants were grown as previously described,
although the light increase was set at 700 umol m s! instead of 450 pmol m? s, to increase contrasts for
the QTL and thus allow a sharper identification of the causal locus. In this experiment, the QTL reached a
peak LOD-value of 6.11, but not before the third day of the increased irradiance treatment. The final round
of fine-mapping using again extra markers with a further reduced marker spacing (Supplementary table
1) eventually lead to the conclusion that the causal locus locates inbetween markers c¢3_165481154 and
c3 16632585 (Figure 11c), with a total of nine candidate genes (Supplementary table 5)

Remarkably, the phenotypic response for different alleles of the Q3 QTL to high light is
apparently different in each of the fine-mapping experiments (Figure 11d), but S96 is consistently the
allele associated with higher @PSII. In the F2 mapping, Q3 reached the largest AOPSII on day one and
two after an increase in high light irradiance reaching approximately 8-10% difference between alleles for
S96 and of SLSP30. By contrast, such difference in AOPSII could only be observed on the first day after
high light acclimation during the first round of fine-mapping. On the second day, the difference is already
smaller (Figure 11d). The final mapping experiment shows a different response as well, showing the
largest absolute phenotypic difference in AOPSII on the third day, although it should be noted that a much
a higher irradiance level was used. This experiment is also the only one where A®PSII remains larger than
0.01 after day 5 of increased irradiance.
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3.5 RNA-seq analysis

To establish expression differences for the finemapped genes in the Q3 locus, B9-C11 and B9-E7
introgression lines (Figure 2) were grown as in van Rooijen ef al. (2017) and harvested for RNA to
conduct a transcriptome analysis of the candidate genes. A principal component analysis (PCA) was
performed to validate the response of the full transcriptome to the introduction high irradiance (Figure 12).
The HL2 samples are the most distance group, possibly indicating a circadian expression pattern affecting
the transcriptome as previously observed in van Rooijen et al. (2018). The HL3 samples, taken on the
second day of increased light irradiance, and the HL4 samples, taken on the fifth day of increased light
irradiance, colocate in the PCA plot indicating a longer term acclimation to high light irradiance after the
stepwise increase (HL1) (Figure 12). Throughout the experiment, the number of differentially expressed
genes (DEGs) remaind the same, with the majority of DEGs associated with chromosome 3. This is
consistent with the genetic layout of these genotypes, as only allelic variation is located on chromosome 3
in the introgression (Figure 2).

A total of 37 genes were considered to detect transcriptional differences, all which locate in the
F2:4 - 1 fine-mapped QTL-region of chromosome 3 (Figure 9c¢). 18 of these are not expressed in the
rosette tissues and were discarded (Supplementary figure 5). Considering the result of the finemapping
(Figure 9c, supplementary table 5), nine genes are highlighted for differential expression. Furthermore,
LIPOXYGENASE 2 (LOX2; At3g45140) was included as this gene encodes a chloroplast transit peptide
(Bell, 2001; Glauser et al., 2009) — a feature lacking in all nine candidate genes underlying the region
identified by the F2:4 — II mapping experiment. Five candidate genes are differentially expressed (p <
0.01) in at least one time point during the treatment, although only at one time point, with the exception of
LOX?2 and TFIID (At3g45210). Only expression for LOX2 is significantly different in the response to high
light.

Table 2. Differentially expressed genes per time point and chromosome between the introgression lines
BY9-E7 and B9-Cl11,. “Day”; day of the experiment. “Photoperiod”; the time into the photoperiod when
sampling of rosettes took place.”C1-5" Chromosome one to five. For each chromosome, the total number
of differentially expressed genes are given atp < 0.01.

Time point | Day Irradiance Photoperiod | CI C2 C3 C4 C5
LL1 1 | 100 pmol m2s-! +1h 15 13 136 5 15
HL1 2 | 500 pmol m ™! +1h 30 16 129 19 18
HL2 2 | 500 pmol m2s-! +3.5h 46 23 145 22 34
HL3 3 | 500 pmol m2 ! +1h 13 11 120 2 9
HL4 6 | 500 pmol m2s-! +1h 18 8 129 6 18
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Figure 11. Fine-mapping of the Q3 QTL on chromosome 3. a) Selection and mapping procedure on the
Arabidopsis thaliana third chromosome. The grey bars represent the chromosomes or chromosomal
regions, the lightgrey bars indicate the mapping experiments. The faint pink triangle points to the original
QTL-location in the F2-mapping. The position of the final round of fine-mapping (F2:4-11) is indicated by
an opaque pink triangle. Markers in italics are derived from the Illumina Golden Gate chip genotyping,
while the other markers are KASP-probes as described in supplementary table 1. b) QTL plots of the
maximum LOD-values during the high light phase for the different (fine-)mapping experiments, for F2,
F2:4-1 and F2:4-11 experiments. ¢) The final delineation of the O3 locus, including the peak and bordering
markers for the QTL. d) The effect size differences of Q3 between the different finemapping experiments,
positive values indicate superior S96 alleles. Genotypic means were calculated using at least 60 biological
replicates per homozygous genotypic group in each experiment.
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Figure 12. Principal component analysis of differentially expressed genes between the B9-C11 and B9-E7
introgression lines, in response to a stepwise change of increased irradiance. Encircled are groups of
samples belonging to the same treatment / time point. For time points, see table 2.
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Figure 13. Expression patterns of the five candidate genes differentially expressed belonging to the Q3
quantiative trait locus. Time points as described in table 2. *’s give time points with significant (p < 0.01)
differential expression of the candidate genes between the B9-C11 and B9-E7 introgression lines.
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3.6 Mutant analysis and genetic variation in the candidate gene

A total of eleven knockout mutants were identified after genotyping (Table 3), with inserts disrupting
genes in the fine-mapped Q3-region that are found to be (differentially) expressed following the RNA-
sequencing experiment. In total, these mutants represent seven of the candidate genes listed following the
fine-mapping experiments (See supplementary table 5), thus for some genes more than one mutant line
could be verified. They were grown in Phenvoator to evaluate the impact of disruption these genes on
OPSII. A knock out for LYPOXYGENASE 2 (LOX2; At3g45140) was also included. Two mutant lines
indeed show a deviating photosynthesis compared to the Col-0 control genotype in the initial screening,
lox2-1 and tfiid-1 (Figure 14a) — a mutant for TRANSCRIPTION INITIATION FACTOR SUBUNIT IID
(TFIID; At3g45210). Subsequent experimental repeats with higher number of replicates for lox2-1 and
tfiid-1, confirms a role for TFIID (Figure 14b), but not for lox2-1 (Figure 14c). The phenotype of tfiid-1
shows differences between compared to the Col-0 wild type at time points similar as those to show
differences in the F2-mapping experiment, with an effect of ®PSII present on day 1 and day 2 of high light
irradiance (Figure 11d). TRANSCRIPTION INITIATION FACTOR SUBUNIT IID was further scrutinized
for genetic variation in the sequence. Using snpeff (Cingolani et al., 2013), the 5”UTR, the exon and its
3”UTR were scrutinized for sequence polymorphisms. Several larger insertions are found to locate in the
3”UTR of the S96 allele, while the SLSP30 allele contains three minor insertions relative to S96.

Table 3. Locations and short names of TDNA mutants used to characterize the candidate genes underlying
03 that show detectable expression in the rosettes. “Location”; the gene component where the TDNA is
located. For SALK 004101, no TDNA insertion could be found. “Homozygous”; a homozygous mutant
line was found for the gene

Mutant line Type Locus Short Location Homozygous

LOX 2 EMS EMS-mutant | At3g45140 lox2-1 SNP introducing Y

Premature

stopcodon
SAIL_337_GO05 T-DNA At3g45190 sit-1 Exon Y
SAIL 722 DO1 T-DNA At3g45190 sit-2 Intron Y
SALK 144179 T-DNA At3g45190 sit-3 Intron Y
SALK 004101 T-DNA At3g45210 tfiid-2 Exon N
SALK 004102 T-DNA At3g45210 tfiid-1 Exon Y
SALK 096275 T-DNA At3g45230 apap-1 Exon Y
SALK 142938 T-DNA At3g45240 grikl-1 intron Y
SALK 204894 T-DNA At3g45240 grikl-2 Intron Y
SALK 206493 T-DNA At3g45243 scpl48-1 Exon Y
SALK 059260 T-DNA At3g45260 bib-1 Intron Y
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Table 4. Analysis of genetic variation in TRANSCRIPTION INITIATION FACTOR SUBUNIT IID
(At3g45210). Position is given in base pairs, relative to Arabidopsis thaliana reference genome TAIR10.1.
Sequence gives the part of the gene in which the SNP is located. R indicates which of the polymorphisms in
896 and SLSP30 are similar to the reference genome. 0 indicates SLSP30 has the reference allele, 1
indicates that S96 has the reference allele.

Position | Sequence SLSP30 S96
16556875 | 57-UTR
16557409 | 5”-UTR
16557445 | 5”-UTR
16557939 | EXON1
16557954 | EXONI1
16558007 | 3”-UTR
16558064 | 3”-UTR
16558069 | 3”-UTR
16558127| 3”-UTR
16558133 | 3”-UTR
16558142 | 3”-UTR
16558164 | 3”-UTR TGAGTGTTTTTTTGTTGA
16558168 | 3”-UTR ACG A
16558171 | 3”-UTR G GCTCATATCTACA

~PrAarrH00Z00n
Haa-Haa-a» >4

OO0 0O0O0O0O0OO0ORrRRERLRRLRO|F
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Figure 14. Analysis of mutant lines underlying the Q3 QTL for high light acclimation. a) Time series
analysis of T-DNA KO lines. p-values result from the analysis of a linear mixed models incorporating
environmental factors of the T-DNA line against the Col-0 background line. On the x-axis, the time points
are given as low light (LL) = 100 umolm-2 s-1, high light (HL) = 450 umolm-2 s-1. The first number after
treatment indicates independent days and the specific time point of the measurement taken for ®PSII; 1 =
1 h after start of the photoperiod, 2 =2.5h, 3 =4 h 4=55h 5=7h 6=285h n=16-20 for all
genotypes and the Col-0 control background line. b) Independent confirmation experiment for the tfiid-1
experiment, at 28 replicates for both genotypes (black bar indicates time points where p < 0.05. c)
independent confirmation experiment for the lox2-1 mutant, at 28 replicates for both genotype. d) A gene
model of At3g45210, TRANSCRIPTION FACTOR IID in its native, antisense orientation. In purple the
exons, in grey the untranslated regions. The positions of the start and end of the transcribed region are
indicated in the figure. The model is scaled to reflect to size of the different gene components.
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4. DISCUSSION

This study describes the identification of QTLs related to the photosynthetic acclimiation to high light.
Two novel QTLs for high light acclimiation in Arabidopsis thaliana are described. Selection experiments
were performed to show that selection for photosynthesis traits may reduce yield losses resulting from
fluctuating light conditions in Arabidopsis. Furthermore, finemapping of the genes led to the identification
TRANSCRIPTION INITIATION FACTOR 1I D (TFIID) (At3g45210), which is suggested as a candidate
gene for the QTL on chromosome 3.

4.1 Genetic mapping of high light acclimation quantitative trait loci reveals two large effect size,
high light acclimation QTLs

S96 and SLSP30 are two Arabidopsis genotypes that differ in photosynthesis efficiency in both low light
and high light conditions (Figure 4a-c). Unlike in Chapter 3, where a single QTL determines differences
in ®PSII in a cross between Col-0 and Ler-0, no quantitative trait loci could be detected under stable
growth light conditions in the F2 progeny of S96 and SLSP30 (Figure 5a). This indicates that copy
number variation of SQUALENE EPOXIDASEs does not contribute to phenotypic differences between S96
and SLSP30 in the low light phase. Instead, the observed differences in photosynthesis efficiency between
S96 and SLSP30 may be controlled by many smaller, undetectable loci (Figure 5a). The two QTL, Q3 and
QS5, discovered after a stepwise increase to high light irradiance are found to be highly specific for the
imposed treatment (Figure 5a, b). Q3 and Q5 express a similar phenotypic trajectory in the high light
acclimation phase (Figure 5c), which may indicate that the underlying genes may be involved in a similar
biological process. However, the total variance explained by both loci is relatively low with respect to the
large effect size of the QTL (Table 1), which suggests that additional genetic factors may still play a
significant role in the photosynthetic response to high light acclimation. These genetic components may be
of little effect, however, and therefore masked by the large effect size of the two major QTL, Q3 and Q5.

The effect size of the two major QTL for high light acclimation of photosynthesis are individually
much greater, at 10% for Q3 and 15% for Q5, than each of those described in a collection of 344 HapMap
accessions recorded from a genome wide association studies (GWAS) by van Rooijen ef al. (2017). This
confirms the improved mapping power of biparental mapping populations over diversity panels (Tiang et
al., 2021), which is relevant as mostly small effect size QTLs are in GWAS (van Bezouw et al., 2019). In
each of the mapping F2-experiments a consistent and reliable response to high light is detected,
characterized by high LOD-scores (Figure 4a, c). however, at the cost of a lower resolution for purposes
of gene identification. The locations of the peak markers defining the Q3 and Q5 QTL do not overlap with
the genomic positions of QTL as reported in van Rooijen et al. (2017). This may possibly indicate that
between S96 and SLSP30 rare alleles for high light acclimiation are present for genes, which would
otherwise remain undetectable in diversity panels due to low allele frequencies (Korte & Farlow, 2013;
Bazakos et al., 2017).

4.2 Selection for the high light acclimation QTL O3 and Q35 establishes a relationship between
increased ¢PSII, decreased NPQ and increased productivity under fluctuating light conditions

Phenotypes for plant photosynthesis traits in genotypes grown in climate-controlled chambers under stable
light regimes are rarely representative for those grown under fluctuating conditions that are often
encountered in the open field (Mishra et al., 2012, Vialet-Chabrand et al., 2017, Slattery et al., 2019).
Furthermore, genetic variation in photosynthetic adaptability had previously been hypothesized as being
more promising to improve crop productivity than under constant conditions (Lawson et al., 2012).
However, experiments aimed at exploring these genetic resources to test their potential are scarce (but see
Athanasiou ef al., 2010). This is particularly true for genes and traits associated with natural variation in
photosynthesis that are derived from chlorophyll fluorescent imaging facilities (van Bezouw et al., 2019).
To bridge this gap, the F2 population described here was utilized to select inbred material that allows the

108



Genetic analysis of traits in response to high light

assessment of the light acclimation QTL Q3 and Q5 in different combinations and to test their impact on
plant productivity in different fluctuating light environments (Figure 1, Supplementary figure 6).

In the fluctuating light experiments, we found photosynthesis efficiency to have an inverse
relationship with non-photochemical quenching, but a positive relationship with growth (Figure 8-10).
Between introgressions lines B9-C11 and B9-E7 — differing for the Q3 QTL (Figure 2) — no significant
differences are observed for growth (Figure 9). For the introgression families (IFs) (Figure 9) — which
collectively still segregate in their background but with combinations of homozygous loci for the Q3 and
Q5 QTL (Supplementary figure 2) — we did observe significant differences in productivity in the
fluctuating light treatments. This is likely caused by the higher genetic variation in these lines due to the
selection for two QTL rather than one. Counterintuitively, our data does suggest that maker-assisted
selection for improved photosynthesis efficiency in response to high light in the Phenovator does not
benefit productivity in Arabidopsis. Lines carrying a combination of weaker, SLSP30-alleles for both Q3
and Q5 (3LSL-lines) grow 10-20% larger in terms of rosette dry weight in the highly fluctuating light
conditions compared to lines carrying S96 alleles for both QTL (S3S5-lines). In the Phenovator, IFs L3L5
exhibit at most a more than 20% lower ®PSII following a stepwise increase in light intensity compared to
the other IFs (Figure 6a), but L3L5 exhibits a slightly higher ®PSII than IFs S3S5 in the fluctuating light
experiment. This apparent reverse correlation is surprising as we expected that improved ®PSII as
observed in Phenovator would be correlated with increased growth. A possible explanation for these
differences can be found in the fundamentally different nature of the genetic mapping and fluctuating light
experiments.

In the genetic mapping experiments in the Phenovator, only a single stepwise change is introduced
and plants were measured as the high light acclimation response resolved. In the fluctuating light
experiments, plants were repeatedly exposed to changes in irradiance during the entire growth period after
which a single measurement was taken in plants that were acclimatized to normalize the measurements.
Plants are known to acclimatize and adapt their photosynthesis apparatus to fluctuating light conditions
(Vialet-Chabrand et al., 2017; Schumann et al. 2017). This adaptation also increases the speed by which
adaptations to a stepwise change to long-term high light irradiance are made (Schumann et al. 2017). The
difference in the biological memory may explain these differences in the measurements of photosynthesis
efficiency between the experiments. We obtained further insight in the photosynthetic acclimation in the
analysis of total non-photochemical quenching (in this work measured as NPQq, Tietz et al., 2017), and its
fast energy-dependent (qE) and slow photo-inhibitory (ql;) components. While NPQq is the same for all
three fluctuating light conditions (24 h, 60 min, 5), fluctuating light treatment spanning full days exhibited
elevated photo-inhibitory components — rather than elevated qE; as in the 60 min and 5 min treatments.
This indicates that a different form of photosynthetic adaptation takes place in the 24 h treatment. These
experiments at least showed that it may be possible to selet for photosynthesis QTLs leading to improved
growth performance under photosynthetically challenging conditions. However, the exact roles of these
QTLs in these observations requires a more indepth study of the molecular components.

4.3 A mismatch between nocturnal programming of photosynthetic acclimation and future
incoming irradiance triggers photoinhibition and introduces larger biomass losses than rapid

fluctuating light regimes

In the Phenovator, repeated measurements of ®PSII indicate that the long term high light acclimation of
photosystem II efficiency is characterized by elevated levels of ®PSII overnight, as the difference in
OPSII shows a near continuous relationship regardless of day or night time (as previously described in van
Rooijen et al., 2017, 2018, see Figure Sc, 6a, 6b). This implies that in night time, biological processes are
at play that enhance the photosynthetic capacity of plants to light to be more efficient during the next
photoperiod. In their review, Morales & Kaiser (2020) describe studies aimed at understanding plant
physiology under influence of fluctuating light to be classified in two broad categories; 1) those that seek
to study the plants response to diurnal changes in irradiance and 2) those that use repeated stepwise
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changes to trigger photoprotective mechanisms. Day to day fluctuations, as presented in the 24 h
fluctuating light treatment, thus presents an underexplored scale of light fluctuation intervals. The long-
term light fluctuations introduced here reduce biomass growth by more than 40% compared to stable
conditions; higher than the treatments with higher frequencies of stepwise changes in irradiance that we
exposed our material to (Figure 9a). The large scale and highly dynamic nature of the light regimes that
we exposed our plants to prevent the evaluation of photosynthesis in all plants in situ. However, the
acclimatory effects of longitudinal growth under conditions of fluctuating light are still detectable in ex
situ measurements using PlantScreen™, showing elevated ql; — but not qE; ~ compared to the stable, control
light conditions. This shows that under the 24 h treatment longer term biological changes are more
important than in the faster fluctuating light treatments. Although it is impossible to speculate from the
data in this work as deeper physiological or molecular work is lacking, long-term acclimiation responses as
described here may hold promise to further improve field crop photosynthesis.

4.4 Selection for the high light acclimation QTL Q3 and Q5 establishes a relationship between
increased @PSII, decreased NPQ and increased productivity under fluctuating light conditions in

Arabidopsis

Transgenic improvement of photosynthesis has seen many recent examples (Driever et al., 2107; South et
al., 2019; Yoon et al., 2020), but the earliest of such have involved transgenic alteration of total NPQ
(Kromdijk et al., 2016). The main component of this alteration includes increased adaptation of the
expression level of PHOTOSYSTEM SUBUNIT S (Jung & Niyogi, 2009) and enzymes involved in the
regulation of the Xanthophyll cycle (Latowski et al., 2011), which in concert are important regulators of
photoprotection in plants. Tobacco plants transformed in this way exhibit higher ®PSII and reduced total
NPQ, leading to a more efficient photosynthesis efficiency, which are associated with improved growth in
field conditions (Kromdijk et al., 2016). In Arabidopsis, acceleration of these photoprotective properties
introduces similar effects on ®PSII and NPQ, but an unexpected reduction in growth was observed by
Garcia-Molinia & Leister (2020). In this study, selection for the natural alleles of SLSP30 for both the Q3
and Q5 do correlate with increased ®PSII (Figure 9b), decreased NPQ (Figure 9¢) and increased
productivity (Figure 9a) under fast fluctuating light conditions, while under stable light conditions no
differences in growth are observed (Figure 9a). This combination of properties does match Kromdijk ez al.
(2016), demonstrating that also in Arabidopsis thaliana improved photosynthesis efficiency can be
achieved through a modulation of NPQ — through the molecular mechanisms may be different what has
been achieved using transgenic approaches .

It should be noted, though, that the introgression families have been selected for genetic markers
that still represent larger genomic sections — particularly for QTL Q5 — which may impact productivity
under fluctuating light conditions. However, careful selection of segregating lines ensured that mostly
random backgrounds were established in each of the introgression families (Supplementary figure 2).
This selection was effective to diminish the growth advantage observed between the inbred S96 and
SLSP30 parental lines under stable light conditions (Figure 7a, b, 9a), while retaining the stronger
differentiating effects on photosnythesis efficiency acclimation (Figure 6a). Furthermore, IFs 3S5L and
3L5S predominantly take intermediate phenotypes for traits under most conditions (Figure 9), which is in
line with our expectations as S96 (S) always has the stronger alleles. To conclude, were are able to reduce
selection bias for biomass accumulation that may have arisen from genetic yield components in the
background of our lines that could alter our conclusions. Thus, our results will — at least predominantly —be
attributed by selection on these QTL, although the genetic composition and exact molecular pathways
remain elusive. This example shows that it is possible to exploit natural variation for photosynthesis traits
to achieve similar outcomes as can be achieved in transgenic studies (Theeuwen ef al., 2022).
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4.5 The genetic dissection of one high light acclimation QTL points to a possible involvement for a
mitochondrial TRANSCRIPTION INITIATION FACTOR II D (TFIID)

Finemapping and functional characterization of candidate genes underlying QTL is important for purposes
of transferring traits between species (Theeuwen et al., 2022). The high effect size of the light acclimation
QTLs and their possible role in improved biomass under fluctuating light conditions — as can be perceived
by fieldgrown crops (Kaiser et al., 2018) — are particularly interesting targets. In this study, we several
lines of evidence to point towards a role for genetic variation in a mitochondrial transcription factor to
contribute to high light acclimation (Figure 13, 14b, d, Table 4). The involvement of this gene may not be
evident by gene transcription alone, as the phenotypes of #fiid-1 (Figure 14b) and the associated Q3 QTL
(Figure 14d) are shown earlier in response to high light than the differences in transcripts between the S96
and SLSP30 alleles (Figure 11d). However, genetic variation in the #fiid-1 appears to be more associated
with the untranslated regions (Mayr, 2019) (Table 4). Genetic variation in the UTRs in SOES5 (Chapter 3)
and XND-1 (Tang et al., 2018) was previously associated with phenotypic variation.

TFIIDs are essential components in RNA polymerase and are required in the recognition of
promoters (Patel et al., 2019). At3g45210 is described as having an unknown function (Supplementary
table 5), with the resulting protein locating to the mitochondria. One highlighted feature is the DUF458
domain, for which in Arabidopsis there are fifteen gene members of the gene (Fischer-Kilbienski et al.,
2010). Umbach er al. (2005) previously associated expression of the gene with oxidative stress.
Mitochondria are a less well studied in the context of photosynthesis, however, they act to function as
maintaining biochemical balances in the cell during photosynthesis (Gardestrom & Lernmark, 1995;
Igamberdiev et al., 2006; Gardestrom & Igamberdiev, 2016). A stepwise increase in irradiance introduces
the formation of reactive oxygen species (ROS), particularly if the photosynthesis machinery is not
adapted to process the excess of light (Cloudhury et al., 2017). Prolonged damaging can result in reduced
photosynthetic activity (Long et al., 1994, 1996). Mitochondrial activity can scavenge the production of
ROS, thus preventing damage in the cell and maintainting photosynthesis function. Our data aligns with
the suggestion that 7FI/D may be involved in this process (Figure 9d, 12a, b), and may potentially be
involved in the transcription of ROS-scavenging genes in the mitochondria. However, conclusive evidence
for the role of this particular 7FIID gene must come from a cloning approach as described in Chapter 3
and a deeper functional analysis of the gene.

S. CONCLUSION

In this work we aimed to describe the genetic architecture of the high light acclimation response in two
Arabidopsis accessions with contrasting properties for this trait. Two QTL were characterized and used as
a basis for genetic dissection and assessment of productivity under fluctuating light conditions. We showed
that genetic selection for the peak markers for these high light acclimiation QTL results in genotypic
material that is more tolerant to losses in productivity under fluctuating light conditions. This study shows
that photosynthetic responses to high light can be driven by strong genetic components. Genetic dissection
and confirmation of the underlying candidate genes may reveal genes that can mediate the transfer of the
here described traits to crop species.
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Supplementary figure 1. Genetic map of the F2 population (n = 304) developed from a cross between the
Arabidopsis accessions S96 and SLSP30. Marker names indicate chromosome number and position in
basepairs (following the TAIR10.1 Col-0 genome for reference). The genetic map was previously
published in van Rooijen (2016).
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Supplementary figure 2. Genytopic profile of the introgression families (IFs) in the F2 generation.
Markers are all derived from the Illumina Golden Gate chip. In black lines, the co-factors representing the
Q3 (c3_1671354) and QS5 (c5_22099562, ¢5_26203511) QTL are highlighted. Yellow (A) = S96, purple
(B) = SLSP30, pink = heterozygotes.
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Supplementary figure 3. The cam.block parameter. a) Coordinate system within the camera head of the
Phenovator (see Flood et al., 2016). b) This data represents ®PSII data at 09:00 of the 14" day of growth
for 1440 replicates of Col-0 genotype grown in the Phenovator in a uniformity trial using the Col-0
genotype (Flood et al., 2016). Positions refers to those within the camera head (a), where numbers

represent columns and letters represent rows. Phenotypes are constituted by ~100 replicates per individual
camera head position.
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Supplementary figure 4. Cofactor selection for multiple QTL mapping (MQM) of the F2 population. The
red dots indicate the marker positions on the genetic map that were chosen as cofactors in the analysis.
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Supplementary figure 5: Average transcription count per time point of candidate genes for Q3 in the F2:4
— I experiment. Gene names on the X-axis are abbreviations for genetic loci following TAIR10.1. All
genes, At3g45030-At3g45330 are presented, with red genes being expressed at an average of < 1 transcript
per time point in the experimental conditions. Notable genes; G140 = LOX2, G210 = TFIID.
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Supplementary table 1. The list of markers used in this study and their sequences. The marker names
indicate chromosome and position (ref: TAIR10.0). Polymorphism: the first letter indicates the S96 (FAM-
)allele and the second letter indicates the SLSP30 (HEX-)allele. Letters always follow the 5”-3” genome
orientation. Screening; here an x indicates the use of the marker for screening of recombinants. Forward
and reverse indicate the forward sequence in basepairs used for genetic screening of the segregating
population. The order FAM and HEX sequences are in line with the indicated polymorphism.

Marker Polymorphism Screening-l  F2:4-1  Screening II  F2:4-11
c3_15819786 T-C X X
c3_15885951 A-C X
c3_15960527 A-G X
c3_16017695 C-T X
c3_16100491 A-T X
c3_16170043 A-T X
c3_16230514 T-G X
c3_16299252 C-A X X
c3_16393585 G-C X X X
c3_16481741 C-A X
¢3_16483479 G-A X
c3_16504019 T-C X X X
¢3_16516084 A-G X
c3_16524164 A-T X
¢3_16531977 C-T X
c3_16548954 C-G X X X
¢3_16581978 T-C X
c3_ 16582104 A-C X
c3_16632585 C-T X X X
c3_16793672 T-C X
c3_16890226 A-G X
c3_16983646 A-C X X
¢3_17092735 C-A X
c3_17289352 A-G X
c3_17371446 A-G X
c3_17445561 C-G X X
c3_17595550 G-A X
c3_17655256 C-T X
c3_17719568 T-C X
c3 17785729 T-A X X
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Supplementary table 2. Primrs for TDNA and the LOX2 mutants. The primers for the LOX2 RNAi and

LOX 2 EMS mutants were used for RT-PCR and sequencing, respectively.

Locus Primer sequences
Salk LBb1.3 attttoccgatttcggaac
SAIL LBI1 gccttttcagaaatggataaatagecttgettee

SALK_059260
SAIL 337_G05
SALK 144179
SALK_004101
SALK_004102
SALK 142938
SALK 096275
SALK 204894
SALK 206493
SAIL_722_DO1

LP
ATCCGATTGAACCCGAATAAC

ATGTTTTCCAGCAACTGGTTG
TCTCCAATTTCTGTGAATCCG
TGGACAATGCAGATGTCAAAC
TGGACAATGCAGATGTCAAAC
CTGTTTTGCAGAAGCTTGGAG
TATGCTGAAATTGGCTAACGG
TCATCCTCTGGTTTGGATCTG
AGGGCATTTTTGAAAAAGAGG
TGAAACACTGTGCACTATCGC

RP
CGATTACTGCTAGCCAAGGTG

TCAGCAGCAAAAACAAGAATG
ATGCGCAAAACAATTCATACC
TCCTCAACCACAAACAAAAGG
TCCTCAACCACAAACAAAAGG
AACCCGTAGCCTCGATAAATG
AAGTCTCGTACTCGTCTCCGG
TGGCTTTTTCCAGTACAATGC
TTCATATTGCATCCCAAAAGG
CAATCTAAGCAAGCCATCAGC

35S-LOX2 RNAi
LOX 2 EMS

GCCTCGTCCAAACCTCAGAA

GGATTATCATGATTTGCTTCTACC

AGGGGTCAGTCTCACAAGGT

TCAAATAGAAATACTATAAGGAACAC
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Supplementary table 3. Quality control parameters for all samples. The five best samples were chosen out

of a total of six samples, with the remainder discarded, per time point per genotype.

Sample Raw reads Raw data Effective(%) Error(%)  Q20(%) Q30(%) GC(%)
LL E7 6 42059754 6.3 98.99 0.02 98.2 94.48 46.36
LL E7 4 44219054 6.6 98.58 0.02 98.09 94.23 46.47
LL E7 3 43691020 6.6 99.15 0.02 98.26 94.61 46.73
LL E7 2 44828362 6.7 98.49 0.02 98.19 94.47 46.37
LL_E7 1 44125270 6.6 98.72 0.03 98.05 94.13 46.45
LL C11 5 42387604 6.4 98.61 0.02 98.12 94.28 46.47
LL C11_4 40579396 6.1 98.72 0.02 98.15 94.35 46.35
LL C11 3 43113896 6.5 98.8 0.02 98.08 94.17 46.03
LL C11_2 42885282 6.4 98.77 0.02 98.24 94.56 46.24
LL C11 1 44080340 6.6 98.81 0.02 98.16 94.36 45.83
HL4 E7 6 42268486 6.3 98.24 0.02 98.27 94.61 46.19
HL4 E7 5 40587846 6.1 98.82 0.02 98.29 94.66 46.26
HL4 E7 3 42310260 6.3 99.05 0.02 98.21 94.51 46.25
HL4 E7 2 42822786 6.4 99.02 0.02 98.15 94.3 46.14
HL4 E7 1 48231858 72 99.08 0.02 98.16 94.34 46.08
HL4 Cl11_6 42175152 6.3 99.2 0.02 98.25 94.57 46.1
HL4 C11_5 42137288 6.3 99.12 0.02 98.25 94.53 46.18
HL4 Cl11 4 44500202 6.7 98.88 0.02 98.22 94.47 46.01
HL4 C11_2 43493030 6.5 99.22 0.02 98.25 94.56 46.21
HL4 C11 1 43068758 6.5 99.04 0.02 98.23 94.49 45.95
HL3 E7 6 53843618 8.1 98.81 0.02 98.11 94.22 46.09
HL3 E7 4 42200046 6.3 99.21 0.02 98.17 94.35 46.06
HL3 E7 3 42264226 6.3 99.12 0.02 98.31 94.73 46
HL3 E7 2 39689706 6 98.73 0.03 98.06 94.11 45.92
HL3 E7 1 41559800 6.2 98.72 0.02 98.1 94.22 46.16
HL3 Cl11 6 42600848 6.4 98.01 0.03 98 93.95 46.01
HL3 C11 5 48925052 7.3 98.41 0.02 98.25 94.61 46.06
HL3_C11_3 44419490 6.7 98.87 0.02 98.11 94.24 46.1
HL3 _Cl11_2 46241834 6.9 98.62 0.02 98.11 94.25 46.19
HL3 Cl11 1 39884946 6 97.95 0.02 98.1 94.22 45.79
HL2 E7_5 44644130 6.7 98.25 0.02 98.31 94.74 45.99
HL2 E7 4 41350660 6.2 98.41 0.02 98.17 94.38 45.46
HL2 E7 3 45097084 6.8 98.52 0.02 98.35 94.85 45.94
HL2 E7 2 42548298 6.4 98.13 0.02 98.24 94.55 46.17
HL2 E7 1 42462392 6.4 98.51 0.02 98.34 94.78 45.96
HL2 C11 6 37470388 5.6 98.2 0.02 98.21 94.5 46.08
HL2 C11.5 40729658 6.1 97 0.02 98.13 94.26 45.99
HL2 Cl11 4 38081860 5.7 98.33 0.02 98.17 94.39 46.12
HL2 C11 2 41045900 6.2 98.14 0.02 98.22 94.54 45.86
HL2 CI11_1 40672390 6.1 98.83 0.03 97.93 93.86 45.97
HL1_E7 6 43191822 6.5 98.32 0.02 98.23 94.52 45.65
HL1 E7 5 42819996 6.4 98.63 0.02 98.35 94.85 46.4
HL1 E7 4 49019728 7.4 99.11 0.02 98.22 94.46 46.56
HL1 E7 3 45212240 6.8 98.85 0.02 98.09 94.19 46.49
HL1_E7 2 43897390 6.6 98.92 0.02 98.17 94.41 45.98
HL1 C11 6 42273610 6.3 98.75 0.03 97.94 93.86 46.25
HL1 C11.5 41340120 6.2 99.06 0.03 98 93.97 46.28
HL1 C11 4 45392812 6.8 98.91 0.02 98.16 94.35 46.05
HL1 C11_3 37138128 5.6 98.32 0.02 98.11 94.27 46.21
HL1 C11 1 44493676 6.7 98.89 0.02 98.2 94.42 45.83
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Supplementary table 4. Epistatic analysis for three representative time points in the initial S96 x SLSP30
F2-mapping for photosynthesis using the scantwo() function in R/qtl (Broman et al. 2003). The numbers
give the highest —log(p) score of the interaction term between two markers located on the designated
chromosomes (cX:cX). The threshold was calculated using the permutation threshold procedure in rQTL
and was set at 3.9 for epistatic interactions. Time points are as described in figure 4.

Time point |cl:cl cl:c2 clic3 cl:ic4 cl:ic5 c2:c2 c2:c3 c2:c4 c2:¢5 c3:¢3 c3:c4 c3:c5 c4icd4 c4:cS c5:c5‘

LL1.1 1.327 1.300 3.995 1.645 2.832 1.697 2.207 2.403 2.054 2.719 1.173 3.831 0.524 1.856 0.951
HLI.1 1.897 2.208 1.647 1.623 1.762 0.887 2.036 1.521 1.187 1.413 2.885 2.967 2.058 1.446 1.450
HL2.1 | 0.908 2.224 2.493 1.661 1.414 1.565 1.275 0.919 2.020 1.696 2.926 2.095 1.703 2.412 0.906

Supplementary table 5. Table generated by the biomart tool in Plant ensemble (14-05-2020). “Locus
name”; refers to the TAIR10.1 definition, “gene start” and “gene end” refer to the location of the open
reading frame and is always defined in 5” to 3” orientation, regardless of the orientation of the gene itself.
“Name” refers to the gene name — if available. “Description” refers to the protein name as given by
UniProtKB and TrEMBL accessions. “GO terms” are those as assigned in TAIR10.1.

Locus name Gene start Geneend | Name Descdription GO terms
SIT4 phosphatase-associated family regulation of phosphoprotein phosphatase
AT3G45190 16541615 16548367 | SIT4 protein [Source:UniProtkB/ activity

TrEMBL;Acc:F4J510] protein phosphatase binding

biological_process

regulation of phosphoprotein phosphatase
activity

protein phosphatase regulator activity
regulation of phosphoprotein phosphatase
activity

protein phosphatase binding

AT3G45200 16548828 16549730 Uncharacterized protein T14D3.140 cellular_component

[Source:UniProtKB/
TrEMBL;Acc:Q9M1T9]

biological_process
molecular_function

Transcription initiation factor Il D
AT3g45210/T14D3_150
[Source:UniProtkB/

AT3G45210 16556684 16558169 TFIID TrEMBL;Acc:Q9M1T8]
Serpin-Z4 [Source:UniProtKB/ negative regulation of endopeptidase
AT3G45220 16564881 16566330 4 Swiss-Prot;Acc:Q9M1T7] activity

extracellular space

peptidase inhibitor activity

negative regulation of peptidase activity
extracellular space

serine-type endopeptidase inhibitor activity
serine-type endopeptidase inhibitor activity
AT3G45230 16569051 16569860 | APAP Hydroxyproline-rich glycoprotein family plant-type cell wall

protein [Source:UniProtKB/
TrEMBL;Acc:Q9M1T6]

biological_process
molecular_function

membrane

integral component of membrane

AT3G45240 16570478 16573762 | GRIK1 geminivirus Rep interacting kinase response to virus
Serine/threonine-protein kinase GRIK1
[Source:UniProtKB/ 3 .
Swiss-Prot;Acc:Q93V58] protein autophosphorylation
transferase activity

viral process

nucleotide binding

ATP binding

nucleus

kinase activity

kinase activity

kinase activity

phosphorylation

protein kinase activity

protein phosphorylation

protein serine/threonine kinase activity
protein serine/threonine kinase activity

cytoplasm
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protein binding

protein phosphorylation

cytoplasm

protein serine/threonine kinase activity
intracellular signal transduction
nucleotide binding

ATP binding

kinase activity

phosphorylation

protein kinase activity

protein phosphorylation

protein serine/threonine kinase activity
response to virus

viral process

protein autophosphorylation
transferase activity

nucleotide binding

ATP binding

nucleus

kinase activity

kinase activity

kinase activity

phosphorylation

protein kinase activity

protein phosphorylation

protein serine/threonine kinase activity
protein serine/threonine kinase activity
cytoplasm

protein binding

protein phosphorylation

cytoplasm

protein serine/threonine kinase activity
intracellular signal transduction

AT3G45243 16575823 16576173 | SCPL48 ECA1 gametogenesis related family
protein [Source:UniProtkB/
TrEMBL;Acc:A8MSE2]
AT3G45260 16596358 16598811 | BIB Protein indeterminate-domain 9 protein localization to nucleus
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[Source:UniProtKB/
Swiss-Prot;Acc:Q944L3]

regulation of meristem growth

nucleic acid binding

metal ion binding

DNA binding

nucleus

nucleus

nucleus

DNA-binding transcription factor activity
regulation of transcription, DNA-templated
protein binding

sequence-specific DNA binding
DNA-binding transcription factor activity

positive regulation of transcription, DNA-
templated

nucleus

DNA-binding transcription factor activity
protein localization to nucleus
regulation of meristem growth

nucleic acid binding

metal ion binding

DNA binding

nucleus

nucleus

nucleus

DNA-binding transcription factor activity
regulation of transcription, DNA-templated
protein binding

sequence-specific DNA binding
DNA-binding transcription factor activity
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positive regulation of transcription, DNA-

templated
nucleus
DNA-binding transcription factor activity
AT3G45275 16605781 16606238 | ECAL ECA1 gametogenesis related family membrane
protein [Source:UniProtKB/
TrEMBL;Acc:A8MS30] integral component of membrane
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Chapter 5. Genetic variation in the response to
fluctuating light conditions in an Arabidopsis
thaliana chromosome substitution line
population.

Roel F.HM. van Bezouw', Ramon Botet Vaca', Sietske Bijlsma', Bastiaan de Snoo?, Jitpanu
Jamyabok!, Elias Kaiser®, Jeremy Harbinson?, Joost J.B. Keurentjes'.

SUMMARY

In field conditions light availability to plants is not a constant factor, but dynamically changes on a
variety of scales; ranging from an order of seconds to days and longer. Plants need to constantly adapt
the the state of the photosynthesis machinery to avoid damage from excess light and overinvestment in
the photosynthesis apparatus leading to wastes of resources that could be used in growth. Prolonged
exposure to changes in light intensity eventually results in yield losses. In this study, we describe the
development of a novel chromosome substitution line (CSL-)population from two Arabidopsis
thaliana accessions differing in their productivity response to fluctuating light conditions, but that are
similar in photosynthesis efficiency. This population was used to explore the role of genetic variation
plant physiology and productivity in response to fluctuating light. Significant variation in the response
to fluctuating light conditions is revealed among the CSL-lines. An F1 hybrid developed from these
two parental accessions exhibits both increased tolerance to fluctuating light, which suggests a role for
heterosis contributing to this trait. To conclude, this work describes a new approach to study genetic
variation for the productivity of plants under fluctuating light regimes.

"Laboratory of Genetics, Wageningen University, *Rijk Zwaan Breeding B.V., 3Horticulture and Product
Physiology, Wageningen Univeristy, “Laboratory of Biophysics, Wageningen University
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1. INTRODUCTION

The rate of photosynthesis in plants is crucial to their productivity, but it also represents a major investment
by the plant in terms of its assets and resources. These include mineral nutrients that have to be won from
the soil and then assimilated, and carbon skeletons acquired via photosynthesis. As a result the
photosynthetic properties of plants, such as, for example, their irradiance response curves, are a balance
between the costs and benefits - a process of optimization. The photosynthesis machinery, therefore,
naturally adapts to growth irradiance in order to cost-effectively use those limiting resources, such as light
energy, and mineral nutrients (especially nitrogen) for photosynthesis. However, optimal rates of
photosynthesis may be difficult to maintain in field conditions where light availability changes rapidly and
unpredictably at different timescale as a result of, e.g., leaf movement in the wind, moving clouds, the
movement of the sun across the horizon and climatic events such as alternating periods of, e.g., cloudiness
and sunshine (Kaiser et al., 2018; Slattery et al., 2018; Morales & Kaiser, 2020). Both increases and
decreases of incoming irradiance will result in imbalances between the intrinsic capacity of the
photosynthesis machinery (i.e. as can be achieved under steady-state conditions) and actual amount of light
energy that can be processed (Ruban, 2017). Inefficient photosynthesis that results from such imbalances
may limit effective carbon assimilation. The slow responses of plant photosynthesis to both increases and
decreases in irradiance are believed to play a part in the lower growth under fluctuating irradiance
conditions (Athanasiou et al., 2010; Slattery et al., 2018). Part of these losses can be explained by traits that
are required for adaptation to changes in light not being maximized in crop species (Lawson et al., 2012,
Long et al., 2015). Such traits may thus be amenable to improvement as a means to improve crop
productivity (Long et al., 2015; Kromdijk et al., 2016)

Arabidopsis thaliana (hereafter; Arabidopsis) is a model species with a globally widespread
distribution and shows particularly large genomic variation resulting from a long history of long distance
migration, isolation and adaptation (Durvusalu et al., 2017). Furthermore, the species is a self-pollinating,
which means that it can be used to study genotype x environment interactions due to the possibility to grow
replicated genotypes (EL-Soda et al., 2014). Arabidopsis genotypes derived from different localities show
variation for traits related to the adaptation of the photosynthesis machinery (Athanasiou et al., 2010,
Mishra et al., 2012, van Rooijen et al., 2018; Zhang et al., 2020, Chapter 4). Such variation can be
mapped in genetic approaches to discover genes and their alleles that may be of interest to improve corps
(Theeuwen et al., 2022). Progress in photosynthesis phenotype imaging technology permits the analysis of
large numbers of Arabidopsis genotypes, which makes this species suitable to perform genetic mapping of
adaptive traits in photosynthesis (van Bezouw et al., 2019).

Genetic mapping studies involving Arabidopsis have so far not targeted the growth and
physiological responses to dynamic light conditions. Instead, focus has so far been on chlorophyll
fluorescence imaging phenotypes that directly measure photosynthetic activity at the molecular level and
its response to changes in light conditions (Jung & Niyogi, 2009; van Rooijen et al., 2015; Wang et al.,
2016; Rungrat et al., 2019). Consequently, most of our knowledge related to losses of productivity in

Arabidopsis as a result of fluctuating light conditions is mostly derived from experiments that involve only
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a single genotype (Vialet-Chabrand ef al., 2017; Schneider ef al., 2019). Doing so leaves potential roles for
genetic variation to adaptation unexplored. Kaiser et al. (2020) used a panel of more than thirty
Arabidopsis accession to study the impact of fluctuating light on their growth. They conclude that genetic
variation in the growth response to fluctuating light conditions is determined by limitations in the rate of
photosynthesis in genotypes that are more productive under stable light conditions. As a result, productive
genotypes are impacted by higher losses in productivity compared to genotypes growing a naturally smaller
rosette, which implies that reduced functioning of photosynthesis as a result of adaptation is a biophysical
growth-limiting factor in Arabidopsis. A genetic mapping strategy involving two contrasting parental lines
in their physiological response to fluctuating light regimes may determine the role of genetic variation in
these traits.

Stable and fluctuating light can be considered as a treatment similar as in other control-treatment
studies involving (a)biotic stresses (Munns & Tester, 2008; Nguyen et al., 2013; El-Soda et al., 2014;
Thoen ef al., 2017; van Bezouw et al., 2019b). However, for no genetic mapping studies exist in which
fluctuating light has been used as such. We aim to investigate the role of genetic variation as a cause for
light regime-dependent variation in the productivity and physiology of Arabidopsis. We hypothesize that
genetic variation exists for the traits in response to fluctuating light conditions and involve genotype x
environment interactions. To do so, we made use of a novel genetic mapping resource in the form of a
complete population of chromosome substitution lines (CSLs). A CSL-population is a bi-parental genetic
mapping population type that segregates for full chromosomes only, thus without crossovers in the progeny
(Wijnen & Keurentjes, 2014). In animals, the use of CSLs — although only in populations with single
chromosome substitutions — has previously been associated with improved genetic mapping power and
detection of epistasic interactions compared to conventionally segregating populations from the same
parental genotypes (Spiezio et al., 2012; Bucher & Nadeau, 2015). The CSL-population as described and
developed in this work is composed from the widely used Col-0, the core accession for Arabidopsis that
shows high productivity, and MIB-22, a wild type accession that produces small, compact rosettes (Figure

1). These properties make this population ideal for the goals set out in this study.
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2. MATERIALS AND METHODS

2.1 Development of a Col-0 x Mib-22 chromosome substitution panel

Development of chromosome substitution libraries is efficient when meiotic recombination can be
suppressed to avoid the introduction of random cross-overs within the population (Wijnker et al., 2012).
dmc-4 and dmc-5 are two independent transformants carrying an RNAI transgene in the Col-0 (CS76113)
Arabidopsis accession that silences DISRUPTED MEIOTIC ¢cDNAI (Wijnker et al., 2014). Lines carrying
these constructs have significantly reduced meiotic crossover rates in Arabidopsis (Wijnker et al., 2012).
Following the protocol described by Wijnker et al. (2014) (See supplementary figure 1), homozygous
transformants carrying the RNAi construct were crossed to the MIB-22 genotype (CS76182) to create an
achiasmatic F1 hybrid. Subsequently, this F1 hybrid was crossed to gfp-tailswap in order to generate
haploid, non-recombinant offspring. Upon selfing, these haploid lines produce homozygous doubled
haploid offspring. The last few CSLs with missing combinations were developed using a backcross
strategy. A set of genomic markers described in Wijnen et al. (2018) was used for genotypic evaluation of
the CSL-population. The inter-marker spacing averages ~3 Mbp/marker, which is sufficient to detect

crossovers (Kooke et al., 2012).

2.2 Growth conditions and experimental design

For assessment of photosynthesis traits, the parental lines were grown in a high-throughput photosynthesis
facility and under conditions as described by van Rooijen ef al. (2015). This involves growth under 100
umol m? s and a stepwise change in irradiance on day 25 to 500 umol m? s, to measure the
photosynthetic response to a change in light irradiance. For the genetic mapping experiment, all lines of the
Col-0 x MIB-22 CSL-population were grown twice in the same climate chamber, in 10 hour photoperiods
at 21/19 degrees day and night, and grown under TL-lighting tubes. The plants were watered twice, after
two weeks and three weeks of growth. The plants were grown under different light regimes each time as
depicted in Figure 2. Plants were grown under a stable light regime of 250 pumol m? s of
photosynthetically active irradiance and this served as the control experiment. In the treatment experiment,
growth conditions were equal to control during the first two days of growth to allow for a proper
establishment of the plants. On the 3" day after sowing, the light regime was changed to an alternating
rhythm of 20 minutes of high light irradiance (400 umol m? s!) followed by stepwise changes with a
duration of 20 minutes of low light irradiance (100 pmol m™ s™!) for a total of 23 stepwise changes every
day (Figure 2), serving as the fluctuating light conditions. The light regimes were programmed in such a
way that the total accumulated irradiance in each treatment was identical. Thus, only the daily distribution
of light irradiance was different between the experiments as recommended by Morales & Kaiser (2020).
Plants were grown in a climate chamber in complete randomized block design, spread over two

flood tables. On each of these tables, three equally sized blocks were established and plants were
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randomized among these blocks. 24 replicates — 4 per block — were grown for all genotypes, except for
genotypes CMO1 and CM32, for which 32 replicates each were grown. Furthermore, the Col-0 and MIB-22
wild types and an F1 hybrid made from cross CM1xCM32 was also grown in 32 replicates. Blocks,
columns (X) and rows (Y) were included as environmental random factors in our statistical models for

purposes of analysis.

2.3 Phenotypic assessment of traits

The assessment of photosynthesis traits in the Col-0 and MIB-22 lines was performed described by Van
Rooijen et al. (2015). The quantum efficiency of photosystem II (OPSII) and projected leaf area were
measured for these lines under conditions of low light and a stepwise increase in high light following
Chapter 3.

In the genetic mapping experiments, plants were imaged for the duration of growth using an
automated camera system that allows the simultaneous measuring of all plants. Imaging took place once a
day at 17:00 and were processed using custom written Python scripts to estimate the projected leaf area
(PLA), in units of total number of pixels per plant. On day 28, two pools per genotype, consisting of two-
three plants each, were harvested at around 13:00 to be used for the assessment of chlorophyll and
anthocyanin content. A total of five pools were harvested this way from each CMO01, CM32, their hybrid
and the wild types, Col-0 and MIB-22. Chlorophyll and anthocyanin contents were estimated
spectrophotometrically using ethanol extractions (Webb et al., 1992), after which they were measured
using a spectrophotometer. These measurements yielded the content of chlorophyll @ (chla), chlorophyll b
(chlb) and their ratio (chlab). The remainder of the plants were put in bags, dried at 60 degrees for at least
three days and weighed to obtain aboveground dry weight (DW) values. Thereafter, all visible leafs were
counted per plant, giving the total leaf count per plant (L). Thus, in total six traits were directly measured.
From the DW and PLA parameters the specific leaf area (SLA) was calculated. Furthermore, the relative
growth rate (RGR) was calculated by log-transformation of the images derived area data over time, then
fitting a linear model to obtain the generalized regression coefficient per replicate plant. This model was
chosen as it would fit on all growth curves. As fluctuating light is the treatment factor in our study we
defined “fluctuating light tolerance” (Tol) as the aboveground productivity (DW) in the fluctuating light
experiment divided by the aboveground productivity in stable light conditions, similar to as is done in

abiotic stress studies (van Bezouw et al., 2019b).

2.4 Statistical analysis

For the analysis of genotypic comparisons and calculations of Best Linear Unbiased Estimates (BLUESs) of
genotypic means, we used a linear mixed model incorporating the experimental block, and x and y
coordinates (as in Flood et al., 2016). Heritability values were calculated by deriving the fraction of
genotypic variance by treating all factors as random variables. Since a (near) complete population of
chromosome substitution lines offers a balanced experimental design for genetic analysis (Wijnen, 2019),

we aimed to apply one-way or multi-way analysis of variance (ANOVA) for each combination of
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chromosomes up to the third level of genetic interactions. This totals five additive, ten two-way epistatic
and ten three-way epistatic interactions to be considered in a population developed from Arabidopsis.
Including all additive and interactive terms in a linear model would imply a significant reduction in degrees
of freedom, which would in turn severely limit statistical power to detect chromosomal effects. Thus, we
opted for analyzing one-by-one each additive or interaction effect. All analyses where performed using the
Anova() function in the cars-package (Fox & Weisberg, 2019). For the inclusion of random effects, we
used lmer4 (Bates ef al., 2015) and ImerTest (Kuznetsova et al., 2020) packages. These packages allow the
implementation of linear mixed models in R and subsequent post-hoc analysis. For analysis of the full
CSL-population, ANOVA was performed using standard analysis of variance on the BLUEs of genotypic
means of base R (R Core Team, 2021). Correlation analysis was performed in base R and the correlation
plot was made using the corrplot package (Wei & Simko, 2021). Figures were drawn in the ggplot2
package (Wickham, 2016) or using base R functions (R Core Team, 2021).

Col-0 F1 hybrid MIB-22

Figure 1. Images of representative replicates belonging to the accessions Col-0, MIB-22 and the hybrid
between the CSLs representing these lines at the nuclear genomic level. All images were taken after 28
days of growth under 250 um m-2 s-1 of growth irradiance, scaled and cropped for comparison purposes.
The colouration of leaves may not be representative for the genotypes.

128



Genetic variation in the response to fluctuating light

3. RESULTS

3.1 The development of a chromosome substitution line population derived from Arabidopsis

thaliana accessions Col-0 and MIB-22

By applying a reverse breeding scheme (Wijnker et al., 2014, Supplementary figure 1), we developed a
chromosome substitution lines (CSLs) population consisting of the Col-0 and MIB-22. Lines containing
any chromosomal combination of having both chromosome 4 and 5 donated from Col-0 — thus all possible
lines carrying recalcitrant dmc RNAi-constructs conferring semi-sterility — were backcrossed to the
appropriate CSLs to develop hybrids that then yielded construct-free lines in their progeny. After ~25 lines
were developed, a backcross strategy was applied to retrieve all other lines from the population. In total, 32
lines — thus all possible combinations — were developed in this way. A final genotypic scoring of the
population found that one CSL still contained a crossover CM22:MCMCM. In order to guarantee the
absence of crossovers for purposes of population analysis, we decided not to grow the CM22 line as it
contained a larger introgression. All lines were grown and genotyped once more in the greenhouse and seed
from one genotyped plant was collected for each line. A phenotypic evaluation of silique elongation and
seed set concluding that no lines containing Col-0 chromosomes 4 & 5 carry dmc constructs (Wijnker et
al., 2012, 2014). After conclusion of the experiment, however, we found another minor introgression in
CM19::MCCMC by using extra markers. The full set of genotypes used in this experiment and their

genotypic evaluation can be found in supplementary figure 2.

3.2 Col-0 and MIB-22 exhibit similar rates of quantum yield of photosystem Il under stable light

conditions and in response to high light

Col-0 and MIB-22 genotypes are similar in their quantum yield of photosystem II (®PSII, a measure for
photosynthetic activity Baker, 2008) under stable light (100 pmol m s™! Figure 3a) and in the short term
response to high light (500 pmol m™ s>, Figure 3b). Under conditions of stable light, Col-0 grows a
rosette nearly twice the size that of MIB-22, which confirms previous observations that Col-0 is an
accession with much higher productivity (Figure 1). ®PSII could not be measured under the experimental
conditions that the CSL-population was grown in, particularly due to the short-term fluctuations that were
imposed on the plants (Figure 2). Nonetheless, the data suggests that no significant variation for ®PSII
exists between these two parental lines for stable light conditions and the high light acclimation response

(Figure 3a, b), thus concluding that those traits do not play a significant role in subsequent experimentats.
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Figure 3. Assessment of quantum yield of photosystem 1l (DPSII) and projected leaf area (PLA) in the wild
type Col-0 and MIB-22 genotypes. a) DPSII of plants grown under low light conditions (100 umol m s™).
Measurement was taken on the 24st day of growth, 1 hour after the onset of the photoperiod (See van
Rooijen et al., 2015). b) ®PSII of the same plants, but now taken on the 25" day of growth, 1 hour afier the
onset of the photoperiod with a stepwise increase of irradiance to 500 umol m? s™. ¢) Projected leaf area
of the genotypes on the 24st day of growth. ns = not significant, ** = significant at p < 0.01. n = 14 for

Col-0 and 16 for MIB-22.
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3.3 Fluctuating light treatment negatively affects plant plant productivity and changes rosette

architecture

The Col-0 x MIB-22 CSL-population, wild type parents and an F1 hybrid between CM1 and CM32
(Supplementary figure 1) were grown in two subsequent experiments. In both experiments, plants were
grown under stable light conditions for three days after which either fluctuating or stable light conditions
were continued for the remainder of the experiment (Figure 2). We assessed a total of eleven traits,
including the assessment of projected leaf area (PLA) of three specific days of measurements of project leaf
area, namely 6, 17 and 28 days after sowing to represent early, mid and late growth. Best linear unbiased
estimates (BLUEs) were calculated for each genotype per condition prior analysis. Most of the traits
evaluated in this experiment are negatively impacted by the fluctuating light treatment (Table 1). Three of
these are unaffected by treatment, namely leaf count (LC), relative growth rate (RGR) and projected leaf
area (PLA) measured 6 days after sowing. Rosette dry weight (DW) under fluctuating light conditions was
reduced by 26.2% compared to stable light conditions, while rosette leaf area (pixel count at 27 DAS) only
decreased by 14.7%. In turn, this discrepancy negatively affects the population-wide specific leaf area
(SLA). Furthermore, chlorophyll a (chla) decreased significantly, while chlorophyll b content (chlb)
increased significantly. This counteracting interplay together results in a triplication of the chlorophyll a/b
ratio (chlab) under fluctuating light conditions. Leaf anthocyanin content was not detectable in the rosettes,
and will thus not be discussed further.

Correlations between the best linear unbiased estimates (BLUES) for the measured traits between
treatments revealed that traits indicating productivity (PLA, DW) under stable light condition are
negatively correlated with fluctuating light tolerance (Tol) (Figure 4). Conversely, only the pixel to weight
ratio of plants grown under fluctuating light conditions was correlated with tolerance of productivity. Chlab
correlates negatively with chlb, and there are some minor correlations between chlorophyll content and leaf

count (Figure 4). However, chlorophyll is generally a poor predictor for any of the other traits.

3.3 Analysis of (wild type) parental and Fl lines reveals a role for hybrid vigour for

fluctuating light tolerance

Within the chromosome substitution lines (CSL-)population, the Col-0 and MIB-22 parental lines are
essentially represented by two specific substitution lines, namely CM1 and CM32 (Supplementary figure
1). However, essential differences are that CM1 and CM32 have gone through the process of meiotic
suppression and dihaploidzation (Wijnker et al., 2014). Furthermore, both these lines contain the
cytoplasmic genome of the Col-0 genotype, thus CM32 differs from MIB-22 in that respect. These
different genetic origins may impact photosynthetic performance as the chloroplastic genome in the
cytoplasm is a source genetic variation (Flood ef al., 2020). The Col-0 and CM1 genotypes show a roughly
30% reduction in dry weight when grown in fluctuating light conditions compared to stable light conditions
(Figure 5). Conversely, dry weight in MIB-22 grown under fluctuating light conditions is reduced by
<15% compared to those grown under stable light conditions, while CM32 is unaffected, thus implying a

cytoplasmic contribution to the response to fluctuating light of this trait (Figure 5a). Leaf count is similarly
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differentially affected by the fluctuating light treatment between CM32 and MIB-22 (Figure 5b). The
Flcemixems2 hybrid shows high values for all traits assessed (Figure 5a-e), expressing profound hybrid
vigour. Flemixems2 approximates dry weight as in the Col-0/CM1 genotypes, but under fluctuating light
conditions only a marginal decrease in biomass accumulation is observed compared to stable light
conditions (Figure 5a), while having high leaf number (Figure 5b). Plant area size in early (6 DAS,
Figure 5c¢), mid (17 DAS, Figure 5d) and later (27 DAS, Figure Se) stages shows smaller reductions
between the treatments meaning that specific leaf area changed, but this trait was unaffected in the MIB-22
genotypes (MIB-22 wild type and CM32). For chlorophyll content traits, no differences are found between
these five genotypes (Table 2), although they are affected by treatment in a similar way as is observed in

the whole populations (Table 1).

Table 1. Descriptive statistics of trait values for the 31 genotypes and F1cwmixems2 of the Col-0 x MIB-22
chromosome substitution library. All values have been calculated from best linear unbiased estimates
within each of the treatments. Trait values are calculated for stable (S) and fluctuating (F) treatments. Min
= genotype with the lowest, Mean = the average and Max = highest trait value of the phenotype. Stdev is
the standard deviation calculated among the best linear unbiased estimates. CoV = coefficient of variation
(Stdev divided by the Mean), FvS t-test gives the p-value for the outcome of a t-test comparing the
estimated means of the fluctuating and stable treatments. F/S ratio is the relative value of the trait
measured in plants grown under fluctuating light conditions compared to stable light conditions. H is the
broad-sense heritability of traits. ns = not significant, * = p <0.05, ¥* =p < 0.01, *** =p < 0.001.

Trait Unit Treatment Min Mean Max Stdev CoV FvS t-test F/S -ratio H?
F 0.029 0.043 0.065 0.007 | 0.169 0.221
Dry weight g <0.001*** 0.738
N 0.036 0.058 0.075 0.010 | 0.171 0.254
Dry weight tolerance - F/S 0.554 0.748 1.037 0.122 | 0.163 - - -
F 1210 1670 2026 199 | 0.119 0.040
Relative growth rate pixels/day 0.075™ 0.971
S 1296 1958 2588 278 0.142 0.090
F 19.798 | 15.659 | 12.373 | 1.437 | 0.092 0.290
Total leaf count n 0.406™ 0.982
S 18.649 | 15.941 13.703 | 1.261 | 0.079 0.336
F 0.957 1.110 1.388 0.095 | 0.086 -

Specific leaf area - <0.001*** 0.865
S 1.109 1.283 1.453 0.084 | 0.066 -

F 83.78 106.9 138.84 15.4 0.144 0.084
Pixel count (6 DAS) n 0.314™ 0.934
N 87.23 114.4 156.56 17.6 0.154 0.128
F 2321 32175 4304 4333 | 0.135 0.114
Pixel count (17 DAS) n <0.001%*** 0.795
S 2820 4048.8 5557 593.7 |0.147 0.175
F 27913 | 38518.2 | 46737 | 4592.0 | 0.119 0.167
Pixel count (27 DAS) n <0.001*** 0.853
S 29908 | 45150.9 | 59688 | 6396.0 | 0.142 0.298
F 332 8214 1729 | 4.030 | 0.491 0.103
chlab mg/ml <0.001%** 3.090
S 1.29 2.659 4.18 0.814 | 0.306 0.199
F 0.24 0.320 0.43 0.037 | 0.116 0.068
chla mg/ml <0.001*** 1.234
S 0.19 0.259 0.30 0.029 | 0.112 0.264
F 0.02 0.060 0.10 0.020 | 0.331 0.226
chlb me/ml <0.001 %+ 0.502
S 0.07 0.119 0.17 0.028 | 0.235 0.156
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Figure 4. Correlation of various traits measured in the stable light and fluctuating light experiments. W =
Dry weight, L = Total leaf count, chla = chlorophyll a content, chlb = chlorophyll b content, chlorophyll
ab is the chlorophyll a / b ratio, specific leaf area (Sla) = projected leaf area / dry weight, P = projected
leaf area of which; Pe = early phase (6 DAS) rosette size, Pm = mid-phase (18 DAS), Pn = end phase (28),
RGR = Relative growth rate, Tol = dry weight (fluctuating light) / dry weight (stable light) conditions.
Capital S = Stable light conditions, F = fluctuating light conditions. X'’s denote correlative relationships to
not be significant at the P <0.05 level (Pearson’s method). Size and colour of circles indicate the strength
and direction of the correlation relationship. Means of 30 substitution lines and the Flcmixemsz were
included in the data to calculate the correlation coefficients and their significance level. Chlorophyll data
missed for CM16 and thus all phenotypes for this line are excluded from the analysis.
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Figure 5. Trait values for parental genotypes and their hybrid under stable and fluctuating light

conditions. a) Dry weight, b) leaf count, c) projected leaf area at 6 days, d) 17, e) 27. The left, darker, bars

indicate the trait value of plants grown for 28 days under stable light conditions, the right, brighter, bars

indicate the trait value of plants grown under fluctuating light conditions. Capital letters indicate groups of

genotypes sharing the same phenotypic mean following a post-hoc Tukey test for plants grown under stable

light conditions, lower case letters are for those of plants grown under fluctuating light conditions. Bars

show the means and standard error of at least 17 replicates per treatment per genotype.

134




Genetic variation in the response to fluctuating light

Table 2. Chlorophyll content and chlorophyll a/b ratio in parental lines, reverse breeding parents and their
hybrids. Means and standard errors are given for each genotype per treatment. Each replicate (N) is composed
of up to three rosettes snap-frozen in liquid nitrogen. Letters indicate groups with equal means after Tukey post-
hoc tests. FvS t.test gives the p-value for testing the genotypic means of the genotypes of stable light against the

samples taken from the fluctuating light treatment. ns = not significant, * = p <0.05, ¥* = p < 0.01, ¥** =p <

0.001.

Treatment Genotype chla chlb chla/b

Stable Col-0 0.268+-0.022* 0.088+-0.023" 4.001+-1.379*
CMO1 0.295+-0.029* 0.163+-0.017* 1.927+-0.333°

F1 0.255+-0.021* 0.095+-0.019* 3.596+-1.23°
CM32 0.235+-0.019° 0.089+-0.013* 3.068+-0.737*
MIB-22 0.231+-0.024* 0.129+-0.023* 2.229+-0.626"
Fluctuating Col-0 0.327+-0.021* 0.048+-0.007* 7.629+-1.399°
CMO1 0.310+-0.037* 0.078+-0.013* 5.358+-2.177*
F1 0.324+-0.024* 0.054+-0.014* 9.952+-4.494*
CM32 0.286+-0.033* 0.056+-0.009* 5.545+-1.173°
MIB-22 0.294+-0.008* 0.077+-0.016* 5.202+-1.731*

FvS t.test - 0.0677™ 0.0136* 0.0054**

3.4 Plant productivity is characterized by large variation in the genotype x environment

From the previous, it should be clear that high genetic variation exists among the parental lines of the Col-0
x MIB-22 CSL-population and this is reflected in heritability estimates (Table 1). A CSL-population has a
limited number of possible genotypes (Wijnen, 2019), but each can be grown in high replicate number thus
permitting the analysis of genotypes against each other. By testing the between-environment effect of each
individual line, we observe large variation for productivity tolerance to fluctuating light condition in the
population (Figure 6a). The most intolerant lines lose almost half of their dry weight under fluctuating
light conditions compared to growth under stable light conditions, while a group of six lines are unaffected
by light regime. Further examination of the correlation between the genotypic BLUEs of the individual
genotypes in stable and fluctuating light conditions reveals that genotypes with high dry weight under
stable light conditions predict dry weight under fluctuating light conditions (Figure 6b)
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Figure 6. Ranking of all Col-0 x MIB-22 substitution line genotypes and the FIcyixcusz for dry weight. a)
Bars depict the Best Linear Unbiased estimates of the genotypic means of rosette dry weight (DW) for
fluctuating conditions (red) and stable light conditions (blue). The purple line depicts the tolerance of
productivity, calculated as DWiucuatingDWswvle and are ranked following this value. The horizontal black
bar indicates a significant effect (p < 0.05) of treatment on dry weight for all genotypes graph, following
analysis of variance. +-1 error bars are given. b) correlation between rosette dry weight under fluctuating
and stable light conditions. All means have been calculated from more than 15 biological replicates per

genotype per treatment.
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To unravel the genetic contribution to physiological traits under fluctuating light we analyzed the
31 chromosome substitution lines using classic analysis of variance, up to the third level of chromosomal
interactions (Figure 7a). A total of 32 significant additive and interacting quantitative trait loci (QTLs) are
found; four additive QTLs under fluctuating light and nine under stable light conditions. Tolerance of
productivity to fluctuating light yielded another, but weak, QTL, thus we found a total of 14 additive
effects. Of these, only a QTL for 27 DAS for projected leaf area on chromosome 3 and total leaf count on
chromosome 5 are present in both light environments. The remainder of these associations are environment
specific, suggesting a strong role for growth light regime to play a role. A total of six two-way and twelve
three-way epistatic chromosomal interaction effects were found for various traits during the experiments,
with the majority of these interactions being specific to a single environment. However, most of the
genotypic effects we found are weak associations (0.01 <p <0.05), which will probably be neglected after
performing a post-hoc test correction.

QTLs for dry weight on chromosome 3 (Figure 7b) and leaf count on chromosome 5 (Figure 7c¢)
were further examined due to the strength of the genotype-phenotype associations. A Col-0 chromosome 3
exhibits a 19.4% increase between for dry weight under stable light conditions. The phenotypic effect of
this QTL is, however, suppressed under fluctuating light conditions (Figure 7b), with two-way ANOVA
confirming the presence of a light regime-dependent effect for growth (interaction term; GxE; F 5¢ = 4.25,
p =0.043). In line with these observations, chromosome 3 is also the main driver of genetic variation in the
tolerance of productivity to fluctuating light conditions (Figure 7d). By contrast, and in accordance with
our earlier analyses of the data (table 1), the leaf QTL on chromosome 5 is unaffected by environment of
Col-0 and MIB-22 (Figure 7¢). Two-way ANOVA) confirmed the absence of a genotype x environment
effect for this QTL (interaction term; F; 5s = 0.549, p = 0.462).

3.5 Time series analysis of projected leaf area reveals temporal effects of fluctuating light on plant

growth

High-throughput imaging of projected leaf area (PLA) of the CSL-population during the duration of the
experiment allows the description of long-term trends in growth. Repeated tracking of PLA may lay bare
trends that would otherwise go unnoticed in destructive harvests, which represent a single moment in time.
Both the average best linear unbiased estimates (BLUE) of the genotypic means and heritability values per
treatment for the PLA in the CSL-population increased during the experiment — particularly in the last
week (Figure 7a). However, both the PLA and heritability are significantly higher in the population grown
under stable light conditions, compared to those grown under fluctuating light conditions. Broad sense
heritability values reach over 0.30 in the later stages of growth under stable light conditions. Under
fluctuating light conditions the maximum heritability barely exceeds that of the population after 5 days of
growth under stable light conditions. To identify the day on which the plants grown under stable light
conditions show higher PLA values, we performed a student’s t-test for each day of the experiment (Figure
7b). This revealed that from day nine after sowing, there is a significant difference of average PLA of the

population between the stable and fluctuating light conditions. This difference gradually increases until the
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end of the experiment, where the average PLA of plants grown under fluctuating light conditions is only
75-80% to that of the average PLA under stable light conditions (Figure 7b).

Based on visual inspection of the mean differences in PLA between the light treatments (Figure
7a), we hypothesized that the fluctuating light conditions introduces a growth delay for the whole
population of approximately 1 day. To validate this assumption we re-calculated the student’s t-test for
each day analysis and the fraction of growth between the PLA from the fluctuating light condition, but this
time compared the values for projected leaf area of fluctuating light one day ahead (PLA+1) of the values
for stable light conditions (PLA) (Figure 7b). In doing so, we observe an opposite trend, with relative
differences in PLA between the light treatments decreasing over time. This confirms that in our experiment
plant growth under fluctuating light conditions lags one day behind the growth projection under stable light
conditions.

Broad sense heritability values dynamically change between and within experiments (Figure 7a),
which indicates that the contribution of genetic factors may vary of time. To analyze this, we applied
analysis of variance on PLA on all time points as we did do for the other traits (Table 1). Under stable light
conditions, we found that QTL on chromosome 3 for PLA (Figure 8a) to be detectable after 20 days of
growth (Figure 7c). However, the effect of this QTL is lost in fluctuating light as chromosome 3 only
reveals a marginal effect on the last day of that experiment. Two additional dynamic QTLs are present in
the population, namely on chromosome 2 under stable light conditions, which is present from day 16, and
chromosome 5 under fluctuating light conditions only appearing in the final days of phenotyping (Figure

7c).

138



Genetic variation in the response to fluctuating light

a)

groups
C2C5- NS
C3C4- *
C3C5- * %
C4C5- * %k k

Chromosomal (interaction) effects

C3C4C5-

‘<$‘<‘L\@ D 9 g
2 N 2T
FTELTTITIFES

Traits

(=2
-

Chr. 3 c) chr. 5 d) Chr. 3

*h* *h* %

=4

o

[
=
~
o

(=4

o

kS
o
=4
o
o

Colo
WiB-22

DWIFI/DW[St]

Dry Weight [g]
Leaf number

=
o
IS}
o
=]
N
o

0.00

St FI St FI Col-0 MIB-22
Treatment Treatment Genotype

Figure 7. Analysis of the Col-0 x MIB-22 chromosome substitution line population grown in fluctuating
and stable light conditions. a) Analysis of variance matrix for traits. On the Y-axis each combination of
chromosomes tested is presented and the testing outcome of the highest order of interaction with each
analysis is given in colour groups, where NS (white) = p > 0.05, * (vellow) = p < 0.05, ** (orange) p <
0.01, *** (red) p < 0.001. W = Dry weight, L = number of leaves, chla = chlorophyll a, chlb = chlorophyll
b, chlb = ratio chla/chlb, SLA = Specific leaf area, Pe = projected leaf area early (6 days after sowing,
Pm = PLA medium (17 days after sowing), Pn = PLA end (27 days after sowing). Dry weight tolerance
(Tol), here the dry weight under fluctuating light conditions divided by the dry weight under stable light
conditions (WF/WS), is highlighted in grey. F denotes traits measured under fluctuating light conditions, S
denotes traits measured under stable light conditions. b) Genotype x environment analysis for the dry
weight (W) trait for chromosome 3, c¢) as in b, but for leaf count (L), d) fluctuating light tolerance (Tol).
Treatments are St = stable, Fl = fluctuating light. Bars depict the means and standard error of at least 15
genotypic means per chromosome. Asterisks as in a, following from student’s test per treatment.
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Figure 8. Growth curve analysis of chromosome substitution lines grown under stable (S) and fluctuating
light (F) conditions. Measurements per day are taken from images taken at 17:00. Plants were imaged
from the 5" day after sowing in either condition. a) Average projected leaf area is taken as the mean
number of pixels of the spatially corrected genotypic best unbiased linear (BLUES) estimate of each
substitution line. Broadsense heritability is calculated as the percentage of variation explained by
genotypic terms from 31 different chromosome substitution lines divided by the total variation. b) LOD-
value represents the —log(p) transformed test statistics of testing the BLUES of the stable and fluctuating
light conditions (thus n=31 per category), while Fraction F/S (PLA) represents the means of the BLUESs
under fluctuating conditions divided by stable conditions. The +1 indicator indicates that these numbers
have been generated from using the PLA values of the fluctuating light condition one day ahead that of the
stable conditions. ¢) LOD-values of additive chromosomal effects, plotted per chromosome and treatment
over time for both the stable and fluctuating light condition. In b, c the horizontal dashed line represent
(LOD = 1.301) = (p = 0.05) thresholds.
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4. DISCUSSION

In this work, we describe the development of a population of chromosome substitution lines composed
from two Arabidopsis accessions differ in productivity and rosette size (Figure 1, 3c), but are similar in
relevant photosynthetic properties (Figure 3a, b). We subsequently used this population to study the
genetic architecture of the response of various plant traits to fluctuating light, with a focus on plant
productivity. Most, but not all, measured traits were subject to genotype x environment interactions
(Figure 7a-d). To our knowledge, this is the first report of a genetic mapping study that focuses on
physiological traits and productivity treating fluctuating light growing conditions as an abiotic stress
treatment. In addition, this is one of the few reports on the use of a comprehensive chromosome

substitution population. Here, we discuss the implications of our findings.

4.1 The physiological response under fluctuating light can be studied as an_abiotic stress in

genetic mapping studies in a low-tech setting

The impact of fluctuating light conditions can be regarded as a form of abiotic stress, categorically similar
to, e.g, salinity (Munns & Tester, 2008) and drought (Tardieu et al., 2018). Fluctuation light challenges
photosynthetic acclimation and results in compromised growth of plants under such conditions (Vialet-
Chabrand et al., 2017; Schneider et al., 2019; Ding et al., 2019). As light fluctuations can be expected to
always be encountered in the growth environment in field crops (Tardieu et al., 2017; Kaiser et al., 2018),
dynamic light may be one of the most important yet overlooked abiotic stresses that challenge crop growth.
Fluctuating light treatments applied in studies using Arabidopsis vary greatly in the frequency, nature and
values of changes, varying from few daily step-wise changes (Athanasiou et al., 2010; van Rooijen et al.,
2015) to high frequency schemes (Kaiser ef al., 2020; Flood et al., 2020) and simulations of measured
irradiance data from field conditions (Vialet-Chabrand et al., 2017). The frequency and variation in light
intensity of the fluctuations we imposed in our study are lower than those applied in other studies
investigating the effects of fluctuating irradiance on the Col-0 genotype of Arabidopsis (Vialet-Chabrand et
al., 2017; Schneider et al., 2019). Reductions in dry weight that arose from growth under fluctuating
irradiance compared to stable light conditions reached a population average of 26.2% in this study (Table
1), which is similar to the cited studies. However, line specific losses vary between 0 and 45%, which
reveals revealing that a large degree of segregation exists for this trait in the CSL-population used in this
study (Figure 5). The results in this study indicate that plant physiological and productivity responses to
fluctuating light are amenable to genetic mapping. This study also shows that the use of extensive
chlorophyll fluorescence imaging setups may not necessarily be a prerequisite to study relevant traits in
fluctuating light conditions (van Bezouw et al., 2019). We showed that it is possible to study the plant’s
response to fluctuating light in a low-tech experimental setups leading to meaningful insights in plant

growth, an approach which may be easy to extend to crop species as well.
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4.2 Fluctuating light reduces genetic variation and the effects of a quantitative trait locus (QTL)

for productivity

The majority of traits studied in this work showed low to moderate values of heritability (Table 1, Figure
7a), but under fluctuating light conditions heritability values were generally similar or lower for most traits
than in stable light conditions. These observations are similar as those previously reported by Kaiser et al.
(2020) — see heritability values (Supplementary table 1) — despite that they used a fluctuating light regime
with shorter stepwise intervals and a larger difference between minimum and maximum irradiance
compared to this study (Figure 2). Regardless of these differences, these observations imply that
fluctuating light may reduce the trait variability in genotypes of Arabidopsis. Nonetheless, many
(interacting) QTL were found to be specific for the growth conditions (Figure 7a), thus highlighting a role
for genotype x environment interactions.

We discovered a strong QTL on chromosome 3 that positively affects dry weight (Figure 6a, b,
7¢), but does not express under fluctuating light growth conditions thus creating a genotype x environment
interaction. This QTL, however potent, is in this study only mapped to the chromosome level. Continuous
and efficient fine mapping efforts to discover the causal gene — similar to as was previously demonstrated
in Chapter 3 and 4 — may result in a novel trait that stimulates growth, but which is compromised by rate
limitations of photosynthesis. This trait may be subsequently explored to identify bottlenecks that prevent
plants from growing to their maximum extend in field conditions. Previously, activity of GLUCOSE 6-
PHOSPHATE/PHOSPHATE TRANSLOCATOR 2 (GPT2) was found to negatively affect plant fitness
under fluctuating light conditions compared to stable light conditions (Athanasiou et al. 2010). GPT2,
located on chromosome 1, is thought to affect carbohydrate metabolism and knock-out mutants are
associated with reduced starch synthesis in leaves (Dyson ef al., 2015). The QTL on chromosome 3 may
very well be driven by a gene involved in a similar process and may be amenable to transgenic exploitation

to overcome the associated bottlenecks to improve plant growth under fluctuating light conditions.

4.3 Hybrid vigour contributes significantly to increased tolerance of plant productivity to

fluctuating light

In this study, we used a hybrid line (Flcmixems2) between the CSLs CM1 and CM32, that represent the
Col-0 and MIB-22 wild type parental accessions respectively, and grew the progeny alongside the CSL and
parental lines. Flcmixems2 maintains high productivity associated with Col-0 genotypes under stable light
conditions, while losing only 10.5% of growth under fluctuating light, a number comparable in MIB-22
(Figure 2a). These observations conflict with observations made by Kaiser et al. (2020), who conclude that
Arabidopsis accessions with the greatest productivity under stable light conditions suffer only
proportionately greater loss of productivity under fluctuating irradiance than did those genotypes with
lower productivity under constant irradiance. Kaiser et al. (2020) imply that biophysical — rather than
genetic — factors play a dominant role in explaining differences in yield losses under fluctuating light

environments. The Flcmixems2 demonstrate that high productivity can persist under fluctuating growth
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light, suggesting an improved light use efficiency or photosynthetic activity of this hybrid under these
adverse conditions. Although the exact genetic and molecular mechanisms remain to be elucidated, hybrid
vigour is thought to result from diversifying alleles in the genome in which deleterious alleles are bi-
directionally masked by beneficial alleles coming from either of the parents (Blum, 2013; Fujimoto et al.,
2018; Botet Vaca & Keurentjes, 2020). In the Col-0 x C24 hybrid system upregulation of genes encoding
for proteins locating to the chloroplast are associated with 20% higher growth compared to the parental
values (Fujimoto et al., 2012). In our study, Flcmixemsz is nearly 40% bigger than Col-0 and 100% bigger
than MIB-22 in dry weight and projected leaf area (Fig 4a, d). As both the quantum yield of photosystem II
(®PSID), in stable and in response high light (Figure 2a, b), and chlorophyll content (Table 2) are equal
between the parents, then other parameters associated with photosynthesis must explain hybrid vigour in
Flcemixems2. A particular trait that predicts hybrid vigour is the development of additional leaves, especially
in the early stages of plant development (Fujimoto et al., 2012; Saeki et al., 2016; Ding et al., 2021).
Compared to the parental lines (CM1, CM32), Flcmixems2 also grows a higher number of leaves (Figure
3b), regardless of the conditions tested. The Col-0 (CM1) x MIB-22 (CM32) hybrid may be an interesting
system to study the role of hybrid vigour and growth under fluctuating light conditions in future studies.

4.4 Development of a novel Col-0 x MIB-22 population of chromosome substitution lines and its

use in quantitative trait analysis

The first full and complete panel of chromosome substitution lines in Arabidopsis is the Col-0 x Ler-0
initiated by Wijnker et al. (2012) and completed and used for trait analysis by Wijnen (2019) and Wijnen et
al. (2018). Developing genetic mapping populations including Ler-0 as a parent always bring segregation
patterns related to the well studied and highly pleitropic ERECTA-locus (Van Zanten et al., 2009). This
locus significantly impacts a large number of physiological and developmental traits (Alonso-Blanco et al.,
1998; Ungerer et al., 2002; van Zanten et al., 2009, 2010), including rosette dry weight and projected leaf
area. Genetic mapping of progeny from crosses involving Ler-0 thus usually involves the detection of this
locus (Keurentjes et al., 2007; Wijnen 2019). While this feature provides a good opportunity to validate
genetic mapping methodology because of its clear phenotype and study the pleiotropic effects of the
ERECTA gene in traits, the presence of this locus may epistatically mask the effects of other contributing
loci due to it prominently contributing to genetic variation (Carlborg & Hailey, 2004; MacKay, 2014). The
CSL-population developed from Col-0 and MIB-22 does not include this locus, making it valuable in
quantitative trait analysis.

Complete panels of chromosome substitution panels are unique in that they offer an opportunity of
analyzing a completely balanced experimental setup using analysis of variance (ANOVA) to detect QTL
(Wijnen, 2019). Reportings on the use of CSLs for quantitative trait mapping in Arabidopsis are few
(Koumproglou et al., 2002; Wijnen; 2019; Lardon et al., 2020). For each trait studied in this work we
found several QTL — either additively or in interaction with other chromosomes (Figure 7a). However,
most of these trait-chromosome associations are detected at only a low levels of confidence (Figure 7a),

thus are unlikely to be considered after corrections for multiple pair-wise testing. This finding conflicts
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with reports on the use of CSLs in animal model systems that describe increased genetic mapping power
features over conventionally segregating populations (Spiezio et al., 2012; Buchner & Nadeau, 2015). A
possible explanation for the low genetic mapping power of the population is that only a total of 32 lines is
available in a population of Arabidopsis thaliana, thus each genotypic class in analysis is represented by
only a limited number of lines. A framework for the statistical analysis of CSL-populations may still
developed for best research practices. A major advantage of CSLs in this study is that the lines can be
replicated in large numbers, thus increasing confidence of the line performance. In addition, the limited
genomic architecture allows for a comprehensive analysis of chromosome-specific changes over time

supported by high-throughput phenotyping (Figure 8a-c).

5. CONCLUSION

In this study, we developed a CSL-population developed from two parental lines that differ in their
physiological responses to fluctuating light. We used this population to assess plant growth and
physiological parameters under fluctuating light, considering fluctuating light for the first time as an abiotic
stress in a control-treatment genetic mapping experiment. This experiment reveals that genotype x
environment effects are prominent, particularly in relationship to a growth QTL that had its effects
inhibited under fluctuating light conditions. By contrast, an F1 hybrid grown from the parental lines
exhibited high performance regardless of the treatment. This experiment signifies the role of fluctuating
light as impairing growth, but also highlights a role for heterosis to play a role in abiotic stress resistance.
Furthermore, this study contributes to experience in the use of CSLs in plants, which is still limited up to
date. To conclude, we delivered insights and approaches that can lead to new perspectives to study the role

of fluctuating light in crop productivity and the use of CSLs in quantitative trait analysis.
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Supplementary table 1. Heritability of various traits under conditions of fluctuating and constant light as
measured in Kaiser et al. (2020). The reported values were obtained from data requested from the authors
of the study. ®PSII = quantum yield of photosystem II, NPQ = non-photochemical quenching, PLA =
projected leaf area, Nleaf = leaf number.
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Supplementary figure 1. Crossing scheme scheme of a chromosome substitution library Arabidopsis.
Only chromosomes I, III and V are shown for simplicity. In generation I An achiasmatic genotype
transformed with a dmc recombinant silencing construct (Wijnker et al., 2012) is crossed to a second
parental line of interest. In generation II, such achiasmatic hybrids are crossed to gfp-tailswap (Ravi &
Chan, 2010) to induce haploidization. The resulting offspring (generation III) consists of haploid lines
segregating for whole chromosomes, but doubled haploidization in the next generation IV leads to
homozygous offspring. If a large enough number of such lines are generated, all possible combinations (for
Arabidopsis — 5 chromosome species — 2°=32) can be retrieved. However, many lines will inevitably still
contain the undesired dmesilencer construct. V) To obtain lines free of dmc construct and those that may be
harder to derive from random segregation, specific crossings can be performed to further develop missing
lines, ensure absence of the dmc construct and the recreation of a transgene free hybrid.
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Supplementary figure 2. Genotypic evaluation of the Col-0 x MIB-22 chromosome substitution library
population. Each line is a chromosome substitution. A’s represent markers that score the Col-0 allele, while
B’s represent markers that score the MIB-22 allele. Position gives the molecular position of the respective
markers, relative to the Col-0 TAIR10 reference genome. The markers used to genotype the population are
previously described in Wijnen et al. (2018).
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Chapter 6. Development, use and analysis of
chromosome substitution line populations in
plants; a modelling approach

R.F.H.M. van Bezouw', T.G.Wijnker', J.J.B. Keurentjes'

SUMMARY

Chromosome substitution line (CSL-)populations are a novel type of genetic mapping tool popular in
animals, but have only rarely been used in the study of the plants. The development of reverse
breeding technology in the past decade, most notably the combination of transgenic suppression of
meiotic recombination and doubled haploidization, has led to the opportunity of more rapidly
developing CSLs. In this study, we explore the strategies involving the development and application
of reverse breeding and CSLs using a permutation based modelling approach. The development of a
CSL-population in which all possible CSLs are present may be an endeavour too costly to pursue.
However, we do conclude that by only a marginal increase of efforts required to reconstruct an F1-
hybrid in a reverse breeding program, powerful genetic mapping populations can be constructed. This
knowledge will particularly aid breeding programmes involving multiple, simultaneous reverse
breeding experiments. In all, the tools and insights developed in this study may aid those interested in
engaging in reverse breeding — once biotechnological advancements will make this more feasible in
crop species.

"Laboratory of Genetics, Wageningen University & Research
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1. INTRODUCTION

Reverse breeding — first conceptualized by Dirks et al. (2009) — is a method that is aimed at retrieving
homozygous progeny from an F1 hybrid via suppression of meiotic recombination and subsequent doubled
haploidization. Doubled haploid progeny can then be used to recreate the F1 hybrid. This technology is
expected to rapidly increase the rate by which new F1 hybrids can be developed in crop species. In
addition, application of reverse breading may lead to the build-up of excess genotypic material that consists
of lines with unique combinations of chromosomes originating from the parental lines (Wijnker et al.,
2012, 2014). Larger numbers of such lines are reminiscent of chromosome substitution line (CSL-
)populations — sometimes referred to as chromosome substitution libraries (Wijnen, 2019) — that can be
used as segregating populations in genetic mapping studies. Traditionally, CSL-populations have been
developed in a select number of species by conventional backcrossing schemes, substituting one
chromosome at a time in the recipient genotype (Nadeau et al., 2000; 2012; Koumproglou et al., 2002;
Cowley et al., 2004; Singer et al., 2004, Wu et al., 2010). Such populations essentially represent near
isogenic lines (Kooke ef al., 2012), but with the distinct feature that donor introgressions span full
chromosomes. CSL-populations have been successfully applied to study various traits in a wide range of
organisms, e.g., rat (Cowley et al., 2004), Drosophila (Wang et al., 2008), mouse (Nadeau ef al., 2002;
Krewson et al., 2004) and Arabidopsis (Koumproglou et al., 2002). In animals, CSL-populations are a
standardized concept and considered to be a much more powerful genetic mapping tool than alternative,
segregating genetic mapping population types, particularly with regards to the study of epistasis (Nadeau et
al., 2002, 2012; Buchner & Nadeau, 2015; Spiezio et al., 2012; Miller et al., 2020).

Plants are generally more tolerant to inbreeding than animals. Thus, a wide variety of immortal,
inbred genetic mapping population types is available in plants that all have superior QTL-detection
accuracy to the level of (groups of) molecular markers or smaller introgressions (Wijnen & Keurentjes,
2014; Bazakos et al., 2017). Although a CSL-population that consists of single substitution variants can be
grown at a much lower volume of plants than immortal segregating population types, the disadvantages are
perceived to outweigh the potential benefits as can be inferred from the very few reports on their use in
quantitative trait analysis in plants (Koumproglou et al., 2002; Wu et al., 2010; Saha et al., 2021).
Advances in doubled haploidization technology in crops (Dunwell et al., 2010, Ren et al., 2017; Kuppu et
al., 2020; Fv et al., 2021), increased knowledge of meiotic crossovers (Wijnker & de Jong, 2008) and
technology to control meiosis (Wijnker ez al., 2012; 2014) has led to procedures of developing CSL-
populations that have genotypes containing all possible combinations of multiple chromosome substitutions
in Arabidopsis thaliana (Wijnen, 2019; Chapter 5). Beyond hybrid recreation, such a population
introduces new angles and opportunities for the use of CSLs in breeding, including, but not limited, to the
analysis of epistasis, efficient use in “omics” approaches and genetic mapping of heterosis (Wijnen, 2019).
Meiotic suppression via virus induced gene silencing is a recent development, which improves flexibility of
implementation and is transgene free, which may enable reverse breeding technology in crop species at a
faster and more efficient rate than was previously possible (Calvo-Baltanas et al., 2020).

Despite such technological advances, the use of CSLs as a mapping population is still very limited
— particularly because there is no to little experience with implementation of reverse breeding
methodology. In species with larger genomes such as soy (Glycine max) (2n = 20) and tomato
(Lycopersicon esculentum) (2n = 24), such populations may consist of large numbers of unique CSLs; a
maximum of 1024 (2'°) and 4096 (2'2), respectively. Populations of this size exceed the number of lines
that are required for a typical recombinant inbred line population of these species and thus their practical
use is challenged. However, there may exist a degree of redundancy of how many CSLs may still make a
reliable genetic mapping population, which would open more opportunities for their use. Obtaining such an
incomplete CSL-population may also come with an imbalanced allelic distribution that cannot be
controlled during the development of such lines, potentially affecting the reliability of a population to map
traits and the interpretation of outcomes. This may impact the advantage of such a CSL-population,
particularly the ability to map epistasis (Carlborg, 2004; Laurie et al., 2014; Lachowiec et al., 2015;
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Mackay, 2014) — which is purported as an important advantage of CSL-populations (Wijnen & Keurentjes,
2014; Wijnen 2019). Such considerations may impact decision making in reverse breeding and initiation of
the development of population of CSLs.

Technology supporting reverse breeding slowly gains traction and may increase efficiency of using
CSLs-populations. However, the willingness to adopt novel breeding techniques always depend on
strategic and economic considerations, and associated opportunity costs (Bernardo, 2016). To obtain more
insight and quantify relevant considerations in reverse breeding, development of CSL-populations and their
use in genetic mapping, we appled an in silico analysis to explore possibilities and pitfalls that are relevant
for those engaged or wishing to engage, in applying reverse breeding, and the development and use of
CSL-populations. In this work, we aim to answer research questions that involve the following topics; i) the
impact of segregation distortion on reverse breeding and hybrid recreation, ii) the economic aspects related
to the development of CSL-populations, iii) genetic mapping power of incomplete CSL-populations and iv)
the influence of the genetic background and population architecture on the detection power of QTLs. To
provide answers to these concerns, we developed several functions in R (R Core Team, 2021) to support
them with data. In addition, we support our findings using an example of flowering time in a complete
CSL-population that was previously developed (Chapter 5). In the discussion section we review the
outcomes of our modelling study and translate these into strategic considerations that are useful when
working on reverse breeding and development of CSL-populations.
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2. METHODS

2.1 Assumptions on modeling development and production of (populations of) chromosome

substitution lines

Despite technological advances, transgenic reduction of meiotic crossover suppression to develop
chromosome substitution lines (CSLs) in plants are not flawless. Recombination events may still occur,
though at a vastly reduced rate (Wijnker et al. 2012, Calvo-Baltanas et al., 2020). The ability to efficiently
retrieve “clean” CSLs —i.e., CSLs in which no recombination events are present (Figure 1) — is essential to
practice cost-effective reverse breeding and the development of CSL-populations. Regardless of the exact
technology applied the feasibility of producing clean CSLs depends on two factors; the degree of efficiency
of finding clean CSLs and the regeneration of doubled haploids. Efficiency of finding clean CSLs relates to
the number of clean CSLs that are found relative to the residual CSLs that still contain crossovers. Such an
efficiency applies to transgenic suppression of meiotic recombination (Wijnker ez al. 2012, Calvo-Baltanas
et al., 2020), but may also be deducted from extensive backcrossing strategies. The efficiency of obtaining
doubled haploids relates to the number of non-aberrant plants that can be obtained among offspring and
may be intra- and interspecific — if applied at all. CSLs that have one or few crossovers have also been
considered to be useful in reverse breeding (Dirks et al., 2009) and quantitative trait analysis (Calvo-
Baltanas et al., 2020). Thus, the efficiency of obtaining clean CSLs is dependent on many factors and in
how far crossovers are tolerable following the objectives of any given projects. Accurate figures can’t be
easily predicted as too many variables have to be taken into account with only few cases being reported
(Koumproglou et al., 2002; Wijnker et al., 2014; Guan et al., 2015; Calvo-Baltanas et al., 2019), and are
thus not considered in our models. For modelling purposes, we assume that the development of or genetic
mapping in CSL-populations are exclusively composed of transgene free, e.g., clean CSLs following a
methodology as described in Calvo-Baltanas et al., (2020) at 100% efficiency — unless otherwise specified
— of meiotic crossover reduction (Figure 1). We further assume that aneuploids or other aberrations
following haploidization techniques are selected against before genotyping Wherever applicable in our
work, predicted efficiencies for obtaining clean CSLs must be multiplied to obtain more realistic numbers,
efficiency depending on the situation. Our models can also be adapted to fit any purpose including
efficiencies with alternative underlying assumptions, would scenarios demand such.

Hybrid Haploid inducer line

F1 to haploid
inducer line I I I I x I I I I
Haploid CSLs II I I I I I II
Doubled
haploidization and I I I I I I

v J

phenotpying

T
Clean CSLs

Figure 1. Reverse breeding mediated by virus induced gene silencing (adapted from Calvo-Baltands et al.,
2020). Transgene free suppression of meiosis is introduced in F1 hybrids developed from unknown parents
(blue/orange and cyan/magenta). The F1 is then crossed to a haploid inducer line (in grey). The haploid
offspring then goes through a phase of spontaneous doubled haploidization, which should result into
chromosome substitution lines. Some lines will experience incomplete meiotic suppression, and thus introduce
CSLs with one or few cross-overs. Lines without cross-overs are considered clean CSLs.
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2.2 The development trajectory of CSL-populations follows the distribution of the mathematical

coupon collector’sproblem

For research questions related to sampling for development of populations of CSLs we used equations
underlying the mathematical problem known as the coupon collector’s problem (Croucher, 2006). In short,
this mathematical problems seeks to resolve the question of how many samples need to be drawn, at
random and with replication, from an (assumed) infinite source of samples to collect a set including all
unique samples, under the assumption of an equal probability of obtaining a sample. Following this
distribution, diminishing returns are expected when increasing numbers of samples are being collected, as
the chance of obtaining specific samples already in the collection increases when more unique samples had
previously been found. In this work, we used the equations in Croucher (2006) to calculate sampling and
developmentrates, and costs associated with the production of complete CSL-populations. However, a
mathematical model is often unable to account for complicated deviations of likelihoods that are commonly
found in genetics resulting, e.g. segregation distortion of genomic loci, and would thus require highly
complicated mathematical solutions. To probe into questions related to these factors, we developed a series
of permutation models as described below.

2.3 Permutation models for population development strategies and reverse breeding.

Statistical permutation models enable the answering of complex questions that are difficult, if not
impossible, to resolve using mathematical equations, and are also easy to adapt for more complex and
specific tasks. To answer questions that we were not able to resolve using mathematical equations given in
Croucher (2006), we developed a series of permutation models in R (R Core team, 2021). Two functions
form the basis of most of our models; SimLib (Supplementary file 1) and DrawlncCSL (Supplementary
file 2). SimLib generates a complete CSL-population in a SimLib format, while DrawIncCSL gives random
sets of unique genotypes from a SimLib simulated CSL-population vector. When generating random
populations, we assume the parental lines to always be included in the selection. In doing so, we ignore
potential genetic variation in cytoplasmic genomes — the mitochondria and chloroplasts — that might affect
their performance, as such effects have previously been found to be negligible for most traits (Flood et al.,
2020). The ReverseBreeding function (Supplementary file 3) is an adaptation to the DrawIncCSL
function, and simulates a reverse breeding experiment in which infinite random of CSLs are drawn with
replication from a SimLib CSL-population vector until a set of unique lines is sampled that can recreate the
original F1. The function returns the total number of lines that were required to do so. Each run of the
function can be interpreted as a unique, independent reverse breeding experiment, and so the output will
vary accordingly. The ReverseBreeding function enables the inclusion of scenarios of segregation
distortion, thus allowing for non-random passing over of specific or all chromosomes and at different rates.

2.4 Testing QTL detection power and analyzing population architecture in_incomplete CSL-
populations

To be able to test the detection power of (interacting) QTLs of incomplete populations, DrawIncCSL was
extended to include code to perform analysis of variance (ANOVA) to test mapping power of
(incomplete)CSL-populations (Supplementary file 4, 5) for additive (add.sampler) and interacting
(int2.sampler) QTLs. In short, these models draw pre-determined numbers of random CSLs with their
accompanying phenotypes, and then calculate the average -logl0 linearized p-value, standard deviation of
the -logio(p) and total number of outcomes passing the threshold for significance following uncorrected (p
< 0.05) and Bonferroni multiple testing thresholds (p < 0.05/Mindependent tests) are scored for preset additive
and interaction effects.The uncorrected and Bonferroni thresholdsare, respectively, the most liberal and
conservative methodsto correct for multiple testing (van der Weele & Mathur, 2019) so outcomes of
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alternative post-hoc tests are expected to fall within their range. In the case of epistasis, the number of
random populations drawn in which no epistasis can be tested due to missing genotypic groups is also
given. The function int3.sampler is an adaptation of the int2.sampler that can be used to score three-way
interactions (Supplementary file 6), but is not used for analysis in this work. All these functions can be run
for any number of permutations (“iter” term), thus it can be used to calculate confidence intervals for the
reliability of incomplete populations in random subsets of any number of lines from the total possible
number. These functions can become slow at high permutation numbers and larger chromosome counts.
Finally, the CSL4 function was developed to analyze the population structure of incomplete CSLs and test
the presence of “sets of four”, i.e. the presence of sets of CSLs that enable the detection of a two-way
epistatic analysis in an otherwise homogenous background (Supplementary file 7).

2.5 Flowering time experiment in the Col-0 x MIB-22 population of chromosome substitution lines

To validate outcomes obtained from our modelling approaches for incomplete populations of CSLs, we
grew and phenotyped the Arabidopsis Col-0 x MIB-22 population (described in Chapter 5) for flowering
time, a trait with a naturally high heritability in Arabidopsis (Brachi ef al., 2010). Two of the lines, CM16
and CM22, do contain small introgressions of several million base-pairs in size on chromosome 1 and 2
respectively, but we assumed this genotype to be a clean CSL for purposes of this study. The population
was grown in the greenhouse at once, confirmed by genotyping (see Chapter 5), then the seeds were
harvested to ensure a uniform age of the seed batch across the population. Seeds were then stratified at four
degrees for four days and grown in a greenhouse in September and October 2021, under stable
temperatures with values of around 20/18 Day/Night. Plants were grown in three plastic trays at a rate of
one replicate per genotype per block, except for the wild type parental lines which were grown for two
replicates in each block, for a total of 36 (4x9) plants per block. Within each block plants were randomized
completely. A fourth block was sown and served as a reserve block. After seven days of growth, several
replicates that did not grow in the main three blocks were replaced by plants from the reserve block to
make sure that our dataset would not contain any missing data. Flowering time was only scored for the
three main blocks and was defined as the day, since sowing, of the onset of the opening of the first
flowering bud to have visible petals. Flowering time was tracked until all plants had flowered and
(interacting) QTLs for flowering time were detected following ANOVA on the genotypic means, using the
add.sampler and 2int.sampler functions, to detect additive and epistatic QTLs, respectively.
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3. RESULTS

3.1 How does segregation distortion affect the ability to recreate an F1 hybrid in reverse
breeding?

Segregation distortion — the phenomenon in which specific alleles (or in this case chromosomes) pass over
to progeny at a non-Mendelian rate — is not an uncommon phenomenon in crop species (Coulton et al.,
2020), and thus may need to be taken into account for when planningfor reverse breeding experiments
(Wijnker et al., 2012). Signatures for segregation distortion for whole chromosomesare previously reported
and validated in an F2-mapping experiment for Arabidopsis thaliana in reverse breeding experiments
performed by Wijnker et al. (2012). Dirks et al. (2009) provide mathematically derived numbers of CSLs
to obtain from a reverse breeding experiment to be able to recreate the F1 hybrid from reverse breeding,
however, inclusion of segregation distortion in mathematical equations may be challenging. Using the
ReverseBreeding function, we simulated reverse breeding experiments to calculate the number of offspring
lines required to obtain successful hybrid recreation in diploid species with 5, 7, 9 and 11 chromosomes
(Figure 2). In addition, we tested the effect of several scenarios of segregation distortion, including
distortions for single chromosomes and multiple chromosomes. We also assessed the impact of several
arbitrarily defined “realistic” scenarios, as outlined in supplementary table 1, in which varying distortion
numbers per chromosome are present with a maximum of 0.7/0.3 — thus the preferred chromosome variant
has a 70% of passing over to the offspring whilethe non-preferred one has a 30% chance during meiosis —,
but with standardized means and deviations of distortion for each chromosome. For Arabidopsis (five
chromosomes), we included a scenario by using the numbers reported in Wijnker et al. (2012)
(supplementary table 1).

Following these simulations, we predicted (nearly)the exact numbers of clean CSL lines required
to recreate F1 hybrid in crop species of the indicated crop genome sizes at the 95% confidence level as
were previously mathematically derived by Dirks et al. (2009) (Figure 2), which validates our approach.A
single chromosome exhibiting a strong distortionfor one chromosome (0.9/0.1)almost doubles the required
efforts to recreate a hybrid from crop species in all chromosome counts tested. By contrast, weak
segregation distortion (0.6/0.5) on one or all chromosomes does only marginally increase the required
number of lines to successfully perform reverse breeding compared to no segregation distortion. The
arbitrary “realistic” scenarios were more difficult to place in context. While the average and standard
deviation of each “realistic” scenario is equal (Supplementary table 1), the relative increase of CSLs
required to recreate F1’s at the 95% confidence threshold varies across chromosome count and the
outcomes may thus be specific to the input distortion rates.In all, these simulations imply that the degree of
segregation distortion on each chromosome may be crucial to predict the chance of finding a
complementing pair of CSLs to recreate an F1 hybrid.

3.2 What are the production costs of developing a full population of CSLs, and how are these costs

distributed during the developmental stages?

As with all genetic mapping population types, costs are associated with their development — be it growth
for seed production, directed (back-)crossing or genotyping — of (intermediate) genotypes (Koumproglou et
al., 2000; Kooke et al., 2012; Bazakos et al., 2017). For the development of CSL-populations, no numbers
covering costs have previously been estimated that involve modern techniques supporting reverse breeding
by combining crossover suppression (COS) and doubled haploidziation. Under the assumption that only
clean CSLs are considered for the development of CSL-populations, the chance of obtaining new lines
from a randomly drawn collection of clean CSLs follows a coupon collector’s problem distribution
(Croucher, 2006). Thus, we can mathematically infer how many clean CSLs need to be obtained in order to
obtain a full population and thus determine the economic feasibility of doing. The total number of clean
CSLs to be discovered in genotyping in order to complete a full population with lines containing all
combinations of CSLs increases markedly, with each extra chromosome multiplying the total genotyping
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effort by a factor ~2.4 (Table 1). As the total genotyping effort entirely depends on the achieved efficiency
of meiotic suppression, the provided numbers require multiplication by that efficiency to account for
genotyped lines that are not clean CSLs (Figure 1) — or otherwise passing a definition that can be project-
specific. To provide some numbers from reported methodology we multiplied our outcomes with reported
COS methodology in literature, including Wijnker et al. (2012) and Calvo-Baltanas et al. (2020) who
report values of 94% and 22% efficiency, respectively. Several hypothetical scenarios with very low
efficiency are also included for comparison. Our results indicate that at low COS efficiency and/or high
chromosome count the required number of lines to genotype may easily run into hundreds of thousands — if
not millions — to obtain enough clean CSLs to find all unique lines and develop a complete population.
These numbers emphasize that highly efficient COS is required to develop complete populations for
economically important crop species with larger genomes such as cotton (2n = 20), corn (2n = 24) and
tomato (2n = 24).
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Figure 2. Reverse breeding efficiency for populations of chromosome substitution lines (CSLs) originating
from species with different unique chromosome counts. The curves are composed from 10.000 independent
reverse breeding experiments, generated via permutation analysis using the ReverseBreeding function, for
species with 5,7,9 or 11 chromosomes. The different colours indicate different scenarios in segregation
distortion plays a role, thus where the probability of a chromosome passing over from the hybrid deviates
from 50% (or 0.5/0.5). The scenarios are Control (Black): all chromosomes inherit at a rate of 0.5/0.5;
One 0.6 (Red) one chromosome at a 0.6/0.4 rate, All 0.6 (Purple); all chromosomes have a 0.6/0.4 rate,
Wijnker (Blue),; Distortion rates as observed in progeny of the Col-0 x Ler-0 Arabidopsis thaliana hybrid

by Wijnker et al. (2012), Complex (Cyan), arbitrary scenario’s with equal average and standard deviation
of distortion levels per chromosome (Supplementary table 1). Note that due to differences in chromosome
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number, the total rate of passing chromosomes of each species is different, but the mean and standard
deviation are the same. One 0.9 (Green); One chromosome has a distortion rate of 0.9/0.1. The inserted
legends give the number of clean CSL required for a 95% confidence of finding a complementing pair to
reconstitute the F1 hybrid in each of the scenarios. In each of the plots, the 95% threshold line is indicated
by the black dashed line.

Table 1. Estimates of the total genotyping effort required to complete CSL-populations. For each unique
chromosome count (x = 2n) we give the total number of uniqgue CSLs that are expected (2") and the mean
number of crossover suppressed doubled haploid lines that need to be discovered with the lower and upper
bounds of the 95% confidence interval given at a 100% efficiency. The last five columns represent the
means of several scenarios of the applied method for crossover reduction. Reported efficiencies for RNAi-
mediated (Wijnker et al., 2012) and virus induced gene silencing (VIGS) methodology (Calvo-Baltands et
al., 2020) are given. In addition, three fictional methodologies M1, M2 and M3 are given with arbitrarily
lower efficiencies of obtaining CSLs with no crossovers. In light grey shading, the combined chromosome
count and method exceed an average of over 100.000 plants to be genotyped to obtain a full library. In
dark grey, such combination require more than 1 million plants to be genotyped for a good chance of
obtaining such a population.

Chromosome count | Unique CSLs | Lower® Mean* Upper® | Wijnker® Calvo-Baltanas® | M1¢ M2¢ M3¢
100% 94% 22% 10% 2% 0.50%
12 4096 44276 44628 44981 47477 202855 446280 = 2231400 8925600
11 2048 18609 18847 19085 20050 85668 188470 942350 3769400
10 1024 7529 7689 7849 8180 34950 76890 384450 1537800
9 512 3383 3490 3597 3713 15864 34900 174500 698000
8 256 1497 1568 1639 1668 7127 15680 78400 313600
7 128 649 695 742 739 3159 6950 34750 139000
6 64 273 304 334 323 1382 3040 15200 60800
5 32 110 130 149 138 591 1300 6500 26000

*Calculated following equations in Croucher (2006), ® Efficiency derived from Wijnkeret al. (2012),° Efficiency derived from Calvo-Baltands
et al. (2020), “Arbitrary efficiencies chosen for comparison

Table 2. Development of CSL-populations under fixed resource budgets. For each chromosome count (x = 2n)
three scenarios are presented in which 100, 1000 or 5000 CSLs without meiotic crossovers can be developed.
Statistics have been calculated using 1000 permutations from an adapted version of the ReverseBreeding
function. For all populations we counted the average number of unique CSLs obtained mlines, the standard
deviation of the average number of unique CSLs obtained (stdev), the percentage of the total number of unique
lines are given (% ulines) and the fraction of completed — i.e. all unique lines possible are found — CSL-
population (mean %).

Chromosome count 100 non-crossover haploid 1000 non-crossover haploids 5000 non-crossover haploids
mlines stdev % ulines mean % | mlines stdev % ulines mean % | mlines stdev % ulines mean %
12 98.8 1.09 2 0 887.6 22 22 0 28874 2198 70 0
11 97.7 1.51 5 0 791.4 10.5 39 0 1869.4  10.7 91 0
10 95.4 2.05 9 0 637.8 9.98 62 0 10164  2.65 99 0
9 90.9 2.7 18 0 439.5 6.44 86 0 512 0.18 100 97.1
8 82.7 3.12 32 0 250.8 2.1 98 5 256 0 100 100
7 69.6 32 54 0 127.9 0.22 100 95 128 0 100 100
6 50.7 2.44 79 0 64 0 100 100 64 0 100 100
5 30.7 1.05 96 22.5 32 0 100 100 32 0 100 100
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Following the distribution of the coupon’s collector problem, there is an unequal chance of
obtaining specific lines, which depends on the number of CSLs already found. The last several missing
unique CSLs will be the most difficult to find and will require significantly more genotyping effort to
obtain them. 62.5% of all possible lines in a species of 5 chromosomes (C5) (Figure 3a) and approximately
74.4% of all possible lines in C7 (Figure 3b), C9 (Figure 3c) and C11 (Figure 3d) species can be retrieved
by only 25% of the genotyping efforts required to obtain the entire population. These numbers increase to
87.5% (C5) and ~93.5% (C7, C9, C11) of the total population by committing to 50% of these efforts. Thus,
a relatively large proportion of CSL-populations can be obtained at reduced costs for genotyping.

Similarly, the possibility to build a population of CSLs may be further constrained by restrictions
in resources to develop one, resulting from pre-established estimated and limited budgets. Thus, we also
explored the development of CSLs under such constraints of genotyping by limiting the number of clean
CSLs that we can obtain (Table 2). Again, these numbers must be multiplied against the efficiency of
obtaining such lines to calculate realistic figures. We arbitrarily set the limitations on the possibility of
obtaining a clean CSLs at three levels; 100, 1000 and 5000. These numbers of genotyped clean CSLs plants
may already cover all — if not most — of the populations for species with up to 6, 9 and 11 chromosomes
respectively (Table 2). At the level of COS efficiency reported for obtaining clean CSLs using virus
induced gene silencing (22%, Calvo-Baltanas et al., 2020), this means that a population of a species with 7
chromosomes (e.g. rye, pea, barley, cucumber) may be within reach by genotyping a total of ~4.600 DH
offspring. This amounts to a total genotyping effort of 48x 96-well plates for purposes of genotyping. If
1000 clean CSLs are obtained populations of species containing 8 and 9 chromosomes may already nearly
reach completion. Production of 5000 clean CSLs may obtain 99% and 91% of the populations coming
from crop species with 10 and 11 chromosomes (Table 2).

3.3 How_ effective are populations of CSLs in_the detection of QTLs at various levels of
completeness?

The development of incomplete CSLs may be much more feasible compared to aiming for obtaining a
complete population for many crop species (Figure 3a-d). An incomplete CSLs may infer with the
balanced genomic architecture that a complete CSL-population has to offer, but does retain the ability to
study inter-chromosomal epistasis in a sophisticated way. Thus, we also aimed to test at which degree of
incompleteness (interacting) QTLs for a given phenotype that are present in otherwise complete
populations can still be detected at a confidence level of 95%. We tested several variables, including the
chromosome count and the strength of QTLs and how these may impact performance. As epistasis is more
difficult to detect in genetic mapping populations than additive effects (Ehrenreich, 2017; Zan et al., 2018),
we modeled both additive and epistatic effects in full populations — with the epistatic effects being modeled
as one combination of two chromosomes having a positive or negative effect on the phenotype. We
performed these analyses in populations developed from species with chromosome counts 5 (CS), 7 (C7)
and 9 (C9).

Random phenotypes were generated using the rnorm() function in base R (R core team, 2021) in
complete CSLs for each of the chromosome count levels (C5, C7, C9). These random phenotypes were
generated with a phenotypic average value of 5 and a standard deviation of 0.5 (10% of the mean). The
base dataset was chosen so that the additive component for each chromosome explains less than 5% of
phenotypic variation per chromosome (Table 1, supplementary table 2). The coefficient of variation in
each these datasets is equal at 9-10% (Table 3). Each of the random values we assigned to a substitution
line is assumed to be a best linear unbiased estimate of the genotypic means. Weak, medium and strong
QTLs were introduced by increasing the phenotype of the appropriate genotypes by arbitrarily chosen
values of 5%, 10% or 20% of the dataset means, respectively (Table 3), while the base dataset was used as
a control without QTLs effects. No significant QTLs could be detected in the control datasets for all three
levels of chromosome count (supplementary table 2), thus validating the dataset. We used the
add.sampler and int2.sampler functions at 500 permutations per additional CSL per scenario of QTLs to
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calculate the fraction of CSLs relative to a complete CSL-population that must be developed to obtain 95%
confidence to detect the simulated (interacting) QTLs in the full populations.
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Figure 3. Rate of discovering unique chromosome substitution lines (CSLs) under assumptions of the
distribution of the coupon collector’s problem (Croucher, 2006). The y-axis represents the average number
of lines needed to genotype that would lead to the discovery of the next unique CSL-line, which depends on
the number of CSLs already discovered on the x-axis. The figures are given for only CSLs in which no
crossovers are found. In vertical lines, the mathematically derived number of obtained clean CSLs
genotyped for purposes of developing a full population. The green dotted lines reflects the 25% effort
threshold, while the red dashed line represents the 50% effort threshold. The cut-off numbers are given in
number of CSL-lines discovered next to these lines.

A much smaller proportion of possible CSLs of the C9-population is required to detect additive
(Figure 4a) and epistatic QTLs (Figure 4b), compared to a C5-population. For strong additive effects, all
populations populations require about 10-12 CSLs (or 13-19 at Bonferroni correction) for a 95%
confidence to obtain the QTL, while for the 10% additive QTL this number increases to 41-42 (or 64-65 at
Bonferroni correction) in the C7- and C9-population, while in a C5-population two-thirds of the entire
possible population is required to reliably detect such an effect. Small effect size QTLs (here 5%) are not
detectable in C5- and C7-populations. Populations of CSLs are hypothesized as methodology to detect
epistatic interactions, but it is still more difficult than discovering additive effects in all populations (Figure
4b). From these figures, we conclude that a relataively small minimum number of lines is required to detect
epistasis in species with larger chromosome counts implying high redundancy, while populations
composed from species with few chromosomes must include most, if not all, of the possible lines to do so.
Furthermore, introducing the Bonferroni correction effectively eliminates the option to detect small effect
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size epistatic QTLs in C7 and C9. The detection of epistatic effects in the C5 population is not possible at
all, unless no pair-wise comparison is taken into consideration and the epistatic effect size is large (here at
20% of the population mean).

3.4 Do background OTLs impact the ability to detect epistatic and additive effects in
incomplete populations of CSLs?

Quantitative trait loci for traits in genetic mapping populations do, however, rarely come alone (Loudet et
al., 2002; Ungerer et al., 2002; El-Lithy et al. 2006; Keurentjes et al., 2007, but see Chapter 3). The
presence of multiple QTL may hinder the detection ability of individual QTLs due to introducing additional
phenotypic noise, and in CSL-populations this will not be different. After considering the initial results
across populations and scenarios (Figure 4a, b), we used the datasets of C7 carrying either an additive or
epistatic QTL of medium (10%) effect size as a basis for introducing several additional combinations of
varying numbers and strengths of epistatic QTLs to obtain a diverse set of testable scenarios (Table 3,
Figure 4c, d). All background QTLs were located on chromosomes not already containing the initial target
phenotype as in our original dataset. For analysis, we applied the same procedures as before, identifying the
minimum population size of random CSLs required to identify the target 10% additive or epistatic effect
QTL at a level of 95% confidence.

With increasing strength, background QTLs reduce the ability to reliably detect the 10% target
QTL in the C7-population (Figure 4c, d), compared to no background effects (Figure 4b, d). Introducing a
20% effect size background QTL nearly doubles the required number of lines to reliably detect the 10%
additive QTL (Figure 4c). Opposite effect background QTLs cause less severe effects in terms of reduced
mapping power than introducing than introducing those in the same direction. For epistasis, introducing
10% and 20% background additive effects effectively eliminated the possibility to detect the target 10%
epistatic effect in the C7 population under the Bonferroni threshold (Figure 4d). These examples show that
for a full population of C7 the detection of epistatic effect interactions may still be challenging if
background QTLs are present in the population.

3.5 What is the chance of obtaining combinations of CSLs that permit reliable analysis of

epistatic interactions?

A potential application of CSLs is their use for analysis of inter-chromosomal epistatic interactions (Wijnen
& Keurentjes, 2015; Bazakos et al., 2017; Wijnen, 2019). Screening for epistasis proves to be difficult in
normal segregating populations, but may be an important constituent of genetic variation (Laurie et al.,
2014; Mackay, 2014). In CSLs, such an analysis can be performed population wide, but also for specific
sets of lines that present enable such analysis. To optimally explore epistatic interactions the presence of
specific lines that form good “sets of four” are to be present in the population, which strongly aids the
interpretation of using a full population for assessment and validation purposes (Figure 5a). Thus, next to
an evaluation of power to discover epistasis, the availability presence “sets of four” for all possible testable
interactions may also benefit the use of CSL-populations for purposes of genetic mapping. We used the
CSL4 function to permute the 95% probability threshold of obtaining a population containing “sets of four”
for all possible two-way genetic interactions for populations with 5, 7 and 9 unique chromosomes at the
95% confidence level, using 1000 permutations. Similar to trends found in previous sections, smaller
fractions of a complete CSL-population are required to obtain these sets of four for all interactions (Figure
5b), again concluding that there is more redundancy present for a population of CSLs at higher
chromosome levels.

160



Chromosome substitution lines modelling

Table 3. Summary statistics for each of the test datasets generated for the chromosome counts 5 (C5), 7
(C7) and 9 (CY9), for purpose of testing the reliability and mapping power in incomplete populations. In
brackets, the size of the datasets is given. The control datasets are base data sets without quantitative trait
chromosomes (QTLs). Datasets were made by introducing one additive or interacting (epistatic) QTL,
following the title descriptions. In some scenario’s, background QTLs were added to test their influence on
detection of the primary QTLs as indicated in the table. Add = Additive QTL, Epi = Two-way epistatic
QTL. For background QTLs, a percentage denotes an additive QTL, a minus introduces a negative QTL
and epi denotes the addition of a two-way epistatic QTL. Percentages denote the addition of the relative
value to the average of the control. For each dataset the average, standard deviation and coefficient of
variation are given.

Datasets for C5

(n=32)
Primary QTLs Control Add 5% Add 10% Add20% | Epi5% Epi 10% Epi 20% -
Average 4.991 5.116 5.241 5.491 5.054 5.116 5.241 -
Std Deviation 0.453 0.493 0.560 0.741 0.467 0.504 0.632 -
Coeff of Variation 0.091 0.096 0.107 0.135 0.092 0.099 0.121 -
Datasets for C7
(n=128)
Primary QTLs Control Add 5% Add 10% Add20% | Epi5% Epi 10% Epi 20% -
Average 4.994 5.119 5.244 5.493 5.056 5.119 5.244 -
Std Deviation 0.495 0.508 0.550 0.697 0.508 0.543 0.662 -
Coeff of Variation 0.099 0.099 0.105 0.127 0.100 0.106 0.126 -
Datasets for C9
(n=512)
Primary QTLs Control Add 5% Add10% Add20% | Epi5% Epi 10% Epi 20% -
Average 5.038 5.164 5.416 5.920 5.101 5.227 5.479 -
Std Deviation 0.486 0.506 0.625 1.021 0.499 0.589 0.910 -
Coeff of Variation 0.096 0.098 0.115 0.172 0.098 0.113 0.166 -

Scenarios for
C7_10 (additive)

Primary QTLs Add 10% Add10% Add10% Add10% | Add 10% Add 10% Add 10% Add 10%
Background QTLs - 5% 10% 20% -10% -10% & 10%  epi 10% epi -10%
Average 5.244 5.368 5.493 5.743 4.994 5.244 5.493 4.994
Std Deviation 0.550 0.568 0.612 0.757 0.603 0.661 0.606 0.603
Coeff of Variation 0.105 0.106 0.111 0.132 0.121 0.126 0.110 0.121
Scenarios for
C7_10
(epistatic)
Primary QTLs Epi10% Epil0% Epil0% Epil0% | Epil0% Epi 10% Epi10%  Epi10%
Background QTLs - 5% 10% 20% -10% -10% & 10%  epi 10% epi -10%
Average 5.119 5.244 5.368 5.618 4.869 5.119 5.368 4.869
Std Deviation 0.543 0.561 0.606 0.752 0.597 0.655 0.599 0.597
Coeff of Variation 0.106 0.107 0.113 0.134 0.123 0.128 0.112 0.123
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Figure 4. Power analysis for incomplete CSL-populations for a set of scenarios. The x-axis represents a
percentage of the total number of CSLs that can be produced from a the total number of possible lines n"2;
so 5 chromosomes = 32, 7 = 128 and 9 = 456 total possible CSLs in a complete population. The
introduced scenarios encompass simulated QTLs in each population, based on control phenotypes. a)
additive effect scenarios, b) epistatic effect scenarios, c¢) additive scenario’s for the C7_10 scenario
population with introduced background effects of various sizes, types and quantitaties, d) As in c, but for
the C7_10 epistatic scenario.C5 (in light grey) = population with 5 chromosomes, C7 (in grey) =
population with 7 chromosomes, C9 (in dark grey)= population with 9 chromosomes. C = control dataset
with no simulated QTLs, 5, 10, 20 = +5%, +10% or +20% simulated main effect (epistatic in “b”) QTL
added, m10 = -10% effect QTL added, pl0ml10 = -10% and +10% effect size QTLs added, epil0) =
epistatic +10% effect added, mepil0 = -10% epsitatic effect added. In each graph, the small cyan point
represents the minimum size that a random incomplete population can yield a confidence of 95% after of
the uncorrected values p-values of the main additive or epistatic effect after 500 permutations at each level
of incompleteness. Plot titles refer to the nature of the main effect (additive or epistatic). The larger, purple
dot represents the 95% threshold after Bonferroni correction. The grey bars thus reflect these thresholds
for v. Absence of dots indicate that the scenario fails to reliably detect QTLs. If no positive outcomes are
found, a small bar is added at more than 100% of the population.
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Figure 5. Probability of obtaining “sets of four” CSLs for analysis of epistasis. a) An example subset of
CSLs of a species with five chromosomes, with arbitrary phenotypes to underline the “sets of four”
problem. Based on the first four CSLs, it is assumed that an epistatic interaction on chromosome 4 (C4)
and CS5 are present. However, because among these four lines the C1-C3 are not homogenous, difficulty
might arise in interpreting the outcome due to background QTLs. In this case, the addition of CSLI11
(between brackets) reveals that in fact there is no epistasis, but chromosome 1 is causal to the observed
phenotypic effect. As such, incompleteness of a CSL-population may introduce a degree of uncertainty of
correct interpretation of epistasis. b) The distribution of probability of obtaining sets of four in three
different species following analysis of the CSL4 script (Supplementary file 7), for species with 5 (C5), 7
(C7) and 9 (C9) chromosomes at 1000 random permutations. On the y-axis, the probability of obtaining all
possible “sets of four” in random population that represent a fraction (x-axis) of the total possible
population that can be obtained for each chromosome number. For C5 a maximum of 10, for C7 a
maximum of 21 and in C9 a maximum of 36 such sets can be found. The horizontal black lines represents
the 95% threshold of confidence to obtain all these lines.
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3.6 Flowering time in a Col-0 x MIB-22 CSL-population; a case of testing the genetic

mapping ability of incomplete CSL-populations.

The simulated data in the previous experiments follows a normal distribution and include a limited number
of QTLs, both assumptions which in practice may not apply. Thus, we aimed to validate our outcomes
using a simple quantitative trait with high heritability and scored flowering time in the Col-0 x MIB-22
CSL-population (Chapter 5) to provide an empirical phenotypic dataset. We found blocking to not affect
flowering time (F299 = 0.067, p = 0.935), and thus simply relied on the phenotypic means for each
genotype. The broad-sense heritability is 0.91 (genotypic variance/total variance), average time of
flowering is 29.67 days, the standard deviation of the genotypic means is 5.15 days, the coefficient of
variation is 0.17 and the distribution of genotypic means skews slightly towards longer flowering times
(Figure 6a). The parental lines exhibit a ten day difference in flowering time (Figure 6b, supplementary
table 5) and a total of three additive QTLs are present as genetic factors explaining flowering time in the
Col-0 x MIB-22 population on chromosomes C1, C2 and C4, with effect sizes ranging from 16.7%
(relative to the Col-0 chromosome), -12.5% and 19.9% relative to the Col-0 alleles, respectively (Figure
6b). No epistatic interactions for flowering time are present in this population (data not shown), and thus
we only focused on the additive QTLs by using this dataset as input for the add.sampler function to
rediscover these in incomplete CSLs.

Would the Col-0 x MIB-22 population be incomplete, then the discovered QTLs can be discovered
at a confidence level of 95% for a population size of 21 (0.66 of the total population), 31 (0.97) and 27
(0.84), random lines, respectively, at unprotected multiple comparison (Figure 6c). When implementing
the Bonferroni correction threshold, only a complete CSL-population will consistently find the QTL on
chromosome 1, at least 27 (0.84) random lines are required to detect the QTL for flowering time on
chromosome 4 and the QTL on chromosome 2 is no longer detectable (Figure 6d). Furthermore, smaller
incomplete populations reveal an increased probability to detect QTLs on chromosomes that are not present
in the population with data from all lines (Figure 6b). This may probably be due to random pooling of
outlier genotypes that are not present in the simulated datasets, which enhances the probably of detecting a
false positive when the population is small as randomly selected extreme genotypes are more prominent.
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Figure 6. Data and power analysis of the flowering time experiment of the Col-0 x MIB-22 CSL-
population. a) Distribution of the genotypic mean flowering time for all 32 CSLs. b) Mean flowering time
in the wild type parents (n=6 per WT parent) and the detection of additive QTLs on chromosome CI1-C5
(n=16 per genotypic class), ** = p < 0.01, * = p < 0.05, ns = non-significant. c¢) Distribution of
uncorrected p-values for additive effects for all five (C1-C5) individual chromosomes in incomplete CSL-
populations, using the add.sampler() function for the flowering time phenotype. Each point represents the
fraction of positives from 500 random permutations of the respective size of each incomplete population (x-
axis). d) As in ¢, but for Bonferroni corrected values of p. In c¢) and d), the horizontal dotted line represents
the 95% threshold of confidence.
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4. DISCUSSION

CSL (chromosome substitution line)-populations are a conspicuous genetic mapping population type with a
unique genotypic architecture, characterized by absence of meiotic crossovers. By applying reverse
breeding on an F1 hybrid, a finite number of unique clean chromosome substitution lines — i.e. without
chromosomes carrying a crossover. However, little work is performed on development or use of CSL-
populations in plants due to technological constraints and lack of standardization of analytical tools. As
technology able to generate CSLs is improving (Calvo-Baltanas et al., 2020), we aimed to explore strategic
considerations with regards to the economic development and use of CSLs for purposes of reverse breeding
and genetic mapping. CSLs are an ideal model for analytic purposes as there is no reliance on the need to
incorporate arbitrary and random recombination events that may affect the computational burden and/or the
scope of generalizations for purposes of population modelling and development (e.g. Da Costa e Silva et
al., 2007; Kooke et al., 2012; Li et al., 2012; Garin et al., 2021). We primarily aimed to answer research
questions related to the effect of segregation distortion on reverse breeding, the developmental costs of
CSL-populations, redundancy in genetic mapping with CSLs and the impact of genetic population
architecture. To accomplish and quantify these, we developed a series of R-scripts that can be applied to
produce tailor made answers at need. To verify insights regarding genetic analysis of mapping in CSLs, we
performed a flowering time experiment in the Col-0 x MIB-22 CSL-population.

4.1 Segregation distortion has a mild impact on the chance of recreating an F1 in reverse
breeding.

The practice of reverse breeding itself is a relatively less laborious practice compared to developing an
entire CSL-population. Still, numerical predictions with regards to the feasibility of reverse breeding
derived from mathematical equations fail to account for random effects and unaccounted variation, which
may lead to underestimated predictions. In the case of reverse breeding, as moderate segregation distortion
is not uncommon in segregating genetic mapping populations (El-Lithyer al., 2006; Ashrafi et al., 2009;
Ren et al., 2009; Wijnker et al. 2012), numbers provided by Dirks et al. (2009) that predict the chance of
finding a complementing pair may be too optimistic. In this work, we tested this assertion by introducing
various scenarios of segregation distortion in reverse breeding experiments (Figure 2). We conclude that a
single chromosome exhibiting a high segregation distortion reduces chances of obtaining a complementary
pair of CSLs forming an F1 pair more than moderate segregation at multiple chromosomes (Figure 2).
Mild segregation distortion does not significantly impact the required effort to produce a complementary
pair of CSLs that recreates the F1. Although we specifically and only tested the impact of segregation
distortion in the context of reverse breeding, undoubtedly it will also come at play a relevant role in the
development of complete CSL-population at similar rates of additional costs.

4.2 A high investment is required toe development complete CSL-populations

In line with the coupon’s collector assumptions (Croucher, 2006), a considerable majority of the total
number of possible combinations in a given complete CSL-population can be obtained by a quarter (25%)
of the developmental efforts compared to one that consists of all possible unique lines (Figure 3, Table 1,
2). The remainder of these resources (75%) thus need to be spent on obtaining the last remaining lines, if
the goal of the operation is to obtain a full population. These numbers imply that incomplete CSL-
populations from four different hybrids can be developed for the efforts of completing one from a single
hybrid, which makes the opportunity costs for the development of complete CSL-populations very high —
particularly considering that incomplete populations maintain a relatively high mapping power compared to
full populations (Figure 4). Nonetheless, if a complete CSL-populations is the goal, crossing of specific
lines in near-complete populations may at some point be more resource efficient and deterministic than
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continuing crossover suppression and doubled haploidization to find specific lines required to complete a
population (Calvo-Baltanas et al., 2020). This is particularly relevant if segregation distortion of full
chromosomes is observed, so that specific combinations can be targeted through specific crosses. In some
plant systems, obtaining sufficient lines may become very challenging, particularly if the recovery
efficiency for clean CSLs is low and the unique chromosome number in the species in question is high
(Table 1, 2). Large quantities of unique CSLs may be discovered in the initial development phase, but the
development of a complete CSL-population is in any way a very costly endeavour for crop species with
higher chromosome numbers. Biotechnological advances need to improve development efficiency
considerably, if complete CSL-populations are to compete with other genetic mapping population types
that are much easier to develop in plants (Bazakos et al., 2017).

4.3 CSL-populations in species with low chromosome numbers may have low QTL-detection

power, but high line redundancy increases reliability of incomplete CSL-populations

made from species with higher chromosome counts.

An important aim of this study is to explore the potential of genetic mapping of chromosome substitution
populations, particular those with higher chromosome numbers which are more challenging to develop.
The adoption of new biotechnological tools have not yet led to the development of complete CSL-
populations from species other than Arabidopsis thaliana(Arabidopsis). This species has only five
chromosomes which greatly aids in developing such populations and testing proof of principle (Table 1, 2;
Figure 3), but this advantage of having a small genome may also come at a downside in genetic mapping
due to low observed QTL detection power (Figure 4a, b). The problem of limited number of genotypic
means in such a segregating population can only slightly be accounted for by using higher replicates per
genotype to increase the accuracy of the genotypic mean of individual CSLs (Keurentjes et al., 2007), but
particular (combinations of) chromosomes may still produce outliers that increase statistical noise as shown
in the flowering time experiment (Figure 4a). This may leave Arabidopsis as a sub-optimal model to study
the potential of using of CSL-populations in analysis of inter-chromosomal epistasis. CSL-populations in
species with higher chromosome counts are much more suitable in this regard (Figure 4a, b), but are much
harder to obtain due to limitations in technology and longer growth cycles. In species with a higher unique
chromosome counts, also a high degree of redundancy exists, i.e. minor fractions of all unique CSLs that
can be produced are required to reliably detect QTLs (Figure 4a, b). This particularly true for the
scenario’s with simulated 10% and 20% additive QTL, as equal numbers of random CSLs are required to
reliably detect QTLs for C7 an C9 populations in incomplete CSL-populations in the scenarios (Figure 4a).
Thus, reliable genetic mapping in incomplete populations may be feasible to at least detect moderately
strong effects in small, random collections of CSLs that may still be far away from a complete population.

Genetic mapping power in any genetic mapping population is dictated by the minimum number of
lines that are appropriate to reliably detect a QTL (Keurentjes et al., 2007) and the balance of the allelic
distribution per chromosome or marker. Accordingly, the presence of background QTLs reduces the
feasibility of genetic mapping in CSL-populations due to observed reduction of detection power (Figure
4c¢, d), which is particularly true for epistatic QTLs (Figure 4d). Thus, the detection of medium effect size
epistatic QTLs may still be challenging and requires larger numbers of CSLs from two parents, while for
additive effects relatively incomplete populations will still suffice to reliably detect QTLs in the presence
of background QTLs. The genetic mapping of traits in incomplete CSL-populations is still efficient for
species with larger genome numbers.

To test the mapping power of QTLs in incomplete populations, we relied on a fixed phenotypic
dataset per population type, rather than randomly introducing new datasets for every calculation. Although
this puts the sampling strategy at risk of arbitrariness due to drawing conclusions from a single phenotypic
dataset, random data invokes the risks of unforeseen outliers, and inhibits a comparative sensitivity
analyses. The purpose of the modelling exercise was not to provide an exhaustive overview all possible
outcomes that can be found in incomplete populations of CSLs, but rather to explore opportunities and
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weaknesses of mapping in incomplete CSLs. Furthermore, we chose arbitrary values for the QTL effect
sizes, the means and standard deviations in our simulated data. Discovery of a QTL always depends on the
number of replicates for the relevant marker (or chromosome), the noise and effect size (Keurentjes et al.,
2007). The use of data with different dimensions as reported here will always affect the outcomes of a
modelling experiment, but we expect the generalizations to not deviate. The scripts in the supplementary
files do allow the exploration of many different scenarios.

In our flowering time experiment we discovered a total of 3 QTLs controlling flowering time in
the Col-0 x MIB-22 population. The observed confidence levels are much lower than those that are derived
from, e.g., RIL and NIL populations for the same trait (Loudetet al., 2002; Ungereret al., 2002; Keurentjes
et al., 2007; Brachiet al., 2010), likely owing to the small number of lines in each genotypic class. MIB-22
exhibits a 40% longer observed flowering time in comparison to Col-0, and at high heritability of 0.91,
which implies that high impact genetic variants do exist between these two accessions controlling the trait
(Figure 5b). It is unknown how many genetic variants play a role explaining this difference between Col-0
and MIB-22 as flowering time in Arabidopsis thalianais controlled by many loci (Brachi ef al., 2010), but
Col-0 and MIB-22 haven’t previously been used for genetic mapping of the trait. The difference in
flowering time between these two accessions is, however, much larger than between parents of many other
reported bi-parental mapping populations (Loudet et al., 2002; El-Lithy et al. 2006; Keurentjes et al., 2007,
Wijnen, 2019). The lack of finding epistatic interactions in this population is in line with observations in
Figure 3a and b, from which a CSL-population composed from a species with only five chromosomes has
a limited ability to detect such. This may be further enhanced by the skewedness of the flowering time
dataset compared to our simulated datasets in which several CSLs exhibit long flowering times (Figure
5a). Alternatively, it may also be that between Col-0 and MIB-22 no epistatic effects are present. In view
of the considerations described here, our simulations may be too optimistic compared to real life data.
However, all would depend on the standard deviation and the size of the tested and expected effects that are
expected to be found in a given population. The models described in this study are excellent to extend
towards such scenarios beyond those demonstrated in this work.

4.4 The Reverse Breeding & Mapping Strategy: Efficient use of CSLs in reverse breeding
experiments.

Following analyses involving genetic mapping in this work (Figure 4, 5), the notion that CSL-populations
exhibit particularly stronger genetic mapping power over alternatives — as is reported in animals (Buchner
& Nadeau, 2015) — may not translate to plants. Importantly, as described in more detail in the previous
section, we did not observe enhanced mapping power compared to alternative genetic mapping population
types for additive or epistatic QTLs in CSLs phenotyped for flowering time (Figure Sc, d) or other traits as
in (Chapter 5). We did, however, not perform a proper comparative research between a segregating
population and a complete CSL-population composed from the same parents to test genetic mapping
effectivity. Nonetheless, these findings may leave plant geneticists at risk with high opportunity costs to
develop a CSL-population compared to alternatives that are developed at much lower costs and with higher
precision (Bazakos et al., 2017). However, as incomplete CSL-populations are capable at relatively low
numbers (Figure 5, combining reverse breeding and genetic mapping by introducing limited extra
investments in the development of CSLs may prove to be a valuable breeding strategy.

Suppose a situation in which a breeder engages in reverse breeding on a hybrid of interest of a
species containing 7 chromosomes. In such a species, a complementing pair of CSLs can be obtained after
generating only 29-54 lines (Figure 2). Depending on segregation distortion present in the populations
these will nearly all be unique (Figure 3b). Increased efforts to generate up to 80 CSLs may yield enough
lines that can be used to detect additive QTLs and stronger epistatic effects (Figure 3a-d). The generation
of these extra lines does not significantly increase the burden of obtaining lines, as these will still be far
below the 25% effort of obtaining a complete population (Figure 2b). Such a population would also be
sufficient to contain all “sets of four” for purposes of validating or detecting two-way epistatic interactions
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(Figure 4b). The development of an incomplete genetic mapping population can thus be relatively cheap
option and at a relatively low efficiency of generating clean CSLs, without losing much of the effectivity in
genetic mapping that a complete CSL-population has. Most importantly, genetic mapping in this population
can be performed in the doubled haploid stage, before a single hybrid has been (re-)created (Figure 7).
Although less accurate than traditional segregating mapping populations, this is much more time-efficient
than engaging in the development of new genetic mapping populations which takes several generations to
complete (Kooke et al., 2012; Bazakos et al., 2017), while reverse breeding practice leans heavily on the
capability to develop clean CSLs (Dirks et al., 2009). Genetic material suitable for mapping would thus
already exist a hybrid is crossed and grown to evaluate its performance (Figure 7). This strategy can be
employed in any crop species — provided that the generation of clean CSLs is possible and reasonably
efficient (Table 1, 2). If multiple reverse breeding operations are run simultaneously, the best lines can
then be selected for purposes of crossing between pools of CSLs which could potentially speed up the
development of new hybrids even further.

5. CONCLUSIONS

The adoption of novel technologies should be scrutinized before use to carefully evaluate possible
associated opportunities and weaknesses (Bernardo, 2016). A modelling approach is an appropriate and
cost-effective form of identifying these, before putting such in practice to prevent high opportunity costs. In
the case of reverse breeding and CSL-populations appropriate technology has advanced significantly,
which prompted us to apply permutation and mathematical modelling to explore several points of attention
for useful practical and strategic considerations. CSLs are particularly useful to perform such analyses
because only a limited number of unique genotypes are available per cross. We conclude that segregation
distortion is a factor that may slightly or moderately impact the chance of successful reverse breeding and
the development of CSL-populations. Furthermore, we conclude that developing complete CSL-
populations may be too expensive to compete with more conventional genetic mapping population types,
but incomplete populations may be a reliable alternative. By translating strategic concerns into quantifiable
outcomes we gained more insights in how to most effectively and efficiently plan experiments involving
reverse breeding and the use of CSLs. Taking all our results together, we propose a strategy that involves
genetic mapping in incomplete populations that result from producing a moderate excess of CSLs than is
minimally required from reverse breeding experiments. Doing so may drastically improve the (re-)creation
of new hybrids, particularly if multiple reverse breeding experiments being conducted simultaneously. In
this work, we only considered the application of reverse breeding for and genetic mapping in CSL-
populations. For additional possibilities in use CSLs we recommend the work of Wijnen (2019).
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E Suppression of meiosis
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Figure 7. The Reverse Breeding & Mapping strategy (adapted from Calvo-Baltands et al., 2020). The
figure depicts reverse breeding operations in two different hybrids (orange/blue and cyan/purple), as in
figure 1. Immediate phenotyping and mapping in doubled haploid offspring should result in the detection of
chromosome substitution lines that may be optimal for subsequent crossing and hybrid development. The
perspective of using multiple, independent and simultaneous reverse breeding experiments is particularly

interesting, as these may result into . In all, this strategy enables the production of novel hybrids in a time-
span of just four generation, with information on the presence of QTLs.
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Supplementary table 1. Complex segregation distortion scenarios used as input for our Reverse Breeding
modelling experiments using ReverseBreeding(). Each value represents the segregation distortion rate per

chromosome for one of the alleles. Standard deviation and averages are given for the scenarios and are
identical across scenarios. The values for Wijnker et al. (2012) are estimated from their figures, therefore
this specific scenario thus only applies to Arabidopsis thaliana.

Population 1 2 3 4 5 6 7 8 9 10 11 | Standard deviation = Average
Cl11 05 06 05 07 04 03 03 06 04 05 07 0.14142 0.5
Cc9 05 06 05 06 03 06 03 07 04 - - 0.14142 0.5
Cc7 06 07 04 03 04 05 06 - - - - 0.14142 0.5
Cs 04 06 07 04 04 - - - - - - 0.14142 0.5
Wijnker et al. (2012) | 0.7 06 05 05 0.7 - - - - - - 0.10000 0.6

Supplementary table 2. Test statistics of the control datasets for the randomly generated phenotypes of
C5, C7 and C9 CSL-populations. All numbers are derived from a Type II sum of squares ANOVA model,
which includes all chromosomes. Factor includes all terms as additive chromosomes, including the error

term. % explained variance is calculated as the sum of squares of the individual chromosome divided by
the total sum of squares.

C5 Factor SumSq df F-value p-value % expl. var.
Cl1 0.0084 1 0.038 0.848 0.132
C2 0.1670 1 0749 0395 2.620
C3 0.0233 1 0.105 0.749 0.366
C4 0.1524 1 0.683  0.416 2.391
C5 0.2254 1 1.011 0.324 3.536

€ 57987 26

C7 Factor  SumSq df F-value p-value % expl.var.
Cl 0.0011 1 0.004  0.948 0.0035
C2 0.0002 1 0.001  0.978 0.0006
C3 0.1356 1 0.533  0.467 0.4365
Cc4 0.3569 1 1.404  0.238 1.1489
C5 0.0490 1 0.193  0.662 0.1576
Cé6 0.0021 1 0.008  0.928 0.0068
Cc7 0.0132 1 0.052  0.820 0.0424

€ 30.5036 120

C9 Factor SumSq df F-value p-value % expl.var.
Cl1 0.0279 1 0117 0.733 0.02316
C2 0.0017 1 0.007 0934 0.00137
C3 0.0003 1 0.001 0.973 0.00022
C4 0.0732 1 0.306  0.580 0.06072
C5 0.0035 1 0.015 0.904 0.00289
Co6 0.3115 1 1.304  0.254 0.25848
Cc7 0.0027 1 0011 0.915 0.00228
C8 0.0001 1 0.000 0.985 0.00007
C9 0.1284 1 0537 04064 0.10656

€

119.9504 502
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Supplementary table 3. Flowering time data of the Col x MIB-22 CSL-population, including genetic
layout (C1-5), the raw values for flowering time per block (bl-3), the average (mean) and the standard
deviation (std) of the trait. Note that the Col-0 and MIB-22 genotypes have a total of six replicates each
(i.e., two biological replicates in each block per genotype).

Genotype [C1 C2 C3 C4 C5|bl b2 b3 |mean std
Col-0 c ¢ ¢ ¢ ¢ 26 25 28 26.67 1.03
27 27 27
cm01 C C C C C |28 25 27|26.67 1.53
cm02 C C C C M |30 27 26/|27.67 2.08
cm03 C C C M C |29 27 28]|28.00 1.00
cm04 C C C M M |32 36 34|34.00 2.00
cm05 C C M C C |26 25 24|25.00 1.00
cm06 C C M C M|26 28 28(27.33 1.15
cm07 C C M M C |29 30 29{29.33 0.58
cm08 C C M M M |33 35 33|33.67 1.15
cm09 C M C C C |26 25 23|24.67 1.53
cml0 C M C C M|26 25 25|25.33 0.58
cmll C M C M C (27 27 26|26.67 0.58
cml2 C M C M M |27 27 26|26.67 0.58
cml3 C M M C C (24 25 23|24.00 1.00
cml4 C M M C M|22 23 22|22.33 0.58
cml5 C M M M C |27 26 27|26.67 0.58
cml6 C MM M M|31 26 30{29.00 2.65
cml?7 M C C C C |29 31 31/30.33 1.15
cml8 M C C C M|30 29 30|29.67 0.58
cml19 M C C M C |41 34 36|37.00 3.61
cm20 M C C M M |40 40 41|40.33 0.58
cm21 M C M C C |27 29 30|28.67 1.53
cm22 M C M C M|29 30 28(29.00 1.00
cm23 M C M M C |34 36 35(35.00 1.00
cm24 M C M M M |46 46 45|45.67 0.58
cm25 M M C C C |27 24 27|26.00 1.73
cm26 M M C C M|29 32 31/|30.67 1.53
cm27 M M C M C |29 26 26|27.00 1.73
cm28 M M C M M|29 28 27(28.00 1.00
cm29 M M M C C |29 25 26|26.67 2.08
cm30 M M M C M|27 25 28|26.67 1.53
cm31 M M M M C |33 32 34(33.00 1.00
cm32 M M M M M|36 41 39|38.67 2.52
MIB-22 |lm m m m m 41 3139 36.5 3.56
34 37 37
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##H## SimLib
#
# n = the desired full population to be generated of size 2n = X

SimLib<- function(n) {
| <- rep(list(0:1), n)
Lines <- expand.grid(l)
LineNames<- function(n) {
Names = NULL
for (iin 1:n) {
Names <- append(Names, paste("C", i, sep = ""))
}
return(Names)
}
names(Lines) <- LineNames(ncol(Lines))
CSL <- c(1:nrow(Lines))
Lines <- data.frame(CSL, Lines)
return(Lines)

}

# Output generates a dataframe encompassing all possible lines from a cross between two genotypes of a
species containing the desired number of chromosomes.

Supplementary file 1. SimLib; Generates a vector representing a simulation of an entire population of
chromosome substitution lines of 2n = X.

#### DrawIincCSL

#

# Lines = a SimLib input file. Note that the file may include columns representing phenotypes

# y = the number of random lines to draw from the population. Note that p1 (all chromosomes 0) and p2 (all
chromosomes 1) are always included (hence, to generate a population of size 16 of the 32 possible lines in
Arabidopsis thaliana, one must use y = 14).

DrawIncCSL<- function(Lines, y = nrow(Lines)) {
n <- ncol(Lines)
Y <-ifelse(y > (nrow(Lines)-2), y <- (nrow(Lines)-2), round(y))
Select <- Lines[c(1, sample(2:(nrow(Lines)-1), Y, replace = FALSE), nrow(Lines)), ]
return(Select[order(Select$CSL),])
}

Supplementary file 2. DrawlncCSL; draw random populations of size y from a population in the SimLib
format (Lines).
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ReverseBreeding<- function(D = CSL, prb = NULL) {

n<-0
count <-0
CSL<-D
Collection <- CSL[-(1:nrow(CSL)),]
while (n == 0) {
Par <- CSL[c(sample(1:(nrow(CSL)), 1, prob = prb, replace = TRUE)), ]
Collection <- rbind(Collection, Par)
for (i in 1:nrow(Collection)) {
X <- sum(abs(Par[,2:ncol(CSL)] - Collection[i,2:ncol(CSL)]))
if (X == (ncol(CSL)-1)) {n <- 1}
}
}
return(nrow(Collection))
}

Supplementary file 3. ReverseBreeding; Draws random CSLs (with replication) until a complementing
pair is found that leads to the recreation of the F1 hybrid upon crossing (Dirks et al., 2009).

#### Add.sampler

# Sample = the number of lines (with respective phenotypes) to draw from the population
# database = a CSL-population with at least one phenotype (a SimLib file)

# trait = Any trait column

# nchr = the number of chromosomes in the population

# iter = the number of random populations drawn

Add.sampler<- function(Sample = 1, database = Pop, trait = 7, nchr = 5, iter = 1000) {
P.values<<- list()
for (i in c(1:iter)) {
p.outcome<<- ¢()
Draw <<- DrawIncCSL(database, y = Sample)
for (p in 2:(nchr+1)) {#the Chr columns
AoV<<- AOV3(unlist(Draw([trait]]) ~ as.factor(Draw[[p]]))
p.outcome<<- ¢(p.outcome, -log(AoV["Pr(>F)"][[1]][[2]],10))
}
Val <- list(p.outcome)
P.values<<- ¢(P.values, Val)
Sigs <- as.data.frame((do.call(cbind, P.values)))

}
Sigs <- as.data.frame(t(Sigs))

p95 <-¢()
meanp<- ¢()
stdev<-¢()
for (i in 1:ncol(Sigs)) {
stdev<- c(stdev, sd(Sigs|[i]]))
meanp<- ¢(meanp, mean(Sigs|[[i]]))
p95 <- ¢(p95, sum(Sigs][i]]>-log(0.05,10))/nrow(Sigs)*100)
}
Results<- data.frame(t(Sigs))
Results$STDEV<- stdev
Results$P95 <- p95
ResultsSMEANP<- meanp
Results <- data.frame(t(Results))
return(Results[(nrow(Results)-2):(nrow(Results)),])

}

# STDEV = the standard deviation of the logarithm of the odds of the model outcomes
#
Supplementary file 4. Add.sampler; Sampling test statistics for tests of additive effects from incomplete

populations of CSLs with phenotypes.
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Int2.sampler <- function(Sample = 5, database = Pop, trait = 11, nchr = 5, iter = 10) {
P.values<<- list()
for (i in c(1:iter)) {
p.outcome<- c()
Draw <<- DrawIncCSL(database, y = Sample)
for (pin 2:(nchr)) {  #the Chr columns
for (q in p:(nchr)+1) {
if (q 1= p){

summer <<- summary(aov(Draw[[trait]]~ as.

if (length(summer[[1]][["Pr(>F)"]]) < 4) {
p.outcome<- c(p.outcome, NA)
}else {

Chromosome substitution lines modelling

factor(Draw[[p]]) * as.factor(Draw([[q]])))

p.outcome<- c(p.outcome, -log(summer[[1]][["Pr(>F)"][[3]],10))

1
1}
Val <<- list(p.outcome)
P.values<<- ¢(P.values, Val)
Sigs <- as.data.frame((do.call(cbind, P.values)))

}

Sigs <- as.data.frame(t(Sigs))

nna<- ¢()

p95 <-¢()

p95_BF <-¢()

meanp<- ¢()

stdev<- ¢()

for (i in 1:ncol(Sigs)) {
nna<- c(nna, sum(is.na(Sigsl[i]])))
stdev<- c(stdev, sd(Sigs[[i]], na.rm=TRUE))
meanp<- c(meanp, mean(Sigs|[i]], na.rm=TRUE))
Sigs|[illlis.na(Sigs[[])] <- 0
p95 <- ¢(p95, sum(Sigs[i]]>-log(0.05,10))/nrow(Sigs)*100)
p95_BF <- <- ¢(p95, sum(Sigs|[i]]>-log(0.05/ncol(Sigs),10))/nrow(Sigs)*100)

}

Results <- data.frame(t(Sigs))

Results$STDEV<- stdev

Results$P95 <- p95

Results$P95_BF<- p95_BF

ResultsSMEANP<- meanp

Results$NNA<- nna

Results <- data.frame(t(Results))
return(Results[(nrow(Results)-4):(nrow(Results)),])

}

# returns a file with the averaged LOD-values, the standard deviation, the number of ANOVA-outcomes being significant (p
< 0.05, uncorrected), the number of outcomes being significant ((p < 0.05, Bonferroni).

Supplementary file 5. Int2.sampler. Sampling test statistics for tests of two-way interactions from

incomplete populations of CSLs with phenotypes.
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Int3.sampler <- function(Sample = 1, database = Pop, nchr = 5, iter = 1000) {
P.values<<- list()
for (i in c(1:iter)) {
p.outcome<- c()
Draw <- DrawIncCSL(database, y = Sample)
for (p in 2:(nchr+1)) { #the Chr columns
for (q in p:(nchr+1)) {
for (rin g:(nchr+1)) {
if(p<q&q<rn){
summer <<- summary(aov(Draw[[trait]]~ as.factor(Draw][[p]])
*as.factor(Draw([q]])as.factor(Draw[[r]])))
if (length(summer{[1]][["Pr(>F)"]]) < 4) {
p.outcome<- c(p.outcome, NA)
}else {
p.outcome<- c(p.outcome, -log(summer[[1]][["Pr(>F)"]][[3]],10))

B
}
Val <- list(p.outcome)
P.values<<- ¢(P.values, Val)
Sigs <- as.data.frame((do.call(cbind, P.values)))

}
Sigs <- as.data.frame(t(Sigs))

nna<- ¢()

p95 <-¢()

p95_BF <-¢()

meanp<- ¢()

stdev<- ¢()

for (i in 1:ncol(Sigs)) {
nna<- ¢(nna, sum(is.na(Sigsl[i]])))
stdev<- c(stdev, sd(Sigs[[i]], na.rm=TRUE))
meanp<- c(meanp, mean(Sigs|[[i]], na.rm=TRUE))
Sigs{(illlis.na(Sigs[[ill)] <- 0
p95 <- c(p95, sum(Sigs|[i]]>-log(0.05,10))/nrow(Sigs)*100)
p95_BF <- <- ¢(p95, sum(Sigs|[i]]>-log(0.05/ncol(Sigs),10))/nrow(Sigs)*100)

}

Results <- data.frame(t(Sigs))

Results$§STDEV<- stdev

Results$P95 <- p95

Results$P95_BF<- p95_BF

ResultsSMEANP<- meanp

Results$NNA<- nna

Results <- data.frame(t(Results))
return(Results[(nrow(Results)-4):(nrow(Results)),])

}

# returns a file with the averaged LOD-values, the standard deviation, the number of ANOVA-outcomes being significant (p

< 0.05, uncorrected), the number of outcomes being significant ((p < 0.05, Bonferroni).

Supplementary file 6. /nt3.sampler. Sampling test statistics for tests of two-way interactions from

incomplete populations of CSLs with phenotypes.
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HHHH CSL4

#

# CHROMOSOMES; Indicate the number of chromosomes of the plant.A compete CSL will be generated sized 2*Y
# SAMPLEDRAW; Size of the sample (X) drawn from the entire population (Y)

# PERMUTATIONS; Number of sampledraws

# NINTERACTIONS; Determine the interactions you wish to screen a population for #Note; Does not work yet!
i Assumptions

#

# No segregation distortion of chromosomes --> requires some model adjustments

# Parents are always included (e.g., for CHROMOSOMES = 4, Line1is 000 0 and Line16is 111 1)

it Output

#

# Generates a list of the total number of "sets of four" present within a CSL-population for each permutation

CSL4 <- function(CHROMOSOMES, SAMPLEDRAW, PERMUTATIONS = 1000, NINTERACTIONS = 2) {

nChr<- CHROMOSOMES
nsubpop<- SAMPLEDRAW

if (require(plyr)) {
install.packages("plyr")
require(plyr)
}
SimLib<- function(n) {
| <-rep(list(0:1), n)
Lines <- expand.grid(l)
LineNames<- function(n) {
Names = NULL
for (iin 1:n) {
Names <- append(Names, paste("C", i, sep = "))
}
return(Names)
}
names(Lines) <- LineNames(ncol(Lines))
CSL <- c(1:nrow(Lines))
Lines <- data.frame(CSL, Lines)
return(Lines)
}
DrawIncCSL<- function(Lines, y = nrow(Lines)) {
n <-ncol(Lines)
Y <-ifelse(y > (nrow(Lines)-2), y <- (nrow(Lines)-2), round(y))
Select <- Lines[c(1, sample(2:(nrow(Lines)-1), Y, replace = FALSE), nrow(Lines)), ]
return(Select[order(Select$CSL),])
}
IntChr<- function(o) {
ChrNumber<- ¢(1:0)
Nint<- c()
for (i in ChrNumber) {
for (j in ilength(ChrNumber))
{if (i =X
Nint<- append(Nint, list(c(i,j)))
}

}

return(Nint)

}
INT <<- IntChr(nChr)
totCSLpop<<- SimLib(nChr)
ResultINT<- ¢()
for (i in 1:abs(PERMUTATIONS)) {
IntCount<<-0
SLB <- DrawIncCSL(totCSLpop, nsubpop)
for (i in 1:length(INT)) {
Haplo<- do.call(paste, SLB[-1][-INT[i]]])
df <- data.frame(Haplo)
SLBdf<- data.frame(SLB[-1][INTI[i]]], df)
Detectint<- ddply(SLBdf, c("Haplo"), summarise, N = length(Haplo))
if (any(DetectInt§N == 4)) {
IntCount<<- IntCount + 1
}
}
ResultINT<- append(ResultINT, IntCount)
}
return(ResultINT)
}

Supplementary figure 7. CSL4. This function to extract sets of four from incomplete populations of CSLs.
The output can be used to calculate the probably of these sets for any number of randomly selected CSLs.
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Chapter 7

1. Introduction

In Chapter 2 (van Bezouw et al., 2019), I gave an update about the state-of-the-art of photosynthesis
genetic research, and achievements and progress in high-throughput phenotyping of photosynthesis traits.
In this work, I included many reports describing the genetic mapping of photosynthesis traits, thus marking
the popularization and growing significance of studying natural variation, in crop and model species alike.
In the next three chapters, I used biparental mapping population to identify novel genes and traits of
relevance, and under three different light environments to demonstrate their potential in studying natural
genetic variation in photosynthesis. In Chapter 3, I used a recombinant inbred line population from the lab
accessions Col-0 and Ler-0 to study genetic factors that explain differences in photosynthesis under several
environmental factors. Following up the QTL that I discovered here, I established a causal link between
copy number variation between photosynthesis efficiency and an unexpected sub-family of SQUALENE
EPOXIDASES genes using molecular cloning approaches, confirming the power and reliability of bi-
parental mapping populations. In Chapter 4, I used a mixture of different strategies, including
transcriptomics and genetic mapping to characterize the differential photosynthetic response to high light
irradiance between the wild accessions S96 and SLSP30. I discovered QTLs showing a very large 25%
difference in quantum yield of photosystem II (®PSII). To follow up, I performed growth assays under
various fluctuating light conditions to see if they also affected biomass accumulation after repeated
exposure to stepwise changes in irradiance. In Chapter 5, I aimed to describe variation in plant
productivity to the response to fluctuating light in a newly developed population of chromosome
substitution lines (CSLs), created from two parental lines that differ significantly in this response. A most
interesting observation related to the hybrid between the parental lines (Col-0 x MIB-22). This hybrid
shows increased growth associated with Col-0, but also high tolerance to fluctuating light conditions as
associated with MIB-22. These findings rule out that biophysical processes limited productivity under such
conditions. As populations of CSLs are laborious to develop, even in Arabidopsis thaliana, reports on
CSLs used in quantitative trait analysis in plants are few. Thus, in Chapter 6 I resorted to mathematical
and statistical modelling to explore strategies and mapping power of CSLs, as an efficient way to highlight
opportunities with regards to development of and mapping in CSLs. In this closing chapter of the thesis, I
will elaborate my final thoughts and conclusions on the topics that I have addressed and scrutinized during
my PhD. I will identify key strengths and weaknesses in methodology and approaches applied in this work,

which will be of use in future considerations and interest in these topics.

2. Chromosome substitution lines as a genetic mapping tool in quantitative trait analysis.

2.1 QTL mapping in CSL-populations in Arabidopsis thaliana and Cucumber (Cucumis sativus)

Complete populations of chromosome substitution lines (CSLs), i.e. CSL-populations in which genotypes

are present that contain all combinations of substituted chromosomes, are uniquely characterized by the
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lack of crossovers across the genome. Wijnen (2019) discusses a variety of possibilities and opportunities
that can be performed using populations of CSLs, but in this work an emphasis was put specifically on their
use in the genetic mapping of complex traits. This is particularly fuelled by a shortage of effective
methodology that allows for the proper detection of gene-gene interactions (epistasis) (Cordell, 2000;
Mackay, 2014). The use of chromosome substitution lines is thought of as potent to unravel epistatic
interations and low-effect genetic effects due to the balanced genetic architecture that can be found in a
complete population (Wijnen & Keurentjes, 2014). Furthermore, promising reports involving the use of
CSLs in rat and mouse exist, albeit using populations with only single chromosome substitutions, are found
to be more powerful genetic mapping populations for both additive and epistatic genetic components
compared to their segregating alternatives (Nadeau et al., 2000; Spiezio et al., 2012, Buchner & Nadeau,
2015). Building further on previous experiences by Wijnen (2019), and in line with the goal of exploring
CSLs as a genetic mapping tool, I performed many experiments to evaluate the use of CSLs as a genetic
mapping tool in plants.

My first experiments involved phenotyping of the Col-0 x Ler-0 CSL-population developed by
Cris Wijnen (Wijnen et al., 2018), for a variety of photosynthesis traits. In line with my predecessor, I, too,
performed experiments that do allow for a direct comparison of genetic mapping populations, in this case
recombinant inbred lines (RILs). These populations were grown and phenotyped for photosystem II
efficiency (®PSII) and projected leaf area (PLA) following methodology as described in Chapter 3.
Between the RILs and CSLs, no major differences were found in terms of the number of QTLs found, QTL
effect sizes, heritabilities and phenotypic variation within the populations (Box 1). The main contributors
for both ®PSII and PLA, @PSII ¢5 and ERECTA (Chapter 3), are present in all conditions and in both
populations. The strength of the QTLs differed to some degree between the populations, but not
significantly. The CSLs offered no evidence for epistasis to contribute to ®PSII and PLA (Box 1).

The other CSL-population is composed of Arabidopsis accessions Col-0 and MIB-22, and was
developed to near completion by Ramon Botet Vaca. This population has the advantage over the Col x Ler
population of having no segregating ERECTA locus that may pleiotropically highly impact plant development
(van Zanten et al., 2008; Keurentjes et al., 2007). I completed and used this population in Chapter 5 to explore
the genetic architecture of physiological adaptation to fluctuating light conditions (Vialet-Chabrand et al., 2017;
Kaiser et al., 2020). Here, I did find more signs of epistasis playing a role in the genetic architecture of
fluctuating light tolerance of productivity, although most of these interactions show only low degrees of
confidence — even if multiple pair-wise comparison correction is not applied. The genetic simplicity of a CSL-
population allows a more straightforward analysis of the genotypic data compared to traditionally segregating
populations (Wijnen, 2019). This is particularly useful to describe longer term trends in context of the whole
population and is helpful to characterize such (Chapter 5). Furthermore, I used the Col-0 x MIB-22 population
to map flowering time (Chapter 6), but again no epistatic interactions were discovered that constitute this trait.
A particularly noteworthy feature of the Col-0 x MIB-22 flowering time experiment is that only 96 plants had to
be used during the entire experiment in order to map genetic components contributing to the trait. This figure is
much smaller than is expected from segregating populations required to achieve similar outcomes (Brachi et al.,

2010; Keurentjes et al., 2007), which makes the CSL-population cheap to use for genetic mapping purposes.
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BOX 1: A comparison of trait trait variation and QTL detection power between CSLs and RILs

In all conditions as described in Chapter 3, I grew the CSL-population developed from the same parental
accessions (Col-0 and Ler-0, Wijnen 2019) as the RIL. This allows a comparison of mapping power based on the
genetic structures of these populations alone. Projected leaf area (PLA), which functions as a parameter for plant
productivity, and the quantum yield of photosystem II (PPSII), as a parameter for photosynthetic activity of
plants, were measured for all lines as described in Chapter 3. In these experiments the CSLs were grown
alongside the RILs in 8-12 replicates per genotype, after which population statistics (Table 1), the detected
chromosomal QTLs (Table 2) and the normalized, comparative effect sizes of the populations (Table 3) were
recorded. As in the RILs (Chapter 3), no significant influence of epistatic interactions could be detected in the
CSLs. Most of the population statistics are very similar between the populations (Table 1-3). The most striking
difference, however, is that the RILs maps ®PSII c5 to a 30+ times higher resolution than the full length
chromosomes of the CSL (Figure 1), although 50% more plants were grown in the RIL-population than in the
CSL-population.

. . . )
Table 1. Population statistics in the RILs Population | Trait ExIp Treatment Mean StdDev CoV  Min Max H
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! . T I C 0.734 0.008 0.010 0.720 0.751 0.137
heritability. Experiment and treatment
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3. All values are calculated from PLA and 11 C 4693 1164 0248 2563  706.5 0.301
PSII measurements taken at one hour afier 1 N- 3986 1122 0281 2242 709.5 0.342
T o e S opsi| 1| L 0678 0007 0011 066l 0687 0159
’ ’ II N- 0.718 0.007 0.010 0.702 0.732 0.137
umol m?s™, -N = 200 umol ms™ but with a 1l c 0727 0008 0011 0712 0739 0.083

solution containing only 10% of nitrogen
content compared to the reference.

Chr(s) ‘ PLA LL PLA C PLA -N PSII LL PSII C PSII_-N
Table 2. Outcomes from analysis of variance cl 0.78908  0.73321  0.92932  0.16253  0.3986  0.45914
for additive effects for each of the c2 | (00001 0007 - 022124 0.04311  0.09426

¢ e : 3 |0.10860  0.04827 050056  0.04949 0.21049
chromosomes (3) in Arabidopsis, following o | oscic 003029 004610 009466 DMOISH 0.16920

methodology of Chapter 5. The additive effect 5 |007721 089932 0.74833 [I00GO  0.01123
outcome from one-way ANOVA for each

chromosome is shown in each column. Highly

significant effects (p <0.01) are highlighted in CSLs PLA-C2 ®PSIl-efficiency-C5
dark grey, weakly significant effects (0.05 > p LL C N LL C N
> 0.01) are given in light grey. Col 818.8 537.8 469.1 0.674 0.722 0.713
Ler 585.6  399.8 340.1 0.682 0.73 0.721
Table 3. Effect size analysis of RIL vs CSLs. For Abs(éCol-Lcr) i 233.1 138 129 0.00798 0.00769 _ 0.00844
. L. Relative effect size 0.2847 0.2567 0.275 0.0118 0.0106  0.0118
the populations and under each condition
specifically, the mean value for the relevant allele gy PLA-M238 (Erecta) ~ ®PSIl-cfficiency-M563 (®OPSII c5)
is given. For PLA, values are given for LL C N LL C -N
Chromosome 2 (CSLs) or the corresponding peak — Col 8163 7958 680.2 0.673 0.728 0.718
marker in the RIL (M238). For PSIl-efficiency, Ler 5749 5562 4945 0.684 0.738 ~ 0.726
phenotypic values are given for Chromosome 5 —Abs(ACol-Ler) 2414 2396 1857| 0.01068  0.01029 0.00779
(CSLs) or the corresponding peak marker (M563) Relative effect size 0.2957 0.3011 0.273 0.0156 0.0139  0.0107
in the RILs. Relative effect size gives the
normalized effect size of the QTLs in either 8
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Next to Arabidopsis thaliana, further experimentation of CSLs in a panel of single substitution
lines in cucumber (Cucumis sativus) was performed by and with the collaborating partner in this project;
Rijk Zwaan (Box 2). This cucumber CSL-population is derived from two contrasting parental lines, L and
K, via advanced backcrossing schemes rather than by applying a transgenic method to suppress meiotic
recombination (as described in Wijnker et al., 2012; Calvo-Baltanas et al., 2020). During the course of my
PhD, these lines were grown in a high-throughput photosynthesis phenotyping system to obtain data
assessing photosynthesis efficiency (Flood ef al., 2016, Chapter 3, 4). In addition, a growth analysis was
performed on plants grown in greenhouses, of which some of the results are shown in Box 2. The number
of QTLs found in these cucumber CSLs is comparable to those typically found in segregating populations
for similar traits that are scored in the same developmental stage (Wang et al., 2016; Liu et al., 2021). An
obvious advantage of the CSLs in these experiments is the smaller number of lines that is required to
perform genetic mapping in segregating populations — particularly when only small panels are grown.

Taken together, these experiments provide valuable experience for genetic mapping in CSLs with
regards to their position in the genetic mapping population type taxonomy (Wijnen & Keurentjes, 2014;
Bazakos et al., 2017, Tiang et al., 2021). The total number of experiments performed allows for a more
accurate generalization of outcomes, particularly following the use of CSLs generated from different
parental origins and species. The total number of experiments described is substantial given the limited use
of CSLs in scientific literature to this point (De Léon et al., 2011, Kuspira et al., 1956 (Wheat);
Koumproglou et al., 2000; Lardon et al., 2020; Wijnen 2019 (Arabidopsis thaliana); Wu et al., 2010,
Fuller et al., 2021 (Cotton). Having described the major insights gained from the experiments described in
this work and considering the aforementioned studies, in the next section 1 will elaborate on general
patterns and insights with regards to the use of chromosome substitution lines in quantitative trait analysis.

2.2 CSL-populations as an instrument in the quantitative geneticist’ toolbox

In the previous section, I outlined several characteristics that can be considered potentially advantageous
and disadvantageous while using CSLs as a mapping tool. In literature, three key advantages of the use of
CSLs — although most has derived from use in animals applying only single substitution line populations.
These include 1) the relatively small number of plants that are required to perform genetic mapping
(Nadeau et al., 2000; Koumproglou et al., 2002), 2) elevated QTL detection mapping power (Spiezio ef al.,
2012; Buchner & Nadeau, 2015) and 3) improved ability of being able to map epistatic interactions
(Nadeau et al., 2012; Wijnen, 2019).

In plants, genetic mapping in conventionally segregating mapping populations will easily require
several times more total plants to achieve similar outcomes compared to CSLs (Chapter 6, Ungerer et al.,
2002; Keurentjes et al., 2007; Brachi et al., 2010), which highlights the first key advantage as phenotyping
can be very cost-efficient. The experiments in cucumber CSLs are noteworthy in this respect, as this
advantage is particularly relevant in high-technological greenhouse crops as the total number of lines which
are to be grown is smaller and each plant is costly to grow until their reproductive or phenotypically
relevant phases. This factor may makes these lines highly efficient for purposes of genetic mapping,
particularly in repeated experiments and cross-environmental evaluations. Long-term use of CSLs
developed from two relevant genotypes may indeed prove to be cost-efficient in this way. However, for a
complete population of CSLs developed from a plant species with high chromosome counts this advantage
is compromised due to the large number of lines that can be made from such species (Chapter 6). In
cucumber, a species with a low number of chromosomes (2n = 14), this would already require a total of
128 lines to develop a full population and thus increases developmental costs considerably (Chapter 6).
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BOX 2: The use of chromosome substitution lines for quantitative trait analysis in cucumber

(Experimental design, performance and data contributed by Dr. Maaike Wubs)

Single chromosome substitution lines (Figure 1) have been developed by the vegetable breeding company
Rijk Zwaan in cucumber (Cucumis sativus) prior the start of this project, following complex crossing
schemes. These lines were phenotyped for a variety of traits, including growth parameters in a greenhouse
(Figure 2), but also in the Phenovator (a high throughput phenotyping facility for photosynthesis traits, see
Flood et al., 2016) for ¢PSII under 500 pum m-2 s-1 (Figure 3) and low light 100 um m-2 s-1 (Figure 4).
All phenotypes in these experiments were obtained from smaller plants of up to three weeks old.

Figure 1. The genotypic layout of the lines.
Chromosomes belonging to line K (first parental
line) belong in coloured blue, while chromosomes
belonging to line L (second parental line) are
coloured in green. C1-C7 represent the individual
chromosomes of cucumber. Lines of K with L
substitutions  were not available  for all
chromosomes yet, although lines of L with K
substitutions represent a completed panel of single
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replicates were harvested for each time point to Date (2018)
calculate the total leaf area.
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However, CSL-populations also comes with several properties that are disadvantageous in genetic
mapping compared to alternative populations. QTL can only be resolved to the chromosome level, which
means that fine-mapping of those to identify genetic variation in candidate genes will require at least one
extra experiment compared to QTL found in segregating populations. This may particularly be problematic
in crops with long breeding cycles or that are expensive to grow per unit. To compensate such a burden,
there must be significant benefits associated with genetic mapping in CSLs compared to alternative genetic
mapping population types. If CSLs in plants indeed have improved QTL detection power levels, as is
reported for animals (Bucher & Nadeau, 2015), then that advantage could potentially outweigh the
disadvantage of resolution as discovering otherwise undetectable or unexplored genetic variation is highly
valuable. However, in my experiments I conclude no significant advantages in the use of CSLs over RILs
developed from the same parental lines (Box 1) or high power to detect additive effects and epistatic
interactions (Chapter 5, 6, Box 2). Similarly, Lardon ef al. (2020) also only found single QTL for shoot
regeneration in the full Col-0 x Ler-0 CSL-population which indicates that such populations may not be
particularly powerful to find additional loci. These outcomes conflict with conclusions drawn in Wijnen
(2019), who report increased numbers of detection of additive and epistatic effects — although in that study
only a limited number of traits were analyzed to come to that conclusion. In this thesis, more genotypic
variation, species and a wider variety of traits are used, which should make purported advantages with
regards to genetic mapping power apparent. I conclude that advantages of high mapping power in CSL-
populations do not hold for plants, which means that the 2" and 3™ key advantages as outlined at the start
of this paragraph are not experienced. The lack of finding epistatic interactions may have to do with the
fact that I simply did not look at variation in traits are constituted by epistatic interactions in the parental
lines. However, this shapes a major secondary problem, as it is impossible to predict whether a trait is
controlled by a major genetic component of driven by epistasis based on the phenotype of the hybrid or
parental lines of interest. Some authors argue that epistasis may not, however, be an important contributor
to genetic variation in many traits (Hill ez al., 2008), although this may result from a lack of robust methods
to detect such in genetic mapping. The study of epistasis may then be aided more by the development of
novel algorithms, genetic mapping strategies and awareness on epistasis in conventional mapping
populations (e.g. Huang et al., 2012; Lachowiec et al., 2015; Ning et al., 2018), rather than the
development of populations specifically designed to detect such interactions without prior knowledge of

their presence.

2.3 Use and strategic niches of CSL-populations

In Arabidopsis thaliana, 1 did not find any signs of a prominent epistatic interaction or higher detection
power of QTLs that were not also present in the RIL-population developed from the same parents (Box 1).
One goal of this project was to engage in the functional characterization of genes, and I adapted and
focussed on traditionally segregating genetic mapping population types like RILs (Chapter 3) and F2
(Chapter 4) populations. Although such populations require more plants to grow to detect QTLs, they

much more efficient for purposes of mapping genes (Box 1). Another potential disadvantage of CSLs
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compared to other genetic mapping population types that so far has received little attention, but came to
light in this study, is the low chromosome numbers in Arabidopsis in full CSL-populations. Arabidopsis’
five chromosomes are ideal for the development of a complete CSL-population due to the limited number
of lines (32) that are required to develop a complete CSL-population. However, this characteristic may also
compromise the genetic mapping power, as I demonstrated by statistical modelling in Chapter 6 and
experienced during the experiments performed in Chapter 5. This most likely results from the low number
of replications in the specific genotypic classes, sixteen for single chromosome effects, eight for epistatic
effects, etc.. A strategy of adding additional segregants to refine and empower the mapping — a strategy
analyzed in detail by Keurentjes et al. (2007) — cannot be used here given the finite nature of such a
population. Furthermore, increasing the number of line replicates will only support moderate improved
mapping power (Keurentjes et al., 2007). By contrast, CSL-populations developed from species with larger
chromosome counts will have a much higher genetic mapping power, even if not all possible lines have
been developed (Chapter 6) and may thus be more ideal for genetic mapping purposes.

Popularization of the use of CSLs in rodents originates from a demand of an immortal mapping
population that can efficiently map QTL, without the disadvantages that segregating populations have in
terms of the number of subjects to phenotype, low statistical power in such populations, the influence of
background QTL and the development time of proper fine-mapping populations for gene discovery
(Nadeau et al., 2012, Buchner & Nadeau, 2015). In plant genetics the competition for mapping population
types is much more severe (Wijnen & Keurentjes, 2014; Bazakos et al., 2017) and genetic loci are detected
at high effectivity in plants due to the ability of replication of genotypes (Brachi et al. 2011; Bazakos et al.,
2017; Liang et al., 2021). As the purported increased power of detecting QTLs does not hold against
available alternatives, the developmental costs associated with CSLs balance unfavourably against the
gains in genetic mapping strategies. Additionally, populations composed of chromosome segment
substitution lines, also called near isogenic lines (Keurentjes et al., 2007; Kooke et al., 2012), that allow
more accurate mapping, outcompete plant populations with full chromosome substitutions as first proposed
by Koumproglou ef al. (2000) as is reflected in the sparse use of CSLs in plant scientific literature.

From a strategic perspective, I conclude that the development of full and complete populations of
CSLs for purposes of genetic mapping comes with opportunity costs that are too high to justify. The current
technological state-of-art for development of such populations is not efficient enough, and there is a lack of
consistent evidence for improved genetic mapping power in plants compared to mapping populations that
are easier to develop. The focus of using CSLs in this study had been on quantitative trait mapping and I
did not explore alternative genetic strategies that are enabled by their use. Many more ideas exist to
effectively utilize populations that segregate for full chromosomes, such as the genetic mapping of
heterosis, the assessment of breeding diallels, cost-effective, “-omics” experiments, the effect of maternal
inheritance of particular chromosomes and so on. These approaches are all more difficult, if not impossible,
to properly realize in segregating populations. As these ideas have been developed and thoroughly
discussed by Wijnen (2019), I will thus not further elaborate those here.

An alternative strategy to effectively use CSLs in a genetic mapping population is one that can be

deduced from the outcomes in my modelling study in Chapter 6. The conclusions of this study imply that
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genetic mapping in CSLs and reverse breeding are most cost-effective if considered complementary. If
future biotechnological developments would make reverse breeding an effective strategy, only a modest
increase in efforts over the ability of exactly reproducing the hybrid of interest, incomplete CSL-
populations can be developed that would permit the genetic mapping of additive and epistatic traits in
populations with higher chromosome levels. The costs of such incomplete CSL-populations would only be
a fraction of the costs that involves the development of a complete CSL-population, while maintaining
sufficient mapping power.

To summarize and conclude, based on described studies in this work and elsewhere (Koumrpoglou
et al., 2000; Wijnen, 2019; Lardon et al., 2020) and in context of studying quantitative traits, the
development of complete CSL-populations for purposes of improved mapping power involves very high
opportunity costs compared to other genetic mapping population types. An integrated and larger scale
reverse breeding & mapping strategy may, however, serve as a basis for a highly effective breeding
strategy by maximizing genetic mapping efficiency against reduced developmental costs. The feasibility of
such a strategy would, however, still depend on future advanes in biotechnological solutions to suppress

meiotic recombination.

3. Thinking outside the chloroplast: Studying natural genetic variants shines new light on

functioning and evolution of photosynthesis

3.1 Bi-parental mapping populations broaden the scope to search for “photosynthesis” genes

The importance of chloroplast locating proteins to affect photosynthesis cannot be overstated as it is trivial
that this process takes place in the chloroplast. Genetic mapping studies that involve the elucidation of the
genetic architecture of photosynthesis traits generally tend to prioritize candidate genes that encode
chloroplast transit peptides in the translated protein (ctp) (van Rooijen et al., 2015; 2017; Rungrat et al.,
2019; Prinzenberg et al., 2020). Ctps are specialized oligopeptides that enable the translocation of a protein
from the cytoplasm into the chloroplast (Bruce, 2000; Eseverri et al., 2020), thus signifying their use as a
biological marker for “photosynthesis genes”. In my genetic mapping studies I, too, found and initially
hypothesized genes with this characteristic to underlie QTLs, including promising, well-studied genes such
as SIGMA-FACTOR 5 (At5g24120) (Chapter 3) and LIPOXYGENASE 2 (At3g45140) (Chapter 4).
However, none of such genes gave a profound photosynthesis. These outcomes indicate that factors
influencing photosynthesis in plants go beyond the chloroplast.

Due to the very few — but strong — quantitative trait loci for ®PSII found in the bi-parental
mapping populations (Chapter 3 & 4), compared to the typically many — but weaker — QTLs found in
genome wide association analysis (van Rooijen ef al., 2015; 2017; Rungrat ef al., 2019; Prinzenberg et al.,
2020), I was able to more carefully scrutinize and fine-map QTLs of interest and consider all genes. Rather
than relying on predictive tools such as gene ontological annotation (Ashburner, 2000; Huang ef al., 2009;
van Rooijen et al., 2015) or gene transcriptome assays (Klepikova et al., 2016), continuous fine mapping

efforts until the regions were delineated by a number of genes small enough to conduct functional
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genomics experiments is a more objective way of pointing gene targets. GWAS-studies often rely on
knock-out mutants to research genes (O’Malley ef al., 2015; Tang et al., 2018; van Rooijen et al., 2017),
which results from the phenomenon that often many alleles are present underlying a single locus in highly
diverse populations, and identifying the alleles inducing phenotypic changes then beomces a very laborious
process (Forsberg et al., 2015; Tang et al., 2018). The absence of a TDNA line with a phenotype is a likely
hypothesis which prevented Tang et al. (2018) from investigating the stronger of two QTLs for xylem
pressure in a diverse set of Arabidopsis accessions in their study. In a suitable diversity panel of
Arabidopsis, wherein a proper number of accessions carry alleles for the Q3 locus, could thus also lead to
the discovery of TFIID due to the availability of a mutant line (Chapter 4) — assuming that this gene is
indeed the causal gene. However, for the SOE-likes in Chapter 3 I expect that being able to discern the
causal genetic mechanism that underlies this QTL is much more complicated, if not impossible, within
reasonable limits of resource commitment. In addition, in a diverse collection of Arabidopsis accessions, I
expect the number and combinatios of variants for SQES5, 7 and 6 to be numerous given that genomic
regions including copy number variants contain high genetic variation (Bilgin Sonay et al., 2015; Hastings
et al., 2019; Lye ZN, Purugganan, 2019), Arabidopsis is already particularly highly diverse species
(Durvusalu et al., 2017) and there are no T-DNA mutant lines giving a phenotype. Although more
laborious to delineate the genomic region of interest in finemapping, this study demonstrates that the
identification power for causal genes that are not obvious to consider following from gene ontology or gene
knockout mutants phenotypes is high in bi-parental mapping populations — particularly if high quality
genome sequences are available. Thus, my work in Chapter 3 & 4 confirms several of the advantages

outlined in my introduction that bi-parental mapping populations offer to unravel genetic variation.

3.2 SOUALENE EPOXIDASEs and TANSCRIPTION FACTOR SUBUNIT II D reveal novel areas

of plant biology that impact photosynthesis

In Chapter 4 I hypothesize a possible role for TRANSCRIPTION FACTOR SUBUNIT 11 D (TFIID) gene to
affect photosynthesis efficieny in response to long-term high light, underlying the Q3 QTL. This gene is
located in the nuclear genome, but the protein translocates to the mitochondria. Although this might seem
confusing as the trait of interest is in photosynthesis, thus expecting involvement in chloroplasts,
mitochondria in plants are highly relevant organelles to maintain biochemical balances in the cell during
photosynthesis (Gardestrom & Lernmark, 1995; Igamberdiev et al., 2006; Gardestrom & Igamberdiev,
2016). Under abiotic stresses — i.e., unfavourable conditions in which plant metabolic balances are
disturbed which can lead to tissue damage — plant mitochondria are particularly relevant to maintain the
cellular redox balance and scavenging or ROS (Maller, 2001; Pastore ef al., 2007; Choudhury et al., 2017).
A definitive proof of evidence would require a molecular cloning strategy as described in Chapter 3, as a
mutant line with a phenotype and genetic variation alone at this point only imply — but yet not prove — the

causality of the gene underlying the Q3 QTL.
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In Chapter 3, the causality of copy number variation in a previously uncharacterized sub-family of
SQUALENE EPOXIDASE (SQFE) gene family underlying a QTL for ¢PSII is supported by solid evidence.
This finding is probably the most surprising and fundamental discovery contributing towards the
functioning of photosynthesis in my whole dissertation. In Arabidopsis thaliana, a total of seven SQF
genes are present, but only the dispersed members SQEI, SOE2 and SQE3 — sub-family I; “true SQOFs” —
are known to epoxidize squalene as the name suggests (Rasbery et al., 2007; Laranjeira ef al., 2015). SQFE4,
SQES5, SQE7 and SQE6 — sub-family II; “SQE-likes” —are located in a tandem-repeat do not epoxidize
squalene (Rasbery ef al., 2007) and have no further described function. However, the proteins locate
outside of the chloroplast and as of yet I haven’t been able to come up with a good working hypothesized
role or mechanism for SOF in processes related to photosynthesis. Another enigmatic feature is that SQF-
like genes are solely present in most Brassicacaea branch of plant evolution (Laranjeira et al., 2015),
signifying the diversity of the photosynthesis machinery among plant species.

The products of both TFIID and SQE-likes, and the biological processes these genes are involved in,
locate outside of the chloroplast and would therefore likely fall outside the scope of photosynthesis
physiologists to consider for further investigations (Zoschke & Bock, 2018). These genes certainly do not
belong to the, often cited, number of ~3000 genes identified in the Arabidopsis thaliana genome that have
their translated protein product locate to the chloroplast (Reumann et al., 2005; Martin & Sabatar, 2010;
Fristedt et al., 2017). The relationship between of SQE-likes and TF7ID and ¢PSII may serve as a starting
point to broaden the scope of potentially contributing factors to improve photosnythesis traits. More
importantly, these discoveries may serve as a reminder that photosynthesis traits in plants can be found in
many aspects of plant physiology or biochemistry as photosynthesis, not just inside the chloroplast, which

should not be overlooked.

4. From high throughput image phenotyping to improved photosynthesis and increased genetic

yield potential.

4.1 Screening and improving photosynthesis traits to predictor of yield

Studying natural variation in photosynthesis is primarily motivated by the prospect of eventually improving
the performance of crops (Driever et al., 2014; Flood et al., 2011; Acevedo-Siaca et al., 2020; Faralli &
Lawson, 2020; Long et al., 2020;). Here, performance is usually expressed in terms of (speed of) growth,
although potential benefits in tissue quality and abiotic stress tolerance traits should be recognised as well.
Chlorophyll fluorescence imaging, and similar technology such as hyperspectral- and thermal imaging, are
proposed and identified as the go to methodology to measure in vivo photosynthesis repeatedly (Baker,
2008; Murchie & Lawson, 2013; Tschiersch ef al., 2017) and high-throughput (Flood et al., 2011; Rungrat
et al., 2016; Murchie et al., 2018; Faralli & Lawson, 2019) for large numbers of plants in genetic studies.
The advantages of repeated and fast high-throughput chlorophyll imaging technology over traditional ways
of measuring photosynthesis efficiency are highly valued for their speed, flexibility and robustness in plant

genetic analysis (van Rooijen ef al., 2015; van Bezouw ef al., 2019; Rungrat et al., 2019). However, so far
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no reports have established the connection between discovered natural genetic variation in photosynthesis
traits derived from imaging technology and the added value of selection for those traits to increase crop
performance.

In Chapter 4, 1 found that the combined effect of the Q3 and Q5 QTLs for high light acclimation
in Arabidopsis accessions introduces a differential effect size of up to 25% higher ®PSII when comparing
lines carrying the opposite alleles. This combined effect size is an order of magnitude larger than any
previously reported for a photosynthesis trait (van Rooijen et al., 2015, 2017; Prinzenberg et al., 2020;
Flood et al., 2020) in the high-throughput photosynthesis phenotyping platform at the Wageningen
University (Flood et al., 2016). This combined effect size meets photosynthetic gains as reported in
transgenic studies (Driever et al., 2017; South et al., 2020), who report significant gains in biomass
accumulation. The identification of Q3 and QS5 thus challenges the idea that photosynthesis is a polygenic
trait with many low effect size QTLs (Ort et al., 2015; Flood, 2015; van Bezouw et al., 2019). Thus, these
QTLs motivated me to explore a potential relationship between the larger effect size QTLs for ¢PSII and
their potential to contribute to biomass accumulation through optimized photosynthesis. As these QTLs are
active in the response to a change in high light, I expected that the cumulative effect of repeated exposure
to high light perturbations during growth should affect biomass accumulation (as previously shown in
Vialet-Chabrand et al., 2017; Schneider et al., 2019). 1 also expected that the faster photosynthesis-
acclimatizing plants would also suffer less from impairments in productivity. However, the selected
Arabidopsis lines with the combination of superior acclimation alleles grew smaller, rather than bigger,
under these conditions. There are many factors as to why the outcomes of this experiment did not meet my
expectations, including background segregation of alleles and acclimatory processes that we could not
measure in the different growth conditions. However, a 25% difference of efficiency in a photosynthesis
trait cannot be ignored or under-estimated and suggests that optimization of photosynthesis may not be as
straightforward to improve as the high effect size of the Q3 and QS5 seems to suggest.

The quantum yield of photosystem II (®PSII) is one of the more intuitive parameters that arises
from chlorophyll fluorescence imaging. It describes the fraction of incoming light irradiance that is being
captured by photosystem II reaction centres and is subsequently used into photochemistry — and thus
carbon assimilation (Baker, 2008). However, carbon assimilation is also highly dependent on the
carboxylation rate of Rubisco — a key rate-limiting enzyme of the Calvin Benson cycle. Due to the
physiological and chemical alterations, C4 species are able to carboxylize a much higher fraction of
incoming CO,. In turn, this results in a high correlation between ®PSII and ®CO2 (carbon assimilation
efficiency) (Genty et al., 1989; Edwards & Baker, 1993). The relationship between ®PSII and carbon
assimilation in C3 species is more diffuse, particularly due to the role that photorespiration plays in
diverting electron transport and if plants experience misbalances in resources (Baker, 2008; Murchie &
Lawson, 2013). However, measures of carbon assimilation through gas-exchange analyzers — devices
which enable direct quantification of ®CO2 in plants — may also not necessarily lead to satisfying
correlations with biomass accumulation either (Murchie et al., 2002; Janh et al., 2011; Driever et al.,
2014). If the assessments of photosynthesis efficiency may not always show an obvious relationship with

biomass accumulation, then the goal of enhancing yield through improved photosynthesis requires a more
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General discussion

systematic approach. Careful scrutiny of related traits may will then eventually point out key biological
processes that may eventually point to such a relationship (van Bezouw et al., 2019; Zhu et al., 2020;

Theeuwen et al., 2022).

4.2 Understanding functioning, opportunities and limitations of photosynthesis for improved crop

yield

Flood (2015) and van Rooijen (2016) describe one of the first elaborate undertakings of using ¢PSII as a
trait to assess larger populations for their photosynthetic activity and under different environments, but all
performed in the same experimental setup (Flood ef al., 2016). In Flood (2015), the general effect sizes of
QTLs found in his study — which ran as low as a 0.25% difference between the strong and weak allele —
made him wonder about reasons why to even dissect such QTLs — and even whether the whole exercise
would be worth it. In Chapter 3, I dissected yet another such small effect size photosynthesis QTL (1.5%),
which on itself appears as yet another one of those detected (Flood, 2015). By dissecting this QTL in
Arabidopsis thaliana, we found that activity of SQFE-like was the sole major component of differences in
OPSII between the Col-0 and Ler-0 accessions. Findings like this may contribute to our understanding of
which processes in a plant cell do contribute towards changes in observed ®PSII — thus understanding what
the trait may potentially imply from a plant physiological point of view. In the case of my work in SQF-
likes, the signal that was picked up through assessment of ®PSII is likely to represent a change in a rate-
limiting catalytic process in a known or unknown metabolic pathway in Arabidopsis. If so, then observed
changes in ®PSII between genotypes should be treated with more caution, as the number of plant processes
indirectly responsible for changes in this parameter is potentially big, but creatively, as this would imply
that the applications of chlorophyll fluorescence imaging (CFI) may expand further. The exact meaning of
differences in CFI parameters resulting from genotypic differences must be understood thoroughly to
suggest biological mechanisms attributed to those changes.

In Chapter 5, I decided to eschew in vivo chlorophyll fluorescence imaging and try a different
approach to understand growth and physiology of plants under influence of different photosynthetically
demanding growth conditions. Particularly challenging conditions for the adaptation of photosynthesis is
plant adaptation to fluctuating light, a topic that saw an increase in interest due to resulting potential yield
losses (Vialet-Chabrand et al., 2017; Kaiser ef al., 2018; Ding et al., 2019; Schneider et al., 2019; Morales
& Kaiser, 2020). Transgenic alteration of a plant’s ability to adapt to dynamic light results also results in
alterations of growth (Athanasiou et al., 2010; Kromdijk et al., 2016; Garcia-Molina & Leister, 2020).
Despite this, fluctuating light has not yet established itself as an abiotic stress, alike salinity and drought.
Capitalizing on a recent discovery of natural variation in the growth response of various Arabidopsis
thaliana lines to fluctuating light (Kaiser et al., 2020), I was able to describe a reduced effect of a growth-
stimulating QTL on chromosome 3 using a population of CSLs (Chapter 5). An intensive fine mapping
approach may yield a light regime sensitive regulator for plant growth, while a thorough phenotypic,
molecular and/or biochemical analysis of the F1-hybrid may result in a deeper understanding in the role of

photosynthesis in hybrid vigour and its tolerance to fluctuating light conditions.
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Chapter 7

The high-throughput phenotyping facility the Phenovator (Flood ef al., 2016) is an excellent tool to
conduct time series analyses of photosynthesis and projected leaf area, yet to assess the photosynthetic
response to naturally fluctuating light conditions it is still too slow (Murchie ef al., 2018). Furthermore,
many other traits other than the efficiency of photosystem II can be efficiently phenotyped high-
throughput, and many researchers have demonstrated being able to do so (Rungrat et al., 2019). A future
lies ahead in which the focus of research will not rely on a single photosynthesis trait, but many, to
accurately evaluate specific traits (van Bezouw et al., 2019).

By evaluating various components of non-photochemical quenching — a plant protective
mechanism against excess light irradiance that operates at differen levels in time (Ruban, 2017) — I was
able to obtain a deeper insight in the plant’s photosynthetic response to differing fluctuating light regimes
in Chapter 4. Even though the direct translation of observed ®PSII and productivity fluctuating
environments in this chapter may have been contradictory, this chapter does show that selection for lines
carrying the large effect size, high light QTLs Q3 and Q5 may improve growth and reduced photo-
protective properties. This relationship was previously established by Kromdijk ez al. (2016) by modifying
photoprotection, although it could not be reproduced in Arabidopsis thaliana Garcia-Molina & Leister
(2020). Although in Chapter 4 the assessed genotypic material is not optimal due remaining segregation
and the relationship between the QTL was inverse to what was expected, at least the experiments
demonstrated that selecting for natural variants of photosynthesis traits can potentially result in improved

biomass accumulation in adverse light conditions as observed in the field.

5. Towards breeding directed at improving photosynthesis and yield

In my general introduction, I briefly touched upon the current state of the C4-rice project, an effort to
incorporate the more effective C4-photosynthesis molecular pathway into rice to benefit photosynthesis
efficiency and, consequently, production (Evans, 2000; Hibberd et al., 2008; von Caemmerer et al., 2012).
In the past 15 years this project garnered much insight and attention to the wider public, but the direct
transfer of this pathway in rice turned out to be more complicated than previously anticipated (Ermakova et
al., 2020; 2021). Around the same time, in the late 2000s, a group in Japan embarked on a line of research
that involved the evaluation of the impact of genomic introgressions related to photosynthesis on biomass
accumulation of rice cultivars (Adachi et al., 2010; 2011). In their latest study, a relationship between
biomass accumulation and late stage maintenance of carbon assimilation was described (Honda et al.,
2021). Up to date, this work serves as one of the better available examples to benefit productivity in a
staple crop species by using natural variation in photosynthesis. When the exact contributing loci are
resolved, a rice breeding program can potentially target this trait and lift off, well ahead of the supposed
“final breeding cycle before starvation” as stipulated by Kromdijk & Long (2016), even if multiple loci
need to be bred simultaneously into the desired commercial cultivar. Although this rice example should not
de-emhpasize the significance of transgenes to improve photosynthesis, it does show that natural variation

in photosynthesis traits can also be effective to achieve similar results.
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To have the exploitation of natural variation in photosynthesis successfully integrated in plant
breeding programs, working examples are in great need to show the feasibility as well as the development
of easily selectable traits. Selection for alleles of SQE-likes (Chapter 3) and TFIID (Chapter 4) will at this
point unlikely serve as promising genes to consider for future improvement of crops — unless the exact
mechanisms, and thus the benefits, are being resolved (Theeuwen et al., 2022). The association of these
genes with photosynthesis may ultimately broaden the scope of scientist to consider more potential targets
for improvement. To be able to make quick genetic gains to improve photosynthesis, genomic prediction is
a method which may drastically increase the speed by which these are being realized in highly polygenic
traits like photosynthesis (Meeuwissen et al., 2001; Bernardo, 2016; Millet et al., 2019). Rather than using
and elucidating photosynthesis traits to the molecular level or as a target in genomic prediction
experiments, phenomic prediction may serve as another approach to make use of photosynthesis traits in
breeding. Imaging phenotypes from chlorophyll imaging may serve as a basis to assess plant health and
metabolic activity, thereby using photosynthesis traits as predictive markers for productivity in later stages
Grzybowski et al. (2021). However novel, methodology to robustly and reliably phenotype plants at a
larger scale is required to yield the benefits, which may be aided and validated by linking causal genotypic
variation to phenotypes to understand the nature of measurements. Photosynthesis traits as described in
Chapter 4 (OPSII for light acclimation) and Chapter 5 (productivity tolerance to fluctuating light
conditions) may be two of such, particularly because of the large variation and moderate to high heritability
values observed in these experiments, but there may be many more that still will require exploration.

If there would be any doubt in the existence and potential of utility of natural variation in
photosynthesis traits, this must be have faded away. Having established the existence of natural variation
for photosynthesis, the most important bottleneck that currently exists is the question of how to translate
natural variation in photosynthesis into more resilient and better yielding crops. In this thesis I laid out
several different genetic and phenotypic strategies to do so, which may serve to inspire those who wish to

study natural variation in photosynthesis and find applications in plant breeding.
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Photosynthesis is one of the last traits in which maximization is still feasible for purposes of improving
crop productivity. The past decade has shown a sharp increase in the number of studies that prove and
establish the significance of natural variation in photosynthesis traits, and this thus opens up the potential to
use this resource in plant breeding programs. Chapter 2 describes this trend in which photosynthesis
phenotyping technology is finally starting to keep up with the biotechnological advances that lead to a
revolution in genetic and genomic analyses in the past twenty years. Photosynthesis traits are, however,
highly complex traits that often involve many genes that are low in effect and difficult to detect in genetic
mapping studies. To counteract these, bi-parental mapping populations offer several important advantages
including high detection power of quantitative trait loci (QTL), ease of generating genotypes to
demonstrate the impact of QTL and a low genomic complexity which helps identifying causal variants.
This thesis aims to demonstrate these advantages in studying natural genetic variation in photosynthesis
traits in Arabidopsis thaliana using three different bi-parental mapping types in three different light
environments. Chapter 3 describes the genetic mapping of photosynthesis efficiency in the Ler-0 x Col-0
recombinant inbred line population, in different stable light conditions. Fine mapping of the single QTL
resulted in the discovery of copy number variation in a previously uncharacterized gene family of
SQUALENE EPOXIDASEs. This chapter demonstrates how converging genomics and phenomics can lead 1
to the discovery of novel photosynthesis traits, and how they can be used in transgenic improvement. In
Chapter 4 I describe the identification of QTL in an F2-population for photosynthesis efficiency in
response to high light. These QTL, when combined, show a profound effect on photosynthesis efficiency.
The large effect size prompted me to select lines carrying these QTL and study the response in
productivity to a variety of fluctuating light regimes. To further anticipate on the use of fluctuating light
regimes in photosynthesis research, I designed a genetic mapping approach, described in Chapter 5, that
directly studied genetic variation for losses in productivity resulting from fluctuating light. The
chromosome substitution line (CSL-)population used in this study showed large variation in their
productivity tolerance to fluctuating light. Most notably, the F1 hybrid grown in this study expressed the
high productivity of one parent, while maintaining the tolerance to fluctuating light of the other parent.
Based in these results, I conclude that tolerance to fluctuating light may not only be a result of biophysical
limitations, but also that by selection for this trait it is possible to genetically improve it. As the use of CSL-
populations with multiple substitutions presents a novel concept, with only few literature reports available,
in Chapter 6 I modelled various aspects associated with reverse breeding, the development of CSL-
populations and their use in quantitative trait analysis. The models developed and conclusions drawn in this
chapter can be used to optimize strategies for the development of CSL-populations, also beyond the model
species A. thaliana. In all, this thesis demonstrates the effectiveness and potential of biparental mapping
populations to elucidate genetic variation for photosynthesis traits in A. thaliana, and provides a guideline

for strategic use and development of CSL-populations in quantitative trait analysis.
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POTOCUHTE3 € OAHIEID 3 OCTAaHHIX O3HAK, MAKCMMI3aLia AKOI BCe e MOMIMBA 3 METOH NiABULLEHHA
NPOAYKTUBHOCTI  Ci/IbCbKOTOCNOAAPCbKMX KynbTyp. OCTaHHE AECATUAITTA NPOAEMOHCTPYBaNO piske
36iNblUEHHA KINbKOCTI AOCNiAKeHb, fKi AOBOAATH i BM3HAOTb 3HAYYLLICTb MPUPOAHOI Bapialii 03HaK
doToCUHTE3Y, LWOBIAKPMBAE MOXKAMBOCTIANA BUKOPUCTAHHSA LbOTO Pecypcy B Nporpamax cenekLii pocamH.
Po3pain 2 onucye TeHaeHUj0, 33 AKOL TexHonOoriA GeHOTMNYyBaHHA (OTOCUMHTE3Yy HapewTi Ha3foraHAe
6iOTeXHONOrYHI AOCATHEHHA, AKi NpU3BeW A0 PEeBOOUii B reHeTMYHOMY Ta FeHOMHOMY aHanisi 3a
OCTaHHi ABafuATb pokiB. OfHAK 03HaKM GOTOCMHTE3y € AyXKe KOMMAEKCHUMM O3HaKamM, fKi Yacto
334iI0TbYMC/IEHHI TeHWN 3 HU3bKOIOEDEKTUBHICTIO i BaXKKICTIO BUAB/IEHHA B AOCNIAXKEHHAX 3 FeHETUYHOro
KapTyBaHHA. [lBob6aTbKiBCbKiNONyALT 417 KapTyBaHHA AOMOMaraloTb OMUHYTU Lji 0OBMeKeHHA TaHafaloTb
KiNbKa BaXK/IMBMX MepeBar, BKAKOYAOYM BUCOKY 34aTHICTb BUAB/EHHS JIOKYCIB KifbKicCHMX 03Hak (/IKO),
NerKiCTb CTBOPEHHA reHOTUNIB ANA AeMoHcTpauii Bnamey JIKO Ta HM3bKy r€eHOMHY KOMIMJIEKCHICTb, AKa
nonomarae ifeHTUdiKyBaTU NPUUMHHI BapiaHTK. Lia aAncepTauia Mae Ha MeTi 4eMOHCTpaLLilo LMx nepesar
LN BUBYEHHS NPUPOAHOI reHeTUYHOI Bapiauii o3HaK ¢oTtocuHTesy Arabidopsis thaliana Ha npuknagi
BMKOPUCTAHHA TPbOX OKPEMWX [BODATBbKIBCbKMX MOMYAALN ANA KapTyBaHHA Ta BMBYEHHA FEHETUYHOI
Bapiauii o3HaK GOTOCMHTE3y B TPbOX Pi3HMX CBITNOBUX cepenoBuwax. Posgin 3 onucye reHeTuyHe
KapTyBaHHA eQpeKTMBHOCTI (OTOCUHTE3y B Pi3HUX CTabibHMX YMOBAxX OCBITAEHHA B nonyaauii
pekombiHaHTHMX iHBpeaHuX NiHil Ler-0 x Col-0. TouHe KapTyBaHHA €anHoro JIKO npu3seno 40 BUAB/IEHHSA
BapiaLil KiNbKOCTI KONil y paHille HeOXapaKTePM30BaHili POAMHI FeHiB, LLO KOAYIOTb CKBANIEH eNOKCUAA3M.
Llei po3gin 0eMOHCTPYE AKNOEAHAHHA reHOMIKM Ta GEHOMIKM MOKe NPUBECTU A0 BiAKPUTTA HOBUX O3HaK
$OTOCUHTE3Y Ta AK X MOXHa BMKOPWUCTATM ANA TpaHCreHHOro MokpalleHHA. Y posaini 4 a onucyto
ineHTMoiKayito JIKO edeKTMBHOCTI GOTOCUHTE3Y MPUCMABHOMY OCBITAEHHI Y MOKoAiHHI F2. Ui JIKO B
CYKYMHOCTi [AeMOHCTPYIOTb TMOOKUI BNAMB Ha epeKTUBHICTb POTOCMHTE3y. BUcoKa BennyvHa Lboro
edeKTy cnoHyKana meHe BMbpaTt NiHil, wWo mictatb ui JIKO, i gocniant 3miHM y NPoAYyKTUBHOCTI npu
Pi3HOMaHITHUX KONMBAHHAX CBITNIOBMX pPeXUMIB. [NA NpUWBKMAWEHHA NOAANbLWOrNO0 BUKOPUCTAHHA
MIHAMBUX CBITIOBUX PEXUMIB Y AOCNIAKEHHAX (OTOCMHTe3y, A pPo3pobuB nigxis 4O reHeTUYHoro
KapTorpadyBaHHA, onucaHuii y po3gini 5, ana  6esnocepeAHbOrOAOCAIANKEHHA  FE@HETUYHUX
Bapiauiinos’a3aHMX 3i 3MEHLIEHHAM NPOAYKTUBHOCTI BHAC/MILOK CBITIOBUX KOAMBaHb. Monynsuia AiHii3
3amilLeHnmmnxpomocomamm (/13X), BUKOpUCTaHa B LibOMY AOCAIAMEHHI, Mana BEANKY BapiaLito B CTIMKOCTI
IXNPOAYKTUBHOCTI [0 CBITN0BUX KOAMBAHb. 30KPEMa BUMKOPUCTAHMI Yy LLbOMY AOCAHIAXKEHHI ribpug F1
NPOAEMOHCTPYBaB BUCOKY NPOAYKTUBHICTb OAHIEI 6aTbKiBCbKOI NiHii, 36epiratoum npu Lbomy CTiliKicTb A0
CBITNOBMX KOMMBAHb Bif, iHWOI 6aTbKiBCbKOI NiHil. Y BiANOBIAHOCTI 3 UMMM pesynbTaTammu 8 pobto
BMCHOBKM, L0 TO/NIEPAHTHICTb 0 CBIT/IOBUX KOAMBaHb MOXe BYTV He TiIbKM pesynbTaTom 6iodisnuHmx
obMmerKeHb, afe i Te, WO LWAAXOM Bigbopy 3a L€ 03HAKOK MOMHA reHeTUYHO NoKpawmTH Ti. OCKiNnbKK
BMKOPUCTaHHA nonynauin /13X 3 KinbKoma 3aMillleHHSIMW NpeacTaBnse cobor HOBY KOHLUEMLito, LWo
3raflyeTbCA LLE Y AEKINbKOX NiTepaTypHUX 3BiTax, Y Po3aini 6 A 3moaentoBaB pi3Hi acnekTH, Nos’s3aHi 3i
3BOPOTHOIO Ce/eKLiE, 3aCHyBaHHAM nonynauii /13X Ta iXx BUKOPUCTAHHAM Y aHanisi KifIbKiCHUX O3HaK.
Po3pobneHi mogeni Ta BUCHOBKM, 3p0baeHi B LboMy Po34isi, MOXKYTb 6YTU BUKOPUCTaHI 418 onTMmisauii
CTpaTeriit CTBOpeHHA nonynsauin /13X 3a mexamu MoAesnbHoro opraHismyA. thaliana. 3aranom, us
ancepTauia AeMOHCTPYeE edeKTUBHICTb | MOoTeHLian BUKOPUCTAHHA ABOOATbKIBCbKMX nonynauin ana
KapTyBaHHA TaBM3HAYyeHHA TFeHeTUYHOI Bapiauii o3HaK ¢oTocuHTesy A. thaliana, a TakoX Hapae
pekomeHAaLji LWoAo CcTpaTerii BUKOPUCTAHHA Ta CTBOPEHHA nonynsuin J13Xana KinbkicHoro aHanisy
O3HaK.

(Thanks Kyrylo Schenstnyi for the translation)
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Sminthurinus lawrencei in natural habitat, 27-11-2021, NL (Photo: Jan van Leeuwen)
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C: I always make fun of it and stuff, but isn't everything we dream in life
a way to be loved a little more?

J: Yeah. I don't know. Sometimes I dream about being a good father and
a good husband. And sometimes that feels really close. But then other
times, it seems silly, like it would ruin my whole life. And it's not just a
fear of commitment, or that I'm incapable of caring or loving, because... [
can. It's just that, if I'm totally honest with myself, I think I'd rather die
knowing that I was really good at something, that I had excelled in some
way, you know, than that I'd just been in a nice, caring relationship.

C: Yeah, but, I had worked for this older man, and once he told me that he
had spent all of his life thinking about his career and his work. And he
was 52, and it suddenly struck him that he had never really given
anything of himself. His life was for no one and nothing. He was almost
crying saying that.

You know, I believe if there's any kind of God, it wouldn't be in any of us.
Not you, or me. But just, this little space in between.

If there's any kind of magic in this world, it must be in the attempt of
understanding someone, sharing something. [ know, it is almost
impossible to succeed. But who cares, really? The answer must be in the
attempt.

- Before Sunrise (1995)
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