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G l o s s a r y  

Adaptation/ 
adaptive 
potential 

When selection favors different alleles or allele combinations in specific 
environments, these will contribute to local adaptation. The adaptive potential 
of a trait comprises the standing genetic variation that can be selected upon 
and thus can potentially contribute to adaptation. 

ARR Age-Related Resistance 

Co-evolution Defined as “reciprocally adaptive genetic change” (Pagán et al. 2010), meaning 
that in the case of the two traits of interest here – defense and flowering time 
– co-evolution means that adaptive variation of one trait influence the 
variation and adaptive potential of the other trait. Selection acting on one trait 
will thus invariably affect fitness of the other trait and vice versa. 
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either be defense genes influencing flowering time or vice versa. 
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PTI PAMP Triggered Immunity 
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A b s t r a c t  

Flowering time and immune defense are two extremely important traits for plant fitness. The 

life-history-strategy of plants has been implicated as effecting defense responses, but the 

evolutionary and genetic constraints behind it are not understood. Understanding the 

evolutionary dynamics of disease resistance and the genetic basis of developmental regulation 

of defense will illuminate cross-talks with flowering regulatory networks to better understand 

the evolution of adaptation, and could have implications for crop breeding. Most aspects of 

flowering and defense regulation have been well studied in Arabidopsis thaliana, where 

homologous genes are found in a variety of other plants, making it a suitable model for 

studying the evolutionary constraints of flowering time variation on the selection of defense 

traits. In this study, I identified co-variation with flowering time as genes that correlated with 

flowering time (FTC) in a set of natural A. thaliana accessions and I quantified the amount of 

variation of defense gene expression that associated with flowering time. With this unique 

approach I was able to identify and differentiate between flowering time-correlation that is 

due to common regulators, dependent on development or resulting from co-variation. 

Defense genes were enriched among FTC genes, which was the first indication that defense 

responses and flowering time tend to generally co-vary in nature. FTC defense genes can be 

considered candidates for a potential history of co-evolution between flowering time and 

defense if their co-variation is not explained by common regulators (pleiotropy). Pleiotropy is 

here defined as a gene directly affecting the phenotype of both flowering time and defense 

either via direct protein function or via concerted regulation. To distinguish pleiotropic from 

evolutionary constraints, differential gene expression was analyzed in two segregating 

accessions, Bur-0 and Col-0, and their earliest and latest flowering Recombinant Inbred Lines 

(RILs) at two time points. The time points reflected developmental stages before and after 

the transition to flowering. Genes differentially expressed (DE) between early and late 

flowering RILs were defined as flowering time-associated (FTA). There was an enrichment 

of defense genes among genes DE between Bur-0 and Col-0 but not among FTA genes, 

which suggests that defense gene expression is not generally regulated by flowering time. This 

indicates that while individual defense genes have pleiotropic effects on flowering time and 

vice versa, the majority of co-variation between the traits cannot be explained by this. 

Absence of a majority of common regulators can be considered a hint for a potential history 

of co-evolution between defense and flowering time explaining most of the co-variation 

observed between the traits. Defense gene expression, and in particular FTA differential 

expression, was strongly dependent on development. Plants close to the transition to 

flowering showed stronger defense gene expression than after the transition, suggesting that 

defense genes might have experienced balancing selection. That defense gene expression was 

not generally regulated by flowering time, but highly dependent on development, might have 

negatively impacted the adaptive potential of defense regulators to be selected independently 

during the evolutionary history of A. thaliana.  
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1 .  I n t r o d u c t i o n  

Flowering time – the length of time it takes a plant to produce flowers and reproduce – and 

immune defense are important traits for plant fitness and evolutionary adaptation. Both traits 

have been extensively studied in plant biology, but a comprehensive view on the adaptive 

relevance of life-history and defense variation is lacking. There is evidence that development 

and life-history-strategy influence defense but the underlying mechanisms are not understood 

(Pagán, Alonso-Blanco, and García-Arenal 2009; Korves and Bergelson 2003; Alcázar et al. 

2011; Le Roux et al. 2014). I aim to explore the link between flowering time and defense at 

the interface of evolutionary biology, quantitative genetics and transcriptomics, addressing 

questions of evolutionary consequences of flowering time variation on plant defense. 

Understanding the genetic basis of developmental regulation of immune responses can 

illuminate genetic and evolutionary constraints on cross-talks between flowering time and 

defense networks. 

In the following sections, I first describe the gene networks controlling flowering time and 

their adaptive relevance in the field. In a second part, I describe plant defense mechanism 

and report on studies analyzing their adaptive relevance in Arabidopsis thaliana. Finally, I 

introduce the reasons why the two traits should also be analyzed jointly.  

FLOWERING TIME 

Arabidopsis thaliana – a model plant for understanding flowering time regulation 

Flowering is a crucial step in plant development because it determines the conditions in 

which seeds will be produced and released into the environment, impacting their chances of 

survival (Alonso-Blanco et al. 2009; Debieu et al. 2013). Its regulation has been extensively 

studied in the model plant A. thaliana (L., Heynh.), which is a diploid, selfing (and thus mostly 

homozygous) annual species of the Brassicaceae family (Al-Shehbaz and O’Kane 2002). It 

has been one of the most important and widely used model organisms in biological and 

agricultural research ever since the 1940s. Genome, transcriptome and other molecular 

information is available of several accessions, allowing a targeted study of traits, genes and 

mutations (Araki 2001; Mouradov, Cremer, and Coupland 2002; Hayama and Coupland 

2004; de Meaux and Koornneef 2008). The genome of A. thaliana consists of 157 mega base 

pairs on five chromosomes and contains 35.000 protein coding genes, of which 27.000 have 

assigned functions (Bennett et al. 2003). It shares homologous genes with other plants in 

many pathways, so that insights can often be applied to other, more economically applicable 

species, like tobacco, maize and other crops (Sharbel, Haubold, and Mitchell-Olds 2000; 

Hoffmann 2002; Donohue et al. 2005b). 

The life cycle of a typical A. thaliana plant has four main stages: Germination, vegetative 

rosette growth, bolting, flowering/ seed production and finally senescence. The duration of 

the stages differs between accessions; their genes affect seed dormancy, flowering time and 

general life-history strategy (Ratcliffe et al. 1998; Deng et al. 2011; Jullien et al. 2006). One 
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individual can produce hundreds of seeds, which produce one-stemmed plants, growing 

from a leafy rosette at their base. From the main shoot, several side-shoots branch out. At 

the tips of these shoots, the plants produce small, white flowers, typically in clusters. From 

usually self-fertilized flowers, seeds develop and are stored in siliques until they are released. 

Flowering time regulation 

Flowering is initiated by the transition from vegetative to reproductive growth. This 

transition is characterized by major rearrangements of cells at the shoot apical meristem 

(SAM), a population of pluripotent stem cells at the tip of the shoot apex from which all 

shoot structures, lateral organs and stem tissues emerge (McDaniel and Hartnett 1996; 

Bowman and Eshed 2000). The beginning of main shoot growth is called bolting and is 

followed by production of flowers (Poethig 2003). Once the transition to flowering has been 

induced, it cannot be reversed. Thus, the timing of flowering initiation has major impacts on 

seed survival and fitness (Barrett 2008; Bolouri Moghaddam and Van den Ende 2013; 

Gazzani et al. 2003). Several genetic, as well as environmental cues are processed to make a 

supposedly optimal decision about flowering time: Endo- and exogenous stimuli activate 5 

downstream regulatory pathways (Huijser and Schmid 2011; Mouradov, Cremer, and 

Coupland 2002; Srikanth and Schmid 2011). 

1) The photoperiod pathway, activated in response to changes in day length and light 

intensity. 

2) The vernalization pathway, activated upon exposure to a prolonged period of cold 

temperatures. 

3) The autonomous pathway, which encompasses endogenous regulators independent 

of external cues. 

4) The gibberellin pathway, which responds to gibberellic acid (GA). 

5) Aging. 

Many flowering regulators act as integrators between several of these pathways and induce 

major rearrangements of chromatin structure during flower development, changing the 

accessibility of different genes for transcription factors (Hepworth et al. 2002; J. Lee and Lee 

2010; Mouradov, Cremer, and Coupland 2002). All pathways eventually lead to the activation 

of the same floral identity genes, like LEAFY (LFY) and APETALA 1 (AP1). A common 

target of photoperiod, vernalization and GA pathway is SUPRESSOR OF 

OVEREXPRESSION OF CONSTANS 1 (SOC1), which activates transcription of 

downstream floral identity genes (Mouradov, Cremer, and Coupland 2002). 

Most plants flower in response to accumulation of photothermal units, which describe the 

amount of light a plant needs to have been exposed to, independent of other environmental 

factors, before being able to transition to flowering (Fournier-Level et al. 2013; Wilczek et al. 

2009). With days getting longer from winter to summer, the amount of daylight and 

photothermal units the plant receives, increases. This is called photoperiodism and different 

plants flower in response to different photoperiods. Short-day plants, like rice, flower when 

the day is shorter than a critical length (usually fall). Facultative long-day plants, like 
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A. thaliana, flower earlier under long days, typically in spring or summer when the day 

exceeds a critical length (Garner and Allard 1920; Onouchi et al. 2000; Ratcliffe et al. 2001; 

Andrés and Coupland 2012). Photoperiodism is controlled by a network of genes 

transducing light and circadian clock signals, including CONSTANS (CO), 

CRYPTOCHROME 2 (CRY2), PHYTOCHROME A (PHYA), GIGANTEA (GI) and 

FLOWERING LOCUS T (FT). CRY2 and PHYA are photoreceptors that likely activate 

CO transcription. Constitutive expression of CO leads to early flowering via circadian clock 

responses and activation of FT. Mutations in GI change gene expression rhythms and are 

likely involved in integrating circadian rhythm information (Mouradov, Cremer, and 

Coupland 2002). If the critical number of photothermal units has not been reached after a 

certain time, most plants will eventually flower following other cues.  

Vernalization requirement determines whether a prolonged exposure to cold temperature is 

needed before a plant gains competence to flower. In A. thaliana accessions, we find 

substantial variation in the vernalization requirement, but most fall within two strategies: 

long-cycling winter annuals and short-cycling spring annuals (Nordborg and Bergelson 1999; 

Donohue et al. 2005b). The winter annuals’ seeds germinate in fall, grow over winter and 

flower in spring. This usually coincides with a vernalization requirement, which ensures seed 

ripening to align with suitable  environmental conditions (Michaels and Amasino 2000; 

Strange et al. 2011; Yan et al. 2004). Spring annuals germinate in spring, followed by a much 

shorter period of vegetative growth until flowering and seed production in summer 

(Donohue et al. 2005a; Donohue 2005). Accessions from mountainous habitats or higher 

latitudes are often winter annuals, while accessions adapted to milder climates are often 

summer annuals (Henderson, Shindo, and Dean 2003). Field assays have however blurred 

the dichotomy between winter and summer annuals, whose life-cycle and vernalization 

requirement is also influenced by the timing of germination (Wilczek et al. 2009; Chiang et al. 

2012). Winter annual growth is mediated by repression of other flowering induction 

pathways until the plant has been vernalized; afterwards the plant reacts normally towards 

photoperiod and other cues (Mouradov, Cremer, and Coupland 2002). Winter and summer 

annuals differ mainly in two loci: FRIGIDA (FRI) and FLOWERING LOCUS C (FLC), 

both of which confer a vernalization requirement with their dominant allele (Clarke and 

Dean 1993; Michaels and Amasino 1999; Sheldon et al. 2000; Mouradov, Cremer, and 

Coupland 2002; Alonso-Blanco et al. 2009; Srikanth and Schmid 2011). FRI increases FLC 

transcription, which encodes a MADS box transcription factor that represses flowering until 

after vernalization (Figure 10). FLC mutant plants still show weakened vernalization 

response, suggesting partially redundant function with other MADS box transcription 

factors, like FLOWERING LOCUS M (FLM) (Mouradov, Cremer, and Coupland 2002). 

The autonomous pathway encompasses endogenous regulators independent of other 

flowering pathways, including LUMINIDEPENDENS (LD) and FLOWERING LOCUS D 

(FLD). Mutants of these genes show delayed flowering independent of photoperiodism via 

induction of FLC expression, indicating that the autonomous pathway activates flowering via 

FLC repression (Srikanth and Schmid 2011). GA is a growth regulator affecting many other 

developmental traits, like germination and stem elongation. Several genes in the GA 

biosynthetic pathway, like GIBBERELIC ACID INSENSITIVE (GAI) and REPRESSOR 
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OF GA1-3 (RGA), have been shown to induce flowering via increased GA levels and 

transcription of the floral meristem identity gene LFY (Mouradov, Cremer, and Coupland 

2002). Recently, hints for a fifth flowering pathway independent of photoperiodism, 

vernalization, autonomous signaling and GA have been presented. This pathway regulates 

flowering via the micro RNA miR156 involved in aging. Targets of miR156 are 

SQUAMOSA PROMOTER BINDING PROTEIN-LIKE (SPL) genes (Gandikota et al. 

2007; Schwarz et al. 2008). 

There is substantial adaptive genetic variation in flowering time between A. thaliana 

accessions 

Adapting flowering time is critical for maximizing fitness under specific environmental 

conditions, because it determines whether seeds will be able to develop in favorable 

conditions (Alonso-Blanco et al. 2009; Debieu et al. 2013). Thus, flowering time is expected 

to be under strong selection depending on the standing genetic variation in the population. 

For a trait to be evolutionary adaptive, there needs to be sufficient standing genetic variation 

on which selection can act. Variation in flowering pathways has been shown to be involved 

in adaptation to different environments, harboring the potential for phenotypic and genetic 

plasticity reflected by different life-history strategies; (Fournier-Level et al. 2013; Debieu et al. 

2013). However, not all natural variation is necessarily adaptive in different habitats or 

environments, and not all of the major flowering regulators influence fitness in the field 

(Brachi et al. 2010; Fournier-Level et al. 2013; Le Corre 2005; Le Corre, Roux, and Reboud 

2002; Toomajian et al. 2006; Kronholm et al. 2012; Banta et al. 2007). Two major flowering 

loci, FLC and FRI were shown to be under selection acting in local adaptation but in their 

effect they were strongly influenced by meta-population dynamics (Le Corre 2005; 

Toomajian et al. 2006). While the majority of studies on selection and adaptation have been 

performed in greenhouses, field studies have shown strong genotype x environment 

interactions affecting the adaptive potential of alleles (Brachi et al. 2010; Fournier-Level et al. 

2013). Habitat-specific fitness associated loci have been found to be involved in adaption to 

local geographic and climatic conditions (Mouradov, Cremer, and Coupland 2002; Andrés 

and Coupland 2012; Alonso-Blanco et al. 2009; Atwell et al. 2010; Fournier-Level et al. 2011; 

Debieu et al. 2013). Genetically diverse accessions of A. thaliana grow across most of the 

Northern hemisphere and in a variety of habitats, causing substantial adaptive variation in 

almost all traits, including flowering time (Weigel 2012; Debieu et al. 2013; Wilczek et al. 

2009; Agren and Schemske 2012). Climatic variation strongly correlates with selection and 

influences fitness in natural populations; Northern accessions sometimes die in the field 

before flowering (Hancock et al. 2011; Nordborg et al. 2005). While Early flowering 

accessions start producing flowers as early as 17 days after planting, while late flowering 

accessions can take up to more than 50 days. Phylogeographic studies show that 

geographically close ecotypes are not usually closely related genetically (Alonso-Blanco et al. 

2009).  
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PLANT DEFENSE 

Plants face threats from a wide range of pathogens, including bacteria, fungi, oomycetes, 

nematodes, insects and viruses. They can be necrotrophs, feeding on dead host material, or 

biotrophs, requiring a living host cell for survival. Viruses are obligatory biotrophs, while 

insects, bacteria and fungi exist in both groups (Dangl and Jones 2001). Defense mechanisms 

can be divided into three categories: prevention, resistance (fast clearing of infectious agents), 

and tolerance (reduced symptoms when infected). First line defense mechanisms are 

unspecific and effective against a broad range of pathogens. In plants there is a stable cell 

wall covered with wax-like substances that impede entry into the organism. Antimicrobial 

compounds released into the proximate environment can repel potential pathogens (Dangl 

and Jones 2001). On the cell surfaces we find so called Pattern Recognition Receptors 

(PRRs), which bind Pathogen-Associated Molecular Patterns (PAMPs) and elicit downstream 

signaling cascades, activating PAMP-Triggered Immunity (PTI) (Jones and Dangl 2006; 

Dodds and Rathjen 2010). Examples for PRRs are the Leucine-Rich Repeat Receptor 

Kinases (LRR-RKs) FLAGELLIN SENSITIVE 2 (FLS2) and ELONGATION-FACTOR-

THERMO-UNSTABLE RECEPTOR (EFR), which recognize common bacterial peptides 

(Gómez-Gómez, Felix, and Boller 1999; Gómez-Gómez and Boller 2000; Chinchilla et al. 

2006; Robatzek, Chinchilla, and Boller 2006; Zipfel et al. 2006; Lacombe et al. 2010; Lozano-

Durán et al. 2013).  

Defense pathways can also be activated by the phytohormones salicylic acid (SA), jasmonic 

acid (JA) and ethylene (ET) (Glazebrook 2005). Many pathogenic bacteria either produce 

phytohormones upon infection or modulate their production using plant biosynthetic 

processes (Pertry et al. 2009). SA activates resistance responses against a vast array of 

pathogens and responds to abiotic stress, while JA signaling is induced by wounding and 

mediates resistance against insects and some fungal pathogens. JA and SA pathways act 

antagonistically. ET is also involved in defense against different pathogens but it also 

regulates plant growth, fruit ripening, leaf senescence and responses to abiotic stress. During 

aging, another type of broad-spectrum resistance, called Systemic Acquired Resistance (SAR), 

is induced following exposure to pathogens or abiotic stresses. SAR leads to a thickening of 

cell walls and activation of other defense pathways like SA and ET signaling. Common 

regulatory elements in SAR are WRKY-transcription factors. At the time of transition from 

vegetative to reproductive growth, the plant acquires so called Age-Related Resistance (ARR), 

another unspecific, broad-range defense mechanism. Mutations in ARR genes have been 

shown to delay flowering (Carviel et al. 2009). For example, if parts of the SA pathway are 

mutated, A. thaliana will induce SAR through the proteins NON-EXPRESSOR OF PR 

GENES (NPR1) and NONINDUCIBLE IMMUNITY (NIM1) (Dangl and Jones 2001). 

Once a pathogen has infected the organism, more specified defense mechanisms are 

activated. In many plants, including A. thaliana, we find sets of genes expressed in reaction to 

specific pathogens, so called resistance- (R-) genes (Michelmore and Meyers 1998; Meyers et 

al. 2003; Peyyala, R. and Farman 2006). Resistance-mediating alleles of these genes recognize 

avirulence factors from the corresponding pathogen. If the avirulence factor is not 

recognized, the plant is susceptible to infection by this pathogen (Mackey et al. 2003). The 
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largest group of R-genes encodes so called Nucleotide Binding Site Plus Leucine-Rich Repeat 

(NB-LRR) proteins, which are involved in peptide-ligand binding, protein-protein and 

protein-carbohydrate interactions. NB-LRR activation induces SA- and reactive oxygen 

species (ROS) - dependent defense responses (Dangl and Jones 2001; J. D. G. Jones and 

Dangl 2006). The composite defense response is controlled by interactions between defense 

pathways.  

Cross-talk between defense and regulation of development  

Life-history-strategy has been implicated to influence defense: Pathogens can induce 

precocious flowering and many defense mutants show altered flowering time and many 

pathogens cause developmental changes in the host plant (Pagán, Alonso-Blanco, and 

García-Arenal 2009; T. M. Korves and Bergelson 2003; Alcázar et al. 2011; Le Roux et al. 

2014). But the evolutionary and genetic constraints on defense and flowering time are not 

understood. Defense and flowering are highly complex traits involving many regulatory 

elements with a number of genes and transcription factors potentially interconnecting the 

two traits. Two possible mechanisms can account for the link between the traits we observe. 

1): Pleiotropic genes which directly regulate flowering time and defense. And 2): evolutionary 

constraints leading to correlated selection of flowering regulators with defense genes. 

PAMP triggered immunity (PTI) 

One potential interaction causing a link between defense and flowering time is found in 

PAMP downstream signaling, which has been shown to have a reciprocally inhibitory 

relationship with hormone-induced growth pathways: PTI reduces growth, while 

brassinosteroids and auxin inhibit PTI (Chinchilla et al. 2007; Kemmerling et al. 2007; 

Robert-Seilaniantz, Grant, and Jones 2011; Albrecht et al. 2012; Belkhadir et al. 2012; Shi et 

al. 2013; Fan et al. 2014). For FLS2, we know of a positive correlation between flagellin 

binding affinity and flowering time, with late flowering plants showing a higher binding 

affinity than early ones (Vetter 2010, PhD thesis; Vetter et al. 2012). However, we do not 

know what controls this variation in protein abundance; it might simply have been a 

consequence of the difference in development between accessions with different flowering 

times. Another flg22 response regulator, the RNA binding protein FPA has been shown to 

also be involved in the transition to flowering and might thus be at least party involved in 

linking PTI and flowering time (Lyons et al. 2013). A different group of transcription factors, 

the basic helix-loop-helix (bHLH) proteins, are involved in mediating plant growth and 

development via hormonal or environmental cues. One of these proteins, HOMOLOG OF 

BEE2 INTERACTING WITH IBH 1 (HBI1) negatively affects PTI and pathogen 

resistance. Moreover, PAMP-signaling has been found to repress HBI1 transcription (Fan et 

al. 2014). 

Phytohormones regulate immune responses and development 

The brassinosteroid receptor BRASSINOSTEROID INSENSITIVE 1-ASSOCIATED 

KINASE 1 (BAK1) functions as co-factor to FLS2 and EFR. This directly influences 

defense and the growth hormones brassinosteroids. BAK1 in turn interacts with the receptor 
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kinases BRASSINOSTEROID INSENSITIVE 1 (BRI1) and BRASSINAZOLE-

RESISTANT 1 (BZR1) (Monaghan and Zipfel 2012; Guo et al. 2013; Cheon et al. 2013). 

BRI1 is the surface receptor mainly responsible for binding and downstream activation of 

brassinosteroid signaling cascades and one of its substrates, BR-SIGNALING KINASE 1 

(BSK1), has been found to physically associate with FLS2 and to be required for downstream 

signaling of PTI (Chinchilla et al. 2007; Shi et al. 2013; Sun et al. 2010). BZR1 downstream 

activation inhibits PTI by inducing WRKY transcription factors which negatively regulate 

early immune responses (Albrecht et al. 2012; Lozano-Durán et al. 2013; Fan et al. 2014). 

BZR1 has also been found to be responsible for the negative effect of brassinosteroids on 

glucosinolate production (Guo et al. 2013). 

Other plant hormones are also involved in connecting development and defense: salicylic 

acid (SA), which is involved in Systemic Acquired Resistance (SAR), hypersensitive response 

(HR) and resistance to viruses, fungi and bacteria, accelerates flowering under stress and is 

involved in the photoperiod and autonomous flowering pathway (Martínez et al. 2004). 

Abscisic acid (ABA) is involved in regulation of stomatal aperture, which is important for 

controlling gas exchanges with the environment but are also potential entry gates for 

pathogens. ABA has been shown to be involved in suppressing defense reactions towards 

bacteria and it acts antagonistically with SAR (Alcázar et al. 2011). Gibberellic acid (GA) and 

auxins are involved in plant growth. GA regulates DELLA proteins, deficiency of which lead 

to enhanced susceptibility towards necrotrophs and to increased resistance against other 

pathogens, indicating that DELLA proteins are connected to SA and JA/ ET mediated 

defense pathways (Navarro et al. 2008). Auxin perception and signaling is inhibited by SA 

and auxin pathway mutations and can lead to decreased SAR (Alcázar et al. 2011). 

EVOLUTION OF DEFENSE AND DEVELOPMENT 

Co-evolution between defense and development 

Regulation of plant development – which means an organism going through its life-history 

stages from germination to vegetative and reproductive growth, flower and seed production 

and finally senescence – is tightly linked to many other traits (Amasino 2010; Schmid et al. 

2005). Phenotypic variation resulting from heritable genetic variation is the only target which 

selection can change. Additionally, because developmental pathways confer phenotypic 

plasticity, their variability has been hypothesized to smoothen the fitness landscape (Frank 

2011). The evolution of a trait is thus a synergy between genetic and developmental factors. 

Because a plant’s risk of parasitic infection increases with longevity, flowering time influences 

the cost/ benefit ratio of defense and thus the selection pressure acting on the defense 

system. Consequently, defense genes would be selected in concordance with flowering genes. 

Because parasite pressure can vary dramatically, especially in plants like A. thaliana where the 

prevalence and virulence of pathogens in natural environments is low, the forces most 

consistently driving co-evolution are probably development and environmental factors 

(Alcázar et al. 2011). This would lead to strong co-evolution between basal defense and 
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flowering time; genes selected to be maintained in association with flowering time reflect 

adaptive responses in relation to life-history strategy (Alcázar et al. 2011). 

Cost-benefit ratios drive the evolution of defense 

Evolutionary response may be restricted by low levels of standing genetic variation, by 

stabilizing selection or by genetic trade-offs between fitness components. Flowering 

regulators were shown to be under selection and several defense genes, like RPM1, RPP13, 

RPS2 and RPS5 were shown to maintain high nucleotide diversity due to balancing selection 

(Shindo, Bernasconi, and Hardtke 2007; Stahl et al. 1999; R. L. Allen et al. 2004; Caicedo, 

Schaal, and Kunkel 1999; Mauricio et al. 2002; Rose et al. 2004). This could be explained by a 

trade-off between the benefits of defense and its costs, which resulted in resistant plants 

producing fewer offspring (Tian et al. 2003; Korves and Bergelson 2004). Plants should 

flower under the conditions that maximize seed output, and in consequence fitness. 

Understanding the genetic basis of fitness variation is required to understand life-history 

adaptation across natural environments (Debieu et al. 2013; Fournier-Level et al. 2013; de 

Meaux and Koornneef 2008; Mitchell-Olds 1996; Fournier-Level et al. 2011). The longer the 

vegetative growth period until flowering, the bigger the plant’s size at reproduction and the 

higher its seed output (Koornneef, Hanhart, and van der Veen 1991; Schultz and Haughn 

1993). While selection favors plants that attain large sizes at reproduction to maximize seed 

output, genes involved in resource allocation mediate trade-offs between age and size in 

A. thaliana (Mitchell-Olds 1996). Taking longer until seed production will increase the risk of 

dying before reproduction, either through pathogenic infection or through harmful 

environmental conditions, like drought. As shown by the numerous genes and regulatory 

mechanisms facing trade-offs regarding development, evolution of defense and development 

are mutually dependent on processes of local adaptation. Changes in life-history modulate the 

balance between costs and benefits of defense mechanisms. This balance is influenced by the 

amount of energy needed to maintain the defense system (or fitness cost), multiplied with the 

risk of becoming infected before completion of the reproductive cycle (i.e. number of 

pathogens in the immediate environment) and virulence of the potential pathogens. The 

costs of an immune system should not exceed its benefits in order to be maintained 

(Tschirren and Richner 2006; Alcázar et al. 2011; Boven and Weissing 2004). Flowering-time 

changes modulate the cost-benefit ratio of investing into defense, predicting a positive 

correlation (Miller, White, and Boots 2007). 

Benefits of defense are a function of parasite prevalence and virulence 

Especially in environments with a high parasite density, it is more likely for a plant to become 

infected before reproduction. In this case, higher investment into immune defense can 

convey a fitness advantage and is thus being positively selected for. That is why plants with a 

longer life-cycle are expected to benefit from having a strong defense system, especially if the 

potential pathogens in the environment are highly virulent. In plants with a short life-cycle on 

the other hand, we expect that the costs of maintaining a strong defense system will be 

outbalanced by the benefits, seeing that the likelihood of dying from infection in its short 
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life-span is smaller and the resources more beneficially invested into other traits, like 

production of biomass.  

Costs of defense 

Because resources are limited, investment into defense is expected to come at a disadvantage 

for fitness when this energy could otherwise have boosted reproductive output (McKey 

1974). Measuring fitness consequences of immune defense is difficult because it depends on 

the composition of co-occurring pathogen populations. Especially in scenarios with no 

pathogen pressure, the cost of defense will be proportional to the amount of resources 

needed for production and maintenance of that defense, depending on the genetic properties 

of the organism (Alcázar et al. 2011; Todesco et al. 2010). Evidence for this has been found 

in invertebrates, where higher immunocompetence was shown to reduce fitness in a number 

of species (Moret 2000; Boven and Weissing 2004; Graham et al. 2011). In cases of a costly 

immune system, it is often observed that organisms under stress have suppressed defense or 

that infections with low virulence are tolerated by the host without eliciting a defense reaction 

(Hanssen et al. 2004). R-genes are expected to be under strong selection pressure to keep up 

in the constant selection and counter-selection of the arms-race with co-evolving pathogens. 

And indeed, there are high degrees of polymorphism between R-genes with resistant and 

susceptible alleles of the same locus often present simultaneously within one population. 

These fitness costs of maintaining R gene function have been shown for RPM1, RPP5 (cost 

under infection) and RPS2 (cost in absence of competition) (Bergelson and Purrington 1996; 

Stahl et al. 1999; Tian et al. 2003; Korves and Bergelson 2004). 

EXPERIMENTAL DESIGN 

I am interested in the pattern of (co-) variation of defense and flowering time; my aim was to 

analyze the link between flowering time and defense in A. thaliana and to disentangle 

evolutionary from genetic constraints to answer whether variation in one trait limits selection 

on the other. Most aspects of flowering and defense regulation have been well studied in 

A. thaliana and homologous genes are found in other plants, making it a suitable model for 

studying evolutionary constraints of flowering time variation on the selection of defense 

traits. Flowering time and defense are adaptive traits in plant evolution and I hypothesized 

that evolutionary forces have led to co-evolution between the traits. Flowering time is known 

to be subject to intense selection having resulted in substantial natural variation within 

A. thaliana, while development in general has been shown to affect many other traits. 

Defense has been shown to display adaptive variation and besides co-evolution with 

pathogens (Slotte et al. 2011), defense genes have potentially had a long history of co-

evolution with other life-history-traits, like flowering time – which I examined in this study. 

Flowering time is easy to quantify and measure. Defense on the other hand, is a much more 

complex trait. Measuring defense reactions against specific strains is only relevant if these 

strains are causing disease in natural populations. I therefore decided to use transcriptomics 

to analyze expression levels of genes annotated for their role in either determining flowering 
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time or defense levels. I assumed that gene expression level forms a first proxy for variation 

in the two traits that the genomics approach allowed to evaluate. 

I designed a cost effective approach to disentangle the effect of development, flowering time 

and defense on variation in gene expression levels. This approach allowed quantifying the 

amount of defense gene expression variation that is associated with flowering time and to 

differentiate between correlation that is due to common regulators, dependent on 

development or resulting from co-variation (Figure 1). I analyzed gene expression profiles of 

a set of natural accessions obtained by Schmitz et al. (2013) to identify flowering time 

correlated (FTC) defense genes. This correlation could be due to a) major regulators 

controlling both flowering time and defense or b) independent regulatory systems that 

evolved in a coordinated fashion due to their relative importance for fitness. 

To quantify the impact of common regulators on flowering and defense genes, I pooled the 

earliest and latest flowering Recombinant Inbred Lines (RILs) of two accessions, Col-0 and 

Bur-0, which segregate for flowering time and defense (Simon et al. 2008; Vetter et al. 2012). 

RILs are populations of sister lines with homozygous mosaic genomes of two segregating 

parents, resulting in randomized genetic variation of parental genes. This disruption of 

linkage eliminates correlations between traits unless they are controlled by the same genes 

(pleiotropy) or experience linkage with quantitative trait loci (QTL). This makes them useful 

for characterizing the genetics behind traits and for disentangling genetic from adaptive 

effects. Correlation between flowering and defense in a RIL population can thus be explained 

by the existence of major regulators with pleiotropic effects on defense and flowering. 

Pleiotropy is here defined as a gene directly affecting the phenotype of both flowering time 

and defense either via direct protein function or via concerted regulation; it can either be 

defense genes influencing flowering time or vice versa. Pooling samples allowed a cost-

effective method for capturing a broad range of genetic variation while keeping the number 

of samples low. The transition from vegetative to reproductive phase is marked by major 

changes in transcriptional activity. The expression level of defense genes is expected to reflect 

the amount of energy directed towards preparing for potential infections. Flowering time-

associated (FTA) genes were expected to be differentially expressed (DE) between early and 

late flowering RILs. Thus, correlation- combined with transcriptome-analysis allowed the 

identification of defense genes that are controlled by flowering variation due to pleiotropy or 

due to co-evolutionary constraints. 

Finally, I analyzed gene expression at two time points during plant development, reflecting 

developmental stages before and after the transition to flowering, which allowed me to 

quantify the number of gene expression differences that were altered as plants entered into 

adulthood. I detail the experimental design of my thesis below in Figure 1. 
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Figure 1: Overview of experimental plans. 
The experimental plans encompass three main parts: The upper left side addresses the first question 
asked: Are flowering time and defense linked in nature? To approach this question, gene expression 
was correlated with flowering time in 138 natural accessions of Arabidopsis thaliana and flowering time 
correlated (FTC) genes were identified. Correlations with flowering time that could not be explained 
by common regulation (pleiotropy) are considered potentially due to co-evolution. The right side 
shows the subsequent analyses on early and late flowering Bur-0 x Col-0 Recombinant Inbred Lines 
(RIL). Flowering time-associated (FTA) genes that are linked with flowering time due to common 
regulators or pleiotropy were identified by differential gene expression (DE) analysis. The figure on 
the righter side shows the crossing scheme of a RIL population. The homozygous genomes of the 
parents are shuffled via recombination events in the RILs to create random mosaic genomes of the 
parental alleles; from this follows that all phenotypes that associate in the RILs are controlled by 
genetics at the responsible loci. In this case, RILs were chosen to differ in flowering time, so that 
association with gene expression changes between early and late flowering RILs will be flowering time 
associated due to genetic constraints. Correlations in natural populations will disappear in the RILs if 
not due to genetics/ pleiotropy. The lower left part addresses the third part asking how much of the 
gene expression change is due to developmental dependence. Developmental dependent genes whose 
gene expression change was mainly due to development were identified with a Likelihood Ratio Test 
(LRT) of genotype and sampling time point. Finally, I will address the question of whether defense 
genes are enriched among any of the genes linked with flowering or development (FTC, FTA or 
development dependent). 
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2 .  M a t e r i a l  a n d  M e t h o d s  

CORRELATING GENE EXPRESSION WITH FLOWERING TIME IN NATURAL 

ACCESSIONS 

Gene expression of natural accessions 

Gene expression of 144 natural Arabidopsis thaliana accessions was described by Schmitz et al., 

2013. RNA for sequencing was extracted from leafs of 7 day old seedlings that were light 

grown on agar plates. Sequencing had been performed on the SOLiD4 platform (Life 

Technologies) and reads aligned to the TAIR10 A. thaliana transcriptome using Bioscope 

version 1.3. Each sample was mapped to SNP-substituted reference genomes for the 

corresponding accession using default parameters. Gene expression had been quantified 

using Cufflinks version 1.1 to produce quartile normalized fragment numbers per kilobases 

and million reads (FPKM). 

Flowering time 

Flowering time was obtained from the 1001genome project as given in the accession 

descriptions of the Arabidopsis Information Resource (TAIR) database (in days to flowering, 

DTF). The distribution of flowering time of the 1001genome project was compared to the 

flowering time was chosen as the most comprehensive data set compared to flowering time 

found in the literature (Lempe et al. 2005; Atwell et al. 2010; Brachi et al. 2010; Debieu et al. 

2013; Alexandre Fournier-Level et al. 2013) (Supplementary Material). Flowering time 

information was found for 138 of the 144 accessions; accessions without flowering time 

information were omitted from analysis. 

Correlation analysis 

Correlation between gene expression and flowering time was analyzed with two independent 

statistical tests to account for the non-normality of expression data (Supplementary Material): 

A) Generalized Linear Model (GLM) with quasi-Poisson type error distribution and B) 

permutation test for linear models. Both analyses were performed on loge +1-transformed 

data to avoid problems arising from null values. GLM was performed as implemented in the 

core packages of R (version 3.1.1, © 2014 The R Foundation for Statistical Computing). For 

significant genes, residuals were plotted against the fitted values and explanatory variables to 

check for heterscedasticity (non-constancy of variance) and standard normal deviates were 

plotted to check for non-normality of error (Supplementary Material). Permutation analysis 

was performed using the package lmPerm with the following parameters: stopping rule 

function “Prob”, maximum number of iterations: 9999, complete random permutation 

instead of pairwise exchanges every 100 cycles and stopping threshold of Ca = 0.001 

(lmPerm version 1.1-2, Anscombe 1953; Wheeler 2010). Estimates of p-values were used 

because the number of samples was too large to calculate all n! possible permutations. To 

minimize False Discovery Rate (FDR) due to multiple comparisons, p-values were adjusted 

using Benjamini-Hochberg (BH) correction (Benjamini and Hochberg 1995). A gene’s 
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expression was considered correlated with flowering time below an FDR of 5% (p < 0.05 

after Benjamini-Hochberg correction). 

Principal Component Analysis 

Principal Component Analysis (PCA) was performed to account for potential population 

structure biases in the accession data, using the princomp( ) function in R. It produced an 

unrotated PCA based on Eigen-vector analysis of the correlation matrix of loge +1 

transformed data. 

DISENTANGLING PLEIOPTROPIC AND EVOLUTIONARY CONSTRAINTS OF 

GENES CORRELATED WITH FLOWERING TIME 

Plant material 

F8 seeds of 344 Bur-0 x Col-0 Recombinant Inbred Lines (RIL) were generated at the 

Arabidopsis Stock Center INRA in Versailles (France) from the parental accessions Burren 

(Bur-0) and Columbia (Col-0) as described by Simon et al., 2008. Bur-0 and Col-0 were 

crossed and multiplied in single-seed descent for six generations; F7 seeds were then used for 

genotyping and genetic map construction. Bur-0 is an intermediate to late flowering accession 

(38 days after planting) from Burren, Ireland; Col-0 is an early flowering accession (25 days 

after planting) from Columbia, USA and is the ecotype most widely used in A. thaliana lab 

experiments (J. Bergelson laboratory, 1001 Genome Project). 

Planting 

From the RIL population, 280 randomly chosen lines, including parents, were planted in 

replicates of 6 plants per line. Each plant was grown individually in a 6 cm diameter pot 

randomly allocated to 24 trays (35 pots per tray). Tray positions in the chambers were rotated 

every other day. The 40 lines with the 15% earliest and 15% latest flowering time (henceforth 

called “early” and “late” lines) were chosen for a second planting and for RNA sequencing 

(RNA-Seq) (Supplementary Material). In the second planting, replicates of 20 plants per line 

plus parents were planted in planting trays (11 x 8 compartments, each 5 x5 cm in size) in a 

randomized design. Tray positions in growth chambers were rotated every other day. 

Growth conditions 

Seeds were stratified on water soaked filter paper in darkness at 5°C for 3 days to break 

potential dormancy and synchronize germination before transferring them to soil (clay 

substrate Einheitserde® Profi Substrat Classic, Sinntal – Jossa, Germany). Plants were grown 

in growth chambers (Elbanton BV Arabidopsis growth chamber nr 201012991, Kerkdriel, 

Holland) under long-day conditions at 21°C, 16 hours light and 18°C, 8 hours dark (under 

Sylvania Gro_Lux F36W /Gro (T8) fluorescent tubes and Osram 25 W 220 Lumen light 

bulbs) with 70% relative humidity and watered regularly with tap water. During the first three 

days after sowing, trays were covered with clear plastic lids to prevent drying. Prior to use, 

each chamber was disinfected with an antifungal agent (2% Menno® Ter forte, Menno 
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Chemie-Vertrieb GmbH, Norderstedt, Germany). During plant growth, no antifungal, 

-bacterial or pesticide treatment was applied; no infections were visible. 

Phenotyping 

Time until bolting and flowering was recorded every other day and denoted as bolting and 

flowering time in days post germination (DPG). 

QUANTITATIVE TRAIT LOCI (QTL) MAPPING 

Bolting time was used for QTL mapping because it showed a better fit to normality and had 

fewer missing data than flowering time. Correlation between bolting and flowering time was 

high: Pearson’s product-moment correlation: 0.94 (Figure 4). Genotype data was available for 

87 markers (of which 85 were SNP markers). Mapping data was checked for segregation 

distortion, sampling or measurement bias, genotyping errors and marker order before 

mapping. Mapping performed with R/qtl (version 1.32-10 run on R version 3.1.1, © 2014 

The R Foundation for Statistical Computing; Broman et al., 2003; Arends et al. 2010; R. W. 

Doerge, Zeng, and Weir 1997; Rebecca W Doerge 2002). QTL were determined as regions in 

the genome with a LOD score above the 95th percentile of the maximum genome-wide 

LOD score distribution. This was calculated by permuting the phenotypes relative to the 

genotype data 1000 times, resulting in a genome-wide LOD threshold of 2.42 (Lincoln and 

Lander 1992). The multiple imputation method was used to establish the main QTL model 

with the following criteria: step size = 1, 64 imputations, error probability threshold = 0.001 

and Haldane map function (Sen and Churchill 2001). The full model was obtained by 

scanning for additional additive and interacting QTL, adding co-factors and pairwise 

interactions and performing two-dimensional, two-QTL scans to add pairs of new QTL, 

followed by backwards elimination of non-significant terms and refining QTL locations of 

the main model to maximize model comparison criteria. Model fitting was performed with an 

interaction-penalized LOD score to control the rate of extraneous loci (false positives) at a 

5% rate (penalized LOD score: 2.34). QTL confidence regions were determined with 95% 

Bayes credible interval estimates extended to the nearest marker around positions with the 

highest LOD scores. Genes falling within these regions were considered potentially causal for 

a QTL effect. Lists of these genes were obtained using the R package org.At.tair.db (Carlson 

M., Genome wide annotation for Arabidopsis). Independent QTL analysis using PlabQTL 

for regression fit of QTL with LOD scores calculated as Bonferroni Chi-Square 

approximation validated the QTL identified by R/qtl (Version 1.2 BIC, Utz & Melchinger, 

2006). 

RNA-SEQUENCING 

Sampling 

For RNA sequencing, leaf material was sampled 14 and 28 days after germination by cutting 

the oldest leaf and flash-freezing it in liquid nitrogen (Figure 2). Leaf expression levels of 
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most genes were found to be representative for overall expression in plants (Schmid et al. 

2005). From these samples, 12 RNA pools were produced (6 of early and 6 of late flowering 

RILs), plus 12 parental samples (6 of Bur-0 and 6 of Col-0), resulting in 3 replicates per 

sampling time point and genotype. 

 
Figure 2: Sampling scheme of early and late flowering Recombinant Inbred Lines (RILs). 
From the Bur-0 x Col-0 RIL collection, the 39 earliest and the 39 latest (15%) flowering lines were 
selected and sampled at two time points, 14 and 28 days after germination. Per sample, 13 lines were 
pooled to create 3 biological replicates per flowering genotype and time point. RNA-Sequencing was 
performed on all 12 RIL samples, plus 12 parental samples. 

RNA extraction 

Frozen leaf tissue was ground to a fine powder by adding two 3 mm chrome beads to the 

reaction tube and shaking at 30 Hz for 40 seconds (chrome steel, grade 10 from Spherotech 

Inc., Lake Forest, US). RNA was isolated with a TRIzol® extraction protocol (Life 

Technologies Corp., Carlsbad, US). Potentially contaminating DNA was removed with 

Ambion DNA-freeTM reagents (Ambion® Life Technologies Corp., Carlsbad, US). RNA 

samples were stored in TE buffer at -80°C. RNA quality and concentration was measured 

using the Plant RNA Nano protocol and kit on the Bioanalyzer 2100 with the 2100 Expert 

Software (Agilent Technologies, Inc., Waldbronn, Germany). As a measure for quality, RNA 

integrity numbers (RIN) were obtained from the Bioanalyzer 2100 software: the higher the 

RIN value, the lower its degeneration (completely intact RNA has a RIN value of 10) 

(Schroeder et al. 2006; Mueller, Lightfoot, and Schroeder 2004). Only RNA samples with 

high quality (RIN ~ 8) were sequenced. 

RNA sequencing (RNA-Seq) Library preparation 

Single-read libraries were prepared with 1 µg of total RNA per sample using the Illumina 

TruSeqTM RNA Sample Preparation Kit v2, following the manufacturer’s instructions 

(Illumina Inc., San Diego, USA). To obtain mRNA for transcriptome analysis, total RNA 

samples were purified with Poly-A-based (poly-T oligo-attached) magnetic bead purification 

(Z. Wang, Gerstein, and Snyder 2009), then chemically fragmented by divalent cations under 

high temperature and transcribed into cDNA using random hexamer primers, DNA 

Polymerase I and RNase H. Second strand synthesis was performed with SuperScriptTM II 
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reverse transcriptase (Invitrogen Life Technologies Corporation, Carlsbad, US). Additional 

steps included end repair, phosphorylation and A-tailing (addition of a single ‘A’ base) to 

prepare for indexed adapter ligation and PCR amplification. Three samples were combined 

per flow cell lane with the appropriate adapter combinations for labeling (AR002 

CGATGT(A), AR007 CAGATC(A) and AR019 GTGAAA(C)). 

Sequencing 

Library quality, size distribution and quantity were validated before sequencing, using the 

Bioanalyzer DNA 1000 Chip and analysis software (Agilent Technologies, Inc., Waldbronn, 

Germany). Samples were adjusted to 20 nM for clonal cluster generation with the TruSeq 

Cluster Kit v3 and Flow Cell v3 on the cBot (Illumina Inc., San Diego, USA). Sequencing of 

50 base pair reads was performed on the Illumina HighScanTM SQ system of the Core Facility 

of the Leibniz Institute for Arteriosclerosis Research in Münster, Germany. 

Sequencing data analysis 

Raw sequencing output was demultiplexed and read quality validated with fastQC. Bad 

quality base calls were trimmed using the fastx-toolkit (Version 0.0.13, Li et al., 2009). FastQ 

quality trimmer was applied to cut nucleotides with low quality from both ends of the 

sequences with the following settings: minimum quality score to keep read (Q): 33, quality 

threshold (t): 20, minimum length (l): 30 (sequences shorter than this after trimming were 

discarded). Trimmed reads were mapped to the A. thaliana TAIR10 annotated transcriptome 

using Bowtie2 (bowtie2-2.0.0-beta6, Langmead and Salzberg 2012; Langmead et al. 2009). 

Tophat (version-2.0.5.Linux_x86_64) was used to discover splice sites and Cufflinks for 

assembling the transcriptome (Trapnell et al. 2010). Read counts were calculated by counting 

the number of reads uniquely mapped to the corresponding gene (isoforms were not 

considered). Lowly expressed genes with less than 20 reads over all samples were excluded 

from analysis. The relatively high shot noise would be drowning out any biological effect of 

lowly expressed genes, making it almost impossible to detect differential expression. 

Differential expression analysis 

Mean read counts plotted against the variance of each gene identified over-dispersion, 

meaning variance increased more than linearly with the mean. DESeq2 was used for 

differential expression analysis, using a generalized linear model (GLM) on a negative 

binomial distribution with fitted mean and gene-specific dispersion parameters suitable for 

over-dispersed data (DESeq2 version 1.4.5; Anders & Huber, 2013; M. Love, Anders, & 

Huber, 2014). Dispersion parameters were calculated based on log2 fold change estimations 

using a maximum likelihood approach and Cox-Reid adjustment. Positive log2 fold changes 

indicated higher expression in Bur-0 and early than in Col-0 and late flowering pools, 

negative log2 fold changes indicated higher expression in Col-0 and late than in Bur-0 and 

early flowering pools. To identify extreme count outliers, a diagnostic Cook’s distance was 

calculated for each sample, measuring the relative influence of each sample on the fitted 

value for a gene. Conclusions on differential gene expression were based on nested analysis 

of sampling time point within genotype (Bur-0, Col-0, early and late flowering), to account 
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for each time points consisting of the same lines. A Wald test was used to test if the 

estimated standard error of a log2 fold change was equal to zero. Genes were considered 

differentially expressed (DE) below an FDR of 5% (p < 0.05 after Benjamini-Hochberg 

correction). In order to extrapolate whether differential gene expression was driven by one or 

both time points, time points were also tested in separate test, but whether a gene was DE 

was only determined based on the nested design. 

Development dependence 

In order to account for potential developmental effects influencing differential gene 

expression introduced by the two sampling times points, a likelihood ratio test (LRT) using 

an analysis of deviance with a negative binomial GLM was performed. LRT was performed 

with sampling time point nested within genotype as full model and time points removed in 

the reduced model. It tested whether the likelihood of the data fitting the full model was 

more than expected if the added terms were truly zero and determined the difference 

between full and reduced model. Genes were considered LRT significant with an FDR below 

5% and non-significant above 10% (p < 0.05 and p > 0.1 after Benjamini-Hochberg 

correction). This way, genes whose expression was affected by sampling time point, i.e. genes 

that changed development dependent (LRT significant) could be differentiated from genes 

independent of development (LRT non-significant). Separate LRT analyses for Bur-0 vs. 

Col-0 and early vs. late flowering RILs were performed to identify whether the time point 

dependent genotype effect was present in one or in both genotype comparisons. 

Development dependent genes were divided into groups according to log2 fold changes and 

the ratio of mean expression change between Bur-0 and Col-0, between early and late 

flowering RILs and between time point 1 and 2 (based on DESeq2 normalized read counts). 

A ratio > 1 indicated increased expression in Bur and late compared to Col and early and 

increased expression at time point 2 compared to time point 1; ratios smaller than 0.667 and 

bigger than 1.5 indicated 1.5 fold expression changes. Positive log2 fold change indicates 

higher expression in Bur-0 vs. Col-0 and in early vs. late; negative log2 fold change indicates 

higher expression in Col-0 vs. Bur-0 and in late vs. early. 

Normalization of RNA-Seq data 

Expression levels were normalized for variation in library size between samples by 

multiplying the raw read counts with sample-specific size factors calculated by DESeq2. 

Expression levels of natural accessions were given as quartile normalized FPKM. To make 

the data sets comparable, quartile normalized RPKM were calculated for RIL expression 

using the rpkm( ) function of the R package edgeR (Robinson, McCarthy, and Smyth 2010). 

Quartile normalization adjusts the count distribution to the upper (75 %) quartile of counts 

differing from 0. It was performed by dividing each expression value by the upper quartile of 

the corresponding sample and multiplying with the sample mean over all upper quartiles. 

RPKM was used for visualization only but not in differential expression analysis as it would 

have introduced bias (Dillies et al. 2013). The Schmitz data was additionally normalized to 

RIL expression by dividing through mean FPKM and multiplying with the mean RPKM 

(Supplementary Material). 
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RNA degradation 

Due to problems with RNA degradation in the first sequencing run, samples of both datasets 

were checked for coverage rate by calculating the proportion of nucleotides covered by at 

least one read (Supplementary Material). 

Flowering and defense candidate genes 

In order to test for enrichments of candidate genes, Gene Ontology (GO) categories were 

used to identify functionally related genes; only genes inferred from Experiment (EXP), 

Direct Assay (IDA), Physical Interaction (IPI), Mutant Phenotype (IMP), Genetic Interaction 

(IGI) or from Expression Pattern (IEP) were considered. Based on the GO-term 

“flowering” in the TAIR database, 659 flowering candidate genes were defined. Defense 

candidate genes were defined based on 17 defense related GO categories from 

http://geneontology.org/ (Supplementary Material), giving a list of 1103 genes. Separate lists 

of defense sub-categories were based on the following GO terms: GO:0031348 (30 genes; 

down-regulation of defense response, any process that stops, prevents, or reduces the 

frequency, rate or extent of a defense response), GO:0031349 (45 genes; activation of 

defense response, any process that activates or increases the frequency, rate or extent of a 

defense response), GO:0002229 (11 genes; defense response to oomycetes), GO:0042742 

(264 genes; defense response to bacterium), GO:0002215 (2 genes; defense response to 

nematode), GO:0051607 (31 genes; defense response to virus), GO:0002213 (19 genes; 

defense response to insect) and GO:0050832 (180 genes; defense response to fungus). A list 

of 250 flagellin22 responsive (FLARE) genes was obtained from Zipfel et al. 2004. 

Gene enrichments 

Candidate genes were tested for enrichments using hypergeometric tests as implemented in R 

(phyper (#significantInSample-1, #significantInPopulation, #notSignificantInPopulation, 

sampleSize, lower.tail= FALSE)). Relative enrichments were tested using Pearson's Chi-

squared tests with Yates' continuity correction. General GO category enrichments were 

determined with VirtualPlant1.3 (Katari et al. 2010). BioMaps was used to assign GO 

Biological Processes against Arabidopsis thaliana Columbia TAIR10 ATH1 (20,969 genes - 

unambiguous probes only taken into consideration) by TAIR/TIGR with Fisher Exact tests. 

GO categories were defined as enriched below an FDR of 1%. 

Quantitative PCR (qPCR) 

For validation of RNA-Seq expression levels, 11 selected defense genes with strongest 

differential expression between Bur-0 and Col-0 and between early and late flowering pools 

(log2 fold change > 1.5) were tested with reverse transcription (RT) qPCR. The genes tested 

were AZELAIC ACID INDUCED 1 (AZI1), EARLY ARABIDOPSIS ALUMINUM 

INDUCED 1 (EARLI1), GLUCOSIDE GLUCOHYDROLASE 2 (TGG2), 

PATHOGENESIS-RELATED GENE 1 (PR1), EPITHIOSPECIFYING SENESCENCE 

REGULATOR (ESR), EPITHIOSPECIFIER MODIFIER 1 (ESM1), PATHOGENESIS-

RELATED GENE 4 (PR4), PATHOGENESIS-RELATED GENE 3 (PR3), PATATIN-

LIKE PROTEIN 2 (PLP2), ETHYLENE RESPONSE FACTOR-2 (ERF2) and RPM1 

http://geneontology.org/
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INTERACTING PROTEIN 4 (RIN4) and three housekeeping genes known to be stably 

expressed in A. thaliana: an RNA Helicase (AT1G58060), PROTEIN PHOSPHATASE 2A 

SUBUNIT A3 (PP2AA3) and an uncharacterized protein (AT5G12240) (see Supplementary 

Material for primer sequences). The same RNA samples were used for qPCR as for 

sequencing with 300 to 500 ng reverse transcribed RNA per sample. Reverse transcription 

was done with random hexamer primers, 0.1 M DTT and SuperScriptTM II reverse 

transcriptase (Invitrogen Life Technologies Corporation, Carlsbad, US). QPCR was 

performed with the LightCycler® 480 System SYBR Green I mix (Roche Diagnostics) at 

95°C for 5 min; 40× (95°C for 15 s; 60°C for 1 min), melting curve and cooling at 40°C. 

Relative expression levels were determined by normalizing the threshold cycle number (Cp) 

by the three housekeeping genes. Each sample was analyzed in three independent technical 

replicates, and the average calculated. Cp values were adjusted according to efficiency 

(Supplementary Material): Cpadjusted = Cpraw * LOG (efficiency)/ LOG (2), and normalized 

by the mean over the adjusted Cp values from housekeeping genes: (negative relative 

Cp = (Cpadjusted gene x – mean Cpadjusted housekeeping genes) * (-1)) (Supplementary 

Material). The mean negative relative Cp over all samples per gene was then subtracted from 

the negative relative Cp of the sample and the 2nd power of this value taken as the relative 

expression value.  
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3 .  R e s u l t s  

THEORETICAL MODEL 

A theoretical model was established to denote my hypothesis that Base evolutionary forces 

have led to co-adaptation between defense and flowering time, affecting the balance of cost 

vs. benefit trade-offs between defense and flowering time. Based on the assumption that the 

evolution of defense is driven mainly by development and that flowering time is in itself 

optimal in different environments, I established a model for the optimal level of defense for 

different flowering time (ft) scenarios (early vs. late flowering plants), taking into account 

costs of allocating resources away from growth and reproduction to defense. The cost of 

defense is proportional to the amount of resources needed for production and maintenance 

of that defense (McKey 1974). The energy (σ) available for a plant is limited by natural 

resources and has to be divided between defense (d) and growth (g). 

d + g = 1 = σ 

g = 1 – d 

Plants face a trade-off between size at reproduction and chances of survival upon infection. 

The more a plant grows until it produces seeds, the higher the number of seeds it can 

produce, and hence its fitness (W) (Mitchell-Olds 1996). On the other hand, survival is 

crucial for completing the reproductive cycle.  

W = final size s * survival rate r 

The amount of energy invested into defense over growth was determined by the risk of dying 

before reproduction, which was defined as the risk of becoming infected (parasite prevalence 

τ per unit of time, τ * ft) multiplied with the risk of dying when infected (virulence υ, which is 

a function of d, 0 ≤ υ ≤ 1). This meant a survival rate of 0      σ. 

s (r (σ, g), ft) = σ * g * ft = σr (σ – d) ft 

τ * ft * d + 1 - τ * ft = 1 - τ * ft * (1 – d) 

How did fitness then change with defense and flowering? 

W (d) = σ (σ – d) * ft * [1 – τ * υ * ft (1 – d)]     | σ = 1 

W (d) = (1 – d) * ft * [1 – τ * υ * ft (1 – d)] = (1 – d)2 * ft2 * τ * υ + (1 – d) * ft 

W (d) = (1 – d) * ft – (1- d)2 * ft2 τ * υ 

Maximizing for defense and growth: 

W (g) = g * ft – g2 * ft2 * τ * υ 

       

   
  ft – 2g * ft2 * τ * υ     

g = 
  

              
   

 

             
 = 1 – d 
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The optimal level of defense to produce the highest fitness in each flowering scenario would 

then be: 

d = 1 - 
 

             
 

Based on this model, I expected a positive correlation between flowering time and strength 

of defense, meaning that late flowering plants would have stronger defense than early 

flowering plants. 

CORRELATION BETWEEN GENE EXPRESSION AND FLOWERING TIME IN 

NATURAL ACCESSIONS 

In order to explore the link between flowering time and defense, I first identified genes – and 

specifically defense genes – whose expression level correlated with flowering time in natural 

Arabidopsis thaliana accessions. Genes with an accession-wide correlation between defense and 

flowering time were likely to have undergone a history of co-evolution between the two 

traits. Correlation analysis was performed with two independent tests (GLM and permutation 

analysis) and candidate genes tested for enrichment. Adjusted p-values showed a high 

correlation between tests (Pearson’s product-moment correlation = 0.97) (Supplementary 

Material). Of the 33554 mapped genes, GLM identified 100 (0.3%) with a significant 

correlation, 81 of which were confirmed by permutation analysis. Permutation analysis 

identified 350 genes (1.04%) as correlated (Supplementary Material). GLM and permutation 

analysis combined found 369 genes to be correlated with flowering time. Principle 

Component Analysis identified Ann_1 as an outlier with consistently lower expression 

(Supplementary Material). There was no correlation between mean read number and 

flowering time. 

Among the 369 correlated genes that were identified by GLM and permutation combined, 

the following GO categories were enriched: secondary cell wall biogenesis (p = 0.0003), 

plant-type cell wall biogenesis (p = 0.00134), cell wall biogenesis (p = 0.0040), developmental 

process (p = 0.0065), positive regulation of flower development (p = 0.0078), positive 

regulation of reproductive process (p = 0.0078), cellular carbohydrate biosynthetic process 

(p = 0.0099), cellular cell wall organization or biogenesis (p = 0.0099) and plant-type cell wall 

organization or biogenesis (p = 0.0099). Among the 81 correlated genes that were identified 

by both, GLM and permutation, the following GO categories were enriched: hormone-

mediated signaling pathway (p = 0.0040), positive regulation of flower development 

(p = 0.0040), cellular response to hormone stimulus (p = 0.00402), positive regulation of 

biological process (p = 0.0040), regulation of biological process (p = 0.0040), regulation of 

multicellular organismal process (p = 0.0040), biological regulation (p = 0.0040), cellular 

response to endogenous stimulus (p = 0.0040), regulation of multicellular organismal 

development (p = 0.0040), positive regulation of reproductive process (p = 0.00402), 

regulation of post-embryonic development (p = 0.0044), regulation of flower development 

(p = 0.0060), maintenance of inflorescence meristem identity (p = 0.0060), positive 

regulation of post-embryonic development (p = 0.0060), regulation of developmental process 
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(p = 0.00602), regulation of cellular process (p = 0.0060), cellular response to organic 

substance (p = 0.0060), positive regulation of developmental process (p = 0.0073), cellular 

response to chemical stimulus (p = 0.0093), regulation of reproductive process (p = 0.0093) 

and developmental process (p = 0.0094). This confirmed the expectation that genes involved 

in developmental and reproductive processes correlate with flowering time (see 

Supplementary Material for GO category numbers). 

Flowering genes were enriched among genes correlated with flowering time 

Among the genes correlated with flowering time in natural accessions, I expected to find an 

enrichment of flowering candidate genes. The data confirmed this expectation. Of the 659 

flowering candidate genes, 658 were mapped. Of these, 10 were correlated with flowering 

time according to GLM and 23 according to permutation analysis. Permutation confirmed all 

flowering genes identified by GLM. Even though the absolute numbers were small, the 

enrichment was significant among GLM (1.5% flowering ~ 0.3% genes in total: 

p = 2.79e-05) and permutation correlated genes (3.5% flowering ~ 1% genes in total: 

p = 5.56e-07) (Figure 3 and Supplementary Material). 

Of the flowering genes found to be correlated with flowering time, the majority was part of 

the FLC regulatory network. Flowering genes identified as correlated with flowering time 

were CRYPTOCHROME 2 (CRY2), PHYTOCHROME INTERACTING FACTOR 3 

(PAP3), RS-CONTAINING ZINC FINGER PROTEIN 21 (RSZ21), FLOWERING 

LOCUS T (FT), AGAMOUS-LIKE 6 (AGL6), SUPPRESSOR OF OVEREXPRESSION 

OF CO 1 (SOC1), CHITINASE-LIKE PROTEIN 2 (CTL2), SQUAMOSA PROMOTER 

BINDING PROTEIN-LIKE 15 (SPL15), GLABROUS INFLORESCENCE STEMS 

(GIS), EMPFINDLICHER IM DUNKELROTEN LICHT 1 (EID1), AGAMOUS-LIKE 

24 (AGL24), TERMINAL FLOWER 1 (TFL1), MYB DOMAIN PROTEIN 33 (MYB33), 

FT-INTERACTING PROTEIN 1 (FTIP1), FLOWERING LOCUS C (FLC), 

FLOWERING PROMOTING FACTOR 1 (FPF1), GA INSENSITIVE DWARF 1C 

(GID1C), AGAMOUS-LIKE 8 (AGL8), AGAMOUS-LIKE 42 (AGL42), UBIQUITIN-

CONJUGATING ENZYME 3 (UBC3), a senescence associated gene, an aspartyl protease 

family gene and one uncharacterized gene. The only flowering gene with a positive slope of 

correlation between gene expression and flowering time was FLC; all other flowering genes 

showed a negative slope of correlation. However, other major regulators of this network, like 

the MADS box flowering regulator MAF, which is closely related to FLC, CONSTANS 

(CO) and the floral meristem-identity gene LEAFY (LFY) were not correlated with flowering 

time. 

Defense genes were enriched among genes correlated with flowering time 

Based on the hypothesis that defense and flowering time are correlated, I expected to find an 

enrichment of defense genes among genes whose expression correlates with flowering time 

in natural accessions. Of the 1103 defense candidate genes 729 were mapped. Of these, 8 

were correlated according to GLM and 16 according to permutation analysis. Permutation 

confirmed all defense genes identified by GLM. Even though absolute numbers were small, 

the enrichment of defense genes was significant for GLM (1.1% defense ~ 0.3% genes in 



24 

total: p = 0.0015) and permutation analysis (2.2% defense ~ 1% genes in total: p = 0.0045) 

(Figure 3 and Supplementary Material). 

Defense genes identified as correlated with flowering time were ARABIDOPSIS 

HISTIDINE KINASE 4 (AHK4), VITAMIN C DEFECTIVE 5 (VTC5), LATE 

UPREGULATED IN RESPONSE TO HYALOPERONOSPORA PARASITICA 

(LURP1), WRKY DNA-BINDING PROTEIN 54 (WRKY54), THIOGLUCOSIDE 

GLUCOHYDROLASE 1 (TGG1), CELLULOSE SYNTHASE 4 (CESA4), CELLULOSE 

SYNTHASE 8 (CESA8), FATTY ACID REDUCTASE 4 (FAR4), TGACG 

SEQUENCE-SPECIFIC BINDING PROTEIN 1 (TGA1), ECERIFERUM 1 (CER1), 

FORMATE DEHYDROGENASE (FDH), G-BOX REGULATING FACTOR 6 (AFT1), 

MYB DOMAIN PROTEIN 46 (MYB46), MYZUS PERSICAE-INDUCED LIPASE 1 

(MPL1), a gene encoding an RNA-binding protein and an uncharacterized gene (Table 1). 

TGG1, LURP1 and WRKY54 had a positive slope of correlation; all other defense genes 

were negatively correlated with flowering time. 

Among the genes correlated with flowering time none were involved in the defense 

responses to oomycetes, nematodes and viruses. Genes involved in defense responses to 

bacteria were enriched among GLM correlated genes (4 out of 263: p = 0.008) and with a 

trend for permutation correlated genes (6 out of 263; p = 0.059; 4 genes overlapped between 

GLM and permutation). Genes involved in defense responses to insects were enriched 

among permutation correlated genes (2 out of 19; p = 0.017), with a trend for GLM 

correlated genes (1 out of 19; p = 0.055; 1 gene overlapped between GLM and permutation). 

Genes involved in defense responses to fungi were enriched among permutation correlated 

genes (6 out of 180; p = 0.012). Among the significantly correlated genes none were negative 

or positive regulators of defense (GO: 0031348 and GO: 0031348) (see Supplementary 

Material for details on hypergeometric tests). 

Table 1: Defense genes with a significant correlation between expression and flowering 
time in natural accessions of Arabidopsis thaliana. 
Flowering time correlated (FTC) genes were identified by GLM and permutation analysis (LMP). 
n.s.: not significant. Gene IDs, names and descriptions are given based on the Arabidopsis TAIR 
databank. P-values for GLM and permutation analysis are given after Benjamini-Hochberg 
correction (BH) with an FDR below 5%. Slope indicates whether late flowering correlated with 
higher (positive slope) or lower (negative slope) expression level. 

Gene ID 
p-value 
GLM_
BH 

p-value 
LMP_
BH 

slope 
TAIR 
name 

Description 

AT1G02205  n.s. 0 negative 
CER1, 
CER22 

ECERIFERUM 1 is associated with the production of stem 
epicuticular wax and pollen fertility. Suggested aldehyde 
decarbonylase, but remains to be determined. 

AT1G67865  n.s. 0 negative - unknown protein 

AT2G01830 0.0302 0 negative 

AHK4, 
CRE1, 
WOL, 
WOL1 

ARABIDOPSIS HISTIDINE KINASE 4 is a cytokinin-binding 
receptor that transduces cytokinin signals across the plasma 
membrane and is involved in leaf senescence (Riefler, Novak, 
Strnad, & Schmu, 2006). 
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Gene ID 
p-value 
GLM_
BH 

p-value 
LMP_
BH 

slope 
TAIR 
name 

Description 

AT1G02205  n.s. 0 negative 
CER1, 
CER22 

ECERIFERUM 1 is associated with the production of stem 
epicuticular wax and pollen fertility. Suggested aldehyde 
decarbonylase, but remains to be determined. 

AT1G67865  n.s. 0 negative - unknown protein 

AT2G14560  n.s. 0 positive LURP1 

LATE UPREGULATED IN RESPONSE TO 
HYALOPERONOSPORA PARASITICA is upregulated after 
infection with the pathogenic oomycte H. parasitica and is 
required for full basal defense to H. parasitica and resistance to 
this pathogen mediated by the R-proteins RPP4 and RPP5. 

AT2G40750  n.s. 0.0122 positive WRKY54 

WRKY DNA-BINDING PROTEIN 54 is a transcription factor 
involved in various defense pathways, like SAR, SA-response 
pathways and hypersensitive response (Heyndrickx & 
Vandepoele, 2012). 

AT3G15010  n.s. 0 negative - 
RNA-binding (RRM/RBD/RNP motifs) family protein, 
involved in RNA binding, leaf senescence, cell death, ethylene 
biosynthetic process and defense response. 

AT3G44540 0.0095 0 negative FAR4 
FATTY ACID REDUCTASE 4 generates fatty alcohols found 
in wounded leaf tissue. 

AT4G18780 0.0449 0 negative 
CESA8, 
IRX1, 
LEW2 

CELLULOSE SYNTHASE 8 is also involved in secondary cell 
wall biosynthesis  and confers resistance towards bacterial 
pathogens via ABA and towards bacterial and fungal pathogens, 
independent of salicylic acid, ethylene and jasmonate signaling. 

AT5G10450  n.s. 0.0122 negative 

14-3-
3lambda, 
AFT1, 
GRF6 

G-BOX REGULATING FACTOR 6 is involved in mediating 
oxidative metabolism in stress response and interacts with 
SERK1, by which it is phosphorylated, with the BZR1 
transcription factor involved in brassinosteroid signaling, and 
with JAZ10.4.  

AT5G12870  n.s. 0 negative MYB46 
MYB DOMAIN PROTEIN 46 is a member of the R2R3 factor 
gene family. Modulates Disease Susceptibility to Botrytis cinerea. 

AT5G14180  n.s. 0 negative MPL1 
MYZUS PERSICAE-INDUCED LIPASE 1 has catalytic activity 
and is involved in glycerol biosynthetic process and lipid 
metabolic process. 

AT5G14780 0.0116 0 negative FDH 
FORMATE DEHYDROGENASE encodes a NAD-dependent 
formate dehydrogenase and is induced in response to wounding 
(Olson, Skavdahl, Ramberg, Osterman, & Markwell, 2000). 

AT5G26000 0.0205 0 positive 
BGLU38, 
TGG1 

THIOGLUCOSIDE GLUCOHYDROLASE 1 encodes one of 
two known functional myrosinase enzymes in Arabidopsis, which 
catalyze the hydrolysis of glucosinolates into compounds that are 
toxic to microbes and herbivores.  

AT5G44030 0.0033 0 negative 
CESA4, 
IRX5, 
NWS2 

CELLULOSE SYNTHASE A4 is involved in secondary cell wall 
biosynthesis and confers resistance towards bacterial and fungal 
pathogens, independent of salicylic acid, ethylene and jasmonate 
signaling.  

AT5G55120 0.0309 0 negative VTC5 

VITAMIN C DEFECTIVE 5 is involved in abscisic, salicylic 
acid and jasmonic acid mediated signaling pathway, regulation of 
plant-type hypersensitive response, response to auxin and 
ethylene stimulus, response to wounding (Heyndrickx & 
Vandepoele, 2012). 

AT5G65210 0.0449 0 negative TGA1 

TGACG SEQUENCE-SPECIFIC BINDING PROTEIN 1 is a 
redox-controlled regulator of Systemic Acquired Resistance 
which targets the activation sequence-1 (as-1) element of the 
promoter region of defense proteins. 
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Figure 3: Significant defense and flowering genes as identified by GLM and permutation 
analysis. 
The number of flowering time correlated (FTC) flowering (left) and defense (right) genes 
identified by GLM and permutation analysis (LMP) are shown. The total number of genes 
analyzed was 33554. Significant enrichments are marked as bold numbers: Flowering genes were 
enriched among GLM (p = 2.79e-05) and permutation correlated genes (p = 5.56e-07); Defense 
genes were enriched among GLM (p = 0.00154) and permutation correlated genes (p = 0.00451). 

The majority of correlations was negative 

When analyzing the slopes of the significant correlations between gene expression and 

flowering time, the majority of correlated genes were found to have lower expression levels 

in late compared to early flowering accessions. Of the GLM significant genes 84 had a 

negative and 16 a positive slope of correlation (ratio 1:5.25 positive: negative slope). Of the 

permutation (LMP) significant genes, 297 had a negative and 53 a positive slope of 

correlation (ratio 1:5.6 positive: negative slope). Overall mean slope of correlated genes was -

0.3178 (GLM)/ -0.3183 (LMP). Of all correlated genes, 60 (GLM)/ 196 (LMP) had a slope 

more negative than the mean and 40 (GLM)/ 154 (LMP) had a slope more positive than the 

mean. Mean slope of correlated flowering genes was -0.1406 (GLM)/ -0. 3352 (LMP), 5 

(GLM)/ 12 (LMP) had a slope more negative than the overall mean and 3 (GLM/ 10 (LMP) 

had a slope more positive than the overall mean. Mean slope of correlated defense genes was 

-0.3624 (GLM)/ -0.2863 (LMP), 5 (GLM)/ 9 (LMP) had a slope more negative than the 

overall mean and 2 (GLM: TGG1 and AHK4)/ 6 (LMP: TGG1, AHK4, LURP1, WRKY54, 

AFT1 and the RNA binding protein) had a slope more positive than the overall mean. There 

was no clear trend for defense genes being more positively expressed than flowering genes, 

contradicting the hypothesis that defense would be increased in late compared to early 

flowering accessions. 

DISTINGUISHING PLEIOTROPIC FROM EVOLUTIONARY CONSTRAINTS 

I further asked whether some of these correlations were likely to result from direct or indirect 

pleiotropic effects of flowering time regulators on defense gene expression. To do so, I 
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analyzed gene expression differences between two accessions – Bur-0 and Col-0 – known to 

segregate for flowering time and defense, as well as between their earliest and latest flowering 

Recombinant Inbred Lines (RILs). The randomized genetic background of the RILs allowed 

the identification of genes with flowering time-associated (FTA) differential expression. 

Because 7 day old plants in the accession data might have been too early in their 

development to detect some flowering time association, I introduced two later time sampling 

time points: One where all plants would still be in the vegetative growth phase and another 

where early flowering plants would have already transitioned to flowering. 

Flowering and bolting time were correlated in Bur-0 x Col-0 RILs 

During the plants’ growth periods, flowering time information was collected for later 

correlation analyses of expression level and flowering time and to identify regions in the 

genome explaining the variation in flowering time observed (QTL). Bolting and flowering 

time were recorded in a first round of planting of 280 Bur-0 x Col-0 RILs, plus parents. In a 

second round of planting of only the earliest and latest flowering RILs and their parents, 

flowering time was again recorded. In the first round of planting, bolting ranged from 21.67 

to 74 days post germination (DPG), with a mean bolting time of 39.38±13.27 DPG. 

Flowering ranged from 27.67 to 74 DPG, with a mean of 44.83±14.11 DPG. The parents 

bolted at a mean of 21.67±1.11 (Col-0) and 43.33±1.85 (Bur-0) DPG and flowered at a mean 

of 27.67±1.04 (Col-0) and 53.67±2.21 (Bur-0) DPG. Early flowering RILs flowered at a 

mean of 34.12±2.57 and late at a mean of 61.50±4.10 DPG. By the end of the first 

experiment, 77 days after planting, 4 lines had not bolted and 8 not flowered. As expected, 

the correlation between flowering and bolting time was high (Pearson’s product-moment 

correlation: 0.94); variation increased slightly with later flowering (Figure 4 upper left). In the 

second round of planting, flowering ranged from 31 to 85 DPG, with a mean of 53.84±14.17 

DPG. Flowering time distributions showed similar curves with a consistent delay of around 

10 days between first and second planting in all lines and both parents (Supplementary 

Material). This delay in flowering time was most likely due to the slightly decreased growing 

space per plant in the trays used in the second planting, compared to the individual pots used 

in the first. The correlation of flowering between first and second planting was nevertheless 

high (Pearson’s product moment correlation: 0.87) (Figure 4 upper right). In early flowering 

pools, the Col-0 allele and in late flowering pools, the Bur-0 allele was slightly over-

represented, albeit not significantly (62.5%). Chromosomes were more strongly biased 

towards one or the other parental allele, dependent on flowering QTL effects of the 

respective chromosome (Figure 4 lower left and lower right). 
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Figure 4: Flowering vs. bolting time and allele distribution of early and late flowering RILs. 
Upper left: Scatterplot of flowering (x-axis) against bolting (y-axis) time (in days post germination, 
DPG) of the first planting of 280 Bur-0 x Col-0 RIL lines. Pearson’s product-moment correlation: 
0.94, t = 46.2049, df = 270, p-value < 2.2e-16. 95 percent confidence interval:  0.9271555 
0.9542012. Upper right: Correlation of flowering time in DPG of Bur-0 (green dots), Col-0 
(orange dots), early (red dots) and late (blue dots) flowering RIL lines between first (x-axis) and 
second planting (y-axis). The black line indicates fit of regression: t = 63.8225, df = 1365, p-value 
< 2.2e-16, 95 percent confidence interval: 0.8515020 - 0.8781735, Pearson’s product moment 
correlation: 0.8654. Lower left: Col-0 allele frequency distribution (y-axis) along chromosomes 1 
to 5 (Chr1 to Chr5 on x-axis) in the pools of early (blue line) and late (red line) flowering RILs. 
Lower right: Bur-0 allele frequency distribution (y-axis) along chromosomes 1 to 5 (Chr1 to Chr5 
on x-axis) in the pools of early (blue line) and late (red line) flowering RILs. 

THREE MAJOR AND FOUR MINOR QTL CONTROLLED THE MAJORITY OF 

FLOWERING TIME VARIATION 

Based on the bolting and flowering time data of the first round of planting 280 Bur-0 x Col-0 

RILs and their parents, I identified regions in the genome (QTL) and potential genes 

explaining the flowering time variation observed. Phenotype and genotyping data were 

checked for consistency and quality to ensure reliability of mapping results. No distortion, 

sampling or measurement bias were detected and none of the individuals had an error LOD 

larger than 3. All 87 markers spread over five chromosomes were correctly assembled, 96.7% 

were genotyped and 98.6% of individuals had been phenotyped for bolting time 

(Supplementary Material). Heritability was measured to be 85%, calculated by analysis of the 

ratio of genetic to phenotypic variance as implemented in PlabQTL. In agreement with 
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previous studies, 3 major QTL on chromosome 1, 4 and 5 explained the majority (39.37%) 

of the flowering time variation observed (Brachi et al. 2010; Simon et al. 2008; Salomé et al. 

2011). The final model identified seven QTL and explained 54.20% of the variance: Three 

QTL on chromosome 1, one on chromosome 2, one on chromosomes 4 and two on 

chromosome 5 (Figure 5, Table 2 and Supplementary Material). PLABQTL confirmed six of 

the seven QTL, but did not identify the second QTL on chromosome 5 at position 88. QTL 

found in the literature for this RIL population confirmed five QTL: Brachi et al. (2010) and 

Simon et al. (2008) both found QTL on chromosome 1 at two positions (relating to the QTL 

at positions 41 and 76), chromosome 4 (relating to the QTL at position 26.4) and 5 (relating 

to the QTL at positions 7 and 88). As it had been found that major flowering QTL 

overlapped in population-wide scans, the genomic regions controlling flowering time 

variation between Bur-0 and Col-0 were likely representative for the set of accessions used 

for correlation analysis. 

The QTL on chromosomes 1 and 4 associated late flowering with the Bur-0 allele, the QTL 

on chromosomes 2 and 5 associated late flowering with the Col-0 allele at the markers with 

highest LOD scores (Supplementary Material). The first two QTL on chromosome 1 at 

positions 41 and 76 interacted with the QTL on chromosome 5 at position 7 with evidence 

for epistasis. The QTL on chromosome 4 interacted with the QTL on chromosome 5 at 

position 88. There was also an interaction between the QTL on chromosome 1 with the 

QTL on chromosome 4, but it was not significant in the final model. All three significant 

interactions were effects of opposite signs, linking the QTL in repulsion. Underlying the 95% 

Bayes credible interval of the main QTL on chromosome 1 were 27 flowering and 20 

defense genes, on chromosome 4 were 28 flowering and 39 defense genes and on 

chromosome 5 were 65 flowering and 63 defense genes. Flowering genes were enriched 

genes below the confidence interval of the QTL on chromosome 5 (p = 1.34e-05), defense 

genes were enriched below the confidence interval of the QTL on chromosome 4 

(p = 0.00896) and on chromosome 5 (p = 0.00075). Probable flowering candidate genes for 

the QTL were FLOWERING LOCUS T (FT) and FLOWERING LOCUS M (FLM) on 

chromosome 1, ERECTA (ER), GLYCINE-RICH RNA-BINDING PROTEIN 7 (GRP7), 

SQUAMOSA PROMOTER BINDING PROTEIN-LIKE 3 (SPL3), SHORT 

VEGETATIVE PHASE (SVP) and GROWTH-INSENSITIVITY TO ABA 1 (GIA1) on 

chromosome 2, FRIGIDA (FRI), EARLY ARABIDOPSIS ALUMINUM INDUCED 1 

(EARLI1) and VERNALIZATION 2 (VRN2) on chromosome 4 and FLOWERING 

LOCUS C (FLC), MADS AFFECTING FLOWERING 2 (MAF2), FY, CONSTANS (CO) 

and FT-INTERACTING PROTEIN 1 (FTIP1) on chromosome 5. Potential QTL 

flowering regulators differentially expressed (DE) between early and late flowering RILs, and 

thus FTA, were SCO1 on chromosome 1, GRP7 and COL3 on chromosome 2, EARLI1, 

VRN2, PHYE on chromosome 4 and FLC, FY and PRR5 on chromosome 5. (see 

Supplementary Material for lists of potential QTL flowering and defense genes). 

Other major flowering regulators were proposed as potential QTL genes (Brachi et al. 2010; 

Simon et al. 2008). FLM is a MADS box gene closely related to FLC and a negative regulator 

of flowering (Pouteau et al. 2008; Ratcliffe et al. 2001). ER is involved in protodermal cell 

differentiation and also confers resistance to the bacterium Ralstonia solanacearum and to the 
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necrotrophic fungus Plectosphaerella cucumerina (Llorente et al. 2005; Masle, Gilmore, and 

Farquhar 2005; Godiard et al. 2003). FRI is another major regulator of flowering time. 

Dominant alleles of FRI confer a vernalization requirement. Many early flowering accessions 

carry loss-of-function fri alleles (Shindo et al. 2005; H. Lee et al. 2000). MAF2, also known as 

AGL31 is a MADS box genes involved in control of flowering time (Ratcliffe et al. 2003). 

GRP7 encodes a small glycine-rich RNA binding protein that regulates the circadian 

oscillations of its own transcript and is involved in the phase transition to flowering (Lyons et 

al. 2013). GRP7 gene expression is induced by cold. Loss-of-function mutations have 

increased susceptibility to pathogens suggesting a role in mediating PTI innate immune 

response. Mutants are also late flowering in a non-photoperiodic manner and are responsive 

to vernalization suggesting an interaction with the autonomous flowering pathway (Y. Jiang 

et al. 2007; Heintzen et al. 1997; Streitner et al. 2008). SPL3 is a member of the SPL 

(squamosa-promoter binding protein-like) gene family encoding DNA binding proteins and 

putative transcription factors. SPL3 is involved in regulation of flowering and vegetative 

phase change by regulating AP1 (Heyndrickx and Vandepoele 2012; Gandikota et al. 2007). 

SVP acts as a floral repressor and that functions within the thermosensory pathway. SVP 

represses FT expression by binding with FLC in a heteromeric complex (Andrés and 

Coupland 2012; Heyndrickx and Vandepoele 2012). GIA1 encodes a basic leucine zipper 

transcription factor involved in ABA signaling during seed maturation and germination 

(Heyndrickx and Vandepoele 2012; Piskurewicz et al. 2008). EARLI1 is a putative lipid 

transfer protein that is vernalization-responsive and cold-induced (Heyndrickx and 

Vandepoele 2012; Xu et al. 2011). VRN2 is required for complete repression of FLC and 

maintains FLC repression after a cold treatment, serving as a mechanism for the cellular 

memory of vernalization In vrn2 mutants, FLC expression is down-regulated in response to 

vernalization (Heyndrickx and Vandepoele 2012; Chandler, Wilson, and Dean 1996). FY is 

involved in regulation of flowering time and affects FCA mRNA processing. Homozygous 

mutants are late flowering (Henderson et al. 2005). CO plays a major regulatory role in 

responding to day length. Activation of FT transcription requires activation by CO, which is 

in turn up-regulated in response to light stimulus. The blue-light receptor CRY2 is involved 

in preventing CO degradation, thus enabling a flowering response via CO (Andrés and 

Coupland 2012). FTIP1 is involved in the transport of the florigen FT. FT is able to transmit 

the flowering signal by moving directly between the phloem companion cells and the shoot 

meristem through the sieve elements of the phloem. This movement was shown to require 

interaction with FTIP1 (Andrés and Coupland 2012). 
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Figure 5: LOD score profile of the final QTL model using multiple imputation. 
The seven QTL identified are indicated by chromosome@position. The profile LOD score is 
given on the y-axis, the x-axis shows the five chromosomes with marker positions as carpet. The 
dashed line indicates the interaction-penalized global LOD threshold (LOD=2.34). 
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Table 2: Summary statistics of QTL mapped with R/qtl  
Main QTL model was established using multiple imputation and 64 imputations on 276 individuals assuming normal phenotype distribution. The full 
model was established with the same method based on the main model. Degrees of freedom: 10 (model) + 265 (error)- Sum of squares: 14206.84 (model) 
+ 12003.91 (error). LOD score: 46.8. Percent of variance explained: 54.20. Estimated effect size in days post germination (DPG). 

QTL model 
Chromoso
me@posit
ion 

LOD 
score 

% 
variance 
explained 

p-value 
(F-test) 

Estimated 
effect size 
(DPG) 

Marker 
Base positions 
of 95% Bayes 
credible interval 

Number of genes 
underlying 95% 
Bayes credible 
interval 

Potential QTL 
candidate genes 

Confirmed by 

Main 1@73 11.92 16.89 < 0.001 4.01±0.47 c1_23381 
20,384,267 – 
24,795,166  

1068 FT, FLM 
PLABQTL, Brachi et al. 2010, 
Simon et al. 2008 

Main 4@27 8.7 12.65 < 0.001 3.48±0.47 c4_07740 
5,628,853 – 
10,608,576  

1202 
FRI, EARLI1 and 
VRN2 

PLABQTL, Brachi et al. 2010, 
Simon et al. 2008, Salomé et al. 
2011 

Main 5@20 5.29 9.21 < 0.001 -3.02±0.47 c5_07442 
1,586,683 – 
8,563,029 

1916 
FLC, MAF2, FY, 
CO and FTIP1 

PLABQTL, Brachi et al. 2010, 
Simon et al. 2008, Salomé et al. 
2011 

Full 1@41 9.82 3.84 2.36e-05 1.16±0.53 c1_13869 
12,294,768 – 
16,874,540  

335 FT 
PLABQTL, Brachi et al. 2010, 
Simon et al. 2008, Salomé et al. 
2011, Salomé et al. 2011 

Full 1@76 6.34 7.44 2.20e-09 2.44±0.59 c1_22181 
22,181,333 – 
23,381,469 

305 FLM 
PLABQTL, Brachi et al. 2010, 
Simon et al. 2008 

Full 1@88 5.89 2.08 0.0006 1.84±0.55 c1_25698 
25,697965 – 
29,898,175 

1130  PLABQTL 

Full 2@5.6 2 1.12 0.011 -0.95±0.45 c2_02365 
592,610 – 
15,251,700 

2858 
ER, GRP7, SPL3, 
SVP, GIA1 

PLABQTL, Salomé et al. 2011 

Full 4@26.4 14.75 14.80 < 2e-16 3.86±0.45 c4_07740 
7,739,901 – 
8,929,959 

294 
FRI, EARLI1 and 
VRN2 

PLABQTL, Brachi et al. 2010, 
Simon et al. 2008, Salomé et al. 
2011 

Full 5@7 13.87 5.69 8.06e-07 -2.32±0.64 c5_02900 
1,586,683 – 
4,010,649 

709 
FLC, FY, CO, 
TFL2 and FTIP1 

PLABQTL, Brachi et al. 2010, 
Simon et al. 2008, Salomé et al. 
2011 

Full 5@88 2.6 4.2 9.01e-06 -1.65±0.55 c5_26671 
2,900,008 – 
26,671,472 

5386 MAF2 
Brachi et al. 2010, Simon et al. 
2008, Salomé et al. 2011 

Interaction 1@41:5@7 1.16 0.89 0.024 1.06±0.53 - - - - - 

Interaction 1@76:5@7 1.36 1.05 0.014 * 1.21±0.48 - - - - - 

Interaction 
4@26.4:5
@88 

3.53 2.78 7.86e-05 -1.55±0.46 - - - - - 
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RNA-SEQUENCING 

In order to differentiate genes correlated with flowering time because of pleiotropy of flowering 

time controlling genes from genes which potentially had a history of co-evolution with flowering 

time, I sequenced two segregating accessions (Col-0 and Bur-0) and a bulk of their earliest and 

latest flowering RILs. Gene expression changes were analyzed at two time points, chosen to 

reflect different stages in development between early and late flowering plants: time point 1 14 

days after germination, where all of plants were in the vegetative growth phase, and time point 2 

28 days after germination, where early flowering plants would have already transitioned to 

flowering while late flowering plants would not yet have. Of the parents and their pooled earliest 

and latest flowering RILs 24 RNA samples were sequenced. The total number of sequenced 

reads was 411,582,901, with a mean read count per sample of 17,149,288±1,274,615 reads. After 

trimming, 411,179,815 reads - 99.9% - were used for mapping. Of these, 410,864,524 reads - 

99.83% - mapped to the A. thaliana TAIR10 transcriptome with 397,141,714 (96.49%) uniquely 

mapped reads. Coverage was 66.19 reads per base pair, assuming a transcriptome size of 60 x 

106, which excludes identical exons from multiple splice variants. Because the reference 

transcriptome is based on Col-0 sequences, I checked that mapping of Bur-0 samples was not 

significantly lower. Coverage of Bur-0 samples was only minimally smaller: ratios of the total 

number of reads, trimmed reads and mapped reads between Bur-0 vs. Col-0 samples were 0.952 

and of uniquely mapped reads 0.927. Read count data matched the expectation of being over-

dispersed. Two genes out of 21648 were identified as outliers by Cook’s distance calculation and 

excluded from differential expression analysis. Differences in library size were normalized by 

multiplying read numbers with the size factor calculated by DESeq2 (Supplementary Material). 

Of the 21646 mapped genes, 5708 were on chromosome 1, 3282 on chromosome 2, 4229 on 

chromosome 3, 3302 on chromosome 4 and 4971 on chromosome 5. Another 57 were on 

mitochondrial and 97 on chloroplast genomes. Gene expression (in quartile normalized RPKM, 

to account for differences in gene lengths) was compared along chromosomes to check for 

potential tandem genes: genes lying in tandem are known to often be expressed similarly. 

However, I did not find long stretches of similar gene expression along chromosomes and I did 

not observe a strong correlation in gene expression between selected neighboring genes 

(Supplementary Material). 

Quantitative PCR validated expression levels of RNA-Seq 

Expression levels determined by RNA-Seq mapping were validated by RT qPCR on a subsample 

of genes with strong differential expression in RNA-Seq. Read counts from RNA-Seq were 

highly correlated with relative expression measured by qPCR. QPCR data was normalized to the 

RNA-Seq data (qPCR expression/ mean qPCR expression * mean RNA-Seq expression). Of the 

11 genes tested with qPCR six had a very high Pearson’s product moment correlation bigger 

than 0.9: AZI1 (correlation = 0.94), EARLI1 (correlation = 0.93), TGG2 (correlation = 0.96), 

PLP2 (correlation = 0.91), PR4 (correlation = 0.90) and PR3 (correlation = 0.91). The genes 



34 

with a correlation below 0.9 were ESR (correlation = 0. 58), PR1 (correlation = 0. 78), ESM1 

(correlation = 0.86), RIN4 (correlation = 0.71) and ERF2 (correlation = 0.67). The genes with 

the strongest differences between RNA-Seq and qPCR were AZI1 and EARLI1, which showed 

very low expression in Col-0 in the RNA-Seq data (Figure 6 and Supplementary Material). 

 
Figure 6: Ratios of gene expression  
Ratio of gene expression between early and late flowering lines (black and red dots) and between the 
parents Bur-0 and Col-0 (blue and green dots) comparing RNA-Seq and qPCR. See Supplementary 
Material for table of ratios. X-axis shows the ratio of gene expression from quantitative (q) PCR; the y-
axis shows the ratio from RNA-Sequencing. The black line shows the 1:1 ratio. The ratios with the 
strongest differences between RNA-Seq and qPCR were AZI1 Bur/Col tp1, EARLI1 Bur/Col tp1 and 
late/early tp1 and PR1 Bur/Col tp2. AZI1 and EARLI1 had very low expression in Col-0 in the RNA-
Seq data. One extreme outlier is not shown in graph: AZI1 Bur/Col tp2 RNA-Seq had a ratio of 
21319.27.  

DIFFERENTIAL GENE EXPRESSION (DE) 

Expression levels in the Bur-0 x Col-0 RIL samples were analyzed for DE genes. Differential 

expression between early and late flowering RILs was considered to be FTA. The number of DE 

genes was higher between Bur-0 and Col-0 than between the RILs. This difference was mainly 

driven by time point 1, where the number of DE genes between the RILs was very low, 

presumably because the plants were all in the same vegetative growth phase. The genetic 

background of the parents was shuffled in the RILs. A majority of the genes that were DE in 
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Bur-0 vs. Col-0 at the beginning of development (at time point 1) were not DE between early 

and late flowering RILs (and thus not FTA). At time point 2, the number increased of FTA gene 

expression changes increased. Of the 21646 mapped genes, 7860 were DE between Bur-0 and 

Col-0, and 6057 between early and late flowering RILs in the nested analysis, with 2591 genes 

overlapping. Separated analysis by time points found 7021 genes to be DE between Bur-0 and 

Col-0 and 962 between early and late flowering lines at time point 1, and 4370 DE genes 

between Bur-0 and Col-0 and 4405 between early and late flowering lines at time point 2. There 

were more DE genes in Bur-0 vs. Col-0 than in early vs. late flowering lines in the nested analysis 

and at time point 1 (Chi Square p-value < 2.2e-16); they were not different at time point 2 (Chi 

Square p-value = 0.6844). The proportion of DE genes was greater in Bur-0 vs. Col-0 at time 

point 1 compared to time point 2 (Chi Square p-value < 2.2e-16). In early vs. late DE genes, the 

proportion was greater at time point 2 (Chi Square p-value < 2.2e-16) (Supplementary Material). 

Genes involved in cellular and metabolic processes were enriched among DE genes 

DE genes were analyzed for general GO category enrichments. Biological processes enriched 

among early vs. late flowering lines were expected to be FTA, i.e. linked to flowering time via 

pleiotropy. Genes DE between both Bur-0 and Col-0 and between early and late flowering RILs 

were enriched in the following GO categories: cellular process (GO:0009987; observed 

frequency: 41.3% for Bur-0 vs. Col-0, p = 2.71e-10 and 41.2% for early vs. late, p = 6.10e-08), 

cellular metabolic process (GO:0044237; observed frequency: 29.1% for Bur-0 vs. Col-0, 

p = 6.35e-08 and 28.5% for early vs. late, p = 8.20e-05), response to stimulus (GO:0050896; 

observed frequency: 20.9% for Bur-0 vs. Col-0, p = 1.44e-07 and 20.1% for early vs. late, 

p = 0.0014) and primary metabolic process (GO:0044238; observed frequency: 28.1% for Bur-0 

vs. Col-0, p = 0.0029 and 28.2% for early vs. late, p = 0.0087). Genes involved in the response to 

stress and cold were enriched among Bur-0 vs. Col-0, together with the following GO categories: 

metabolic process (GO:0008152, p = 3.07e-07), response to abiotic stimulus (GO:0009628, 

p = 4.20e-07), response to stress (GO:0006950, p = 3.41E-05), response to temperature stimulus 

(GO:0009266, p = 3.41e-05), translation (GO:0006412, p = 6.76e-05), biosynthetic process 

(GO:0009058, p = 7.51e-05), cellular biosynthetic process (GO:0044249, p = 0.0001), small 

molecule metabolic process (GO:0044281, p = 0.0005), alcohol metabolic process (GO:0006066, 

p = 0.0021), macromolecule biosynthetic process (GO:0009059, p = 0.0026), macromolecule 

biosynthetic process (GO:0034645 cellular, p = 0.0026), small molecule catabolic process, 

(GO:0044282 p = 0.0066), generation of precursor metabolites and energy (GO:0006091, 

p = 0.0070) and response to cold (GO:0009409, p = 0.0070). Genes involved in nitrogen and 

nucleic acid metabolism, as well as in response to metal ions were enriched among early vs. late 

DE genes: cellular nitrogen compound metabolic process (GO:0034641, p = 1.04e-06), nitrogen 

compound metabolic process (GO:0006807, p = 4.00e-06), nucleobase, nucleoside, nucleotide 

and nucleic acid metabolic process (GO:0006139, p = 2.16e-05), nucleic acid metabolic process 

(GO:0090304, p = 7.62e-05), organelle organization (GO:0006996, p = 0.0002), response to 

cadmium ion (GO:0046686, p = 0.0019), response to metal ion (GO:0010038, p = 0.0029), 
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cellular component organization at cellular level (GO:0071842, p = 0.0033), response to 

inorganic substance (GO:0010035, p = 0.0045), small molecule metabolic process (GO:0044281, 

p = 0.0065), cellular amino acid metabolic process (GO:0006520, p = 0.0070) and DNA 

metabolic process (GO:0006259, p = 0.0084) (Supplementary Material). 

Development dependent genes were enriched among DE genes 

Additional to differential expression, I checked for potential development dependence of gene 

expression change, using a Likelihood Ratio Test (LRT). The majority of all genes changed 

expression independent of development (i.e. their expression levels did not show different 

patterns of change between time point 1 and 2); however, among DE genes development 

dependent genes were enriched, while development independent genes were under-represented. 

LRT including both genotype comparisons (Bur-0 vs. Col-0 and early vs. late flowering RILs) 

found 8728 genes to be significant (i.e. gene expression changed time point dependent) and 

11113 genes to be non-significant (i.e. gene expression changed time point independent). In 

order to identify whether developmental dependence existed in one or in both genotypes, I 

compared LRT analyses separated by genotype comparisons. Separated genotype comparisons 

identified more development dependent genes in the parents than in the RILs, suggesting that 

the randomized genomes of the RILs eliminated most developmental effects in the parents, 

which thus probably resulted from linkage in the genetic background. In Bur-0 vs. Col-0 

separately, 7175 genes were development dependent and 12556 were development independent. 

In early vs. late flowering RILs separately, 5205 genes were development dependent and 14932 

were development independent. The proportion of development dependent genes was 

significantly higher in the parents than in the RILs, when analyzing the genotype comparisons 

separately (Chi Square p < 2.2e-16) (Figure 22). This might be because flowering time of the 

pooled RILs is less contrasted than that of the parents. 

While the proportion of development dependent genes was enriched in the parents under 

genotype-separate comparisons, the proportion of development dependent and DE genes was 

enriched for early vs. late flowering RILs, leading to the conclusion that a majority of FTA genes 

were development dependent. In the nested analysis, 3620 of the 7860 genes DE between Bur-0 

and Col-0 were development dependent (enrichment: p = 1.30e-38) and 4240 genes were 

development independent. Of the 6057 genes DE between early and late flowering RILs, 3197 

were development dependent (enrichment: p = 8.45e-119) and 2321 were development 

independent. Time point separated analyses confirmed enrichment of development dependent 

and under-representation of independent genes. The proportion of development dependent DE 

genes was enriched in early vs. late flowering RILs compared to Bur-0 vs. Col-0 in the nested 

analysis (Chi Square p-value = 4.086e-15), at time point 1 (Chi Square p-value = 0.0007705) and 

2 (Chi Square p-value < 2.2e-16) (Supplementary Material). The proportion of development 

dependent vs. development independent genes was enriched at time point 2 compared to 

time point 1 among Bur-0 vs. Col-0 (Chi Square p-value = 7.702e-05) and early vs. late flowering 

DE genes (Chi Square p-value = 1.424e-07) (Supplementary Material).  



37 

Development dependent genes were not enriched among genes correlated with 

flowering time in natural accessions 

Development dependent genes were not enriched among all genes correlated with flowering 

time, as well as among correlated flowering and defense genes. 43 GLM and 151 permutation 

correlated genes were development dependent and 25 (GLM)/ 120 (permutation) were 

development independent. Development independent genes correlated with flowering time were 

under-represented in GLM (p = 6.52e-08) and permutation analysis (p = 6.68e-11). Of the 10 

correlated flowering genes identified by GLM, 6 were development dependent and 1 was 

development independent. Of the 23 flowering time correlated (FTC) flowering genes identified 

by permutation analysis, 13 were development dependent, which was a trend towards 

enrichment (p = 0.0862), and 5 were development independent. Development independent 

flowering genes correlated with flowering time were under-represented in GLM (p = 0.0086) and 

permutation analysis (p = 0.0037). Development dependent flowering genes were AGL24, 

AGL42, FLC, AGL8, GID1C, FTIP1, SOC1, CRY2, RSZ21, UBC3, CTL2, GIS and TFL1; 

development independent flowering genes were PAP3 and FT. Of the 8 correlated defense 

genes identified by GLM, 5 were development dependent and 1 development independent, 

taking into account that the statistical power is weak with small numbers. Of the 16 correlated 

defense genes identified by permutation, 10 were development dependent, which was a trend 

towards enrichment (p = 0.0615), and 3 were development independent. Correlated 

development independent defense genes were under-represented in GLM (p = 0.0297) and 

permutation analysis (p = 0.0080). Development dependent defense genes were TGG1, TGA1, 

CER1, WRKY54, CESA4, VTC5, AHK4 and LURP1; development independent defense genes 

were FDH and MPL1. 

Flowering genes were enriched among genes DE between early and late flowering pools 

Because the RILs were selected for flowering time, flowering genes were expected to be enriched 

among genes DE between early and late flowering RILs. The data confirmed this for the nested 

analysis and time point 2, but not for time point 1, where the proportion of flowering genes was 

higher in Bur-0 vs. Col-0 compared to early vs. late flowering RILs. Of the 659 flowering 

candidate genes, 605 were mapped in the Bur-0 x Col-0 RIL samples. Of these genes, 200 

(33.06%) were DE between Bur-0 and Col-0 and 222 (36.69%) between early and late flowering 

pools, with 77 flowering genes DE in both groups. 221 flowering genes were DE between Bur-0 

and Col-0 at time point 1, 74 at time point 2; 36 were DE between early and late flowering RILs 

at time point 1 and 165 at time point 2. Flowering genes were enriched among genes DE 

between early and late flowering RILs in the nested analysis (p = 1.45e-06) and at time point 2 

(p = 0.0012), as well as between Bur-0 and Col-0 at time point 1 (p = 0.0169) (Figure 7). The 

proportion of flowering genes among DE genes was not significantly different between Bur-0 vs. 

Col-0 and early vs. late flowering RILs in the nested analysis (Chi Square p = 0.2052), but at 

time point 1 flowering genes were enriched among Bur-0 vs. Col-0 compared to early vs. late DE 

genes (Chi Square p < 2.2e-16); at time point 2 flowering genes were enriched among early vs. 
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late DE genes (Chi Square p = 8.102e-11). More flowering genes were DE in Bur-0 vs. Col-0 at 

time point 1 compared to time point 2; in early vs. late more flowering genes were DE at 

time point 2 (both Chi Square p < 2.2e-16) (Supplementary Material). 

FTA flowering genes were enriched among development dependent genes  

Flowering genes were enriched among development dependent DE genes in early vs. late 

flowering RILs, but not in Bur-0 vs. Col-0. This suggests that for a majority of FTA genes in 

general, and flowering genes in particular, expression changed dependent of development. Of 

the flowering genes DE between Bur-0 and Col-0, 90 were development dependent (no 

enrichment: p = 0.100); between early and late flowering RILs, 122 were development 

dependent (enrichment: p = 6.80e-06) in the nested analysis. Time point separated analysis 

identified a trend towards enrichment of development dependent genes, except for time point 2 

of the early vs. late flowering comparison where development dependent genes were under-

represented. 

Defense genes were enriched among genes DE between Bur-0 and Col-0 

Because the parental accessions Bur-0 and Col-0 were chosen as segregating for defense, defense 

genes were expected to be enriched among DE genes. The data supported this in time point 

separated analyses. If the majority of defense traits were pleiotropically linked to flowering time I 

would have also expected to find enrichment among early vs. late flowering RILs, which the data 

did not show. Of the 1103 defense candidate genes, 705 were mapped in the nested and 687 at 

time point separated analyses. Of these defense genes, 275 (39.01%) were DE between Bur-0 

and Col-0 and 186 (26.38%) between early and late flowering pools, with 93 in both 

(Supplementary Material). 260 defense genes were DE between Bur-0 and Col-0 at time point 1, 

187 at time point 2; 36 were DE between early and late flowering RILs at time point 1 and 133 at 

time point 2. Defense genes were enriched among genes DE between Bur-0 and Col-0 in both 

sampling time points (tp1: p = 0.01204 and tp2: p = 0.0283) and showed a trend in the nested 

analysis (p= 0.07083) (Figure 7). Defense genes were not enriched among genes DE between 

early and late flowering RILs (Supplementary Material). The proportion of DE defense genes 

was higher in Bur-0 vs. Col-0 than in early vs. late flowering RILs. Bur-0 vs. Col-0 had more DE 

defense genes at time point 1 than at time point 2, while early vs. late flowering lines had more at 

time point 2. The proportion of DE defense genes was enriched in Bur-0 vs. Col-0 compared to 

early vs. late flowering RILs in the nested analysis (Chi Square p = = 5.86e-07) and in both time 

points (Chi Square tp1: p < 2.2e-16, tp2: p = 0.0007). The proportion of Bur -0 vs. Col-0 DE 

defense genes was enriched at time point 1 compared to time point 2 (Chi Square p = 3.38e-05) 

and of early vs. late DE defense genes at time point 2 (Chi Square p = 3.13e-15). 

There were no enrichments of DE genes involved in the defense responses to oomycetes, 

bacteria, nematodes, viruses, insects and fungi. Flagellin22 responsive (FLARE) genes were 

under-represented among genes DE between Bur-0 and Col-0 (p = 0.0125) and between early 

and late flowering RILs (p = 0.0121). 
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Figure 7: Numbers of differentially expressed (DE) flowering and defense genes 
Numbers of differentially expressed (DE) flowering (left) and defense (right) genes as defined by 
being significant in the nested DESeq2 analysis of Bur-0 vs. Col-0 and early vs. late flowering RILs. 
Enrichments are marked with bold numbers: Flowering genes were enriched among genes DE 
between early and late flowering RILs in the nested analysis (p = 1.45e-06) and at time point 2 
(p = 0.0012); time point 1 did not show enrichment (p = 0.4667). Flowering genes were not enriched 
among Bur-0 vs. Col-0 DE genes (p = 0.959), in fact they were under-represented (p = 0.049), but 
there was a trend for enrichment at time point 2 (p = 0.0774). Defense genes were enriched among 
genes DE between Bur-0 and Col-0 in both sampling time points (tp1: p = 0.01204 and tp2: 
p = 0.0283) and showed a trend in the nested analysis (p= 0.07083) (Figure 7).  

Defense genes with strong differential expression 

Noteworthy DE defense genes with high log2 fold changes were AZELAIC ACID 

INDUCED 1 (AZI1), EPITHIOSPECIFYING SENESCENCE REGULATOR (ESR), 

EPITHIOSPECIFIER MODIFIER 1 (ESM1), GLUCOSIDE GLUCOHYDROLASE 2 

(TGG2), DA1-RELATED PROTEIN 4 (DAR4), TSK-ASSOCIATING PROTEIN 1 (TSA1), 

STRICTOSIDINE SYNTHASE 2 (SS2), PHYTOALEXIN DEFICIENT 4 (PAD4), BRI1-

ASSOCIATED RECEPTOR KINASE (BAK1), FLAGELLIN-SENSITIVE 2 (FLS2), RPM1 

INTERACTING PROTEIN 4 (RIN4), EARLY ARABIDOPSIS ALUMINUM INDUCED 1 

(EARLI1), ETHYLENE RESPONSE FACTOR- 2 (ERF2), PHOSPHOLIPASE A 2A (PLP2), 

PATHOGENESIS-RELATED 4 (PR4) and PATHOGENESIS-RELATED 3 (PR3) (see 

Supplementary Material for defense networks). The majority of these genes showed higher 

expression in Bur-0 and late flowering genotypes, albeit not in all cases. This supports the 

hypothesis that at least in some strongly DE defense genes, there is the hypothesized positive 

correlation between flowering time and defense. 

FLS2 is a leucine-rich repeat (LRR) serine/threonine protein kinase involved in activating basal 

immune responses through perception of bacterial flagellin (Xiang et al. 2008). FLS2 expression 

was not correlated with flowering time in natural accessions but from previous studies we know 
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of a positive correlation between flagellin binding affinity and flowering time (Vetter 2010, PhD 

thesis). This correlation was confirmed in the Bur-0 x Col-0 RIL samples, where the correlation 

between gene expression and flowering time was positive at both time points (GLM tp1: 

p = 0.0021, tp2: p = 0.0189, tp1 + tp2: p = = 0.0014). FLS2 expression was development 

dependent (LRT p = 0.0241) and DE between Bur-0 and Col-0 and between early and late 

flowering RILs with higher expression in Bur-0 and late flowering lines (Bur-0 vs. Col-0 nested: 

p = 1.16e-05, tp1: p = 0.0005, tp2: p = 0.0009; Early vs. late flowering RILs nested: p = 0.0174, 

tp1: p = 0.0632, tp2: p = 0.0975; Log2 fold changes of Bur-0 vs. Col-0 nested: 1.3132, tp1: 

0.6977, tp2: 1.7366; Early vs. late flowering RILs nested: -0.7863, tp1: -0.5066, tp2: -0.9463). 

EARLI1 is a putative lipid transfer protein that is vernalization-responsive and cold-induced 

(Heyndrickx and Vandepoele 2012; Xu et al. 2011). It was a potential candidate for the flowering 

time QTL on chromosome 4. EARLI1 expression was development dependent (LRT 

p = 0.00578) and DE between Bur-0 and Col-0 with higher in expression in Bur-0 (Bur-0 vs. 

Col-0 nested: p = 2.53e-05, tp1: p = NA, tp2: p = 0.0096; Early vs. late flowering RILs nested: 

p = 0.0383, tp1: p = NA, tp2: p = 0.3922. Log2 fold changes between Bur-0 vs. Col-0 nested: 

5.8646, tp1: 3.1417, tp2: 2.2573; Early vs. late flowering RILs nested: -1.9730, tp1: -1.5682, tp2: -

0.7840). 

PLP2 is a lipid acyl hydrolase that accumulates upon fungal and bacterial infection when it travels 

from the cytoplasm to the membrane. PLP2 also contributes to resistance against viruses and to 

the plant type hypersensitive response (HR) (La Camera et al. 2005). PLP2 was close to the QTL 

on chromosome 2. PLP2 expression was development dependent (LRT p = 0.0055) and DE 

between Bur-0 and Col-0 with higher in expression in Bur-0 (Bur-0 vs. Col-0 nested: 

p = 2.44e-17, tp1: p = 1.12e-25, tp2: p = 9.83e-05; Early vs. late flowering RILs nested: 

p = 0.6324, tp1: p = 0.5532, tp2: p = 0.4522. Log2 fold changes between Bur-0 vs. Col-0 nested: 

4.515, tp1: 3.4354, tp2: 3.1615; Early vs. late flowering RILs nested: -0.3496, tp1: 0.3763, tp2: -

0.7524). 

PR3 is a chitinase involved in ethylene and jasmonic acid (JA) mediated signaling pathways, 

Systemic Acquired Resistance (SAR) and defense responses to fungi (Heyndrickx and 

Vandepoele 2012). PR3 expression was development dependent (LRT p = 0.0005) and DE 

between Bur-0 and Col-0 with higher in expression in Bur-0 (Bur-0 vs. Col-0 nested: 

p = 7.70e-15, tp1: p = 2.26e-06, tp2: p = 4.63e-10; Early vs. late flowering RILs nested: 

p = 0.7517, tp1: p = 0.9738, tp2: p = 0.6363; Log2 fold changes of Bur-0 vs. Col-0 nested: 

4.5317, tp1: 2.7464, tp2: 4.1117; Early vs. late flowering RILs nested: -0.2436, tp1: 0.0475, tp2: -

0.4255 

PR4 is involved in defense responses to herbivores, bacteria, virus and fungi, as well as in SAR. 

PR4 levels increase in response to ethylene and turnip crinkle virus infection (Mishina and Zeier 

2007; Moreno et al. 2009; Mukherjee et al. 2010). PR4 expression was development dependent 

(LRT p = 1.18e-06) and DE between Bur-0 and Col-0 and between early and late flowering RILs 

with higher in expression in Bur-0 and late flowering lines (Bur-0 vs. Col-0 nested: p = 2.16e-13, 
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tp1: p = 0.01925, tp2: p = 1.01e-15; Early vs. late flowering RILs nested: p = 0.0021, tp1: 

p = 0.2722, tp2: p = 0.0048. Log2 fold changes between Bur-0 vs. Col-0 nested: 2.7241, tp1: 

1.1097, tp2: -3.7919; Early vs. late flowering RILs nested: -1.2696, tp1: -0.77195, tp2: -1.5218). 

ERF2 is a member of the ethylene response transcription factor family and contains an AP2 

domain. It is an activator of transcription and positive regulator of JA-responsive defense genes 

and mediates resistance to the fungus Fusarium oxysporum (Riechmann and Meyerowitz 1998; 

Dietz, Vogel, and Viehhauser 2010; Fujimoto et al. 2000). ERF2 expression was development 

dependent (LRT p = 0.00301) and DE between Bur-0 and Col-0 with higher in expression in 

Bur-0 (Bur-0 vs. Col-0 nested: p = 7.87e-09, tp1: p = 0.0344, tp2: p = 2.49e-08; Early vs. late 

flowering RILs nested: p = 0.9732, tp1: p = 0.7189, tp2: p = 0.7560; Log2 fold changes of Bur-0 

vs. Col-0 nested: 1.8829, tp1: 0.8149, tp2: 2.6292; Early vs. late flowering RILs nested: 0.0176, 

tp1: 0.2580, tp2: -0.2106). 

RIN4 is a member of the resistance (R-) protein complex and interacts with RPS2 and RPM1. 

Bacterial avirulence effectors induce a mobility shift in RIN4 and induce degradation of RIN4. 

Overexpression of RIN4 inhibits PAMP-induced defense signaling (M. G. Kim et al. 2005; Cui 

et al. 2012). RIN4 expression was not development dependent (LRT p = 0.0984) but DE 

between Bur-0 and Col-0 with higher in expression in Bur-0 (Bur-0 vs. Col-0 nested: p = 0.0184, 

tp1: p = 0.4639, tp2: p = 0.0343; Early vs. late flowering RILs nested: p = 0.1718, tp1: p = 0.775, 

tp2: p = 0.2172. Log2 fold changes of Bur-0 vs. Col-0 nested: 0.614, tp1: 0.2210, tp2: 0.9433; 

Early vs. late flowering RILs nested: -0.3887, tp1: -0.1498, tp2: 0.5794). 

BAK1 is a leucine-rich receptor and serine/threonine protein kinase. BAK1 is part of the 

brassinosteroid signaling cascade and involved in the defense responses to bacteria and fungi via 

salicylic acid (SA)-signaling (Heyndrickx and Vandepoele 2012; Kemmerling et al. 2007; Albrecht 

et al. 2008). BAK1 expression was not development dependent (LRT p = 0.0626) but DE 

between Bur-0 and Col-0 with higher in expression in Bur-0 (Bur-0 vs. Col-0 nested: p = 0.008, 

tp1: p = 0.0010, tp2: p = 0.0903; Early vs. late flowering RILs nested: p = 0.0667, tp1: 

p = 0.1598, tp2: p = 0.1807; Log2 fold changes of Bur-0 vs. Col-0 nested: 0.7923, tp1: 0.5261, 

tp2: 0.9614; Early vs. late flowering RILs nested: -0.5882, tp1: -0.3253, tp2: -0.7635). 

PAD4 encodes a lipase-like gene important for SA signaling, R-gene-mediated defense and basal 

plant disease resistance. PAD4 can interact directly with EDS1, another disease resistance 

signaling protein. PAD4 is expressed at elevated levels in response to the green peach aphid 

(Feys et al. 2001; Pegadaraju et al. 2005). PAD4 expression was development dependent (LRT 

p = 1.57e-05) and DE between Bur-0 and Col-0 with higher in expression in Bur-0 (Bur-0 vs. 

Col-0 nested: p 0.0279, tp1: p = 0.1807, tp2: p = 0.0006; Early vs. late flowering RILs nested: 

p = 0.8801, tp1: p = 0.9744, tp2: p = 0.8779; Log2 fold changes of Bur-0 vs. Col-0 nested: 

0.7856, tp1: -0.4543, tp2: 1.8278; Early vs. late flowering RILs nested: 0.0743, tp1: 0.025, tp2: 

0.1195). 

SS2 encodes a strictosidine synthase involved in the response to wounding via JA signaling 

(Devoto et al. 2005). SS2 expression was development dependent (LRT p = 0.0118) and DE 
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between Bur-0 and Col-0 with higher in expression in Bur-0 (Bur-0 vs. Col-0 nested: 

p = 3.38e-05, tp1: p = 5.46e-08, tp2: p = 0.3725; Early vs. late flowering RILs nested: 

p = 0.5784, tp1: p = 0.8829, tp2: p = 0.403; Log2 fold changes of Bur-0 vs. Col-0 nested: 0.8918, 

tp1: 1.3194, tp2: 0.4158; Early vs. late flowering RILs nested: -0.1551, tp1: 0.0899, tp2: -0.3719.) 

TSA1 is involved in the defense response to fungi (Huibers et al. 2009). TSA1 expression was 

development independent (LRT p = 0.4394) and DE between Bur-0 and Col-0 with higher in 

expression in Bur-0 (Bur-0 vs. Col-0 nested: p = 0.0121, tp1: p = 0.0003, tp2: p = 0.4166; Early 

vs. late flowering RILs nested: p = 0.8874, tp1: p = 0.7298, tp2: p = 0.9170; Log2 fold changes of 

Bur-0 vs. Col-0 nested: 1.1513, tp1: 1.4023, tp2: 0.6636; Early vs. late flowering RILs nested: -

0.0915, tp1: -0.2674, tp2: 0.0964). 

DAR4 is a TIR-NB-LRR gene involved in defense responses. A gain of function allele leads to 

activation of defense responses and an increased freezing tolerance (Haibian Yang et al. 2010). 

DAR4 expression was development independent (LRT p = 0.4806) and DE between Bur-0 and 

Col-0 and between early and late flowering RILs with higher in expression in Col-0 and late 

flowering lines (Bur-0 vs. Col-0 nested: p = 2.57e-44, tp1: p = 7.63e-51, tp2: p = 4.74e-51; Early 

vs. late flowering RILs nested: p = 5.12e-07, tp1: p = 0.01836, tp2: p = 1.48e-05; Log2 fold 

changes of Bur-0 vs. Col-0 nested: -9.5018, tp1: -6.8689, tp2: -7.5729; Early vs. late flowering 

RILs nested: -1.5251, tp1: -1.2359, tp2: -1.6343). 

TGG2 is a thioglucoside glucohydrolase involved in glucosinolate metabolism and thus involved 

in defense against herbivorous insects. Expression of a thioglucoside glucohydrolase with 

redundant function, TGG1, was positively correlated with flowering time in natural accessions. 

TGG1 and TGG2 produce insect toxins through breakdown of glucosinolates and are involved 

in abscisic acid (ABA) and JA signaling (Barth and Jander 2006; Islam et al. 2009). TGG2 

expression was development dependent (LRT p = 2.89e-14) and DE between Bur-0 and Col-0 

with higher in expression in Col-0 (Bur-0 vs. Col-0 nested: p = 8.74e-51, tp1: p = 5.53e-35, tp2: 

p = 2.65e-24; Early vs. late flowering RILs nested: p = 0.9273, tp1: p = 0.9175, tp2: p = 0.9873; 

Log2 fold changes of Bur-0 vs. Col-0 nested: -5.4778, tp1: -4.6295, tp2: -5.1516; Early vs. late 

flowering RILs nested: -0.0546, tp1: -0.1062, tp2: 0.0136). 

ESR is involved in defense against insects through glucosinolate hydrolysis and leaf senescence 

and interacts with the senescence-specific transcription factor WRKY53 (Lambrix et al. 2001). 

ESR expression is antagonistically regulated in response to JA, by which it is activated and SA, by 

which it is repressed. ESR knockout plants show accelerated senescence while over-expression 

leads to delayed senescence and higher resistance to bacterial and fungal pathogens (Miao and 

Zentgraf 2007). ESR expression was development independent (LRT p = 0.2088) and DE 

between Bur-0 and Col-0 and between early and late flowering RILs with higher in expression in 

Bur-0 and late flowering lines (Bur-0 vs. Col-0 nested: p = 2.62e-150, tp1: p = 3.18e-110, tp2: 

p = 3.28e-56; Early vs. late flowering RILs nested: p = 7.68e-22, tp1: p = 1.11e-11, tp2: 

p = 1.09e-10; Log2 fold changes of Bur-0 vs. Col-0 nested: 6.3168, tp1: 6.4995, tp2: 5.467; Early 

vs. late flowering RILs nested: -2.5021, tp1: -2.2126, tp2: -2.5319). 



43 

ESM1 represses nitrile formation in favor of isothiocyanate production during glucosinolate 

hydrolysis by epistatically interacting with ESR, and thus confers resistance against herbivorous 

insects (Z. Zhang, Ober, and Kliebenstein 2006). ESM1 expression was development dependent 

(LRT p = 4.79e-05) and DE between Bur-0 and Col-0 and between early and late flowering RILs 

with higher in expression in Col-0 and early flowering lines (Bur-0 vs. Col-0 nested: 

p = 1.12e-74, tp1: p = 1.86e-30, tp2: p = 1.87e-47; Early vs. late flowering RILs nested: 

p = 7.49e-06, tp1: p = 0.0496, tp2: p = 0.0003; Log2 fold changes of Bur-0 vs. Col-0 nested: -

4.4600, tp1: -3.1029, tp2: -5.3189; Early vs. late flowering RILs nested: 1.244, tp1: 0.7756, tp2: 

1.5893). 

AZI1 is involved in SA-induced systemic immunity triggered by bacterial and fungal pathogens 

or azelaic acid (Chassot, Nawrath, and Métraux 2007). AZI1 expression was development 

dependent (LRT p = 0.0043) and DE between Bur-0 and Col-0 and between early and late 

flowering RILs with higher in expression in Bur-0 and late flowering lines (Bur-0 vs. Col-0 

nested: p = 2.99e-28, tp1: p = 7.33e-20, tp2: p = 2.16e-15; Early vs. late flowering RILs nested: 

p = 8.19e-10, tp1: p = 0.016, tp2: p = 1.5e-08; Log2 fold changes of Bur-0 vs. Col-0 nested: 

6.4353, tp1: 4.5688, tp2: 5.3109; Early vs. late flowering RILs nested: -3.4766, tp1: -1.6142, tp2: -

4.0346). 

Neither positive nor negative regulators of defense were enriched 

Contrary to the hypothesis that defense and flowering time correlate positively, there was no 

enrichment of positive, and neither of negative, defense regulators. From the 30 candidate genes 

that negatively regulate defense (GO: 0031348), 10 were DE between Bur-0 and Col-0 and 6 

between early and late flowering pools. There was an overlap of 3 DE negative defense 

regulators between Bur-0 vs. Col-0 and early vs. late flowering pools: BON ASSOCIATION 

PROTEIN 1 (BAP1), SUPPRESSOR OF RPS4-RLD 1 (SRFR1) and MYB30-INTERACTING 

E3 LIGASE 1 (MIEL1). From the 45 genes that positively regulate defense (GO: 0031348), 15 

were DE between Bur-0 and Col-0 and 12 between early and late flowering pools. There was an 

overlap of 4 DE positive defense regulators between Bur-0 vs. Col-0 and early vs. late flowering 

pools: LSD ONE LIKE 1 (LOL1), SUPPRESSOR OF AUXIN RESISTANCE 3 (SAR3), MAP 

KINASE 6 (MPK6) and a TIR-NB-LRR (Supplementary Material). 

MIEL1 is a ubiquitin ligase that ubiquitinates MYB30, a positive regulator of defense and 

hypersensitive responses (HR). Ubiquitination of MYB30 leads to a down-regulation of its 

transcriptional activity and thus a negative regulation of defense and HR (Marino et al. 2013). 

MIEL1 expression was development independent (LRT p = 0.1356) but not correlated with 

flowering time in natural accessions. MIEL1 was DE between Bur-0 and Col-0 and between 

early and late flowering RILs with higher in expression in Col-0 and late flowering lines (Bur-0 

vs. Col-0 nested: p = 0.032, tp1: p = 0.1371, tp2: p = 0.2090; Early vs. late flowering RILs 

nested: p = 0.0397, tp1: p = 0.6342, tp2: p = 0.0595; Log2 fold changes of Bur-0 vs. Col-0 

nested: -0.6278, tp1: -0.5289, tp2: -0.6408; Early vs. late flowering RILs nested: -0.6269, tp1: -

0.2894, tp2: -0.8818). 



44 

SRFR1 is a tetratricopeptide repeat domain transcriptional repressors involved in mediating 

effector-triggered immunity (S. H. Kim et al. 2009). SRFR1 expression was development 

independent (LRT p = 0.2539) and was not correlated with flowering time. SRFR1 was DE 

between Bur-0 and Col-0 and between early and late flowering RILs with higher in expression in 

Col-0 and early flowering lines (Bur-0 vs. Col-0 nested: p = 0.0039, tp1: p = 0.0134, tp2: 

p = 0.2266; Early vs. late flowering RILs nested: p = 0.0002, tp1: p = 0.1845, tp2: p = 0.0079; 

Log2 fold changes of Bur-0 vs. Col-0 nested: -0.3613, tp1: -0.3642, tp2: -0.3411; Early vs. late 

flowering RILs nested: 0.4729, tp1: 0.2776, tp2: 0.6633). 

BAP1 is involved in maintaining cell homeostasis and cell death via the hypersensitive response 

(HR). Loss of function enhances disease resistance against bacteria and oomycetes, mediated by 

salicylic acid (SA), PAD4 and SNC1, while over-expression enhances susceptibility to pathogens 

(Huijun Yang, Li, and Hua 2006). BAP1 expression was development dependent (LRT 

p = 8.01e-10) and not correlated with flowering time. BAP1 was DE between Bur-0 and Col-0 

and between early and late flowering RILs with higher in expression in Col-0 and early flowering 

lines (Bur-0 vs. Col-0 nested: p = 0.0018, tp1: p = 0.0063, tp2: p = 0.1551; Early vs. late 

flowering RILs nested: p = 0.0494, tp1: p = NA, tp2: p = 0.1576; Log2 fold changes of Bur-0 vs. 

Col-0 nested: -1.7096, tp1: -1.7407, tp2: -1.0634; Early vs. late flowering RILs nested: 1.1404, tp1: 

0.8942, tp2: 1.0155). 

The TIR-NB-LRR is involved in induction of cell death via HR (Swiderski, Birker, and Jones 

2009). Expression of the TIR-NB-LRR was development independent (LRT p = 0.246) and not 

correlated with flowering time. It was DE between Bur-0 and Col-0 and between early and late 

flowering RILs with higher in expression in Col-0 and early flowering lines (Bur-0 vs. Col-0 

nested: p = 4.39e-27, tp1: p = 1.35e-10, tp2: p = 1.86e-20; Early vs. late flowering RILs nested: 

p = 0.0140, tp1: p = 0.2519, tp2: p = 0.049; Log2 fold changes of Bur-0 vs. Col-0 nested: -

3.9489, tp1: -2.9237, tp2: -4.1488; Early vs. late flowering RILs nested: 1.0477, tp1: 0.8412, tp2: 

1.0626). 

MPK6 is induced by pathogens, ethylene biosynthesis, oxidative stress and osmotic stress and 

involved in ovule development and HR (Heyndrickx and Vandepoele 2012). MPK6 expression 

was not development dependent (LRT p = 0.0812) and not correlated with flowering time. 

MPK6 was DE between Bur-0 and Col-0 and between early and late flowering RILs with higher 

in expression in Bur-0 and late flowering lines (Bur-0 vs. Col-0 nested: p = 0.02209, tp1: 

p = 0.3896, tp2: p = 0.0965; Early vs. late flowering RILs nested: p = 0.042, tp1: p = 0.7845, tp2: 

p = 0.0925; Log2 fold changes of Bur-0 vs. Col-0 nested: 0.3022, tp1: 0.1238, tp2: 0.4796; Early 

vs. late flowering RILs nested: -0.2808, tp1: -0.0698, tp2: -0.4729.) 

SAR3 is involved in basal defense against bacteria and downstream activation of defense 

pathways by the snc1 mutation. SAR3 is involved in negative regulation of flower development 

with mutants showing an early-flowering phenotype (Y. Zhang and Li 2005). SAR3 expression 

was development dependent (LRT p = 0.001) and not correlated with flowering time. SAR3 was 

DE between Bur-0 and Col-0 and between early and late flowering RILs with higher in 
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expression in Bur-0 at time point 1 and early flowering lines at time point 2 (Bur-0 vs. Col-0 

nested: p = 0.0129, tp1: p = 4.23e-05, tp2: p = 0.8899; Early vs. late flowering RILs nested: 

p = 0.0036, tp1: p = 0.7591, tp2: p = 0.0075; Log2 fold changes of Bur-0 vs. Col-0 nested: 

0.3957, tp1: 0.7235, tp2: 0.0664; Early vs. late flowering RILs nested: 0.483, tp1: 0.1147, tp2: 

0.8349). 

LOL1 is a positive regulator of cell death (Epple et al. 2003). LOL1 expression was development 

independent (LRT p = 0.1855) and not correlated with flowering time. LOL1 was DE between 

Bur-0 and Col-0 and between early and late flowering RILs with higher in expression in Col-0 

and late flowering lines (Bur-0 vs. Col-0 nested: p = 0.0007, tp1: p = 0.0604, tp2: p = 0.0228; 

Early vs. late flowering RILs nested: p = 0.0155, tp1: p = 0.1022, tp2: p = 0.2947; Log2 fold 

changes of Bur-0 vs. Col-0 nested: -0.6311, tp1: -0.5067, tp2: -0.708; Early vs. late flowering RILs 

nested: -0.4823, tp1: -0.5738, tp2: -0.3545). 

Development dependent defense genes were enriched among FTA defense genes 

A majority of defense genes was development dependent and enriched among DE genes. Of the 

defense genes DE between Bur-0 and Col-0, 146 were development dependent (enrichment: 

p = 1.13e-05); of the defense genes DE between early and late flowering RILs, 111 were 

development dependent (enrichment: p = 7.01e-08). Time point separated analyses confirmed 

enrichment of development dependent defense genes among DE genes. 

Defense versus flowering genes 

Flowering and defense genes were enriched among flowering time-associated (DE between early 

and late flowering RILs) development dependent genes, but only defense genes were also 

enriched among genes DE between Bur-0 and Col-0. Following from this, I found a higher 

proportion of DE defense than flowering genes among development dependent genes. Among 

all development dependent genes, only defense but not flowering genes were enriched. This 

shows that a majority of FTA gene expression changes were dependent on development, but 

that defense genes were more strongly development dependent than flowering genes, especially 

when differences in development were most pronounced between early and late flowering 

genotypes. Of the defense candidate genes, 349 were development dependent (enrichment: 

p = 3.32e-07) and 287 development independent. Among flowering candidate genes 249 were 

development dependent genes (no enrichment: p = 0.35) and 306 development independent 

genes. The proportion of development dependent vs. independent defense genes was enriched 

compared to flowering genes (Chi Square p = 0.0007034) (Figure 8, Figure 23 and 

Supplementary Material). There was a trend for defense genes being enriched compared to 

flowering genes among Bur-0 vs. Col-0 DE and development dependent genes in the nested 

analysis (Chi Square p = 0.09928) and an enrichment at time point 2 (Chi Square p = 0.02136). 

Among early vs. late flowering DE and development dependent genes defense genes were 

enriched at time point 2 (Chi Square p = 6.967e-14) (Supplementary Material). 
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Figure 8: Enrichments and under-representations of flowering and defense candidate genes 
among development dependent and independent genes.  
Enrichment of development dependent (p = 3.32e-07) and under-representation of development 
independent (under-representation: p = 5.55e-09) defense genes are marked as bold numbers. The 
proportion of development dependent vs. independent defense genes was enriched compared to 
flowering genes (Chi Square p = 0.0007034). 

Patterns of expression change of development dependent and DE genes 

Development dependent and DE genes were sorted into categories based on expression change 

patterns between Bur-0 and Col-0 and between early and late flowering RILs at both sampling 

time points. Genes were sorted by whether they were more strongly expressed in Bur-0 or Col-0 

and early or late flowering samples, as well as by whether expression increased or decreased from 

time point 1 to 2. The majority of DE genes was expressed in the same pattern at both 

time points and in both flowering genotypes with a more pronounced difference between Bur-0 

and Col-0 compared to early and late flowering samples and between Bur-0 vs. Col-0 compared 

to early vs. late DE genes. There were no significant differences in the number of genes with 

higher expression in Col-0 vs. Bur-0 or early vs. late flowering genotypes (Supplementary 

Material).  

The majority of development dependent genes showed increased expression at 

time point 2 

The majority of development dependent genes had a higher expression at time point 2, where 

Bur-0 and early flowering lines were most strongly expressed, than at time point 1, where Col-0 
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was most strongly expressed (Figure 9). The proportion of development dependent genes with 

1.5x higher expression at time point 2 (2244) was enriched compared to genes with higher 

expression at time point 1 (1880) (Chi Square p = 9.929e-11). The remaining 4604 development 

dependent genes did not change significantly between time points. The majority of development 

dependent flowering genes was more strongly expressed at time point 1 than at time point 2, 

while the majority of development dependent defense genes was more strongly expressed at 

time point 2 (Chi Square p = 1.978e-05). Development dependent and DE genes did not show 

differences between time points (Supplementary Material). 

At time point 1 the majority of development dependent genes showed higher expression 

in Col-0 and late genotypes, while at time point 2 the majority was more strongly 

expressed in Bur-0 and early genotypes 

The proportion of development dependent genes was enriched among genes with a 1.5x higher 

expression in Col-0 than in Bur-0 at time point 1 (2217 Col-0 ~ 1758 Bur-0: Chi Square 

p < 2.2e-16). At time point 2, the majority of genes was more strongly expressed in Bur-0 (1764 

Col-0 ~ 2081 Bur-0: Chi Square p = 7.871e-09). The remaining 4753 (time point 1) and 4883 

(time point 2) genes were not expressed at different levels in Bur-0 and Col-0. In the early and 

late samples, the pattern of expression change was opposite to what we found in the parents. 

Here the proportion of development dependent genes was higher, albeit not significantly, among 

genes with a 1.5x higher expression in late flowering lines at time point 1 (1041 late ~ 967 early: 

Chi Square p = 0.0833) and significantly higher in early flowering lines at time point 2 (2143 late 

~ 2323 early: Chi Square p = 0.001903). The remaining 6720 (time point 1) and 4262 

(time point 2 genes were not expressed at different levels between RILs. This coincided with 

differential expression results. 

The majority of development dependent and Bur-0 vs. Col-0DE genes showed higher 

expression in Col-0 at time point 1 and in late flowering lines at time point 2 

The proportion of development dependent and DE genes with higher expression in Bur-0 than 

in Col-0 was higher in early vs. late flowering compared to Bur-0 vs. Col-0 at time point 1 (Chi 

Square p = 9.103e-05); at time point 2 the proportions were not significantly different. The 

proportion of genes with higher expression in late than in early flowering samples was higher in 

Bur-0 vs. Col-0 compared to early vs. late DE genes (Chi Square p 0.00201) at time point 2; 

while they showed no significant differences at time point 1. 

Defense genes were more enriched than flowering genes among development dependent 

genes with higher expression in Col-0 at time point 1 and in Bur-0 at time point 2 

At time point 1, the majority of development dependent flowering genes was more strongly 

expressed in Bur-0 than in Col-0, while the majority of development dependent defense genes 

was more strongly expressed in Col-0 (Chi Square p = 0.001262). At time point 2, the proportion 

of defense genes with higher expression in Bur-0 than in Col-0 was higher compared to 
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flowering genes (Chi Square p = 0.0039). There were no differences in the proportions of 

development dependent defense vs. flowering genes with higher expression in early or late 

flowering samples at time point 1; at time point 2, the proportion of development dependent 

defense genes with higher expression in late flowering lines was again enriched compared to 

development dependent flowering genes (Chi Square p = 0.002102). The proportions of 

development dependent defense vs. flowering genes were not different between DE genes 

(Figure 9 and Table 3). 

The majority of genes changed expression in the same direction and consistent in Bur-0 

and late and in Col-0 and early flowering genotypes 

The majority of development dependent genes changed expression in the same pattern at both 

time points, meaning that the genotype with higher expression at time point 1 was also higher 

expressed at time point 2. The numbers of genes with higher expression in the same genotype at 

both time points were 778 in Bur-0, 885 in Col-0, 623 in late, 578 in early flowering lines. The 

proportion of genes which changed expression in the same pattern was enriched compared to 

genes with opposite expression changes (Chi Square p < 2.2e-16). The same enrichment was 

found for DE genes with developmental dependence (Chi Square p < 2.2e-16). The proportion 

of genes with higher expression in Bur-0 than in Col-0 at both time points was enriched among 

genes DE between early vs. late flowering RILs compared to Bur-0 vs. Col-0 DE genes, where 

the majority showed higher expression in Col-0 (Chi Square p = 0.028). The proportion of genes 

with higher expression in late than in early flowering RILs at both time points was enriched 

among genes DE between Bur-0 vs. Col-0 (Chi Square p = 0.004). Moreover, the majority of 

genes changed expression consistent manner in Bur-0 and late and in Col-0 and early flowering 

genotypes at both time points (Chi Square p < 2.2e-16) (Figure 9, Table 3 and Supplementary 

Material). 

DE defense genes in Bur-0 vs. Col-0 were enriched among genes that changed 

expression in the same pattern and consistent between flowering genotypes 

The proportion of development dependent defense genes that changed expression in the same 

pattern was enriched among genes DE between Bur-0 and Col-0 with higher expression in Col-0 

and early flowering genotypes at time point 1 and in Bur-0 and late flowering genotypes at 

time point 2 compared to flowering genes (Chi Square Bur-0/Col-0 expression: p = 0.0007, 

early/late expression: p = 0.004, Bur-0 & late/Col-0 & early expression: p = 0.0018). There were 

no enrichments of defense or flowering genes among development dependent genes DE 

between early and late flowering RILs (Figure 9, Table 3 and Supplementary Material). 
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Figure 9: Schematic of proportions of expression change between Bur-0 and Col-0 and between early and late flowering RILs. 
Gene expression ratios were calculated for Bur-0 vs. Col-0, early vs. late flowering RILs and for time point 1 vs. time point 2, indicating which 
development dependent (light gray bars) flowering (dark gray bars) and defense (black bars) genes showed higher expression (>). On the left side, the 
numbers of genes are sorted by higher expression in one genotype comparison (Bur-0 vs. Col-0 or early vs. late flowering RILs) separated by time point 
and comparing time points 1 and 2. The y-axis shows the schematic number of genes with a ratio indicating higher expression in one or the other genotype 
or time point. On the right side, the numbers of genes with higher expression in time points combined are shown, indicating that the majority changed 
expression in the same direction in both time points. See Table 3 for details on the numbers of genes in each group and descriptions of alphabetical 
indicators assigned to expression patterns as shown on the x-axis. Significances from Chi Square tests are shown with asterisks.: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 
0.05 ‘.’ 0.1 ‘ ’ 1. 
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Table 3: Patterns of expression change between Bur-0 and Col-0 and between early and late flowering RILs at both time points.  
Numbers underlying Figure 9 (see there for schematic of alphabetical indicators assigned to expression patterns). The table shows the numbers of 
development dependent, differentially expressed (DE) genes and of the respective flowering and defense candidate gene numbers with higher expression in 
one or another genotype and time point. DE genes are separated by genes significant in the nested DESeq2 analysis of Bur-0 vs. Col-0 and early vs. late 
flowering RILs. Significances from Chi Square tests: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 ‘n.s.’. See Supplementary Material for details on statistical 
results. W: When numbers are small, Chi Square approximation can be unreliable. 

Higher expression in 
Development 
dependent genes 
(1.5x higher) 

Development dependent and DE between Development dependent candidate genes 
Development dependent and DE candidate 
genes 

Bur-0 vs. Col-0 Early vs. late  Flowering Defense  Flowering Defense  

a) Col-0 > Bur-0 tp1 2217 
*** 

1859 1489 
*** 

103 193 
** 

22 41 
n.s. 

b) Bur-0 > Col-0 tp1 1758 1760 1707 144 155 50 81 

c) Col-0 > Bur-0 tp2 1764 
*** 

1839 1629 
n.s. 

134 133 
** 

23 53 
n.s. 

d) Bur-0 > Col-0 tp2 2081 1780 1568 133 215 28 71 

e) early > late tp1 967 
. 

1661 1474 
n.s. 

125 185 
n.s. 

11 25 
n.s. 

f) late > early tp1 1041 1956 1722 122 163 13 25 

g) early > late tp2 2323 
** 

1611 1544 
** 

153 170 
** 

68 49 
* 

h) late > early tp2 2143 2007 1653 94 178 32 45 

Tp1 > tp2 1880 

*** 

1828 1589 

n.s. 

136 129 

*** 

2 (Bur-0 vs. Col-0 
& early vs. late) 

3 (Bur-0 vs. 
Col-0) 
1 (early vs. late) 

n.s. 

Tp2 > tp1 2244 1792 1608 111 219 
1 (Bur-0 vs. Col-0 
& early vs. late) 

6 (Bur-0 vs. 
Col-0) 
7 (early vs. late) 

 

Development dependent and DE between 

Bur-0 vs. Col-0 Early vs. late 

Flowering Defense Flowering Defense 

b + d) Bur-0 > Col-0 tp1 + tp2 778 

*** 

1628 

*** 

1040 

*** 

* 
45 79 

n.s. 
38 31 

n.s. 
a + c) Col-0 > Bur-0 tp1 + tp2 885 1706 961 37 58 33 21 

b + c) Bur-0 > Col-0 tp1 +  
Col-0 > Bur-0 tp2 

157 132 667 

*** 

5 2 

*** (w) 

37 1 
n.s. 
(w) a + d) Col-0 > Bur-0 tp1 + 

Bur-0 > Col-0 tp2 
430 152 528 3 33 14 2 

f + h) late > early tp1 + tp2 623 

*** 

1422 

*** 

1592 

*** 

** 
34 58 

n.s. 
43 53 

n.s. 
e + g) early > late tp1 + tp2 578 1077 1413 35 40 71 54 

f + g) late > early tp1 + 
early > late tp2 

113 533 130 

*** 

15 25 

** 

7 2 
n.s. 
(w) e + h) early > late tp1 + 

late > early tp2 
90 583 61 6 50 1 9 
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Higher expression in 
Development 
dependent genes 
(1.5x higher) 

Development dependent and DE between Development dependent candidate genes 
Development dependent and DE candidate 
genes 

Bur-0 vs. Col-0 Early vs. late  Flowering Defense  Flowering Defense  

b+f+d+h) Bur-0 > Col-0 + late > early tp1 & 
Bur-0 > Col-0 + late > early tp2 

224 

*** 

911 

*** 

771 

*** 

. 

26 45 

n.s. 

23 27 

n.s. 
b+f+c+g) Bur-0 > Col-0 + late > early tp1 & 
Col-0 > Bur-0 tp2 

5 34 46 1 2 0 1 

a+e+c+g) Col-0 > Bur-0 + early > late tp1 & 
Col-0 > Bur-0 tp2 

170 749 614 

** 

24 26 

** 

27 17 

n.s. 
a+e+d+h) Col-0 > Bur-0 + early > late tp1 & 
Bur-0 > Col-0 + late > early tp2 

19 35 19 1 19 1 0 

b+e+d+g) Bur-0 > Col-0 + late > early tp1 & 
Bur-0 > Col-0 + early > late tp2 

19 233 201 6 11 11 4 

b+f+d+g) Bur-0 > Col-0 + late > early tp1 & 
Bur-0 > Col-0 + early > late tp2 

24 247 37 0 1 0 0 

b+e+d+h) Bur-0 > Col-0 + early > late tp1 & 
Bur-0 > Col-0 + late > early tp2 

11 234 31 0 1 0 0 

b+f+c+h) Bur-0 > Col-0 + late > early tp1 & 
Col-0 > Bur-0 + late > early tp2 

9 19 95 0 0 1 0 

b+e+c+g) Bur-0 > Col-0 + early > late tp1 & 
Col-0 > Bur-0 + early > late tp2 

31 66 524 0 0 2 0 

b+e+c+h) Bur-0 > Col-0 + early > late tp1 & 
Col-0 > Bur-0 + late > early tp2 

2 13 2 1 2 0 1 

a+f+c+h) Col-0 > Bur-0 + late > early tp1& 
Col-0 > Bur-0 + late > early tp2 

58 413 297 5 11 5 3 

a+f+c+g) Col-0 > Bur-0 + late > early tp1 & 
Col-0 > Bur-0 + early > late tp2 

11 242 40 0 0 0 0 

a+e+c+h) Col-0 > Bur-0 + early > late tp1 & 
Col-0 > Bur-0 + late > early tp2 

15 301 9 0 1 0 0 

a+f+d+h) Col-0 > Bur-0 + late > early tp1 & 
Bur-0 > Col-0 + late > early tp2 

45 79 429 0 0 0 0 

a+e+d+g) Col-0 > Bur-0 + early > late tp1 & 
Bur-0 > Col-0 + early > late tp2 

70 28 73 0 0 0 0 

a+f+d+g) Col-0 > Bur-0 + late > early tp1 & 
Bur-0 > Col-0 + early > late tp2 

11 10 7 1 11 2 0 
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DIFFERENTIAL GENE EXPRESSION (DE) AND CORRELATION WITH 

FLOWERING TIME 

Finally, the results from correlation analysis were combined with results from differential 

expression analysis to identify genes correlated with flowering time due to pleiotropy and genes 

with a potential history of co-evolution with flowering time. 77 of the 100 GLM correlated genes 

and 298 of the 350 permutation correlated genes were mapped in the RNA-Seq data set. Bur-0 

was not among the sequenced accessions, but Col-0 was. Genes correlated with flowering time 

and DE between Bur-0 and Col-0 are likely candidates for co-evolution with flowering traits but 

no direct pleiotropic link to it. From GLM, 13 (13%) and from permutation analysis 66 (18.86%) 

correlated genes were DE between Bur-0 and Col-0, of which five were defense (AHK4, FDH, 

VTC5, LURP1 and WRKY54) and one a flowering gene (SPL15). 14 (14%) GLM and 49 (14%) 

permutation correlated genes were DE between early and late flowering lines, with three defense 

(CESA4, CESA8 and AFT1) and three flowering genes (GID1C, AGL24 and SRZ21). 9 (9%) 

GLM and 34 (9.71%) permutation correlated genes were DE between Bur-0 and Col-0 and 

between early and late flowering lines. Among these were one defense (TGG1) and four 

flowering genes (FLC, SOC1, AGL8 and AGL42). 

Differential expression of flowering genes with correlated with flowering time 

Of the flowering genes correlated with flowering time, SPL15 was DE between Bur-0 and Col-0, 

GID1C, AGL24 and RSZ21 between early and late flowering RILs and FLC, AGL8, SOC1, and 

AGL42 between Bur-0 and Col-0 and between early and late flowering RILs. CRY2, EID1, 

FTIP1, FT, TFL1, CTL2, MYB33, UBC3, GIS, PAP3, and FTIP1 were not DE (Figure 10). The 

majority of correlated flowering genes were development dependent; only PAP3 and FT 

expression were independent of development. SPL15 and EID1 were neither clearly 

development dependent nor independent. 

FLC is a MADS-box transcription factor that plays a major role in the regulation of flowering via 

the vernalization pathway. It is a major negative regulator of flowering induction before 

vernalization by binding and repressing the expression of various flowering inducing genes, like 

SOC1, FT and SPL15. FLC is repressed by the autonomous pathway and by VRNs. It has been 

shown that FLC is universally expressed in plant tissues and developmental stages, especially in 

leafs (Deng et al. 2011). FLC expression was development dependent (LRT p = 0.000) and 

positively correlated with flowering time in natural accessions (GLM p = 1.79e-10), as well as in 

the Bur-0 x Col-0 RIL samples (GLM tp1: p = 0.0014, tp2: p = 0.0377, tp1+2: p= 0.0011). FLC 

expression was higher in Bur-0 and late than in Col-0 and early flowering RILs at both time 

points. FLC showed differential expression between Bur-0 and Col-0 and between early and late 

flowering lines (Bur-0 vs. Col-0 nested: p = 0.0000, tp1: p = 0.0000, tp2: p = 0.0000; Early vs. 

late flowering RILs nested: p = 0.0000, tp1: p = 0.0000, tp2: p = 0.0000; Log2 fold changes of 

Bur-0 vs. Col-0 nested: 4.2483, tp1: 3.3934, tp2: 4.4606; Early vs. late flowering RILs nested: -

1.9917, tp1: -1.9661, tp2: -1.8508). FRIGIDA induces the expression of FLC. However, based 
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on correlation analysis, FRI expression was not correlated with flowering time in natural 

accessions, nor DE, even though Bur-0 has a functional and Col-0 a non-functional FRIGIDA 

allele (Bur-0 vs. Col-0 nested: p = 0.4845, tp1: p = 0.5019, tp2: p = 0.8568; Early vs. late 

flowering RILs nested: p = 0.8611, tp1: p = 0.7062, tp2: p = 0.832; Log2 fold changes of Bur-0 

vs. Col-0 nested: 0.1366, tp1: 0.1919, tp2: 0.0864; Early vs. late flowering RILs nested: 0.04155, 

tp1: 0.1771, tp2: -0.0897). In a number of early flowering accessions, FRI was very weakly 

expressed; of these accessions, the majority had a FRI non-functional allele either from 

Landsberg-Erecta (Ler) or Columbia (Col): Ak_1 with fri-Ler, Bs_1 with fri-Ler, Bsch_0 with fri-

Ler, Er_0 with fri-Ler, Fi_0 with fri-Ler, Fr_2 with fri-Col, Ga_0 with fri-Ler, Gr_1 with fri-Ler, 

Is_0 with fri-Ler, Jl_3 with fri-Ler, Jm_0 with fri-Ler, Ler_1 with fri-Ler, Nc_1 with fri-Ler, 

Ob_0 with fri-Ler, Ra_0 with fri-Ler, Rennes_1 with fri-Ler, Uk_1 with fri-Ler, Wl_0 with fri-

Ler. 

FLC represses the transcription of SOC1 (Deng et al. 2011). The data confirmed this by showing 

a negative correlation of SOC1 expression with flowering time in natural accessions (GLM 

p = 3.31e-14) and in the Bur-0 x Col-0 RIL samples (GLM tp1: p = 0.0015, tp2: p = 0.0026, 

tp1+2: p = 8.46e-05). SOC1 encodes a MADS box transcription factor that is up-regulated in 

response to increasing day length. It is involved in flower production by up-regulating the 

expression of AGL24 in response to gibberellic acid (GA); it is bound and repressed by the GA 

pathway and by FLC (Srikanth and Schmid 2011, Deng et al. 2011). Mutations in SOC1 cause 

late flowering (Andrés and Coupland 2012). SOC1 expression depended on development (LRT 

p = 0.0001) and it was DE between both Bur-0 and Col-0 and between early and late flowering 

RILs (Bur-0 vs. Col-0 nested: p = 0.0000, tp1: p = 0.0128, tp2: p = 0.0000; Early vs. late 

flowering RILs nested: p = 0.0002, tp1: p = 0.0570, tp2: p = 0.0200; Log2 fold changes of Bur-0 

vs. Col-0 nested: -0.9793, tp1: -0.4381, tp2: -1.4787; Early vs. late flowering RILs nested: 0.5196, 

tp1: 0.4394, tp2: 0.5921). Col-0 and early flowering RILs were more strongly expressed at both 

time points with stronger differences at the time point 2, where expression dropped by one 

magnitude in Bur-0. 

SPL15 is expressed in response to FT and mediates the transition from vegetative to 

reproductive growth and are involved in aging (Deng et al. 2011). Low levels of SPL15 delay the 

transition from vegetative to reproductive growth and lead to late flowering phenotypes, which 

was conclusive with late flowering plants showing decreased SPL15 expression. SPL15 had a 

negative correlation with flowering time in natural accessions (GLM p = 0.0007) and at time 

point 2 of the Bur-0 x Col-0 RIL samples (GLM tp1: p = 0.1458, tp2: p = 0.0047, tp1+2: 

p = 0.0064), confirming its also being repressed by FLC. SPL15 expression was not development 

dependent (LRT p = 0.095) but it was DE between Bur-0 and Col-0, driven by time point 2 

(Bur-0 vs. Col-0 nested: p = 0.0131, tp1: p = 0.2761, tp2: p = 0.0431; Early vs. late flowering 

RILs nested: p = 0.2752, tp1: p = NA, tp2: p = 0.2433, Log2 fold changes of Bur-0 vs. Col-0 

nested: -1.7101, tp1: -0.9285, tp2: -1.4753; Early vs. late flowering RILs nested: 0.8750, tp1: 

0.2629, tp2: 0.9650).  
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FT is another major flowering regulator inhibited by FLC binding (Andrés and Coupland 2012; 

Turck, Fornara, and Coupland 2008), which was again confirmed by the data showing a negative 

correlation with flowering time in natural accessions (not significant in GLM, LMP p = 0.00) and 

in the Bur-0 x Col-0 RIL samples, driven by time point 1 (GLM tp1: p = 0.0044, tp2: p = 0.389, 

tp1+2: p = 0.0130). FT binds in a heteromeric complex with FLC and SVP and transmits the 

flowering signal by moving directly between the phloem companion cells and the shoot 

meristem through the sieve elements of the phloem. This movement was shown to require 

interaction with FTIP1 (Andrés and Coupland 2012). FT expression was independent of 

development (LRT p = 0.2433). FT was not DE in the nested analysis, only at time point 1 

separately did I find differential expression between Bur- 0 and Col-0 (Bur-0 vs. Col-0 nested: 

p = 0.1012, tp1: p = 0.0373, tp2: p = NA; Early vs. late flowering RILs nested: p = NA, tp1: 

p = NA, tp2: p = NA; Log2 fold changes of Bur-0 vs. Col-0 nested: -2.533, tp1: -1.6471, tp2: -

0.2109; Early vs. late flowering RILs nested: 1.6758, tp1: 0.9547, tp2: 0.1552.). In 55 accessions, 

as well as in the RIL data there was very low to no expression of FT; only Col-0 and early 

flowering RILs showed consistent FT expression at time point 1. FT was not expressed in the 

following accessions: Amel_1, Ann_1, Anz_0, Appt_1, Ba_1, Baa_1, Benk_1, Bik_1, Boot_1, 

Bor_4, Bs_1, Cerv_1, Chat_1, Chi_0, Cnt_1, Col_0, Do_0, Ei_2, Er_0, Es_0, Fi_0, Ga_0, 

Gel_1, Gie_0, Gr_1, Gu_0, Gy_0, Hau_0. Hh_0, Je_0, Kelsterbach_4, Kin_0, Krot_0, Lan_0, 

Li_2_1, Mz_0, Nok_3, Ob_0, Per_1, Pog_0, Pu2_7, Rhen_1, Rmx_A02, Rome_1, Sei_0, Sg_1, 

Ta_0, Tamm_2, Ting_1, Tol_0, Tscha_1, Tu_0, Ty_0, Uk_1, Yo_0. FT is a 

CENTRORADIALIS/TERMINAL FLOWER 1/SELF-PRUNING (CETS) gene to which 

also TFL1 belongs. They are crucial for the developmental transition from indeterminate to 

determinate growth through antagonistic functions (McGarry and Ayre 2012). Like FT, TFL1 is 

a key regulator of flowering time and development, but has opposing functions: TFL1 inhibits 

flowering by negatively regulating the transcription of FD (Hanano and Goto 2011; Shannon 

and Meeks-Wagner 1991). TFL1 expression was dependent on development (LRT p = 0.0375) 

and showed a negative correlation with flowering time in natural accessions (not significant in 

GLM, LMP p = 0.0122), which was conclusive with the TFL1 mutants showing delayed 

flowering. There was no differential expression in TFL1 (Bur-0 vs. Col-0 nested: p = 0.1274, tp1: 

p = 0.3691, tp2: p = 0.4009; Early vs. late flowering RILs nested: p = 0.5040, tp1: p = NA, tp2: 

p = 0.3953; Log2 fold changes of Bur-0 vs. Col-0 nested: 1.2013, tp1: 0.7869, tp2: 0.7931; Early 

vs. late flowering RILs nested: 0.5925, tp1: 0.0912, tp2: 0.7308.). TFL1 was not expressed in the 

accession Do_0 and some of the RIL samples. 

FT transmits the flowering signal together with FTIP1 (Andrés and Coupland 2012). FTIP1 

expression was development dependent (LRT p = 0.000) and negatively correlated with 

flowering time in natural accessions (GLM: p = 0.04488). FTIP1 was DE between Bur-0 and 

Col-0 at time point 1, with higher expression in Col-0 (Bur-0 vs. Col-0 nested: p = 0.0557, tp1: 

p = 0.0052, tp2: p = 0.9080; Early vs. late flowering RILs nested: p 0.674, tp1: p = 0.6421, tp2: 

p = 0.2585; Log2 fold changes of Bur-0 vs. Col-0 nested: -0.4882, tp1: -0.8518, tp2: -0.0749; 
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Early vs. late flowering RILs nested: 0.1348, tp1: -0.2606, tp2: 0.5240). In the second time point, 

FTIP1 expression decreased slightly, especially in the late flowering RILs. 

CO and FT have major regulatory roles in responding to day length. FT integrates the flowering 

response to several environment stimuli and activation of FT transcription requires activation by 

CO, which is in turn up-regulated in response to light stimulus (Andrés and Coupland 2012). 

The general direction was that gene expression decreased with flowering time but CO was not 

correlated with flowering time. CO was not DE (Bur-0 vs. Col-0 nested: p = 0.6043, tp1: 

p = 0.6803, tp2: p = 0.8288; Early vs. late flowering RILs nested: p = 0.5747, tp1: p = NA, tp2: 

p = NA; Log2 fold changes of Bur-0 vs. Col-0 nested: 0.4881, tp1: 0.3604, tp2: 0.2964; Early vs. 

late flowering RILs nested: -0.5683, tp1: -0.6520, tp2: -0.0684). There were 35 accessions with 

very low or no CO expression: Altai_5, Ann_1, Anz_0, Bch_1, Bd_0, Bik_1, Chat_1, Er_0, 

Etna_2, Gifu_2, Gre_0, Hau_0, Hh_0, Kondara, Kz_9, Lan_0, Old_1, Per_1, Pla_0, Rhen_1, 

Rmx_A02, RRS_10, Seattle_0, Sg_1, Si_0, Sp_0, Sus_1, Tamm_2, Ting_1, Tul_0, Uk_1, Ven_1, 

Vind_1, Wl_0, Wt_5. Of these accessions, 15 showed no expression in both CO and FT: Ann_1, 

Anz_0, Bik_1, Chat_1, Er_0, Hau_0, Hh_0, Lan_0, Per_1, Rhen_1, Rmx_A02, Sg_1, Tamm_2, 

Ting_1, Uk_1. 

FT also interacts with SOC1, which in turn interacts with AGL24 (Andrés and Coupland 2012). 

Agamous-Like Genes (AGLs) encode MADS-box transcription factor proteins. AGL24 is 

involved in flowering and induces transcription of LFY, which is involved in the initiation of 

flower development. LFY expression was not correlated with flowering time and it was not 

mapped in the Bur-0 x Col-0 RIL samples. 84 of the accessions, including Col-0 showed no LFY 

expression. AGL24 expression was dependent on development (LRT p = 0.000) and had a 

negative correlation with flowering time in natural accessions (not significant in GLM, LMP 

p = 0.00) and at time point 2 of the Bur-0 x Col-0 RIL samples (GLM tp1: p = 0.465, tp2: 

p = 0.389, tp1+2: p = 0.0059). AGL24 expression strongly increased in the second time point in 

all genotypes and was DE between early and late flowering RILs (Bur-0 vs. Col-0 nested: 

p = 0.2730, tp1: p = 0.7554, tp2: p = 0.1898; Early vs. late flowering RILs nested: p = 0.01975, 

tp1: p = 0.2519, tp2: p = 0.1057; Log2 fold changes of Bur-0 vs. Col-0 nested: -0.4447, tp1: -

0.2194, tp2: -0.5925; Early vs. late flowering RILs nested: 0.9134, tp1: 0.9569, tp2: 0.6865.).  

AGL8 is regulated by APETALA1 (AP1), which is involved in increasing expression of 

flowering genes. Like SOC1, AP1 controls LFY. SOC1 and AGL8 are essential for the 

promotion of flowering by FT (Deng et al. 2011; Andrés and Coupland 2012). SOC1, AGL8, 

LFY and AP1 are activated by SPL transcription factors (Andrés and Coupland 2012). AP1 

expression was not significantly correlated with flowering time and was not mapped in the Bur-0 

x Col-0 data. 61 accessions showed no AP1 expression. AGL8 expression was dependent on 

development (LRT p = 0.000) and had a negative correlation with flowering time in natural 

accessions (GLM: p = 0.0021) and in the Bur-0 x Col-0 RIL samples (GLM tp1: p = 0.0459, tp2: 

p = 0.0013, tp1+2: p = 0.0031). AGL8 was DE between Bur-0 and Col-0 and between early and 

late RILs, driven by time point 2, with higher expression in Col-0 and early flowering lines (Bur-0 
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vs. Col-0 nested: p = 0.0000, tp1: p = 0.0007, tp2: p = 0.0000; Early vs. late flowering RILs 

nested: p = 0.0050, tp1: p = NA, tp2: p = 0.0135; Log2 fold changes of Bur-0 vs. Col-0 nested: -

3.4616, tp1: -2.4412, tp2: -2.7093; Early vs. late flowering RILs nested: 1.5078, tp1: 1.0265, tp2: 

1.4106). 

AGL6 negatively regulates the FLC network and positively regulates FT (Koo et al. 2010; Yoo et 

al. 2011). AGL6 expression was negatively correlated with flowering time (GLM not significant, 

LMP: p = 0.0000) but was not mapped in the Bur-0 x Col-0 data set. AGL6 expression was 

generally low, with no expression in 46 accessions. AGL42, or FYF, is involved in floral 

transition and interacts with SOC1 (Dorca-Fornell et al. 2011). It delays flowering and 

senescence by repressing ethylene response signaling (Chen et al. 2011). AGL42 expression was 

development dependent (LRT p = 0.000) and negatively correlated with flowering time in 

natural accessions (GLM: p = 0.0002) and at time point 2 of the Bur-0 x Col-0 RIL samples 

(GLM tp1: p = 0.84, tp2: p = 0.0013, tp1+2: p = 0.1292). At time point one there was practically 

no AGL42 expression in the Bur-0 x Col-0 data. At time point 2, there was differential 

expression between Bur-0 and Col-0 and between early and late RILs, with higher expression in 

Col-0 and early flowering lines (Bur-0 vs. Col-0 nested: p = 0.0263, tp1: p = NA, tp2: 

p = 0.0002; Early vs. late flowering RILs nested: p = 0.0337, tp1: p = NA, tp2: p = 0.0042; Log2 

fold changes of Bur-0 vs. Col-0 nested: -1.9062, tp1: -0.0004, tp2: -2.3468; Early vs. late 

flowering RILs nested: 2.2621, tp1: 0.1248, tp2: 2.1048).  

CTL2 is involved in the transition from vegetative to reproductive phase of meristems and 

expressed during petal differentiation and expansion stage (Schmid et al. 2005; Heyndrickx and 

Vandepoele 2012). CTL2 expression was development dependent (LRT p = 0.0084) and showed 

a negative correlation with flowering time in natural accessions (not significant in GLM, LMP 

p = 0.00). CTL2 was not DE (Bur-0 vs. Col-0 nested: p = 0.9621, tp1: p = 0.8971, tp2: 

p = 0.9318; Early vs. late flowering RILs nested: p = 0.0803, tp1: p = 0.3855, tp2: p = 0.3577; 

Log2 fold changes of Bur-0 vs. Col-0 nested: 0.0164, tp1: 0.076, tp2: -0.0418; Early vs. late 

flowering RILs nested: 0.5075, tp1: 0.6139, tp2: 0.3358). 

FT, SPL15 and CRY2 are part of the photoperiod pathway. In many plants, including A. thaliana, 

vernalization and photoperiod pathway are tightly linked (Andrés and Coupland 2012). The blue-

light receptor CRY2 is involved in preventing CO degradation, thus enabling a flowering 

response via CO. CRY2 expression was development dependent (LRT p = 0.0025) and showed 

a negative correlation with flowering time in natural accessions (GLM: p = 0.0136). In the Bur-0 

x Col-0 RIL samples CRY2 expression showed a trend towards positive correlation with 

flowering time (GLM tp1: p = 0.0779, tp2: p = 0.76782, tp1+2: p = 0.36888). CRY2 was DE 

between Bur-0 and Col-0 at time point 1, but only with a trend in the nested analysis. Expression 

was higher in Bur-0 than in Col-0 (Bur-0 vs. Col-0 nested: p = 0.0577, tp1: p = 0.0032, tp2: 

p = 0.8205; Early vs. late flowering RILs nested: p = 0.4824, tp1: p = 0.3251, tp2: p = 0.9610, 

Log2 fold changes of Bur-0 vs. Col-0 nested: 0.451, tp1: 0.7536, tp2: 0.133; Early vs. late 

flowering RILs nested: -0.1928, tp1: -0.3928, tp2: 0.0269). 

http://www.arabidopsis.org/servlets/TairObject?type=keyword&id=19673
http://www.arabidopsis.org/servlets/TairObject?type=keyword&id=22903
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EID1 negatively regulates phytochrome A- specific light signaling, rosette leaf development and 

flowering (Marrocco et al. 2006); loss of function mutants show increased sensitivity to far-red 

light (Büche et al. 2000). EID1 expression was not development dependent (LRT p = 0.0786) 

but negatively correlated with flowering time in natural accessions (GLM not significant, LMP: 

p = 0.0000). EID1 was DE between Bur-0 and Col-0 at time point 1, with higher expression in 

Col-0 (Bur-0 vs. Col-0 nested: p = 0.1437, tp1: p = 0.0317, tp2: p = 0.9678; Early vs. late 

flowering RILs nested: p = 0.1805, tp1: p 0.9193, tp2: p = 0.1425; Log2 fold changes of Bur-0 vs. 

Col-0 nested: -0.3444, tp1: -0.6289, tp2: -0.0245; Early vs. late flowering RILs nested: -0.3279, 

tp1: -0.0705, tp2: -0.5516). EID1 expression increased slightly from first to the second time 

point. 

PAP3 is a phytochrome-interacting transcription factor interacting with photoreceptors phyA 

and phyB. It does not play a significant role in controlling light input and the circadian clockwork 

but functions as a regulatory node for crosstalk with GA signaling pathways (Alabadí et al. 2008; 

Halliday et al. 1999). PAP3 expression was independent of development (LRT p = 0.2024) and 

negatively correlated with flowering time in natural accessions (GLM: p = 0.00016). PAP3 was 

not DE (Bur-0 vs. Col-0 nested: p = 0.8677, tp1: p = 0.3112, tp2: p = 0.6886; Early vs. late 

flowering RILs nested: p = 0.7669, tp1: p = 0.9944, tp2: p = 0.714; Log2 fold changes of Bur-0 

vs. Col-0 nested: 0.0620, tp1: 0.3886, tp2: -0.2539; Early vs. late flowering RILs nested: 0.1145, 

tp1: 0.0072, tp2: 0.2148). 

FLC is also involved in the transcriptional regulation of hormone response pathways (e.g. ABA, 

JA, GA and ethylene), which are also involved in a number of defense responses, suggesting 

likely pleiotropic action of FLC regulation on defense gene expression (Deng et al. 2011). GA 

induces leaf formation and epidermal differentiation and is antagonized in some of its function 

by cytokinins. Both, GA and cytokinins stimulate the development of trichomes, which are 

epidermal structures and markers for the transitional phase change from vegetative to 

reproductive growth: juvenile leafs have trichomes only on their upper (adaxial) surfaces, while 

adult leafs have them on both adaxial and lower (abaxial) surfaces (Telfer, Bollman, and Poethig 

1997; Evans and Poethig 1995). One gene of the GA pathway that is targeted by FLC is GID1C. 

GID1C is a GA receptor involved in degradation of DELLA proteins, which are inhibitors of 

downstream pathways regulating plant growth and flowering induction. GID1C is responsible 

for GA perception in valves and mutations in GID1 genes delay flowering (Griffiths et al. 2006; 

Gallego-Giraldo et al. 2014). GID1C expression was development dependent (LRT p = 0.000) 

and negatively correlated with flowering time in natural accessions (GLM: p = 0.0209), but 

positively correlated at time point 1 of the Bur-0 x Col-0 RIL samples (GLM tp1: p = 0.0483, 

tp2: p = 0.123, tp1+2: p = 0.063). It was DE between Bur-0 and Col-0 at time point 1 with a 

trend in the nested analysis and between early and late flowering RILs, driven by time point 2. 

GID1C showed higher expression in Bur-0 and late flowering lines (Bur-0 vs. Col-0 nested: 

p = 0.0728, tp1: p = 0.0016, tp2: p = 0.9442; Early vs. late flowering RILs nested: p = 0.0054, 

tp1: p = 0.3492, tp2: p = 0.0425; Log2 fold changes of Bur-0 vs. Col-0 nested: 0.3442, tp1: 

0.7234, tp2: -0.039; Early vs. late flowering RILs nested: -0.5267, tp1: -0.34, tp2: -0.6772). GIS 
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regulates shoot maturation, epidermal differentiation of inflorescence organs and trichome 

initiation in response to gibberellins and is antagonized by the DELLA repressor GAI (Gan et al. 

2007; Gan et al. 2006). GIS expression was development dependent (LRT p = 0.03) and 

negatively correlated with flowering time in natural accessions (GLM: p = 0.0882, LMP: 

p = 0.0000). GIS was not DE, but there was a trend in Bur-0 vs. Col-0 at time point 1 with 

higher expression in Bur-0 (Bur-0 vs. Col-0 nested: p = 0.4166, tp1: p = 0.0975, tp2: p = 0.6428; 

Early vs. late flowering RILs nested: p = 0.6207, tp1: p = 0.9008, tp2: p = 0.2905; Log2 fold 

changes of Bur-0 vs. Col-0 nested: 0.4546, tp1: 1.0766, tp2: -0.3620; Early vs. late flowering RILs 

nested: 0.3019, tp1: -0.1756, tp2: 0.7235). 

MYB33 is a member of the myb family of transcription factors involved in flowering via GA and 

ABA mediated signaling pathways (Heyndrickx and Vandepoele 2012; Reyes and Chua 2007). 

MYB33 binds to the promoter of LFY, which also responds to GA (Gocal et al. 2001). MYB33 

expression is repressed by the micro RNA miR159 in anthers and germinating seeds (Alonso-

Peral et al. 2010). It was development dependent (LRT p = 0.0096) and negatively correlated 

with flowering time in natural accessions (GLM not significant, LMP: p = 0.0000). MYB33 was 

not DE (Bur-0 vs. Col-0 nested: p = 0.7523, tp1: p = 0.9344, tp2: p = 0.6414; Early vs. late 

flowering RILs nested: p = 0.2455, tp1: p = 0.7787, tp2: p = 0.3535; Log2 fold changes of Bur-0 

vs. Col-0 nested: 0.0729, tp1: -0.0307, tp2: 0.1847; Early vs. late flowering RILs nested: -0.2415, 

tp1: -0.1568, tp2: -0.305). 

FPF1 also regulates flowering, potentially by modulating the competence to flower, and 

responds to GA signaling during floral transition. Constitutive expression of FPF1 leads to early 

flowering (Kania et al. 1997). FPF1 expression was negatively correlated with flowering time in 

natural accessions (GLM not significant, LMP: p = 0.0000) but was not mapped in the Bur-0 x 

Col-0 RIL samples. 8 accessions showed no FPF1 expression (Ann_1, Bik_1, Do_0, Gu_0, 

Seattle_0, Su_0, Uk_1, Yo_0). 

UBC3 is involved in the vegetative to reproductive phase change of the meristem (Heyndrickx 

and Vandepoele 2012). UBC3 expression was development dependent (LRT p = 0.0058) and 

negatively correlated with flowering time in natural accessions (GLM not significant, LMP: 

p = 0.01216). UBC3 was not DE (Bur-0 vs. Col-0 nested: p = 0.7918, tp1: p = 0.8055, tp2: 

p = 0.9151; Early vs. late flowering RILs nested: p = 0.1854, tp1: p = 0.5025, tp2: p = 0.0631; 

Log2 fold changes of Bur-0 vs. Col-0 nested: -0.0698, tp1: -0.0553, tp2: -0.0679; Early vs. late 

flowering RILs nested: -0.3095, tp1: 0.1993, tp2: -0.7734). 

RSZ21 is involved in nuclear precursor mRNA processing, in photoperiodism and flowering 

(Heyndrickx and Vandepoele 2012). RSZ21 expression was development dependent (LRT 

p = 0.0030) and negatively correlated with flowering time in natural accessions (GLM: 

p = 0.0882, LMP: p = 0.0000). In the Bur-0 x Col-0 RIL samples the correlation was significantly 

positive at time point 2 (GLM tp1: p = 0.9574, tp2: p = 0.0469, tp1+2: p = 0.19). RSZ21 was 

DE between early and late flowering RILs, driven by time point 2, with higher expression in late 

flowering RILs (Bur-0 vs. Col-0 nested: p = 0.4141, tp1: p = 0.0502, tp2: p = 0.7008; Early vs. 
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late flowering RILs nested: p = 0.0014, tp1: p = 0.3942, tp2: p = 0.0216; Log2 fold changes of 

Bur-0 vs. Col-0 nested: -0.1242, tp1: -0.3717, tp2: 0.1374; Early vs. late flowering RILs nested: -

0.4394, tp1: -0.2540, tp2: -0.6011). 

 

Figure 10: Major flowering signaling pathway regulators.  
The roles of major flowering regulators identified as flowering time correlated (FTC) and 
differentially expressed (DE) between Bur-0 and Col-0 and/ or between early and late flowering RILs 
in the nested DESeq2 analysis and their affiliation with the known flowering regulatory pathways 
(photoperiod, vernalization, gibberellin pathway). Genes correlated with flowering time (ft) in natural 
A. thaliana accessions are marked with a red frame. Genes DE are marked with filled backgrounds 
(blue: DE between Bur-0 and Col-0, red: DE between early and late flowering RILs, green: DE 
between Bur-0 and Col-0 and between early and late flowering RILs). Activation of gene expression 
is shown with an arrow pointing in the direction of the gene that is activated. Inhibition of gene 
expression is shown with pointed line in the direction of the gene that is inhibited. 

Differential expression of defense genes with significant correlation with flowering time 

Of the defense genes correlated with flowering time, AHK4, VTC5 and FDH were DE between 

Bur-0 and Col-0, CESA4 and CESA8 between early and late flowering pools and TGG1 

between Bur-0 and Col-0 and between early and late flowering pools. TGA1 was not DE and 

FAR4 had not been mapped in RNA-Seq data (Supplementary Material). Of the correlated 

defense genes, the majority was again development dependent with only FDH and MPL1 
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expression being development independent, AFT1 was neither clearly development dependent 

nor independent. 

AHK4 is a binding receptor and positive regulator of the phytohormone cytokinin, whose 

perception is induced upon infection, involved in defense responses to bacteria. AHK4 also 

regulates many developmental processes, like seed germination, leaf senescence and shoot 

promotion. AHK4 shares redundant functions with AHK3 in reacting to pathogen-induced 

cytokinins of the actinomycete Rhodococcus fascians, by inducing developmental changes in the 

plant (Riefler et al. 2006; Pertry et al. 2009). Higher levels of AHK4 enable the plant to react 

faster and more strongly to infection with R. fascians. However, increased cytokinin reaction can 

also lead to an overshooting of defense responses and to prolonged disease symptoms. Thus, 

fitness might actually be increased in plants with medium AHK4 levels, as they would be most 

tolerant towards infections. AHK4 expression was development dependent (LRT p = 0.005). In 

natural accessions AHK4 expression was negatively correlated with flowering time (GLM: 

p = 0.0302) and at time point 2 of the Bur-0 x Col-0 samples (GLM tp1: p = 0.5862, tp2: 

p = 0.0063, tp1+tp1: p = 0.1085). (Figure 11 left). AHK4 was DE between Bur-0 and Col-0 and 

between early and late flowering RILs, driven by time point 2, with higher expression in Col-0 

and early flowering line(Bur-0 vs. Col-0 nested: p = 0.0297, tp1: p = 0.8655, tp2: p = 0.0000; 

Early vs. late flowering RILs nested: p = 0.2810, tp1: p = 0.7291, tp2: p = 0.0001, Log2 fold 

changes of Bur-0 vs. Col-0 nested: -0.8058, tp1: -0.1223, tp2: -1.4130; Early vs. late flowering 

RILs nested: 0.4547, tp1: -0.3668, tp2: 1.3021) (Figure 11 right). This was consistent with early 

flowering accessions having higher AHK4 levels at 7 days of age than late accessions and could 

mean that plants close to flowering either increased their sensitivity towards pathogens to enable 

a fast response in case of infection or that late flowering plants were more tolerant towards 

R. fascians. AHK4’s correlation with flowering time was at least partly pleiotropic at later 

developmental stages due to its role in regulating developmental processes, but also showed a 

potential for co-evolution acting alongside the pleiotropic constraints. 

FDH encodes a NAD-dependent formate dehydrogenase and is induced in response to 

wounding (Olson et al. 2000). FDH expression is regulated by MYB30 and elicits a 

hypersensitive response (HR), which induces programmed cell death at infection sites (Raffaele 

et al. 2008). FDH expression was independent of development (LRT p = 0.5614) and negatively 

correlated with flowering time in natural accessions (GLM: p = 0.0116) (Figure 12 left). FDH 

was DE between Bur-0 and Col-0 at both sampling points, with higher expression in Bur-0 

(Bur-0 vs. Col-0 nested: p = 0.0000, tp1: p = 0.0000, tp2: p = 0.0326; Early vs. late flowering 

RILs nested: p = 0.6144, tp1: p = 0.9294, tp2: p = 0.4271; Log2 fold changes of Bur-0 vs. Col-0 

nested: 1.4256, tp1: 1.6480, tp2: 1.0401; Early vs. late flowering RILs nested: -0.1956, tp1: 0.0778, 

tp2: -0.4318) (Figure 12 right). The difference in flowering time correlation between accessions 

and the Bur-0 x Col-0 RIL data might be explained by the correlation in natural accessions not 

being very pronounced, so that that some early flowering accessions still had lower FDH 

expression than some late flowering ones. This suggests a link with flowering time independent 

of pleiotropy but likely due to co-evolution. As higher FDH levels enable a stronger HR, early 
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flowering accessions are likely to have stronger defense regarding HR at 7 days of age but at later 

developmental stages, late flowering accession increased HR. FDH was close to a major QTL 

controlling flowering time variation, suggesting the correlation with flowering time to result from 

linkage disequilibrium with major flowering time regulators.  

VTC5 is involved in ABA, SA and JA mediated signaling pathways, HR, response to auxin and 

ethylene stimulus, and response to wounding (Heyndrickx and Vandepoele 2012). It shares 

redundant biochemical properties with VTC2. VTCs are JA-responsive genes, involved in 

downstream signaling of JA-defense pathways (Sasaki-Sekimoto et al. 2005). In natural 

accessions there was a negative correlation of VTC5 expression with flowering time (GLM: 

p = 0.0309) (Figure 13 left). Consistent with this, VTC5 was DE between Bur-0 and Col-0 at 

both time points, with higher expression in Col-0 (Bur-0 vs. Col-0 nested: p = 0.0000, tp1: 

p = 0.0005, tp2: p = 0.0476; Early vs. late flowering RILs nested: p = 0.2871, tp1: p = 0.5755, 

tp2: p = 0.6061; Log2 fold changes of Bur-0 vs. Col-0 nested: -0.8564, tp1: -1.1998, tp2: -0.4306; 

Early vs. late flowering RILs nested: -0.2536, tp1: -0.3454, tp2: -0.1326) (Figure 13 right). VTC5 

expression was development dependent (LRT p = 0.0005). With higher VTC5 levels conferring 

increased resistance via HR, early flowering lines are expected to have increased HR defense at 7 

days of age and the correlation with flowering was potentially of evolutionary rather than 

pleiotropic nature. 

LURP1 is required for defense and resistance against the oomycete pathogen Hyaloperonospora 

parasitica, mediated by the R-proteins RPP4 and RPP5. It is also involved in HR (Heyndrickx and 

Vandepoele 2012; Knoth and Eulgem 2008). LURP1 expression had a positive correlation with 

flowering time in natural accessions (GLM not significant; LMP: p = 0.00) (Figure 14 left). 

LURP1 expression was development dependent (LRT p = 0.0079) and DE between Bur-0 and 

Col-0, driven by the second sampling point, with lower expression in Col-0 (Bur-0 vs. Col-0 

nested: p = 0.0001, tp1: p = 0.7429, tp2: p = 0.0000; Early vs. late flowering RILs nested: 

p = 0.3520, tp1: p = 0.7702, tp2: p = 0.3028; Log2 fold changes of Bur-0 vs. Col-0 nested: 

2.8848, tp1: 0.30911, tp2: 4.2319; Early vs. late flowering RILs nested: 0.8388, tp1: 0.4413, tp2: 

0.8332) (Figure 14 right). Because higher levels of LURP1 are associated with increased 

resistance against H. parasitica, defense against that pathogen is likely weakened in Col-0. This 

type of defense is a candidate for having been selected for in late flowering accessions. LURP1 

was close to a major QTL controlling flowering time variation, suggesting the correlation with 

flowering time to result from linkage disequilibrium with major flowering time regulators. 

WRKY54 is a transcription factor involved in various defense pathways, like SAR, SA-response 

pathways and HR (Heyndrickx and Vandepoele 2012). It showed a positive correlation with 

flowering time in natural accessions (GLM not significant; LMP: p = 0.0122) (Figure 15 left). 

WRKY54 expression was development dependent (LRT p = 0.000) and DE between Bur-0 and 

Col-0, driven by time point 2, with higher expression in Bur-0 (Bur-0 vs. Col-0 nested: 

p = 0.0048, tp1: p = 0.4474, tp2: p = 0.0000; Early vs. late flowering RILs nested: p = 0.5089, 

tp1: p = 0.6140, tp2: p = 0.0756; Log2 fold changes of Bur-0 vs. Col-0 nested: 1.3671, tp1: -

http://www.arabidopsis.org/servlets/TairObject?type=keyword&id=26704
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0.4705, tp2: 2.7878; Early vs. late flowering RILs nested: 0.3804, tp1: -0.4785, tp2: 1.1500) 

(Figure 15 right). This suggests a stronger WRKY defense regulation in Bur-0 as a result of co-

evolution with late flowering traits. 

CESA4 and CESA8 are cellulose synthases and mediate resistance towards bacterial and fungal 

pathogens by up-regulating ABA-responsive defense-related genes. CESA4 and CES8 show near 

identical patterns of expression, even though they are not on the same chromosome. Genes in 

close proximity, as well as closely related gene families are often co-expressed. Especially 

transcription factors like WRKY, which are important for regulating defense response pathways, 

and MADS-box genes, involved in many developmental processes were found to be correlated 

in their expression levels (Schmid et al. 2005). This suggests that they share common regulatory 

pathways, resulting in correlation with flowering time. They were both negatively correlated with 

flowering time in natural accessions (GLM: CESA4 p = 0.0033, CESA8 p = 0.0449) and in the 

Bur-0 x Col-0 samples (GLM CESA4: tp1: p = 0.3529, tp2: p = 0.0568, tp1+tp1: p = 0.0305, 

CESA8: tp1: p = 0.2937, tp2: p = 0.0758, tp1+tp1: p = 0.0679) (Figure 16 & Figure 17 left). 

CESA4 and CESA8 expression was development dependent (LRT CESA4: p = 0.000, CESA8: 

p = 0.007). There was differential expression between early and late flowering RILs in CESA4, 

driven by time point 2 (Bur-0 vs. Col-0 nested: p = 0.1977, tp1: p = 0.1524, tp2: p = 0.9970; 

Early vs. late flowering RILs nested: p = 0.0002, tp1: p = 0.8380, tp2: p = 0.0000; Log2 fold 

changes of Bur-0 vs. Col-0 nested: -0.2085, tp1: -0.3957, tp2: -0.0013; Early vs. late flowering 

RILs nested: 0.5957, tp1: 0.1163, tp2: 1.0624) and in CESA8 (Bur-0 vs. Col-0 nested: p = 0.9617, 

tp1: p = 0.7636, tp2: p = 0.7189; Early vs. late flowering RILs nested: p = 0.0360, tp1: 

p = 0.4881, tp2: p = 0.0635; Log2 fold changes of Bur-0 vs. Col-0 nested: -0.0220, tp1: 0.181, 

tp2: -0.2205; Early vs. late flowering RILs nested: 0.7740, tp1: 0.5548, tp2: 0.8707). Late 

flowering RILs showed lower expression (Figure 16 & Figure 17 right). CESA8 was close to a 

major QTL controlling flowering time variation, suggesting the correlation with flowering time 

to result from linkage disequilibrium with major flowering time regulators. Because low CESA4 

and CESA8 levels are associated with enhanced disease resistance, late flowering accessions are 

likely more resistant towards bacterial and fungal resistance mediated by ABA response 

pathways. A. thaliana has a third CESA gene responsible for secondary cell wall biosynthesis. 

CESA7, which was close to the QTL on chromosome 5, was not significantly correlated with 

flowering time in natural accessions and only DE with a trend between early and late flowering 

pools at time point 2 (Bur-0 vs. Col-0 nested: p 0.3244, tp1: p = 0.9091, tp2: p = 0.8284; Early 

vs. late flowering RILs nested: p = 0.068, tp1: p = 0.1379, tp2: p = 0.0143; Log2 fold changes of 

Bur-0 vs. Col-0 nested: 0.2974, tp1: 0.0661, tp2: 0.5155; Early vs. late flowering RILs nested: 

0.5485, tp1: 0.2026, tp2: 0.8506). Mutations in all three genes reduce the ability to produce 

disease symptoms, thus conferring resistance as way of being more tolerant towards the 

necrotrophic fungus Plectosphaerella cucumerina and towards the pathogens Ralstonia solanacearum, 

Botrytis cinerea and powdery mildew, independent of SA, ethylene and JA signaling (Hernández-

Blanco et al. 2007). 
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AFT1 is involved in mediating oxidative metabolism in stress responses and interacts with the 

phosphorylated form of the BZR1 transcription factor involved in brassinosteroid signaling 

(Jones et al. 2006; de Vries 2007). It showed a negative correlation with flowering time in natural 

accessions (GLM not significant; LMP: p = 0.0122) but the decrease of expression with 

flowering time was small (Figure 18 left). AFT1 expression was not development dependent 

(LRT p = 0.0515) but positively correlated with flowering time in the Bur-0 x Col-0 RIL samples 

at time point 2 (GLM tp1: p = 0.1361, tp2: p = 0.0395, tp1+tp2: p = 0.0132). AFT1 was DE 

between early and late flowering RILs, driven by time point 2, with higher expression in late 

flowering lines (Bur-0 vs. Col-0 nested: p = 0.3237, tp1: p = 0.3351, tp2: p = 0.6309; Early vs. 

late flowering RILs nested: p = 0.0018, tp1: p = 0.4621, tp2: p = 0.0066; Log2 fold changes of 

Bur-0 vs. Col-0 nested: 0.2463, tp1: 0.2268, tp2: 0.262; Early vs. late flowering RILs nested: -

0.7171, tp1: -0.2523, tp2: -1.1098) (Figure 18 right). AFT1 was close to a major QTL controlling 

flowering time variation, suggesting the correlation with flowering time to result at least partly 

from linkage disequilibrium with major flowering time regulators.  

TGG1 is involved in glucosinolate hydrolysis to produce compounds toxic to herbivores. Higher 

TGG1 levels thus lead to stronger defense against herbivores. Developmental decreases in 

glucosinolate content during senescence and germination occur independently of TGG1 (Barth 

and Jander 2006). TGG1 expression was positively correlated with flowering time in natural 

accessions (GLM: p = 0.0205), indicating that late flowering accessions produced more repellent 

compounds and were thus better protected against infection by some herbivores. (Figure 19 left). 

TGG1 expression was development dependent (LRT p = 0.000). At time point 1, there was 

differential expression between Bur -0 and Col-0 and between early and late flowering RILs, with 

higher expression in Bur-0 and early flowering lines (Bur-0 vs. Col-0 nested: p = 0.0020, tp1: 

p = 0.0064, tp2: p = 0.1486; Early vs. late flowering RILs nested: p = 0.0041, tp1: p = 0.0260, 

tp2: p = 0.1807; Log2 fold changes of Bur-0 vs. Col-0 nested: 0.6582, tp1: 0.7116, tp2: 0.5707; 

Early vs. late flowering RILs nested: 0.6441, tp1: 0.7384, tp2: 0.5164) (Figure 19 right). Towards 

the second time point, expression increased strongly in all samples. This indicates that co-

evolution compensated pleiotropic constraints in Bur-0 and Col-0. 

FAR4 generates fatty alcohols involved in deposition of suberins, which are a hydrophobic 

protective barrier in leaf tissue. FAR4 expression is induced upon wounding and associated with 

increased suberin deposition (Domergue et al. 2010). Its expression was negatively correlated 

with flowering time in natural accessions (GLM: p = 0.0095) but was not been mapped in the 

Bur-0 x Col-0 RIL data. 

TGA1 regulates SAR and pathogenesis related (PR) genes. TGA 4 has redundant functions with 

TGA1; higher TGA1 levels correspond to increased SAR (Kesarwani, Yoo, and Dong 2007). 

TGA1 expression correlated negatively with flowering time in natural accession (GLM: 

p = 0.0449). TGA1 expression was development dependent (LRT p = 0.000). At the second 

time point TGA1 expression was generally decreased, but there was no differential expression 

(Bur-0 vs. Col-0 nested: p = 0.9166, tp1: p = 0.1982, tp2: p = 0.3426; Early vs. late flowering 
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RILs nested: p = 0.6429, tp1: p = 0.7291, tp2: p = 0.9566; Log2 fold changes of Bur-0 vs. Col-0 

nested: -0.0302, tp1: -0.4243, tp2: 0.3823; Early vs. late flowering RILs nested: -0.1234, tp1: -

0.2026, tp2: -0.0249). 

CER1 is involved in defense responses to fungi and bacteria; over-expression increased 

susceptibility and reduced resistance to pathogens (Bourdenx et al. 2011). CER1 expression was 

negatively correlated with flowering time in natural accessions (GLM: p = 0.0812, LMP: 

p = 0.0000) and at time point 2 of the Bur-0 x Col-0 samples (GLM tp1: p = 0.15, tp2: 

p = 0.005900, tp1+tp2: p = 0.2138). CER1 expression was development dependent (LRT 

p = 0.000). There was differential expression between Bur-0 and Col-0 and between early and 

late flowering RILs in time point separated analyses with higher expression in Bur-0 at 

time point 1 and in Col-0 and early flowering lines at time point 2 (Bur-0 vs. Col-0 nested: 

p = 0.0569, tp1: p = 0.0118, tp2: p = 1.0996e-08; Early vs. late flowering RILs nested: 

p = 0.3475, tp1: p = 0.6009, tp2: p = 0.0189; Log2 fold changes of Bur-0 vs. Col-0 nested: -

0.8849, tp1: 1.3038, tp2: -2.9299; Early vs. late flowering RILs nested: 0.4869, tp1: -0.4796, tp2: 

1.3786). 

MYB46 mediates disease susceptibility to the fungal pathogen Botrytis cinerea. Knockdown 

mutants show increased disease resistance (Ramírez et al. 2011). MYB46 expression is induced 

upon SA treatment (Yanhui et al. 2006). MYB46 expression was negatively correlated with 

flowering time in natural accessions (GLM not significant; LMP: p = 0.00) and in the Bur-0 x 

Col-0 samples with a at time point 2 (GLM tp1: p = 0.8173, tp2: p = 0.0861, tp1+tp2: 

p = 0.2109). MYB46 expression was development dependent (LRT p = 0.0367) but not DE 

(Bur-0 vs. Col-0 nested: p = 0.4672, tp1: p = 0.4545, tp2: p = 0.8735; Early vs. late flowering 

RILs nested: p = 0.4819, tp1: p = NA, tp2: p = 0.3412; Log2 fold changes of Bur-0 vs. Col-0 

nested: -0.5658, tp1: -0.6361, tp2: -0.1884; Early vs. late flowering RILs nested: 0.5649, tp1: 

0.008, tp2: 0.8195). 

MPL1 is involved in defense responses to insects, in particular against the green peach aphid 

Myzus persicae. MPL1 expression is induced upon infection with M. persicae and is required for the 

accumulation of antibiotic activity involved in enhanced resistance to M. persicae (Louis et al. 

2010). MPL1 expression was negatively correlated with flowering time in natural accessions 

(GLM not significant; LMP: p = 0.00). MPL1 expression was development independent (LRT 

p = 0.56190). There was no differential expression in MPL1 (Bur-0 vs. Col-0 nested: p = 0.6651, 

tp1: p = 0.2188, tp2: p = NA; Early vs. late flowering RILs nested: p = NA, tp1: p = NA, tp2: 

p = NA; Log2 fold changes of Bur-0 vs. Col-0 nested: 0.617, tp1: 1.0196, tp2: -0.6063; Early vs. 

late flowering RILs nested: -1.2222, tp1: -0.5466, tp2: -0.1444). 
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Figure 11: Expression data and correlation with flowering time for AHK4. 
Left: Correlation between expression data (log (FPKM normalized to RNA-Seq data +1)) from 138 
natural populations (Schmitz et al. 2013) and flowering time (log (DTF+1)) for AHK4 (AT2G01830) 
(black circles). Pearson's product-moment correlation: t = -4.2032, df = 136, p-value = 4.74e-05***. 
95% confidence interval: -0.4790321 -0.1822932. Correlation: -0.3390693. GLM (black line): 
estimate = -0.3220, std. error = 0.0766, t value = -4.203, Pr(>|t|)= 4.74e-05 *** before, 
Pr(>|t|) = 0.0302 * after Benjamini-Hochberg correction, Dispersion parameter for Gaussian family: 
0.1205985, Null deviance: 18.532 on 137 degrees of freedom, Residual deviance: 16.401 on 136 degrees 
of freedom, AIC: 71.538, Number of Fisher Scoring iterations: 2. Permutation analysis: p = 0 *** after 
Benjamini-Hochberg correction. Correlation between quartile normalized RNA-Seq data (log 
(RPKM+1)) and flowering time (log (DTF+1)) for AHK4. Pearson's product-moment correlation of 
sampling time points combined: -0.3359525. GLM for time points combined (dashed black line): 
Pr(>|t|) = 0.10849, for time point 1 (blue): Pr(>|t|) = 0.5862272, for time point 2 (red): 
Pr(>|t|) = 0.006255583 **. Right: Normalized read counts (log transformed +1) from RNA-Seq 
analysis for AHK4 (AT2G01830). Black dots show individual replicates of the genotypes, red squares 
show the mean over three replicates per genotype. Normalization of read counts was done by 
multiplying read counts of each sample with the corresponding size factor calculated by DESeq2. Bur-0 
vs. Col-0 nested: p = 0.0297 *, tp1: p = 0.8655, tp2: p = 0.0000 ***; Early vs. late flowering RILs 
nested: p = 0.2810, tp1: p = 0.7291, tp2: p = 0.0001 ***. Significances from DESeq2 analysis are shown 
with asterisks. Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1. Log2 fold changes between Bur-0 
vs. Col-0 nested: -0.8058, tp1: -0.1223, tp2: -1.4130; Early vs. late flowering RILs nested: 0.4547, tp1: -
0.3668, tp2: 1.3021. Positive log2 fold changes indicate higher expression in Bur-0 vs. Col-0 and in early 
vs. late. Negative log2 fold changes indicate higher expression in Col-0 vs. Bur-0 and in late vs. early. 
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Figure 12: Expression data and correlation with flowering time for FDH. 
Left: Correlation between expression data (log (FPKM normalized to RNA-Seq data +1)) from 138 
natural populations (Schmitz et al. 2013) and flowering time (log (DTF+1)) for FDH (AT5G14780) 
(black circles). Pearson's product-moment correlation: t = -4.5933, df = 136, p-value = 9.839e-06***. 
95% confidence interval: -0.5027853 -0.2123711. Correlation: -0.3664705. GLM (black line): 
estimate = -0.34754, std. error = 0.07566, t value = -4.593, Pr(>|t|)= 9.84e-06 *** before, 
Pr(>|t|) = 0.0116 * after Benjamini-Hochberg correction, Dispersion parameter for Gaussian family: 
0.1176508, Null deviance: 18.483 on 137 degrees of freedom, Residual deviance: 16.001 on 136 degrees 
of freedom, AIC: 100.29, Number of Fisher Scoring iterations: 2. Permutation analysis: p = 0 *** after 
Benjamini-Hochberg correction. Correlation between quartile normalized RNA-Seq data (log 
(RPKM+1)) and flowering time (log (DTF+1)) for FDH. Pearson's product-moment correlation of 
sampling time points combined: 0.3981583. GLM for time points combined (dashed black line): 
Pr(>|t|) = 0.054 . , for time point 1 (blue): Pr(>|t|) = 0.240101, for time point 2 (red): 
Pr(>|t|) = 0.1450027. Right: Normalized read counts (log transformed +1) from RNA-Seq analysis 
for FDH (AT5G14780). Black dots show individual replicates of the genotypes, red squares show the 
mean over three replicates per genotype. Normalization of read counts was done by multiplying read 
counts of each sample with the corresponding size factor calculated by DESeq2. Bur-0 vs. Col-0 nested: 
p = 0.0000 ***, tp1: p = 0.0000 ***, tp2: p = 0.0326 *; Early vs. late flowering RILs nested: p = 0.6144, 
tp1: p = 0.9294, tp2: p = 0.4271. Significances from DESeq2 analysis are shown with asterisks. Signif. 
codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1. Log2 fold changes between Bur-0 vs. Col-0 nested: 
1.4256, tp1: 1.6480, tp2: 1.0401; Early vs. late flowering RILs nested: -0.1956, tp1: 0.0778, tp2: -0.4318. 
Positive log2 fold changes indicate higher expression in Bur-0 vs. Col-0 and in early vs. late. Negative 
log2 fold changes indicate higher expression in Col-0 vs. Bur-0 and in late vs. early. 
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Figure 13: Expression data and correlation with flowering time for VTC5. 
Left: Correlation between expression data (log (FPKM normalized to RNA-Seq data +1)) from 138 
natural populations (Schmitz et al. 2013) and flowering time (log (DTF+1)) for VTC5 (AT5G55120) 
(black circles). Pearson's product-moment correlation: t = -4.1956, df = 136, p-value = 4.882e-05***. 
95% confidence interval: -0.4785612 -0.1817025. Correlation: -0.3385284. GLM (black line): 
estimate = -0.4410, std. error = 0.1051, t value = -4.196, Pr(>|t|)= 4.88e-05 *** before, 
Pr(>|t|) = 0.0309 * after Benjamini-Hochberg correction, Dispersion parameter for Gaussian family: 
0.2271019, Null deviance: 34.884 on 137 degrees of freedom, Residual deviance: 30.886 on 136 degrees 
of freedom, AIC: 191.05, Number of Fisher Scoring iterations: 2. Permutation analysis: p = 0 after 
Benjamini-Hochberg correction. Correlation between quartile normalized RNA-Seq data (log 
(RPKM+1)) and flowering time (log (DTF+1)) for VTC5. Pearson's product-moment correlation of 
sampling time points combined: -0.2090162. GLM for time points combined (dashed black line): 
Pr(>|t|) = 0.326994, for time point 1 (blue): Pr(>|t|) = 0.5362288, for time point 2 (red): 
Pr(>|t|) = 0.1905627. Right: Normalized read counts (log transformed +1) from RNA-Seq analysis 
for VTC5 (AT5G55120). Black dots show individual replicates of the genotypes, red squares show the 
mean over three replicates per genotype. Normalization of read counts was done by multiplying read 
counts of each sample with the corresponding size factor calculated by DESeq2. Bur-0 vs. Col-0 nested: 
p = 0.0000 ***, tp1: p = 0.0005 ***, tp2: p = 0.0476 *; Early vs. late flowering RILs nested: p = 0.2871, 
tp1: p = 0.5755, tp2: p = 0.6061. Significances from DESeq2 analysis are shown with asterisks. Signif. 
codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1. Log2 fold changes between Bur-0 vs. Col-0 nested: -
0.8564, tp1: -1.1998, tp2: -0.4306; Early vs. late flowering RILs nested: -0.2536, tp1: -0.3454, tp2: -
0.1326. Positive log2 fold changes indicate higher expression in Bur-0 vs. Col-0 and in early vs. late. 
Negative log2 fold changes indicate higher expression in Col-0 vs. Bur-0 and in late vs. early. 
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Figure 14: Expression data and correlation with flowering time for LURP1. 
Left: Correlation between expression data (log (FPKM normalized to RNA-Seq data +1)) from 138 
natural populations (Schmitz et al. 2013) and flowering time (log (DTF+1)) for LURP1 (AT2G14560) 
(black circles). Pearson's product-moment correlation: t = 3.3358, df = 136, p-value = 0.001097**. 95% 
confidence interval: 0.1131026 0.4226897. Correlation: 0.2750098. GLM (black line): estimate = 0.4132, 
std. error = 0.1239, t value = 3.336, Pr(>|t|)= 0.0011 ** before, Pr(>|t|)= 0.1481679 after Benjamini-
Hochberg correction, Dispersion parameter for Gaussian family: 0.3153369, Null deviance: 46.395on 
137 degrees of freedom, Residual deviance: 42.886 on 136 degrees of freedom, AIC: 236.34, Number of 
Fisher Scoring iterations: 2. Permutation analysis: p = 0 *** after Benjamini-Hochberg correction. 
Correlation between quartile normalized RNA-Seq data (log (RPKM+1)) and flowering time (log 
(DTF+1)) for LURP1. Pearson's product-moment correlation of sampling time points combined: 
0.2609146. GLM for time points combined (dashed black line): Pr(>|t|) = 0.218, for time point 1 
(blue): Pr(>|t|) = 0.601337, for time point 2 (red): Pr(>|t|) = 0.2892831. Right: Normalized read 
counts (log transformed +1) from RNA-Seq analysis for LURP1 (AT2G14560). Black dots show 
individual replicates of the genotypes, red squares show the mean over three replicates per genotype. 
Normalization of read counts was done by multiplying read counts of each sample with the 
corresponding size factor calculated by DESeq2. Bur-0 vs. Col-0 nested: p = 0.0001 ***, tp1: 
p = 0.7429, tp2: p = 0.0000 ***; Early vs. late flowering RILs nested: p = 0.3520, tp1: p = 0.7702, tp2: 
p = 0.3028. Significances from DESeq2 analysis are shown with asterisks. Signif. codes: 0 ‘***’ 0.001 
‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1. Log2 fold changes between Bur-0 vs. Col-0 nested: 2.8848, tp1: 0.30911, tp2: 
4.2319; Early vs. late flowering RILs nested: 0.8388, tp1: 0.4413, tp2: 0.8332. Positive log2 fold changes 
indicate higher expression in Bur-0 vs. Col-0 and in early vs. late. Negative log2 fold changes indicate 
higher expression in Col-0 vs. Bur-0 and in late vs. early. 
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Figure 15: Expression data and correlation with flowering time for WRKY54. 
Left: Correlation between expression data (log (FPKM normalized to RNA-Seq data +1)) from 138 
natural populations (Schmitz et al. 2013) and flowering time (log (DTF+1)) for WRKY54 (AT2G40750) 
(black circles). Pearson's product-moment correlation: t = 3.5464, df = 136, p-value = 0.0005363***. 
95% confidence interval: 0.1301660 0.4368105. Correlation: 0.2909425. GLM (black line): 
estimate = 0.4572, std. error = 0.1289, t value = 3.546, Pr(>|t|)= 0.000536 *** before, Pr(>|t|)= 
0.1020731 after Benjamini-Hochberg correction, Dispersion parameter for Gaussian family: 0.3416364, 
Null deviance: 50.759 on 137 degrees of freedom, Residual deviance: 46.463 on 136 degrees of freedom, 
AIC: 247.4, Number of Fisher Scoring iterations: 2. Permutation analysis: p = 0.01215846 * after 
Benjamini-Hochberg correction. Correlation between quartile normalized RNA-Seq data (log 
(RPKM+1)) and flowering time (log (DTF+1)) for WRKY54. Pearson's product-moment correlation of 
sampling time points combined: 0.1500102. GLM for time points combined (dashed black line): 
Pr(>|t|) = 0.484, for time point 1 (blue): Pr(>|t|) = 0.5468489, for time point 2 (red): 
Pr(>|t|) = 0.6548732. Right: Normalized read counts (log transformed +1) from RNA-Seq analysis 
for WRKY54 (AT2G40750). Black dots show individual replicates of the genotypes, red squares show 
the mean over three replicates per genotype. Normalization of read counts was done by multiplying 
read counts of each sample with the corresponding size factor calculated by DESeq2. Bur-0 vs. Col-0 
nested: p = 0.0048 **, tp1: p = 0.4474, tp2: p = 0.0000 ***; Early vs. late flowering RILs nested: 
p = 0.5089, tp1: p = 0.6140, tp2: p = 0.0756 . . Significances from DESeq2 analysis are shown with 
asterisks. Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1. Log2 fold changes between Bur-0 vs. 
Col-0 nested: 1.3671, tp1: -0.4705, tp2: 2.7878; Early vs. late flowering RILs nested: 0.3804, tp1: -
0.4785, tp2: 1.1500. Positive log2 fold changes indicate higher expression in Bur-0 vs. Col-0 and in early 
vs. late. Negative log2 fold changes indicate higher expression in Col-0 vs. Bur-0 and in late vs. early. 

  



70 

 
Figure 16: Expression data and correlation with flowering time for CESA4. 
Left: Correlation between expression data (log (FPKM normalized to RNA-Seq data +1)) from 138 
natural populations (Schmitz et al. 2013) and flowering time (log (DTF+1)) for CESA4 (AT5G44030) 
(black circles). Pearson's product-moment correlation: t = -4.952, df = 136, p-value = 2.141e-06 ***. 
95% confidence interval: -0.5237472 -0.2393795. Correlation: -0.3908498. GLM (black line): 
estimate = -0.7045, std. error = 0.1423, t value = -4.952, Pr(>|t|)= 2.14e-06 *** before, 
Pr(>|t|) = 0.0033 ** after Benjamini-Hochberg correction, Dispersion parameter for Gaussian family: 
0.415943, Null deviance: 66.768 on 137 degrees of freedom, Residual deviance: 56.568 on 136 degrees 
of freedom, AIC: 274.56, Number of Fisher Scoring iterations: 2. Permutation analysis: p = 0 *** after 
Benjamini-Hochberg correction. Correlation between quartile normalized RNA-Seq data (log 
(RPKM+1)) and flowering time (log (DTF+1)) for CESA4. Pearson's product-moment correlation of 
sampling time points combined: -0.4422881. GLM for time points combined (dashed black line): 
Pr(>|t|) = 0.0305 *, for time point 1 (blue): Pr(>|t|) = 0.3529123, for time point 2 (red): 
Pr(>|t|) = 0.05679137 . . Right: Normalized read counts (log transformed +1) from RNA-Seq analysis 
for CESA4 (AT5G44030). Black dots show individual replicates of the genotypes, red squares show the 
mean over three replicates per genotype. Normalization of read counts was done by multiplying read 
counts of each sample with the corresponding size factor calculated by DESeq2. Bur-0 vs. Col-0 nested: 
p = 0.1977, tp1: p = 0.1524, tp2: p = 0.9970; Early vs. late flowering RILs nested: p = 0.0002 ***, tp1: 
p = 0.8380, tp2: p = 0.0000 ***. Significances from DESeq2 analysis are shown with asterisks. Signif. 
codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1. Log2 fold changes between Bur-0 vs. Col-0 nested: -
0.2085, tp1: -0.3957, tp2: -0.0013; Early vs. late flowering RILs nested: 0.5957, tp1: 0.1163, tp2: 1.0624. 
Positive log2 fold changes indicate higher expression in Bur-0 vs. Col-0 and in early vs. late. Negative 
log2 fold changes indicate higher expression in Col-0 vs. Bur-0 and in late vs. early. 
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Figure 17: Expression data and correlation with flowering time for CESA8. 
Left: Correlation between expression data (log (FPKM normalized to RNA-Seq data +1)) from 138 
natural populations (Schmitz et al. 2013) and flowering time (log (DTF+1)) for CESA8 (AT4G18780) 
(black circles). Pearson's product-moment correlation: t = -3.9253, df = 136, p-value = 0.000137***. 
95% confidence interval: -0.4615093 -0.1604550. Correlation: -0.3190064. GLM (black line): 
estimate = -0.6008, std. error = 0.1530, t value = -3.925, Pr(>|t|)= 0.000137 *** before, 
Pr(>|t|) = 0.0449 * after Benjamini-Hochberg correction, Dispersion parameter for Gaussian family: 
0.4813803, Null deviance: 72.885 on 137 degrees of freedom, Residual deviance: 65.468 on 136 degrees 
of freedom, AIC: 294.72, Number of Fisher Scoring iterations: 2. Permutation analysis: p = 0 *** after 
Benjamini-Hochberg correction. Accessions with lowest expression (log (FPKM) < 2): Ann_1, Gr_1. 
Correlation between quartile normalized RNA-Seq data (log (RPKM+1)) and flowering time (log 
(DTF+1)) for CESA8. Pearson's product-moment correlation of sampling time points combined: -
0.3789191. GLM for time points combined (dashed black line): Pr(>|t|) = 0.06785 . , for time point 1 
(blue): Pr(>|t|) = 0.2936967, for time point 2 (red): Pr(>|t|) = 0.07583929 . . Right: Normalized read 
counts (log transformed +1) from RNA-Seq analysis for CESA8 (AT4G18780). Black dots show 
individual replicates of the genotypes, red squares show the mean over three replicates per genotype. 
Normalization of read counts was done by multiplying read counts of each sample with the 
corresponding size factor calculated by DESeq2. Bur-0 vs. Col-0 nested: p = 0.9617, tp1: p = 0.7636, 
tp2: p = 0.7189; Early vs. late flowering RILs nested: p = 0.0360 *, tp1: p = 0.4881, tp2: p = 0.0635 . . 
Significances from DESeq2 analysis are shown with asterisks. Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 
0.05 ‘.’ 0.1 ‘ ’ 1. Log2 fold changes between Bur-0 vs. Col-0 nested: -0.0220, tp1: 0.181, tp2: -0.2205; 
Early vs. late flowering RILs nested: 0.7740, tp1: 0.5548, tp2: 0.8707. Positive log2 fold changes indicate 
higher expression in Bur-0 vs. Col-0 and in early vs. late. Negative log2 fold changes indicate higher 
expression in Col-0 vs. Bur-0 and in late vs. early. 
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Figure 18: Expression data and correlation with flowering time for AFT1. 
Left: Correlation between expression data (log (FPKM normalized to RNA-Seq data +1)) from 138 
natural populations (Schmitz et al. 2013) and flowering time (log (DTF+1)) for AFT1 (AT5G10450) 
(black circles). Pearson's product-moment correlation: t = -2.5587, df = 136, p-value = 0.0116 ***. 95% 
confidence interval: -0.36822770 -0.04895838. Correlation: -0.2143099. GLM (black line): estimate = -
0.17663, std. error = 0.06903, t value = -2.559, Pr(>|t|)= 0.0116 * before, Pr(>|t|)= 0.3527008 after 
Benjamini-Hochberg correction, Dispersion parameter for Gaussian family: 0.09793747, Null deviance: 
13.961 on 137 degrees of freedom, Residual deviance: 13.319 on 136 degrees of freedom, AIC: 74.98, 
Number of Fisher Scoring iterations: 2. Permutation analysis: p = 0.01215846 * after Benjamini-
Hochberg correction. Accession with low expression (log (FPKM) < 6): Ann_1. Correlation between 
quartile normalized RNA-Seq data (log (RPKM+1)) and flowering time (log (DTF+1)) for AFT1. 
Pearson's product-moment correlation of sampling time points combined: 0.4985247. GLM for time 
points combined (dashed black line): Pr(>|t|) = 0.013156 *, for time point 1 (blue): 
Pr(>|t|) = 0.1361604, for time point 2 (red): Pr(>|t|) = 0.03954376 *. Right: Normalized read counts 
(log transformed +1) from RNA-Seq analysis for AFT1 (AT5G10450). Black dots show individual 
replicates of the genotypes, red squares show the mean over three replicates per genotype. 
Normalization of read counts was done by multiplying read counts of each sample with the 
corresponding size factor calculated by DESeq2. Bur-0 vs. Col-0 nested: p = 0.3237, tp1: p = 0.3351, 
tp2: p = 0.6309; Early vs. late flowering RILs nested: p = 0.0018 **, tp1: p = 0.4621, tp2: p = 0.0066 **. 
Significances from DESeq2 analysis are shown with asterisks. Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 
0.05 ‘.’ 0.1 ‘ ’ 1. Log2 fold changes between Bur-0 vs. Col-0 nested: 0.2463, tp1: 0.2268, tp2: 0.262; Early 
vs. late flowering RILs nested: -0.7171, tp1: -0.2523, tp2: -1.1098. Positive log2 fold changes indicate 
higher expression in Bur-0 vs. Col-0 and in early vs. late. Negative log2 fold changes indicate higher 
expression in Col-0 vs. Bur-0 and in late vs. early. 
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Figure 19: Expression data and correlation with flowering time for TGG1. 
Left: Correlation between expression data (log (FPKM normalized to RNA-Seq data +1)) from 138 
natural populations (Schmitz et al. 2013) and flowering time (log (DTF+1)) for TGG1 (AT5G26000) 
(black circles). Pearson's product-moment correlation: t = 4.3733, df = 136, p-value = 2.415e-05***. 
95% confidence interval: 0.1954947 0.4895114. Correlation: 0.3511288. GLM (black line): 
estimate = 0.4949, std. error = 0.1132, t value = 4.373, Pr(>|t|)= 2.42e-05 *** before, 
Pr(>|t|) = 0.0205 * after Benjamini-Hochberg correction, Dispersion parameter for Gaussian family: 
0.2631399, Null deviance: 40.820 on 137 degrees of freedom, Residual deviance: 35.787 on 136 degrees 
of freedom, AIC: 211.37, Number of Fisher Scoring iterations: 2. Permutation analysis: p = 0 *** after 
Benjamini-Hochberg correction. Correlation between quartile normalized RNA-Seq data (log 
(RPKM+1)) and flowering time (log (DTF+1)) for TGG1. Pearson's product-moment correlation of 
sampling time points combined: -0.08366004. GLM for time points combined (dashed black line): 
Pr(>|t|) = 0.69753, for time point 1 (blue): Pr(>|t|) = 0.816364, for time point 2 (red): 
Pr(>|t|) = 0.4832339. Right: Normalized read counts (log transformed +1) from RNA-Seq analysis 
for TGG1 (AT5G26000). Black dots show individual replicates of the genotypes, red squares show the 
mean over three replicates per genotype. Normalization of read counts was done by multiplying read 
counts of each sample with the corresponding size factor calculated by DESeq2. Bur-0 vs. Col-0 nested: 
p = 0.0020 **, tp1: p = 0.0064 **, tp2: p = 0.1486; Early vs. late flowering RILs nested: p = 0.0041 **, 
tp1: p = 0.0260 *, tp2: p = 0.1807. Significances from DESeq2 analysis are shown with asterisks. Signif. 
codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1. Log2 fold changes between Bur-0 vs. Col-0 nested: 
0.6582, tp1: 0.7116, tp2: 0.5707; Early vs. late flowering RILs nested: 0.6441, tp1: 0.7384, tp2: 0.5164. 
Positive log2 fold changes indicate higher expression in Bur-0 vs. Col-0 and in early vs. late. Negative 
log2 fold changes indicate higher expression in Col-0 vs. Bur-0 and in late vs. early. 

Other genes correlated with flowering time 

Other noteworthy genes with a significant correlation between expression level and flowering 

time in natural accessions were ARABIDOPSIS CDK INHIBITOR 1 (ACK1), AT-HOOK 

MOTIF NUCLEAR-LOCALIZED PROTEIN 1 (AHL1), MYB-RELATED PROTEIN 1 

(MYR1), GRF1-INTERACTING FACTOR 1 (GIF1), ETHYLENE RESPONSE 2 (ETR2), 

PURPLE ACID PHOSPHATASE 16 (PAP16), PSEUDO-RESPONSE REGULATOR 2 

(PRR2), RECEPTOR LIKE PROTEIN 1 (RLP1), SULFURTRANSFERASE 18 (STR18), 
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HOMOLOG OF SU(VAR)3-9 1 (SUVR1), URIDINE KINASE-LIKE 3 (UKL3), BETA-

AMYLASE 6 (BAM6), BRI1 LIKE 1 (BRL1), CELLULOSE SYNTHASE LIKE E1 (CSLE1), 

CYTOCHROME P450, FAMILY 707, SUBFAMILY A, POLYPEPTIDE 4 (CYP707A4), 

HEAVY METAL ASSOCIATED ISOPRENYLATED PLANT PROTEIN 21 (HIPP21), 

NITRILASE1 NIT1 and NITRILASE2 (NIT2) (Supplementary Material). Genes correlated 

with flowering time but not DE between early and late flowering lines are likely candidates for 

co-evolution rather than pleiotropy with flowering regulators. These genes were involved in 

ethylene signaling, ovule development, cell proliferation during leaf and flower development, 

petal differentiation, cell division and reaction to high light intensity. Two genes involved in 

brassinosteroid signaling and heavy metal transport with a hint for co-evolution were close to 

flowering time QTL, the correlation was thus likely due to linkage disequilibrium with flowering 

regulators. Genes DE between early and late flowering lines are likely to have pleiotropic actions 

with flowering genes. Among these were genes involved in the regulation of gene expression, 

growth hormone production, ABA catabolism, cellulose synthesis and metabolite processing. 

PRR2 interacts with the calcium sensor CML9 to regulate transcription (AtSubP analysis by 

Rakesh Kaundal, Reena Saini and Patrick X. Zhao, 2010). PRR2 expression was negatively 

correlated with flowering time in natural accessions (GLM: p = 0.0343) and in the Bur-0 x Col-0 

RIL samples (GLM tp1: p = 0.0157, tp2: p = 0.001, tp1 + tp2: p = 3.34e-05). PRR2 expression 

was development independent (LRT p = 0.7468) and DE between Bur-0 and Col-0 and between 

early and late flowering lines with higher expression in Col-0 and early flowering lines (Bur-0 vs. 

Col-0 nested: p = 0.0000, tp1: p = 0.0001, tp2: p = 0.0381; Early vs. late flowering RILs nested: 

p = 0.0016, tp1: p = 0.2137, tp2: p = 0.0333. Log2 fold changes between Bur-0 vs. Col-0 nested: 

-0.6365, tp1: -0.7766, tp2: -0.4679; Early vs. late flowering RILs nested: 0.4231, tp1: 0.3625, tp2: 

0.4788). 

RLP1 encodes a leucine-rich repeat-containing N-terminal domain protein involved in the 

response to hydrogen peroxide, endoplasmatic reticulum stress, heat and high light intensity 

(Heyndrickx and Vandepoele 2012). RLP1 expression was negatively correlated with flowering 

time in natural accessions (GLM: p = 0.0125) but positively in the Bur-0 x Col-0 RIL samples 

(GLM tp1: p = 0.1288, tp2: p = 0.082, tp1 + tp2: p = 0.0196). RLP1 expression was 

development independent (LRT p = 0.3998) and DE between Bur-0 and Col-0 with higher 

expression in Bur-0 (Bur-0 vs. Col-0 nested: p = 0.0000, tp1: p = 0.0000, tp2: p = 0.0000; Early 

vs. late flowering RILs nested: p = 0.4586, tp1: p = 0.9046, tp2: p = 0.5051. Log2 fold changes 

between Bur-0 vs. Col-0 nested: 2.1302, tp1: 1.5442, tp2: 2.3475; Early vs. late flowering RILs 

nested: -0.3061, tp1: -0.1067, tp2: -0.4421). 

NIT1 and NIT2 convert indole-3-acetonitrile to the plant growth hormone indole-3-acetic acid. 

NIT1 and NIT2 sit together with a third nitrilase, NIT3, in a tandem gene cluster on 

chromosome 3. NIT1 is the predominantly expressed isoform of the nitrilase isoenzyme family 

and mutants show reduced sensitivity to indole-3-acetonitrile (Bartel and Fink 1994; Normanly et 

al. 1997; Vorwerk et al. 2001). Even though not directly immune genes, NIT1 and NIT2 
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expression is one of the earliest events observed around wound sites after infiltration of bacterial 

pathogens and herbicide-induced cell death (Cutler and Somerville 2005; Bartel and Fink 1994). 

Nitrilase expression may represent sites of auxin biosynthesis (Bartel & Fink 1994). NIT1 

expression was negatively correlated with flowering time in natural accessions (GLM: 

p = 0.0206) and in the Bur-0 x Col-0 RIL samples (GLM tp1: p = 0.0186, tp2: p = 0.0687, tp1 + 

tp2: p = 0.0154). NIT3 is functionally redundant with NIT1 and NIT2 and mutants also show 

reduced sensitive to indole-3-acetonitrile (Normanly et al. 1997; Vorwerk et al. 2001). NIT1 was 

DE between early and late flowering RILs at time point 1 and between Bur-0 and Col-0 at 

time point 2, with higher expression in Col-0 and early flowering lines (Bur-0 vs. Col-0 nested: 

p = 0.0120, tp1: p = 0.6781, tp2: p = 0.0061; Early vs. late flowering RILs nested: p = 0.0048, 

tp1: p = 0.0047, tp2: p = 0.4275; Log2 fold changes between Bur-0 vs. Col-0 nested: -0.6096, tp1: 

0.1558, tp2: -1.0059; Early vs. late flowering RILs nested: 0.7055, tp1: 1.0247, tp2: 0.3382). NIT2 

expression was highly similar to NIT1 in natural accessions (GLM not significant, LMP: 

p = 0.0000) and in the Bur-0 x Col-0 RIL samples (GLM tp1: p = 0.0119, tp2: p = 0.0588, tp1 + 

tp2: p = 0.0082). NIT2 was also DE between early and late flowering RILs at time point 1 and 

between Bur-0 and Col-0 at time point 2, with higher expression in Col-0 and early flowering 

lines (Bur-0 vs. Col-0 nested: p = 0.0039, tp1: p = 0.4064, tp2: p = 0.0036; Early vs. late 

flowering RILs nested: p = 0.0041, tp1: p = 0.0067, tp2: p = 0.4184; Log2 fold changes between 

Bur-0 vs. Col-0 nested: -0.673, tp1: -0.2999, tp2: -0.9886; Early vs. late flowering RILs nested: 

0.6995, tp1: 1.0278, tp2: 0.3218). NIT3 expression was also negatively correlated with flowering 

time in natural accessions (GLM: p = 0.0836, LMP: p = 0.0000) but not DE (Bur-0 vs. Col-0 

nested: p = 0.2439, tp1: p = 0.8929, tp2: p = 0.1749; Early vs. late flowering RILs nested: 

p = 0.5096, tp1: p = 0.121, tp2: p = 0.6377; Log2 fold changes between Bur-0 vs. Col-0 nested: -

0.2646, tp1: 0.0457, tp2: -0.5469; Early vs. late flowering RILs nested: 0.1630, tp1: 0.5356, tp2: -

0.2066). NIT1, NIT2 and NIT3 were development dependent (LRT NIT1: p = 0.0001, NIT2: 

p = 0.0004, NIT2: p = 0.000). 

HIPP21 is involved in heavy metal transport and detoxification (Himelblau et al. 1998). HIPP21 

expression was negatively correlated with flowering time in natural accessions (not significant in 

GLM, LMP: p = 0.0228). HIPP21 expression was development dependent (LRT p = 0.000) and 

was DE between Bur-0 and Col-0 at time point 1 with higher expression in Col-0 (Bur-0 vs. 

Col-0 nested: p = 0.0000, tp1: p = 0.0000, tp2: p = 0.3108; Early vs. late flowering RILs nested: 

p = 0.1862, tp1: p = 0.7324, tp2: p = 0.2843¸ Log2 fold changes between Bur-0 vs. Col-0 nested: 

-1.6416, tp1: -2.3002, tp2: -0.7124; Early vs. late flowering RILs nested: -0.5204, tp1: -0.238, tp2: 

-0.7025). HIPP21 was one of the genes underneath the confidence interval of the main QTL on 

chromosome 5. 

CYP707A4 is involved in ABA catabolism and thus in growth, development and adaptive 

responses to environmental stresses. CYP707A4 catalyzes the key step in ABA catabolism, 

which is the hydroxylation at the 8’-position of ABA (Saito et al. 2004). CYP707A4 expression 

was negatively correlated with flowering time in natural accessions (not significant in GLM, 

LMP: p = 0.0343) and in the Bur-0 x Col-0 RIL samples (GLM tp1: p = 0.0009, tp2: p = 0.0409, 
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tp1 + tp2: p = 0.1255). CYP707A4 expression was development dependent (LRT p = 0.000) but 

not DE, although there was a trend for higher expression of Col-0 at time point 1 (Bur-0 vs. 

Col-0 nested: p = 0.5388, tp1: p = 0.0644, tp2: p = 0.7898; Early vs. late flowering RILs nested: 

p = 0.0030, tp1: p = 0.2168, tp2: p = NA; Log2 fold changes between Bur-0 vs. Col-0 nested: -

0.3276, tp1: -0.8342, tp2: 0.3239; Early vs. late flowering RILs nested: 1.4292, tp1: 0.7811, tp2: 

1.773). 

CSLE1 encodes a protein similar to cellulose synthases, like CESA4 and CESA8 (Heyndrickx 

and Vandepoele 2012). CSLE1 expression was negatively correlated with flowering time in 

natural accessions (not significant in GLM, LMP: p = 0.0319) but positively in the Bur-0 x Col-0 

RIL samples (GLM tp1: p = 0.0386, tp2: p = 0.0024, tp1 + tp2: p = 0.0016). CSLE1 expression 

was development dependent (LRT p = 0.000) and DE between Bur-0 and Col-0 and between 

early and late flowering RILs with higher expression in Bur-0 and late flowering lines (Bur-0 vs. 

Col-0 nested: p = 0.0000, tp1: p = 0.0176, tp2: p = 0.0000; Early vs. late flowering RILs nested: 

p = 0.0001, tp1: p = 0.0449, tp2: p = 0.0030; Log2 fold changes between Bur-0 vs. Col-0 nested: 

1.6537, tp1: 0.8635, tp2: 2.1849; Early vs. late flowering RILs nested: -1.3774, tp1: -0.9401, tp2: -

1.589). CSLE1 expression decreased from time point 1 to 2 in Col-0 and early lines. CSLE1 was 

one of the genes underneath the confidence interval of the main QTL on chromosome 1. 

BRL1 is a LRR Receptor kinase and mutants have altered vascular cell differentiation 

(Heyndrickx and Vandepoele 2012). BRL1 expression was negatively correlated with flowering 

time in natural accessions (not significant in GLM, LMP: p = 0.0319) and in the Bur-0 x Col-0 

RIL samples (GLM tp1: p = 0.4675, tp2: p = 0.0024, tp1 + tp2: p = 0.0451). BRL1 expression 

was development dependent (LRT p = 0.0038) and DE between early and late flowering RILs at 

time point 2 with higher expression in early flowering lines (Bur-0 vs. Col-0 nested: p = 0.3466, 

tp1: p = 0.5689, tp2: p = 0.6097; Early vs. late flowering RILs nested: p = 0.0181, tp1: 

p = 0.7990, tp2: p = 0.0148; Log2 fold changes between Bur-0 vs. Col-0 nested: -0.3768, tp1: -

0.2939, tp2: -0.3815; Early vs. late flowering RILs nested: 0.94, tp1: 0.2302, tp2: 1.4719). BRL1 

was one of the genes underneath the confidence interval of the main QTL on chromosome 1. 

BAM6 is involved in cellulose biosynthetic, carbohydrate metabolic and polysaccharide catabolic 

processes (Schmid et al. 2005). BAM6 expression was negatively correlated with flowering time 

in natural accessions (GLM: p = 0.0021) and in the Bur-0 x Col-0 RIL samples (GLM tp1: 

p = 0.2998, tp2: p = 0.0056, tp1 + tp2: p = 0.0751). BAM6 expression was development 

dependent (LRT p = 0.000) and DE between early and late flowering RILs at time point 2 with 

higher expression in Col-0 and early flowering lines (Bur-0 vs. Col-0 nested: p = 0.2167, tp1: 

p = 0.5085, tp2: p = 0.0870; Early vs. late flowering RILs nested: p = 0.0161, tp1: p = 0.3194, 

tp2: p = 0.0575, Log2 fold changes between Bur-0 vs. Col-0 nested: -0.6567, tp1: 0.31649, tp2: -

1.3789; Early vs. late flowering RILs nested: 1.2741, tp1: 0.6228, tp2: 1.5150). 

UKL3 contains a N-terminal uracil kinase (UK) domain and is predicted to encode a Uracil 

phosphoribosyltransferase (Heyndrickx and Vandepoele 2012). UKL3 expression was negatively 

correlated with flowering time in natural accessions (not significant in GLM, LMP: p = 0.0000). 
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UKL3 expression was development independent (LRT p = 0.1574) and DE between Bur-0 and 

Col-0 at time point 1 with higher expression in Col-0. At time point 2 there was a trend towards 

higher expression in late flowering lines (Bur-0 vs. Col-0 nested: p = 0.4908, tp1: p = 0.0322, tp2: 

p = 0.8918; Early vs. late flowering RILs nested: p = 0.0411, tp1: p = 0.7339, tp2: p = 0.0522; 

Log2 fold changes between Bur-0 vs. Col-0 nested: -0.2550, tp1: -0.6016, tp2: 0.1148; Early vs. 

late flowering RILs nested: -0.6907, tp1: -0.182, tp2: -1.0773). UKL3 was one of the genes 

underneath the confidence interval of the main QTL on chromosome 1. 

SUVR1 is involved in gene expression regulation and chromatin structure through histone lysine 

methyltransferase activity (Thorstensen et al. 2006). SUVR1 expression was negatively correlated 

with flowering time in natural accessions (GLM: p = 0.0405). SUVR1 expression was 

development dependent (LRT p = 0.000) and was DE between early and late flowering RILs at 

time point 2 with higher expression in early flowering lines (Bur-0 vs. Col-0 nested: p = 0.9649, 

tp1: p = 0.4121, tp2: p = 0.7223; Early vs. late flowering RILs nested: p = 0.0002, tp1: 

p = 0.0576, tp2: p = 0.0271; Log2 fold changes between Bur-0 vs. Col-0 nested: 0.0165, tp1: 

0.3145, tp2: -0.2674; Early vs. late flowering RILs nested: 1.139, tp1: 0.8095, tp2: 1.3095). 

STR18 is a thiosulfate sulfurtransferase/rhodanese (Bauer and Papenbrock 2002). STR18 

expression was negatively correlated with flowering time in natural accessions (GLM: 

p = 0.0007). STR18 expression was development dependent (LRT p = 0.0003) and DE between 

early and late flowering RILs in the nested analysis and between Bur-0 and Col-0 at time point 1 

with higher expression in Col-0 (Bur-0 vs. Col-0 nested: p = 0.2912, tp1: p = 0.0024, tp2: 

p = 0.5720; Early vs. late flowering RILs nested: p = 0.0268, tp1: p = 0.1321, tp2: p = 0.3192; 

Log2 fold changes between Bur-0 vs. Col-0 nested: -0.3783, tp1: -1.1017, tp2: 0.4037; Early vs. 

late flowering RILs nested: -0.7399, tp1: -0.7667, tp2: -0.5967). 

ACK1 is a negative regulator of cell division; elevated levels negatively affect plant development 

and fertility (Nakai et al. 2006). ACK1 expression was development dependent (LRT p = 0.000) 

and negatively correlated with flowering time in natural accessions (GLM: p = 0.0428). ACK1 

was DE between Bur-0 and Col-0 with higher expression in Col-0 (Bur-0 vs. Col-0 nested: 

p = 0.0061, tp1: p = 0.2714, tp2: p = 0.0154; Early vs. late flowering RILs nested: p = 0.8565, 

tp1: p = 0.7291, tp2: p = 0.8059; Log2 fold changes between Bur-0 vs. Col-0 nested: -0.7300, tp1: 

-0.4547, tp2: -0.9285; Early vs. late flowering RILs nested: 0.0676, tp1: 0.2546, tp2: -0.1232). 

AHL1 is involved in brassinosteroid biosynthetic processes (Heyndrickx and Vandepoele 2012). 

AHL1 expression was negatively correlated with flowering time in natural accessions (GLM: 

p = 0.0479) but positive in the Bur-0 x Col-0 RIL samples (GLM tp1: p = 0.1856, tp2: p = 0.04, 

tp1 + tp2: p = 0.0767). AHL1 expression was development dependent (LRT p = 0.0005) and 

DE between Bur-0 and Col-0 with higher expression in Bur-0 (Bur-0 vs. Col-0 nested: 

p = 0.0079, tp1: p = 0.0048, tp2: p = 0.5523; Early vs. late flowering RILs nested: p = 0.2784, 

tp1: p = 0.9588, tp2: p = 0.1852; Log2 fold changes between Bur-0 vs. Col-0 nested: 1.04489, 

tp1: 1.4037, tp2: 0.4354; Early vs. late flowering RILs nested: -0.4792, tp1: -0.066, tp2: -0.802). 

http://arabidopsis.org/servlets/TairObject?type=keyword&id=5262
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AHL1 expression decreased towards the second time point. AHL1 was one of the genes 

underneath the confidence interval of the main QTL on chromosome 4. 

MYR1 is expressed during petal differentiation (Schmid et al. 2005). MYR 1 expression was 

negatively correlated with flowering time in natural accessions (not significant in GLM, LMP: 

p = 0.0403) and was development dependent (LRT p = 0.000). It was DE between Bur-0 and 

Col-0 with higher expression in Col-0 (Bur-0 vs. Col-0 nested: p = 0.0116, tp1: p = 0.0005, tp2: 

p = 0.7951; Early vs. late flowering RILs nested: p = 0.3238, tp1: p = 0.3469, tp2: p = 0.9299; 

Log2 fold changes between Bur-0 vs. Col-0 nested: -0.5502, tp1: -1.1375, tp2: 0.1056; Early vs. 

late flowering RILs nested: -0.2464, tp1: -0.4896, tp2: 0.0334). MYR1 expression decreased 

towards the second time point. MYR1 was one of the genes underneath the confidence interval 

of the main QTL on chromosome 5. 

GIF1 is involved in cell proliferation during leaf and flower development and interacts with 

members of the growth regulating factor (GRF) family of transcription factors (Horiguchi et al. 

2011; B. H. Lee et al. 2009). GIF1 expression was development independent (LRT p = 0.6681) 

and negatively correlated with flowering time in natural accessions (not significant in GLM, 

LMP: p = 0.0000). GIF1 was DE between Bur-0 and Col-0, with higher expression in Col-0 

(Bur-0 vs. Col-0 nested: p = 0.0455, tp1: p = 0.1934, tp2: p = 0.3261; Early vs. late flowering 

RILs nested: p = 0.8234, tp1: p = NA, tp2: p = 0.8476; Log2 fold changes between Bur-0 vs. 

Col-0 nested: -0.8824, tp1: -0.7786, tp2: -0.7014; Early vs. late flowering RILs nested: -0.1087, 

tp1: -0.0360, tp2: -0.1517). 

ETR2 is involved in ethylene perception and negatively regulates ethylene mediated signaling 

pathways (Sakai et al. 1998). ETR2 expression was negatively correlated with flowering time in 

natural accessions (not significant in GLM, LMP: p = 0.0000) and with a trend at time point 2 of 

the Bur-0 x Col-0 RIL samples (GLM tp1: p = 0.8567, tp2: p = 0.0928, tp1 + tp2: p = 0.313). 

ETR2 expression was development independent (LRT p = 0.1504) and DE between Bur-0 and 

Col-0 with higher expression in Bur-0 (Bur-0 vs. Col-0 nested: p = 0.0046, tp1: p = 0.0650, tp2: 

p = 0.0436; Early vs. late flowering RILs nested: p = 0.9500, tp1: p = 0.3834, tp2: p = 0.3687; 

Log2 fold changes between Bur-0 vs. Col-0 nested: 1.6073, tp1: 1.1295, tp2: 1.5397; Early vs. late 

flowering RILs nested: 0.0539, tp1: 0.8322, tp2: -0.7516). 

PAP16 has acid phosphatase activity and is involved in ovule development (Heyndrickx and 

Vandepoele 2012). PAP16 expression was negatively correlated with flowering time in natural 

accessions (GLM: p = 0.0031) and in the Bur-0 x Col-0 RIL samples (GLM tp1: p = 0.8567, tp2: 

p = 0.0928, tp1 + tp2: p = 0.313). (GLM tp1: p = 0.5391, tp2: p = 0.0164, tp1 + tp2: 

p = 0.0448). PAP16 expression was development independent (LRT p = 0.2196) and DE 

between Bur-0 and Col-0 with higher expression in Col-0 (Bur-0 vs. Col-0 nested: p = 0.0043, 

tp1: p = 0.0877, tp2: p = 0.0483; Early vs. late flowering RILs nested: p = 0.4326, tp1: p = NA, 

tp2: p = 0.1881; Log2 fold changes between Bur-0 vs. Col-0 nested: -2.1176, tp1: -1.2693, tp2: -

1.7031; Early vs. late flowering RILs nested: 0.6594, tp1: -0.1209, tp2: 1.1886). 
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Housekeeping genes  

Expression levels of the three housekeeping genes used for validation of RNA-Seq expression 

levels with quantitative PCR, PP2AA3, Helicase and the uncharacterized gene were not 

correlated with flowering time in natural accessions (Supplementary Material). However, 

PP2AA3 and Helicase were DE between Bur-0 and Col-0 at time point 1 with higher expression 

in Bur-0 (PP2AA3: Bur-0 vs. Col-0 nested: p = 0.0513, tp1: p = 0.0015, tp2: p = 0.8008; Early 

vs. late flowering RILs nested: p = 0.3869, tp1: p = 0.2269, tp2: p = 0.8075; Log2 fold changes 

between Bur-0 vs. Col-0 nested: 0.1745, tp1: 0.4241, tp2: -0.0674; Early vs. late flowering RILs 

nested: 0.0881, tp1: 0.2422, tp2: -0.0586; Helicase: Bur-0 vs. Col-0 nested: p = 0.0631, tp1: 

p = 0.0011, tp2: p = 0.6819; Early vs. late flowering RILs nested: p = 0.3238, tp1: p = 0.8965, 

tp2: p = 0.2258; Log2 fold changes between Bur-0 vs. Col-0 nested: 0.4693, tp1: 0.6697, tp2: 

0.2525; Early vs. late flowering RILs nested: 0.2774, tp1: -0.0648, tp2: 0.5926). The 

uncharacterized housekeeping gene was DE between Bur-0 and Col-0 and between early and late 

flowering RILs (Bur-0 vs. Col-0 nested: p = 0.0203, tp1: p = 0.1044, tp2: p = 0.2403; Early vs. 

late flowering RILs nested: p = 0.0176, tp1: p = 0.4003, tp2: p = 0.1019; Log2 fold changes 

between Bur-0 vs. Col-0 nested: -0.4098, tp1: -0.3454, tp2: -0.4431; Early vs. late flowering RILs 

nested: -0.431, tp1: -0.2672, tp2: -0.5639). However, the log2 fold changes were small for all three 

housekeeping genes. PP2AA3 expression was development dependent (LRT p = 0.0006), while 

expression of Helicase and the uncharacterized housekeeping gene was development 

independent (LRT Helicase: p = 0.4252, uncharacterized housekeeping gene: p = 0.6465). 

RNA degradation distorts sequencing results 

RNA material from a first sequencing run (performed in and thus termed 2013) was degraded 

and did not include parental samples. In the 2013 data the same number of genes was mapped as 

in the 2014 data set. However, the number of DE genes was significantly smaller in the 2013 

data: there were only 1938 DE genes between early and late flowering RILs. Despite big 

differences in quality of starting material, correlations of read counts were high, but neither 

adjusted p-values nor log2 fold changes correlated well (Supplementary Material). This shows that 

diligence and conscientious quality checking is vital when preparing samples for sequencing. 
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4 .  D i s c u s s i o n  

Many studies have implicated that developmental traits and defense are connected: pathogens 

can induce precocious flowering and defense mutants show changes in flowering time (Pagán, 

Alonso-Blanco, and García-Arenal 2009; Korves and Bergelson 2003; Alcázar et al. 2011). The 

mechanisms behind it however were not known. Interacting pathways that are potentially 

responsible for the link between defense and flowering are involved in PAMP triggered 

immunity (PTI), hormone-induced growth and defense pathways via jasmonic acid (JA), salicylic 

acid (SA), ethylene (ET), abscisic acid (ABA) or gibberellic acid (GA), and regulation of 

senescence (Chinchilla et al. 2007; Kemmerling et al. 2007; Robert-Seilaniantz, Grant, and Jones 

2011; Albrecht et al. 2012; Belkhadir et al. 2012; Shi et al. 2013; Fan et al. 2014; Monaghan and 

Zipfel 2012; Guo et al. 2013; Cheon et al. 2013; Sun et al. 2010; Lozano-Durán et al. 2013; 

Navarro et al. 2008; Martínez et al. 2004). To address the question of whether flowering time and 

defense were generally linked in natural accessions of Arabidopsis thaliana, I applied a 

transcriptomics approach to comprehensively quantify the degree of linkage and to assess its 

underlying mechanisms. Transcriptomics takes stock of gene expression and quantifies the 

amount of transcript via mRNA sequencing. It provides a snapshot of the gene expression 

profile and transcript levels at the time of sampling (Wang, Gerstein, and Snyder 2009). 

Flowering time correlated (FTC) genes were identified via correlation analysis of gene expression 

with flowering time in a collection of genotypes representative of the global A. thaliana 

population. Furthermore, I quantified the amount of genes linked to flowering time via common 

regulators or pleiotropy. These flowering time-associated (FTA) genes were differentially 

expressed between early and late flowering Bur-0 x Col-0 Recombinant Inbred Lines (RILs). 

Developmental dependence was analyzed to identify genes whose expression change was mainly 

influenced by development (Figure 20). 
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Figure 20: Overview of questions and methodology. 
The upper left side addresses the first question: Are flowering time and defense linked in nature? To 
approach this question, gene expression was correlated with flowering time in 138 natural accessions of 
Arabidopsis thaliana and flowering time correlated (FTC) genes that co-vary with flowering time were 
identified by GLM and permutation test. Correlations that could not be explained by common regulators 
(pleiotropy) is considered a hint for potential co-evolution with flowering time regulation. The right side 
shows the subsequent analyses on early and late flowering Bur-0 x Col-0 Recombinant Inbred Lines 
(RIL). Flowering time-associated (FTA) genes that are linked with flowering time due to common 
regulators (pleiotropy) were identified by nested differential gene expression (DE) analysis using DESeq2. 
The schematic graph shows the effect of the RIL mosaic genomes on correlation with flowering time: 
correlations between defense and flowering time in natural populations (green dots) will disappear in RILs 
(orange dots) if they are not due to genetics (pleiotropy). Developmental dependent genes whose gene 
expression change was mainly due to development were identified with a Likelihood Ratio Test (LRT) of 
genotype and sampling time point. Finally, defense genes were tested for enrichment among FTC, FTA 
and development dependent genes. 
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QUANTITATIVE ANALYSIS OF GENE EXPRESSION 

The first question I addressed was whether flowering time and defense co-varied in a range of 

natural populations of A. thaliana, which are called accessions. Differences in gene expression 

levels between accessions were assumed to represent functional variation. While this might not 

hold true for all genes, the majority of the large number of analyzed genes is considered 

meaningful and reliable. Genes with a significant correlation between gene expression and 

flowering time in natural accessions were defined as flowering time correlated (FTC). 

FTC genes identified with two independent tests showed high p-value correlation 

For determining significant correlations between gene expression and flowering time, two 

independent tests were performed. While the Generalized Linear Model (GLM) is a more 

traditional method, I also applied a permutation analysis, which is advantageous in being less 

conservative in regard to fulfilling theoretical probability distribution criteria. The number of 

genes found to be significant after correction was therefore higher in permutation analysis than 

in GLM. Permutation analysis is more powerful when used in randomized experimental setups 

with small degrees of freedom for error, non-normally distributed data or when there are outliers 

(Anscombe 1953; Wheeler 2010). The flowering regulator FLOWERING LOCUS T (FT) 

showed the higher robustness of permutation analysis in finding correlations where many 

samples showed very low to no expression skewed the distribution (Supplementary Material). 

Despite differences in the number of significant genes, p-value correlation between GLM and 

permutation analysis was high (Supplementary Material). This gives confidence that correlation 

analyses were reliable even though permutation tests have rarely been used on published data 

(Liu et al. 2014; Paul and Dupont 2014). Genes identified as significant by either GLM or 

permutation test were considered FTC (Figure 20).  

Defense and flowering time co-varied in natural accessions 

To quantify the co-variation of defense genes with flowering time in natural accessions, I 

analyzed FTC genes in natural accessions and found an enrichment of defense genes. This 

provides the first comprehensive hint that defense mechanisms and flowering time tend to 

generally co-vary in A. thaliana in nature (Figure 3 and Table 1). Even though the enrichment was 

statistically significant, the absolute number of genes was low. The sampling time of 7 day old 

accessions might have been too early to detect all FTC genes. Moreover, genes regulated on 

(post-) translational rather than on transcriptional level would not have been detected with gene 

expression analysis. My approach limits the detection of correlation to genes with strong and 

robust transcription effects and thus probably underestimates the number of FTC genes. The 

accession data also did not include replicates: there was only one sample per accessions, omitting 

information on natural variation within populations. While I might consider co-variation as a 

hint for a potential history of co-evolution between defense and flowering time, at this stage I 
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cannot conclude on the mechanisms: It might be due to common regulatory elements 

(pleiotropy) or due to correlated evolution of these genes (Figure 20 and Figure 21).  

FTC genes were involved in flowering, development and stress responses  

To explore which other biological functions co-varied with flowering time in natural accessions, 

I looked for gene ontology (GO) term enrichments among FTC genes (Figure 20). GO terms 

categorize genes according to their biological function (Slotte et al. 2011). As expected, genes 

involved in flowering, development and reproduction were enriched, adding to the reliability of 

correlation analyses. Moreover, enrichments of cell wall biogenesis related genes and genes 

involved in (endogenous) hormone signaling, regulation of biological processes, response to 

organic substances and chemical stimuli were found. These enrichments hint at a general co-

variation between signaling pathways that regulate flowering and development via cell and 

organelle growth in response to external stimuli. Two notable FTC genes were NIT1 and NIT2, 

which were involved in the production of growth hormones and associated with auxin synthesis 

around wound sites, suggesting cross-talks between defense and growth regulation (Cutler and 

Somerville 2005; Bartel and Fink 1994; Normanly et al. 1997; Vorwerk et al. 2001). Both genes 

were DE between early and late flowering RILs, which indicates that nitrilases are directly 

involved in the regulation of defense and developmental processes. Stress responses via ABA 

catabolism of the FTC gene CYP707A4 were also likely pleiotropically linked to flowering time 

via common regulators. A gene where pleiotropy did not explain the correlation with flowering 

time was AHL1, which is involved in growth development and stress responses through 

brassinosteroid signaling. Additional genes involved in cell division and petal differentiation, as 

well as in heat and stress response and in heavy metal transport & detoxification also showed 

hints for co-variation with flowering time. These enrichments provide a quantification of the 

interplay between flowering time and several other traits involved in developmental regulation. 

The majority of correlations had a negative slope 

Of all FTC genes, the majority showed a negative correlation slope for gene expression vs. 

flowering time in natural accessions, with gene expression generally decreasing in late flowering 

accessions. This suggests that gene expression was generally down-regulated in late flowering 

accessions at the time of sampling, which was 7 days after planting. In this case, even a negative 

correlation with a slope that was more positive than the mean slope of all FTC genes might be 

meaningful for identifying whether the link between defense and flowering time is positive as 

hypothesized in the theoretical model on page 21. However, the data did not show defense genes 

to be more positively expressed than all FTC genes. If gene expression was universally down-

regulated in late flowering genotypes, this could only be found at very early developmental 

stages; in the Bur-0 x Col-0 RIL samples of 14 and 28 day old plants there was no bias towards 

lower expression in late flowering genotypes. If it was a technical problem, it could have been 

introduced by mapping biases to the Col-0 reference genome if late flowering accessions were 

genetically more strongly diverged from Col-0 than early flowering accessions and thus suffer 
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from reduced mapping efficiency. But the data did not support this, as the mean read numbers 

were not lower in late than in early flowering accessions. Overall, it contradicts the hypothesis 

that defense would be increased in late compared to early flowering accessions, but more tests 

remain to be done on a wider array of time points to elucidate whether this was an artifact of the 

data or whether it was a true biological effect. 

PLEIOTROPY RESTRICTS THE ABILITY TO SELECT FOR DEFENSE AND 

FLOWERING TIME INDEPENDENTLY 

To identify and quantify flowering time-associated defense gene regulation, I sequenced two 

parental accessions (Col-0 and Bur-0) segregating for defense and flowering time and pools of 

their earliest and latest flowering RILs. Differential gene expression was analyzed to identify 

differentially expressed (DE) defense genes between the parents and between early and late 

flowering RILs. The randomized genetic background of the RILs allowed the disentangling of 

linkage effects in the parents, so that effects in the RILs were purely genetic. In this case, RILs 

were selected for flowering time so that variation in gene expression between early and late 

flowering RILs was flowering time-associated (FTA) (Figure 20). FTA genes are likely common 

regulators with pleiotropic actions in flowering and defense pathways. Pleiotropy is here defined 

as genes directly affecting the phenotypes of both flowering time and defense either via direct 

protein function or via concerted transcriptional regulation; it can either be defense genes 

influencing flowering time or vice versa. 

The expression of defense genes was not generally regulated by flowering time 

Defense genes were enriched among genes DE between the parents, which confirmed that they 

were segregating for defense traits (Figure 7). This was also conclusive with the co-variation 

found in natural accessions but because of the low sample size, Bur-0 and Col-0 cannot be 

considered representative of inter- and intra-accession variation. Among genes DE between early 

and late flowering RILs, defense genes were not enriched. This elucidates the mechanisms 

behind the general co-variation of defense and flowering time: While individual defense genes 

were found to have pleiotropic effects on flowering time and vice versa, the majority of co-

variation between the traits cannot be explained by common regulators; Defense gene expression 

was not generally regulated by flowering time (Figure 21). This might be considered a hint for a 

potential history of co-evolution between defense and flowering time. 
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Figure 21: Enrichments of defense genes among FTC and FTA genes. 
Left: To answer the question whether defense and flowering time co-vary in natural A. thaliana 
accessions, correlations between gene expression and flowering time were tested for with GLM and 
permutation analysis (LMP). Defense genes were enriched among flowering time correlated (FTC) genes 
(red circle) (Figure 3), suggesting a general co-variation between defenses and flowering time in natural 
populations. Right: To further elucidate how much of the co-variation was due to common regulators or 
pleiotropy, nested differential gene expression (DE) analysis was performed with DESeq2 to identify 
genes DE between early and late flowering RILs. Defense genes were not enriched among flowering 
time-associated (FTA) genes (Figure 7), indicating that the expression of defense genes was not generally 
regulated by flowering time. 

Flowering genes were enriched among FTA genes 

Early and late flowering RILs were selected according to flowering time phenotype. The data 

confirmed this by showing an enrichment of flowering genes among FTA genes, i.e. genes DE 

between pools of early and late flowering RILs, adding confidence to the credibility of the data. 

Based on GO term enrichments, other biological functions with FTA variable gene expression 

were cellular and metabolic processes, responses to stimuli, organelle organization, responses to 

metal and cadmium ions and to inorganic substances, suggesting pleiotropy with flowering 

regulation and related pathways. There were DE genes in early vs. late flowering RILs that I did 

not find in the parents, suggesting that genetic linkages were masking or negating flowering time 

associations of some genes.  
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Different developmental stages in early vs. late flowering genotypes coincided with 

higher proportions of FTA genes 

The number of genes DE between the RILs was very low at time point 1, probably due to the 

plants all being in the same developmental stage. This indicates that differential gene expression 

in the parents was not associated with flowering time during the vegetative phase, where only 

13,7% of DE genes were FTA; the proportion of FTA genes increased to 100% at time point 2 

where the differences in developmental stage were strong between early and late flowering 

genotypes. This supports the conclusion that development strongly influences flowering time 

and genes that are regulated in association with it. 

Basic defense responses like plant type hypersensitive response (HR) co-varied with 

flowering time 

Following that the majority of defense genes expression changes co-varied with flowering time 

independent of pleiotropy, I explored individual defense candidate genes of specific interest. 

Defense genes that co-varied with flowering time in natural accessions were involved in basal 

defense pathways, like response to wounding, fungi, bacteria, insect and SAR. Genes involved in 

the defense responses to bacteria, insects and fungi were enriched among FTC genes and the 

majority of FTC defense genes that were not co-regulated with flowering time were involved in 

basic defense responses like the plant type hypersensitive response (HR) and responses to 

bacteria via cytokinin-mediated signaling pathways. This hints at specifically basal defense being 

linked to flowering time. Whether defense was stronger in early or late flowering genotypes 

differed between genes. AHK4 is a binding receptor and positive regulator of the phytohormone 

cytokinin, whose perception is induced upon infection, involved in defense responses to bacteria. 

Higher levels of AHK4 increase defense responses, but too much results in an overshooting of 

the response and to more severe disease symptoms (Riefler et al. 2006; Pertry et al. 2009). AHK4 

was more strongly expressed in early than late flowering plants, potentially conferring increased 

cytokinin-mediated defense in early flowering plants but also making them more sensitive to it. 

The developmental dependence of AHK4 expression is explained by its being a developmental 

regulator of leaf senescence (Riefler et al. 2006; Pertry et al. 2009). FDH, VTC, LURP1 and 

WRKY54 were all involved in HR. (Raffaele et al. 2008; Olson et al. 2000). Based on FDH and 

VTC5 early flowering genotypes showed a potential for higher HR. However, Bur-0 showed 

higher FDH expression than Col-0, possibly because in the parents, other constraints may have 

masked the genetic association with flowering time. Based on LURP1 and WRKY54, where I 

found a positive correlation with flowering time, HR could potentially be stronger in late 

flowering genotypes. FDH is induced in response to wounding and elicits a HR, which induces 

programmed cell death at infection sites. VTC5 is involved in ABA, SA and JA mediated 

signaling pathways, HR, response to auxin and ethylene stimulus, and response to wounding 

(Sasaki-Sekimoto et al. 2005; Heyndrickx and Vandepoele 2012). LURP1 is required for defense 

and resistance against the oomycete pathogen Hyaloperonospora parasitica and is involved in HR 

(Heyndrickx and Vandepoele 2012; Knoth and Eulgem 2008). WRKY54 is a transcription factor 

http://www.arabidopsis.org/servlets/TairObject?type=keyword&id=26704
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involved in various defense pathways, like SAR, SA-response pathways and HR (Heyndrickx and 

Vandepoele 2012). 

Other basic defense pathways show hints for pleiotropy with flowering time, potentially 

via cross-talks with brassinosteroid signaling 

Defense genes with strong DE between pools of early and late flowering RILs were considered 

candidates for imposing pleiotropic constraints on defense and flowering time. Defense genes 

associated with flowering time through pleiotropy via shared regulatory mechanisms were 

involved in basal defense pathways, like resistance towards bacteria, fungi and herbivores, as well 

as in stress responses and brassinosteroid signaling. Most of these genes did not co-vary with 

flowering time in natural accessions, possibly because the sampling time point of the accession 

data was very early. Among them were defense genes involved in the responses to wounding, 

bacteria, fungi, viruses, jasmonic acid (JA)-, salicylic acid (SA)-, ethylene (ET)- and 

brassinosteroid signaling, HR, SAR, herbivore resistance, PAMP triggered immunity and R-gene 

defense (Belkhadir et al. 2012; Cheon et al. 2013; Kemmerling et al. 2007; de Vries 2007; Guo et 

al. 2013; Albrecht et al. 2012). Based on these genes’ involvements in basal defense and growth 

processes via brassinosteroid signaling, it is likely that cross-talks between these pathways is at 

least partly explaining the pleiotropic links between defense and development. 

Flowering time variation was mostly genetic 

With 85% heredity, flowering time was mostly determined genetically. Two independent QTL 

mapping strategies, as well as previous studies, confirmed that the majority of flowering time 

variation is explained by three to five large-effect QTL (Figure 5 and Table 2). As it has been 

found that major flowering QTL overlapped in population-wide scans, it can be assumed that 

the genomic regions controlling flowering time variation between Bur-0 and Col-0 were 

representative for the set of accessions used in the correlation analysis. QTL underlying 

flowering genes with differential expression between early and late flowering pools were 

considered either causal for the observed QTL or have experienced linkage disequilibrium with 

causal QTL genes. Major flowering regulators underneath the confidence intervals of the QTL 

that were found to be correlated with flowering time were FT on chromosome 1 and FLC and 

FTIP1 on chromosome 5. We also identified a number of defense genes close to flowering QTL, 

making them likely candidates for associating defense and flowering time via linkage 

disequilibrium. FT is a major regulator of flowering induction (Kardailsky et al. 1999). 

Chromosomes were more strongly biased towards one or the other parental allele relating to the 

QTL effects (Figure 4). 

FT and FLC are likely candidates for explaining the interaction in repulsion between the 

QTL on chromosomes 1 and 5 

Among the flowering genes identified as FTC, many were involved in the FLC flowering 

regulatory network conferring the vernalization requirement (Figure 10) (Deng et al. 2011; 
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Andrés and Coupland 2012; Turck, Fornara, and Coupland 2008). The majority of these genes 

were development dependent and DE between Bur-0 and Col-0 and/or between early and late 

flowering RILs, confirming that many major flowering regulators co-vary with flowering time 

due to common regulators. FLC is involved in the transcriptional regulation of several flowering 

regulatory genes and of hormone response pathways (e.g. ABA, JA, GA and ethylene). Hormone 

responsive genes are also involved in a number of defense responses, presenting possible 

pleiotropic effects of flowering regulation and defense gene expression (Deng et al. 2011). The 

regulation of vernalization by FLC homologues has also been described in other members of the 

Brassicaceae family, as well as in more distantly related crop plants, suggesting convergent 

evolution of the vernalization requirement and FLC-like regulatory networks (Okazaki et al. 

2007; Schranz et al. 2002; Zou et al. 2012).  

FT is a key regulator in the photoperiod-induced regulation of flowering (Turck, Fornara, and 

Coupland 2008). FT-like proteins can be found in various plant species, suggesting that it is a 

widely conserved, flowering inducing signal. They are induced in response to increasing day 

length in A. thaliana, barley and pea, but in response to decreasing day length in rice and potato 

(Andrés and Coupland 2012). FT was a likely candidate for the QTL effect on chromosome 1, 

which associated late flowering with the Bur-0 allele and early flowering with the Col-0 allele. FT 

was negatively correlated with flowering time, which means that the early flowering Col-0 allele 

of FT was more strongly expressed than the late flowering Bur-0 allele. FT transmits the signal 

for flowering induction in interaction with FTIP1 (Andrés and Coupland 2012), which was 

supported by FTIP1 following the same pattern as FT expression. This could explain the 

interaction between the QTL on chromosome 1 and 5. However, the interaction could also be 

explained by FT interaction with FLC. For the QTL on chromosome 5 the allelic effect was 

opposite to chromosome 1: the Bur-0 allele accelerated flowering, while the Col-0 allele delayed 

it. Because the QTL on chromosomes 1 and 5 were linked in repulsion with evidence for 

epistasis, FLC was the more likely candidate, as its repressive effect on FT expression coincides 

with the expression pattern observed in natural accessions and in the Bur-0 x Col-0 RIL samples. 

FTIP1 might have added to the QTL effect. Conclusive with late showing higher FLC 

expression than early flowering accessions, the Bur-0 FLC allele was more strongly expressed 

than the Col-0 allele. Col-0 has an active FLC allele, while Bur-0 has an alternatively spliced FLC 

null allele (Simon et al. 2008; Werner et al. 2005; Michaels et al. 2003), leading to the conclusion 

that while the active Col-0 allele associated with late flowering by repressing the expression of 

flowering induction genes, it was not as strongly expressed as the non-functional Bur-0 allele 

early in development. This suggests that FLC expression might indirectly influence flowering 

time by regulating other flowering genes, like FT, but its direct effect on flowering regulation is 

largely independent of its expression levels per se and mainly determined by allelic variation. 

FRI was not a major target driving co-variation with flowering time 

Due to its effect on flowering time, FRI has been proposed as a potential candidate explaining 

the QTL on chromosome 4 (Salomé et al. 2011; Brock, Stinchcombe, and Weinig 2009; 
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Johanson 2000), where the Bur-0 allele associated with late flowering and the Col-0 allele with 

early flowering. FRI induces the expression of FLC, which was confirmed by the correlation 

between low FRI expression and FRI non-functional alleles among early flowering accessions, 

which also correlated with lower FLC expression. FRI expression was not correlated with 

flowering time in natural accession and it was not differentially expressed, even though Bur-0 

had a functional FRI allele and Col-0 a non-functional allele (Michaels et al. 2003; Werner et al. 

2005; Schmalenbach et al. 2014). However, the Bur-0 FLC allele was shown to be unresponsive 

to FRI, so that its late flowering phenotype is likely FRI independent (Werner et al. 2005). FRI 

inactivation has been identified to have undergone positive selection with a latitudinal cline on 

function FRI alleles (Clark et al. 2007; Stinchcombe et al. 2004). Other studies identify FRI 

variation as non-adaptive: no latitudinal clines of FRI loss-of-function alleles were detected and 

FRI variation could not be associated with increased fitness (Shindo, Bernasconi, and Hardtke 

2007; Shindo et al. 2005; Korves et al. 2007). Taken together with my results on FTC and FTA, 

FRI is not a likely candidate for controlling flowering time variation itself but might affect 

flowering QTL via regulation of FLC. 

Pooling represents gene expression variation in early and late flowering genotypes  

Pooling is a useful approach for cost-intensive methods, like RNA-Seq, where the number of 

samples that can be analyzed is limited (Futschik and Schlötterer 2010). Early and late flowering 

RILs samples were pooled to represent a broader cross-section of variation than would be cost-

effective with the same number of individual samples. On the other hand, it comes with a loss of 

information on intra-genotype variation and small-effect or low-frequency allele combinations 

will likely be missed. High variation within samples can also negatively affect statistical power. 

However, in this type of study, I am interested in large effects that are robust to noise. 

What might have had an impact on the flowering time-associated variation within pools could 

have been that the RILs flowered around a mean of 10 days after the parent with the respective 

flowering time (early vs. Col-0 and late vs. Bur-0). The standard deviation around the mean 

flowering time was twice as high in late (~4 days) compared to early flowering RILs; the latest 

flowering RILs flowered 20 days after Bur-0. This could have affected the developmental stage 

distribution in the RIL pools as the transition to flowering is expected to occur about 10 days 

before flowering. Early flowering pools were thus more uniform in their developmental stage 

distribution than late flowering pools. Due to selection based on flowering time, the distribution 

of parental alleles was not 50:50 in pools of early and late flowering RILs. Over the whole 

genome, there was no significant bias for one parental allele to be over-represented in pools of 

early and late flowering RILs, but within chromosomes there was bias for the Col-0 allele to be 

over-represented on chromosomes 1, 3 and 4 in early flowering pools and under-represented on 

chromosomes 2 and 5; and vice versa for the Bur-0 allele (Figure 4). These allele ratios reflected 

the flowering QTL identified on chromosomes 1, 2, 4 and 5 that associated the Col-0 allele with 

early flowering for the QTL on chromosomes 1 and 4 and the Bur-0 allele for the QTL on 

chromosomes 2 and 5. If the parental alleles would have strongly differed in mapping efficiency 
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to the Col-0 reference genome, this could have introduced erroneous read comparisons. 

However, the mapping coverage in Bur-0 was not significantly weaker than in Col-0 samples, 

leading me to assume that the unequal allele distributions in early and late flowering pools did 

not significantly bias mapping efficiency. It might have affected genes associated with flowering 

via linkage disequilibrium with QTL but quantification and enrichment analyses considered the 

total of the transcriptomes they are likely not negatively biased by individual genes suffering from 

linkage. Taken together, I consider pooling an effective method for encompassing a 

representative section of variation in early and late flowering genotypes for quantitative analyses 

of gene enrichments. 

High quality input material is crucial for reliable differential expression analysis, RNA 

degradation can negatively impact results 

For differential gene expression (DE) analysis of the Bur-0 x Col-0 RIL samples, two rounds of 

RNA-Seq runs were performed. RNA input material in the first sequencing run was later found 

to have been degraded and was thus excluded from analysis. In the second sequencing run, RNA 

input material was ensured to be of high quality. Differences in read distribution and data 

analysis were examined to assess the effect of input material quality on differential gene 

expression results. Even though overall read counts correlated well between degraded and non-

degraded data sets, differences in numbers and log2 fold changes of DE genes were strong. This 

suggests that it cannot always be directly told from initial data examination whether a data set is 

qualitatively sound and whether the results will be biologically meaningful and trustworthy, 

making it even more essential to verify input material quality before sequencing. 

Housekeeping genes 

I found the three housekeeping genes used in quantitative PCR to be largely similar between 

accessions (Figure 6). We did however find PP2AA3 and Helicase to be DE between Bur-0 and 

Col-0 at time point 1 with higher expression in Bur-0. For PP2AA3 expression was more 

different at the first compared to the second time point, which would make PP2AA3 a suitable 

housekeeping gene only for plants in later developmental stages and could introduce bias when 

comparing samples of different stages. While this did not influence the normalization of qPCR 

samples and validation of RNA-Seq expression levels, as each sample was normalized to their 

respective housekeeping gene expression level, it should be kept in mind that housekeeping 

genes identified in one accession, usually in Col-0, do not necessarily mirror expression in 

different genetic backgrounds.  

THE EFFECT OF DEVELOPMENT ON GENE EXPRESSION 

Regulation of gene expression is a central mechanism for controlling development in plants and 

the relationship is known to be mutually influential (Emerson and Li 2010; Schmid et al. 2005; 
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Zimmermann et al. 2014; Jali et al. 2014). Developmental traits are highly variable in plants and 

polymorphisms in flowering time, fruit, flower, inflorescence and seed morphology, seedling 

emergence and plant architecture were shown to influence and be influenced by developmental 

variation (Alonso-Blanco, Mendez-Vigo, and Koornneef 2005). Because plants were sampled at 

two time points representing different developmental stages in early and late flowering 

genotypes, I could define development dependent differences in gene expression. At 

time point 1, all plants were in their vegetative growth phase, while at time point 2 early 

flowering genotypes had already undergone the transition to flowering. To separate genes that 

changed expression due to differences arising from the developmental variation between early 

and late flowering genotypes from genes whose differential regulation was truly genetic, a 

time series Likelihood Ratio Test (LRT) was performed (Figure 20). LRT identified genes as 

significant whose expression change was better explained by time point plus genotype than by 

genotype alone, meaning that they were development dependent. 

The majority of genes did not change expression dependent on development. Due to the nature 

of the analysis, which compared expression between genotypes with vs. without time point 

effect, LRT significant genes are inherently differentially expressed (DE), while non-significant 

genes are either not DE or not influenced by time point. I thus cannot conclude on differential 

expression of development independent genes. Of the genes that did change expression 

development dependent, the majority did so between the parents rather than between the early 

and late flowering RILs, indicating that most developmental effects arising in the parents were 

not due to pleiotropy and thus eliminated in the randomized genetic background of the RILs 

(Figure 22). The majority of flowering time correlated (FTC) genes was development dependent, 

confirming their association with developmental regulation. 

Correlation and association with flowering time was strongly linked to development 

Because developmental variability affects evolutionary dynamics of genetically determined traits 

and can help promote initial adaptation to new environments, traits connected to developmental 

variability, like flowering time, are expected to be linked to developmental regulation of gene 

expression levels (Frank 2011). To address the question whether, contrary to the global minority 

of development dependent genes in the Bur-0 x Col-0 data, development dependence was 

associated with flowering time, I looked for enrichments among FTA and correlated genes. 

Development independent genes were under-represented among genes correlated with flowering 

time in natural accessions, which confirmed that co-variation with flowering time was strongly 

linked to developmental regulation. Among DE genes, development dependent genes were 

enriched with a higher proportion in early vs. late flowering lines compared to the parents Bur-0 

and Col-0 (Figure 22). This confirms that flowering time is strongly linked to development via 

common regulators.  
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Defense gene expression was strongly linked to development 

Defense and developmental variation have long been considered independent, but recently 

studies began to report on mutual influences. However, not much is known on the extent and 

the mechanisms behind it. Because activation of defense responses negatively impacts growth 

and fitness, the regulation of defense responses in regard to development is crucial for 

maintaining sufficient growth at different developmental stages (Yang et al. 2012). Based on this, 

it has been proposed that eukaryotes have developed evolutionary trade-off regulation between 

defense and growth (Le Roux et al. 2014). Regulation of development is thought to be mainly 

controlled by transcription factors and the transcriptional regulation of defense genes has been 

shown to impact development (Emerson and Li 2010; Shearer et al. 2012). Interactions exist 

between signaling pathways of the phytohormone GA, which controls flowering, and jasmonic 

acid (JA), which is involved in defense and resistance towards pathogens (Yang et al. 2012; 

Yamaguchi et al. 2014). They have been shown to be at least partially mediated by the 

transcription factor GbWRKY1 in cotton, which negatively regulates JA signaling (Li et al. 2014). 

WRKY transcription factors have been implicated in the regulation of various developmental 

traits; but as in the example of WRKY54, which was found to be FTC in natural populations, 

they are also involved in the regulation of other traits, like defense, and can alter flowering time 

upon defense-related activation (Miao and Zentgraf 2007; Li et al. 2014; Lozano-Durán et al. 

2013; Marchive et al. 2013; Birkenbihl, Diezel, and Somssich 2012). The defense gene LIF2 was 

shown to affect growth during floral development and proposed to mediate a trade-off between 

defense and development by limiting the costs associated with salicylic acid (SA) signaling in the 

absence of infection (Le Roux et al. 2014). Another family of genes in A. thaliana, the cyclic 

nucleotide-gated ion channels (CNGCs) regulate pathogen defense, development, and 

thermotolerance. CNGCs are Ca2+ mediated growth regulators and its dnd1 mutant shows a 

reduced ability to mount the hypersensitive response (HR) (Chin et al. 2013). Among flowering 

time associated (FTA) genes, many were involved in basal defense and growth via 

brassinosteroid signaling, confirming a potential pleiotropic connection between defense and 

development (Belkhadir et al. 2012; Cheon et al. 2013; Kemmerling et al. 2007; de Vries 2007; 

Guo et al. 2013; Albrecht et al. 2012).  

Following from the enrichment of flowering time correlated (FTC) defense genes and finding 

that correlation with flowering time was strongly linked to development, I also expected an 

enrichment of development dependent defense genes, which was confirmed by the data. The 

majority of defense, as well as flowering genes, were development dependent and enriched 

among FTA development dependent genes. This suggests that development is generally co-

regulated with genes that show pleiotropic actions with flowering time regulators. Only defense 

genes were also enriched among Bur-0 vs. Col-0 development dependent DE genes, which 

showed that not all developmental factors influencing defense gene expression levels are also 

dependent on flowering time per se. The relative enrichment of defense genes was stronger 

compared to flowering genes, indicating that defense gene expression, and in particular FTA 

differential expression, was more strongly dependent on development than flowering gene 
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expression (Figure 8, Figure 22 and Figure 23). The proportion of FTA defense genes was 

highest at time point 2, confirming that, like for FTA genes in general, expression differences 

increased with developmental differences. Taken together, the enrichment of defense genes 

among FTC genes, among development dependent genes and among genes DE between Bur-0 

and Col-0 but not between early and late flowering RILs confirmed that the expression of 

defense genes is tightly linked to development – suggesting that it is even more strongly 

dependent on developmental regulation than flowering genes themselves. This indicates that 

while flowering time and defense co-vary in natural populations, flowering is not the main 

developmental regulator affecting defense gene expression and higher-order factors might 

regulate both defense and flowering time. 

 

Figure 22: Enrichments of development dependent defense genes. 
To address the question of how much of the (defense) gene expression variation was due to influences of 
development, a Likelihood Ratio Test (LRT) was performed on the Bur-0 x Col-0 RIL samples. 
Development dependent genes were defined by their gene expression change being significantly better 
explained when time point was added to the genotype comparison than by the genotype comparison 
alone. The graph on the left side shows a schematic of the proportions of development dependent and 
independent genes among all genes and among genes DE in the nested analysis. The y-axis shows the 
number of development dependent genes in one or in both genotype comparisons. LRT nested design: 
Bur-0 vs. Col-0 + early vs. late RILs (light gray bars); LRT analysis separate for both genotype 
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comparisons: Bur-0 vs. Col-0 (dark gray bars), early vs. late RILs (black bars). The proportion of 
development dependent defense genes was enriched compared to flowering genes. Significances from Chi 
Square tests are shown with asterisks: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1. 

Development dependent defense genes were more strongly expressed close to the 

transition to flowering 

To identify whether development dependent differential gene expression (DE) was driven by 

higher expression in one or the other time point and/ or genotype, gene expression profiles were 

analyzed (Figure 9 and Table 3). Just as for all development dependent genes, the majority of 

defense genes were more strongly expressed at time point 2 than at time point 1 and changed 

expression in the same direction in both genotype comparisons of parents and RILs (Bur-0 with 

late and Col-0 with early flowering lines). Development dependent defense genes were more 

strongly expressed than flowering genes in Col-0 and early at time point 1, at which early 

flowering genotypes would be close to the transition to flowering. At time point 2, development 

dependent defense genes were more strongly expressed than flowering genes in Bur-0 and late 

flowering RILs, at which stage early flowering genotypes would have already flowered while late 

flowering genotypes were close to transitioning from vegetative to reproductive growth (Figure 

24). At both time points, this was a relative enrichment of defense compared to flowering genes. 

This indicates that plants increase expression of defense over flowering genes shortly before the 

transition to flowering. Even though I cannot directly link increase in gene expression with 

increase in defense per se, this might be an indication for a positive link between flowering time 

and defense at a specific time in the plant’s development. Protective measures might be 

mobilized as the plant approaches the transition from vegetative to reproductive growth. 

Afterwards, defense gene expression decreased again in favor of flowering genes to then 

potentially concentrate the majority of resources into reproduction. This could indicate 

antagonistic benefits of defense at different developmental stages, suggesting that basal defense 

traits might have undergone balancing selection, similar to several R genes (Shindo, Bernasconi, 

and Hardtke 2007). At some developmental stages (here close to the transition to flowering), 

improved defense might be beneficial, while at other stages (after the transition), it may confer a 

disadvantage. Antagonistic benefits could also explain why there was no general positive 

correlation between defense and flowering time and hypothesized in the theoretical model 

(page 21), as negative benefits at one developmental stage would negate positive benefits at 

another stage. 
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Figure 23: Schematic of the proportions of flowering and defense candidate genes among 
development dependent and independent genes.  
Flowering (light gray bars) vs. defense (dark gray bars) gene enrichments in development dependent 
and differentially expressed (DE) genes (x-axis). DE genes were separated by genes DE between Bur-0 
and Col-0 and between early and late flowering RILs. The y-axis shows the proportion of the number 
of genes between groups. Significances from Chi Square tests are shown with asterisks: 0 ‘***’ 0.001 
‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1. 
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Figure 24: Schematic of the proportions of genes with different expression pattern of 
developmental dependent flowering (light gray bars) and defense (dark gray bars) candidate 
genes and the developmental stage of early and late flowering RILs at time points 1 and 2. 
Gene expression ratios were calculated for Bur-0 vs. Col-0, early vs. late flowering RILs and for time 
point 1 vs. time point 2, indicating which showed higher expression (>) (x-axis). The y-axis shows the 
schematic number of genes with a ratio indicating higher expression in one or the other genotype or 
time point. At time point 1 early flowering genotypes (Col-0 and early flowering RILs) would be close 
to the transition to reproductive growth, while late flowering genotypes (Bur-0 and late flowering 
RILs) were still in vegetative the growth phase. At time point 2, early flowering genotypes would have 
mostly flowered or be close to flowering, while late flowering genotypes were shortly before the 
transition to reproductive growth. 

POTENTIAL HISTORY OF CO-EVOLUTION BETWEEN DEFENSE AND 

FLOWERING TIME 

Understanding the sources of phenotypic variation and their adaptive effects on co-variation 

between traits is essential for understanding evolution and natural selection. Development has 

been shown to be tightly and mutually linked to gene expression changes, and variation in gene 

expression regulation has notable effects on adaptation and evolution (Emerson and Li 2010). 

Co-evolution is defined as “reciprocally adaptive genetic change” (Pagán et al. 2010). For defense 

and flowering time specifically, co-evolution means that adaptive variation of one trait influences 

the variation and adaptive potential of the other trait. Selection pressures acting on one trait will 

thus invariably affect fitness of the other trait and vice versa.  

I found basal defense genes to be enriched among flowering time correlated (FTC) genes, 

suggesting that defense mechanisms and flowering time generally co-vary in natural accessions of 
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A. thaliana. The majority of co-variation between defense and flowering time was not explained 

by common regulation (pleiotropy). Specifically genes involved in the plant type hypersensitive 

response (HR) were shown to co-vary with flowering time without hints for pleiotropy. Co-

variation that is not explained by common regulators (i.e. genes that are FTC but not FTA) and 

thus genetically independent, can be hypothesized as a hint for a potential history of co-evolution 

(Sasaki 2000). Defense and flowering time might be correlated in their evolution because they 

both influence fitness, while their relative importance for fitness can vary according to the life-

history strategy. This would mean that adaptive responses of flowering time variation would 

consequently also affect defense and vice versa. Because co-evolution is considered to be driven 

by selection on one trait directly influencing the other trait, selection on flowering time might co-

select on HR traits and vice versa. However, two HR genes indicated higher potential defense in 

early, while two other HR genes indicated a higher potential defense in late flowering RILs. This 

might suggest that co-evolutionary processes may have acted to balance fitness costs of HR by 

not generally up-regulating defense in one or the other genotype, while still maintaining a 

sufficient level of defense potential in case of parasitic infection. 

Increased herbivore resistance might have been counter-selected in late flowering 

genotypes 

A number of flowering time-associated (FTA) genes were involved in herbivore resistance via 

glucosinolate hydrolysis. TGG1 was identified as FTA, suggesting common regulators with 

flowering time. Co-variation between herbivore resistance and flowering time in natural 

accessions was found for the genes TGG2, ESM1 and ESR (Figure 25). TGG1 and TGG2 are 

myrosinase enzymes with redundant functions in glucosinolate hydrolysis; single mutants don’t 

affect herbivore resistance but double mutants are highly susceptible (Barth and Jander 2006). 

Glucosinolates are plant secondary metabolites whose break-down can result in compounds that 

are toxic for insects. These toxic compounds are called isothiocyanates and mediate defense 

against pathogenic herbivores. Hydrolysis of glucosinolates produces nitriles, epithionitriles, or 

isothiocyanates depending on glucosinolate structure and the plant's genotype. One of the major 

regulators of this metabolite balance is ESR, which interacts epistatically with ESM1. While ESR 

produces epithionitriles and nitriles, ESM1 represses nitrile formation in favor of isothiocyanate 

production (Zhang, Ober, and Kliebenstein 2006; Barth and Jander 2006; Islam et al. 2009; 

Lambrix et al. 2001). In TGG2 and ESM1, expression was stronger in both Col-0 and early 

flowering lines, while in ESR Bur-0 and late showed stronger expression. TGG1 expression was 

positively correlated with flowering time in natural accessions, which was confirmed by a lower 

expression in Col-0 than in Bur-0. However, early flowering RILs showed higher expression than 

late at time point 1, indicating that a positive co-variation with flowering time counteracted the 

underlying pleiotropic mechanisms that cause higher expression of isothiocyanate production in 

early flowering lines (Figure 25). An increased isothiocyanate level might reflect a stronger 

herbivore defense potential but this remains to be tested experimentally. The myrosinases TGG1 

and TGG2 are localized in different cells than glucosinolates until herbivore chewing damages 
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tissues and brings them into contact (Wittstock and Halkier 2002). This reactive response will 

thus only be beneficial if the plant is actually infected, while an increased defense potential could 

be costly under normal conditions. Experimentally tested fitness consequences would be 

necessary to deduce impacts on the cost-benefit ratio and its potential effect on selection of 

herbivore resistance genes. That TGG1 was more strongly expressed in late than in early 

flowering accessions – contrary to what the genetic constraints suggest based on expression in 

the RILs – could be an indication that selection might have had played a role to counteract high 

costs in relation to the benefits of herbivore defense. Even if herbivore resistance was increased 

in early flowering lines, it might only be effective against certain types of parasites as not all 

herbivores were equally affected by double mutants of tgg1 and tgg2 (Barth and Jander 2006). 

Glucosinolates are also involved in senescence, with levels decreasing during development 

(Wittstock and Halkier 2002; Grubb and Abel 2006; Brown et al. 2003). ESR has also been 

found to mediate antagonistic cross-talk between defense and senescence via JA and SA 

signaling (Miao and Zentgraf 2007; Clay et al. 2009), which confirms its pleiotropic action with 

flowering time and might be an indication for developmental influences on herbivore resistance. 

However, TGG1 and TGG2 were not shown to be involved in developmental regulation of 

glucosinolate content (Barth and Jander 2006). This implicates the ESR/ ESM1 branch of 

glucosinolate metabolite balance as potential targets for developmental regulation of 

glucosinolate hydrolysis. 

 
Figure 25: FTA and FTC defense genes involved in glucosinolate hydrolysis. 
Involvement of four flowering time-associated (FTA) and correlated (FTC) glucosinolate hydrolysis 
genes: TGG1, TGG2, ESR and ESM1. Their expression differences in Col-0 vs. Bur-0, early vs. late 
flowering RILs and early vs. late flowering natural accessions (acc.) are indicated by arrows. TGG1, 
TGG2 and EMS1 modify the glucosinolate metabolite balance in favor of the insect toxins 
isothiocyanates, ESR in favor of the non-toxic nitriles.  

FLS2 expression was positively associated with flowering time 

For the bacterial flagellin receptor FLS2 involved in PAMP triggered immunity, a positive 

correlation between flagellin22 (flg22) binding capacity and flowering time in A. thaliana 
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accessions had been observed; Bur-0 had a higher flg22 binding capacity of 4036 cpm than Col-0 

with 1391 cpm (Vetter 2010, PhD thesis). FLS2 contains a nucleotide binding and leucine rich 

repeat (NB-LRR) domain, belonging to a class of genes which was found to be highly divergent 

and under balancing selection in A. thaliana, similar to the Major Histocompatibility Complex 

(MHC) in vertebrates. Its association with development, which was confirmed by the data, 

suggested a fitness trade-off between defense and growth (Clark et al. 2007). This would also 

imply that the differences in flagellin binding were mainly due to accessions with different 

developmental rates being in different stages at sampling. However, even though FLS2 was not 

FTC in natural accessions, I found FTA gene expression changes with higher expression in late 

flowering lines at both time points, similar to what Vetter et al. found. This would contradict that 

development was the only main reason for functional differences in flagellin binding capacity; it 

might as well have been a result of increased expression of the receptor in association with 

flowering time regulation. Together with the finding that gene expression differences increased 

from sampling time point 1 to time point 2, this might indicate that the flowering time 

association of FLS2 expression manifests mainly at later developmental stages around the 

transition to flowering. FLS2 downstream responsive genes identified by Zipfel et al. (2004) were 

under-represented among DE genes, suggesting that there is no general association of flagellin 

perception and flowering time.  

Selection might have acted to weaken defense in early rather than strengthen it in late 

flowering genotypes 

Contrary to the hypothesis that optimal levels of defense in different life-history strategies would 

be positively correlated with flowering time, resulting in late flowering plants with a stronger 

immune defense than early flowering plants, I did not find hints for a general trend in that 

direction. Based on the Bur-0 x Col-0 RIL data, there were three negative and four positive 

defense regulators differentially expressed (DE) between Bur-0 and Col-0 and between early and 

late flowering RILs. Positive defense regulators were not more strongly expressed in either early 

or late flowering genotypes, but negative defense regulators were more strongly expressed in 

early flowering genotypes. This might be a hint that in some cases selection could have weakened 

defense in early, rather than strengthened it in late flowering genotypes. This would be consistent 

with the evolutionary history of early and late flowering phenotypes: early flowering is considered 

the derived form in annual plants, while late flowering is closer to the ancestral perennial life-

history strategy (Smith and Donoghue 2008). The herbivore resistance gene TGG1, for example, 

was more strongly expressed in late than in early flowering accessions – contrary to what the 

genetic constraints suggested based on higher expression in early than in late flowering RILs. 

This would support selection having weakened the potential for a strong herbivore defense in 

early flowering lines to balance costs and potential benefits. Among strongly DE defense genes, 

the majority showed higher expression in late flowering genotypes, indicating that at least in 

some defense genes there is the hypothesized positive correlation between flowering time and 

defense. However, the theoretical model predicting the positive relationship was based on simple 



100 

assumptions, taking into account only defense responses that experience trade-offs with other 

resources. Defense genes without standing costs would be beneficial upon infection but remain 

inconsequential for the cost-benefit equation while inactive. They were not considered in the 

model, as they were not expected to be strong targets for selection. 

Missing parasite pressure in the model 

That I did not find a positive correlation between flowering time and defense as hypothesized in 

by theoretical model (page 21), might have been due to subtle effects of base-line defense, as 

considered in the model. This would have impeded the detection of gene expression differences 

in small-effect genes. Stronger differences in defense gene expression might be expected upon 

infection. However, parasitic infection comes with many accompanying organismal changes; it 

would introduce an additional level of complexity and thus address a different question than was 

asked in this study. Because a plant might not be infected very often, if at all, during its life, 

defense genes are expected to be favored by selection if their maintenance costs were lower than 

the benefits they bring in reducing the risk of dying from an infection before reproduction. 

Because parasite pressure can vary dramatically, especially in plants like A. thaliana where the 

prevalence and virulence of pathogens in natural environments is low, the force thought to most 

consistently influence the risk of infection is longevity (i.e. flowering time). This would be 

expected to have led to co-evolution between basal defense and traits related to longevity and in 

consequence with flowering time. Genes selected to be maintained in association with flowering 

time reflect adaptive responses in relation to life-history strategy. Co-evolution with pathogens 

contributes to the evolution of defense systems but is expected to target different sets of defense 

genes independent of other traits. Symptoms of infection with Pseudomonas syringae have also been 

shown to have little influence on plant fitness (Kover and Schaal 2002). Thus, introducing 

infections would identify genes conferring resistance or tolerance upon infection with specific 

pathogens in specific defense reactions but would not allow conclusions on influences of co-

variation and co-selection on major traits influencing plant fitness.  

A more elaborate model could include additional factors influencing the risk of dying from an 

infection, like pathogen-type dependence, plant age, tissue-type, etc. and specific cost-benefit 

calculations for specific types of defense. It could address the question whether 

evolution/natural selection favored one or more evolutionary optima. Especially in scenarios 

where fitness is strongly impaired by specific defense responses, a model could be taking into 

account that fitness would be expected to be increased in plants with a strong defense system in 

years with parasite damage due to high benefits, while plants with weaker defense would be 

expected to have a higher fitness in years with low parasite damage due to low costs (Strauss, 

Irwin, and Lambrix 2004). Lastly, direct fitness assays would be necessary to test the effect of 

defense and flowering time variation on fitness experimentally. 
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Consequences for the adaptive potential of defense and flowering time 

That defense is deeply embeded in development begets the question of how this influences the 

adaptive potential of defense genes and whether defense and flowering time can evolve 

independently. A trait is usually considered adaptive if it shows environment-specific impacts on 

fitness and is thus targeted by natural selection. An allele is adaptive when its genetic variation 

corresponds to phenotypic variation and increases the organism’s fitness (R. D. H. Barrett and 

Hoekstra 2011). When selection favors different alleles or allele combinations in specific 

environments, these will contribute to local adaptation. The adaptive potential of a trait 

comprises the standing genetic variation that can be selected upon and thus can potentially 

contribute to adaptation. The A. thaliana accessions analyzed in this study are expected to 

represent alleles that have contributed to local adaptation (Kronholm et al. 2012). Defense gene 

expression was not generally regulated by flowering time, but highly dependent on development, 

which might suggest that defense evolution is largely independent of co-regulation with 

flowering time per se, but its independent adaptive potential is likely very limited in regard to 

developmental regulation in general. Because flowering gene expression was also tightly linked to 

developmental regulation, this could explain the general co-variation observed between defense 

and flowering time in natural populations independent of pleiotropy. However, in order to draw 

tangible conclusion on adaptive constraints between defense and flowering time, genotypic and 

phenotypic variation would have to be associated with their impact on fitness under natural 

conditions (Trontin et al. 2011). 

SUMMARY 

Life-history-strategy has been implicated to influence defense but the evolutionary and genetic 

constraints on adaptation of defense and flowering genes were not understood. With this study, I 

provide novel insight into understanding the link between flowering time and defense, and the 

impact of developmental influences on defense gene expression (Figure 20). Defense genes were 

enriched among genes correlated with flowering time, but not among genes associated with 

flowering time, which hints at a history of co-evolution between flowering time and defense, 

rather than being linked through common regulation or pleiotropy. Defense gene expression was 

not generally regulated by flowering time and flowering and defense gene expression was 

strongly dependent on development. Because developmental variability affects evolutionary 

dynamics, co-evolution with flowering time and development is likely to influence the adaptive 

potential of defense genes. Of the defense genes correlated with flowering time in natural 

accessions, there was no universal trend towards a positive correlation, as predicted by the 

theoretical model. This suggests that increased defense was not generally co-selected with late 

flowering and that defense genes might have undergone balancing selection with defense 

conferring antagonistic costs and benefits at different developmental stages. Defense genes 

linked with flowering time were development dependent and involved in basal defense 
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responses, indicating that basal defense was subject to co-selection with development. 

Brassinosteroid signaling genes in particular showed co-varied with flowering regulators via 

pleiotropy, suggesting possible cross-talks between defense and plant growth regulation. 

OUTLOOK 

Additional time points would assess developmental influences on defense gene 

expression more comprehensively 

Gene expression for correlation analysis in natural accessions was measured in 7 day old plants, 

which might have been too early for detecting differences in many genes. However, it minimized 

developmental influences on gene expression, which was crucial for a first assessment of the link 

with flowering time. From the time points measured in the Bur-0 x Col-0 RIL data, it was shown 

that most FTA genes were expressed dependent of development. For further analysis of the 

effect of developmental stage on FTA gene expression changes, time series experiments 

spanning a broader range of developmental stages will be needed. The effect of developmental 

variability on plant fitness in regard to different flowering time phenotypes and environments 

would extend results from this study to evolutionary relevance in affecting fitness under natural 

conditions. 

Analysis of alleles could identify links between defense and flowering time where 

biological variation is not reflected in gene expression 

Because gene expression does not always reflect underlying biological variation and not all 

genetic differences manifest at the expression level, SNP data could identify genes and pathways 

where defense and flowering time are linked due to allelic variation, similar to what has been 

done by Atwell et al. (2010). Accession wide association mapping could be used to identify SNPs 

in defense genes that correlate with flowering time variation. SNP analysis would however miss 

cases where the same genotype can give rise to different phenotypes via epigenetics or cis-/ 

trans-regulatory mechanisms. 

Experimental selection experiments could confirm co-evolutionary constraints on 

defense genes imposed by flowering time variation, and vice versa 

Because even closely related accessions can have substantial genetic differences, functional 

constraints will exists in nature and many genes will be influenced by interactions with the 

environment (Clark et al. 2007). In order to test the influence of flowering time variation on the 

selection of defense genes, experimental support would be needed to fully appreciate the 

functional relevance of selection constraints imposed by flowering time and defense variation on 

plant fitness. Experimental evolution could show whether selection of different flowering 

genotypes affects defense, and vice versa, under natural conditions. It has been proposed in the 

optimal defense theory that tissues most closely linked to reproduction will most strongly affect 
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fitness and should thus be constitutively defended (Strauss, Irwin, and Lambrix 2004). Thus, 

analyzing defense regulation in different tissues and relating it to fitness consequences could give 

additional insights into the adaptive potential of defense genes in correlation with flowering time 

and life-history strategy. 

Annual vs. biannual and perennial life-history strategies 

Because A. thaliana is an annual, facultative long day plant, other sets of flowering genes are 

expected to be targeted by selection in plants with different life-history strategies and flowering 

regulation pathways. Gibberellic acid, for example, is not involved in flowering induction in short 

day plants, like rice and tobacco, while photoperiodism is mainly active in darkness (Mouradov, 

Cremer, and Coupland 2002). An interesting step further would be to extend the model of 

flowering time variation and defense to plants with biannual and perennial life-history strategies. 

While the underlying principles would be the same as in annual plants (i.e. that prolonged growth 

increases fitness), the cost-benefit ratios will probably change as benefits of defense systems are 

likely increased, depending on how much each reproductive cycle improves fitness. 

Crops 

Understanding the link between adaptive regulation of flowering time and defense in the model 

plant A. thaliana is a first step towards understanding the same mechanisms in other plant 

species. Especially in light of an ever growing human population that will have to rely on crop 

plants for producing enough food to survive, knowing how variation in flowering time 

influences defense mechanisms in plants could help answer the questions of how to control 

pests without compromising yield and with minimal impact on the environment. In crops, 

decoupling traits of antagonistic interest and selecting on relevant traits to maximize yield is 

sometimes difficult. In order to harvest at a fixed time point, crops are often bred for consistent 

and early flowering while disease resistance is of central importance in plant breeding as well 

(Campbell, Fitzgerald, and Ronald 2002; Huang et al. 2009; Toyoda et al. 2002; Lloyd et al. 2014; 

Huang et al. 2008). Selecting for early flowering plants can compromise yield when these plants 

are more susceptible to diseases. Flowering time control has been analyzed in a number of crop 

species, suggesting convergent evolution. In contrast to flowering variation in A. thaliana, which 

is controlled by four major effect loci, flowering variation in crops has been found to be 

controlled by many small effect alleles. Homologues to flowering regulators correlated with 

flowering time (FT and FLC) are found in other plants, like sugar beet and barley (Falke et al. 

2013; Salomé et al. 2011). Especially the vernalization requirement by FLC homologues has been 

described in many other members of the Brassicaceae family, as well as in more distantly related 

crop plants (Andrés and Coupland 2012). Elucidating the molecular basis of natural variation in 

flowering time in crops is essential for effective breeding strategies (Falke et al. 2013). Knowing 

the evolutionary and genetic constraints behind the correlation between flowering time and 

defense could help find ways to circumvent these problems and improve sustainable breeding 

strategies.  
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New biotechnological tools, like CRISPR/Cas9 will enable to more easily disentangle 

previously inseparable traits 

The recent development of new biotechnological tools for precise editing of specific gene 

sequences, like the clustered regularly interspaced short palindromic repeat-associated protein 9 

(CRISPR/Cas9) system, is rapidly going to change plant genetics and crop breeding. CRISPR is a 

complex of two small RNAs that directs the nuclease Cas9 to specific complementary DNA 

sequences where the DNA target sequence is then cleaved and exchanged. CRISPR/Cas9 has 

been successfully used for genome engineering in a number of different organisms, like humans, 

mice, zebrafish, Drosophila, bacteria, yeast, and plants. Within plants it has been applied in both 

dicot and monocot species (Lozano-Juste and Cutler 2014; Xie and Yang 2013; Wang et al. 2014; 

Jiang et al. 2013). Especially in cases where traits are linked but the specific modes of interaction 

are not understood, targeted gene manipulation will enable to more easily disentangle previously 

inseparable traits. In the case of flowering and defense, specific disease pathways will be easily 

changed independent of constraints imposed by the life-history background of the plant, 

omitting the otherwise lengthy and laborious breeding processes. CRISPR/Cas9 was just recently 

used to create a mildew resistant strain of bread wheat by deleting all three copies of MILDEW 

RESISTANCE LOCUS (MLO) genes that represses defense against powdery mildew (Wang et 

al. 2014). Potential drawbacks of this method come from off-target mutagenesis, especially in 

plants, and it remains to be determined whether organisms created this way will be considered as 

genetically modified (GMOs). 

Climate change 

Understanding the basis and modes of adaptation to natural environments in model species is 

essential for predicting future responses of species upon changing conditions (Hancock et al. 

2011). In the last decades, the variation in weather has gotten stronger and winter has gotten on 

average 2°C warmer since 1960. Changes in climate in the past 50 years have shown to affect 

phenology: flowering time is shifted in regard to the growing season and plants with 

vernalization requirement flowered on average one month later than before (Parmesan and Yohe 

2003; Menzel et al. 2006; Allen et al. 2014). Because the climate change is likely to become more 

drastic in the next years, it will be a major source for changing environments and changing 

selection pressures, affecting especially non-mobile species like plants (Chevin, Lande, and Mace 

2010). Knowing what impact environmental change will have on the selection of flowering time, 

and what the consequences will be on co-variation with other traits, like defense, could help 

predict scenarios of the future development in model, wild and crop plants. 
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