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Abstract

Flowering plants respond to multiple environmental and endogenous cues

to correctly time the crucial transition from the vegetative to floral state. Most

of our knowledge of the gene regulatory network (GRN) controlling flowering

time has been derived from the model plant, Arabidopsis thaliana. This knowl-

edge needs to be translated to crop plants to support the development of vari-

eties that can be grown in different and rapidly changing climatic conditions.

With the dual challenges of more complex genomes and limited prior knowl-

edge in crops, however, this translation is not always straightforward. In this

thesis, I present a study of the GRN controlling flowering time in Brassica na-

pus (Oilseed rape), an allotetraploid crop that is a close relative of Arabidopsis.

Using a comparative transcriptomics approach, I show that the majority of the

orthologous gene pairs have similar expression dynamics over plant develop-

ment between Arabidopsis and Brassica napus. However, flowering time genes

exhibit a significantly higher rate of divergence in expression patterns from their

Arabidopsis orthologues. Despite these divergences, the inferred GRN consist-

ing of these genes exhibits a similar network topology to the network known in

Arabidopsis. This is likely due to preferential retention of these genes in higher

paralogue numbers, which allows subtle changes in the regulation of individ-

ual paralogues, while still conserving the overall regulatory structure through

evolutionary time. I discover and present a detailed analysis of one such ex-

ample where the orthologues of gene, SOC1, have similar expression patterns

under normal conditions, but have diverged expression patterns under cold tem-

perature conditions, suggesting divergence in regulation among paralogues in

response to the temperature change. Altogether, this thesis expands our under-

standing of the environmental and genetic control of flowering time in Brassica

napus and provides a study of regulatory divergences among paralogous genes

in a polyploid system.
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Chapter 1

The control of flowering time

Abstract

How do plants know when to flower has been a question under investigation

for centuries. While earlier investigations postulated the role of both environ-

mental and endogenous cues, the current molecular biology era is concerned

with finding the genetic targets of these factors, and elucidating the complex

regulatory network controlling the timing of this transition. In this chapter, I

present a brief overview from early forays to the cutting edge of our knowledge

in the control of flowering time. Most of our knowledge of genetic regulation

of flowering time is in the model plant Arabidopsis thaliana with some efforts to

translate this knowledge to agronomically important crop plants. Brassica napus,

the focus of this thesis, is a closely related crop to the model plant and a prime

candidate for similar translational research. The chapter swivels from historical

narrative to factual summaries of research, with the aim of giving the reader a

comprehensive background and overview to understand the results presented in

following chapters in the wider context.
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1.1 It’s all in the timing

On 7 April 1874, Charles Darwin wrote a letter to J.D. Hooker, forwarding some

moth larvae in the post, encouraging him to try using them to fertilise the Yucca

plants — as “the most wonderful case of fertilisation ever published” — or to

throw them away, as he had no plants himself [1].

Charles Valentine Riley, whose work Darwin was alluding to in his letter, in

1873, published one of the first descriptions of the process of pollination in the

Yucca plants, which occurs during oviposition of the Yucca moth (now, Tegitic-

ula yuccasella) [2]. This mechanism is now studied as the archetypical example

in co-evolution, where Yucca plants have synchronised the timing of their flow-

ering, with the emergence of their active pollinators. The Yucca moths posses

tentacle like mouth parts that collect pollen and deposit it on another flower,

ensuring the provision of seeds for their offspring [3].

We now know that plants do not flower randomly. They have evolved to en-

sure the success of their reproductive endeavours, and hence ensure that they

flower during favourable conditions, often determined by multiple environmen-

tal factors. Even in the case of the Yucca-Yucca moth interaction, from the point

of view of a Yucca plant, environmental cues such as temperature, precipitation

and photoperiod aid in determination of its timing to flower. In fact, a change

in these factors can sometimes ‘trick’ the Yucca plants into flowering even when

their active pollinators are not around [4].

The transition to flowering, or the floral transition, is one of the multiple

developmental transitions that plants undergo in their life cycle. For seed pro-

ducing spermatophytes, life begins as a seed in embryonic stage. Germination

is the first transition that marks the shift to postembryonic stage of growth. The

resultant seedling, in the case of angiosperms, undergoes a juvenile vegetative

phase before adult vegetative phase, where it transitions to flowering, marking

the start of reproductive phase. Plants respond to cues influencing the transition

to flowering within the adult vegetative phase, and the transition from this to

reproductive phase is termed floral transition [5].

Ambient temperature, photoperiod, the circadian clock and in some plant

species, exposure to long term winter cold, are environmental signals that influ-

ence the timing of floral transition. Endogenous cues, such as the age of the plant

and certain growth hormones, such as gibberellins and sugars also have an ef-
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fect. A lot of scientific investigations for the past few decades have been focussed

on understanding the sensing and integration of these signals, and interplay of

genetic interactions that regulate the timing of the switch to flowering [5] [6].

1.1.1 Flowering time research: initial forays

In Arlington, Virginia, two scientists working for the USDA, Wightman Garner

and Harry Allard, were investigating the timing of blossoming in multiple crops.

Among them was ‘Maryland Mammoth’, a tobacco variety that would only switch

to flowering after producing about 100 leaves, as opposed to other tobacco

plants that transitioned to flowering after only about 20 leaves. This made prop-

agation of this variety difficult, as plants would often die of frost damage before

setting any seed. Their reported investigations, published in 1920, are now ac-

credited as the first experiments that determined the role of daylength as a factor

in controlling the timing of floral transition. [7]

There already had been postulations about the role of environmental factors,

particularly daylength in determining the transition to flowering in plants. For

instance, Georg Klebs, in 1913 published “The development of flowering plants”

(“Der Entwicklungsgang der Blütenpflanzen” [8]), in which he emphasised the

role of daylight duration as a “catalytic factor”,

“In der freien Natur wird sehr wahrscheinlich die Blütezeit dadurch bestimmt,

daß von der Tag- und Nachtgleiche (21. März) ab die Länge des Tages zunimmt,

die von einer gewissen Dauer ab die Anlagen der Blüte veranlaßt. Das Licht wirkt

wohl nicht als ernährender Faktor, sondern mehr katalytisch”

“In nature, the flowering period is most likely determined by the fact that from

the equinox (March 21) onwards, the length of the day increases, which, after a

certain period, triggers the development of flowering. The light probably acts not

as a nourishing factor, but rather as a catalytic factor”

Garner and Allard were the first to perform controlled experiments that

clearly demonstrated the role of light duration on flowering time. They sowed

the tobacco plant seeds in two sets, but exposed one set to short day condi-

tions by transferring them to a dark shed in the afternoon. Their reported data

showed that by giving plants a short-day treatment of only 5 hours of daylight,

the time to flowering was reduced to just around 60 days, from about 155 days

in control. They coined the term photoperiod, now recognised as an important

pathway that controls the timing of flowering transition [9].
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Several research studies followed this discovery with aims to understand

how photoperiod was perceived by plants [10] and in which tissue it was per-

ceived [11]. The famous ‘florigen’ hypothesis, first posited by the soviet physiolo-

gist, M. Chailakyan [12] [13], stated that the sensing of daylength occured in the

leaves, and then the stimulus traveled towards the shoot apex to initiate flower

formation. Experiments where leaves of photoperiodically induced donors were

grafted onto non-induced receptors to promote flowering were explained by this

hypothesis [14], and it still holds merit into the present molecular biology era,

so it will come back in further detail in the following sections. For now, we turn

our attention to research towards the next important factor influencing the floral

transition, temperature.

Temperature, as it turns out, has two ways to influence floral transition.

The research linking ambient temperature, the first of the two ways, to plant

phenology dates back to early 18th century. In 1735, René A. F. de Réaumur,

a French entomologist, argued that plants require a certain amount of heat

to reach a given stage of maturity. His thermometric constant, measured in

Réaumur scale was termed Réaumur’s thermal constant of phenology [15] [16].
While Réaumur’s temperature scale is now obsolete, except among a few cheese-

makers [17], his ideas formed the basis of further research correlating reaching

vegetative maturity (and subsequently flowering) to mean temperatures [18],
including the introduction of “Growing Degree Days”, as a unit to measure the

amount of heat needed for a plant to reach a certain growth stage [19].

The second temperature aligned factor concerns the effect of prolonged ex-

posure to low temperature conditions. Gustav Gaßner, a German botanist, in

1918, published his seminal text on the effects of low temperature on crops,

highlighting differences in cold requirements among plants [20]. He classified

numerous species either as “biennials” or “winter-annuals”, that require long

term exposure to cold-treatment or as “spring plants” or “summer annuals” that

do not need chilling treatment prior to flowering.

Trofim Lysenko, a (now infamous) Soviet agronomist, studied these cold re-

quirements in cereals and showed that even seeds, without requiring excessive

germination, were responsive to this cold treatment under slightly imbibed con-

ditions. This had significant effects on agriculture in the USSR as this allowed

the use of sowing machines as excessive germination prior to transplantation

was not needed. He termed it ‘Jarovisation’, from the word ‘Jarovoe’ for cereals
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in Russian. This word was translated to English, French and German as ‘Ver-

nalisation’, from the Latin word vernum, meaning ‘related to spring’ [21]. Ver-

nalisation does not necessarily cause plants to commence flowering, but rather

primes the plant to do so. Flowering often occurs well after vernalisation, how-

ever, plants maintain a ‘memory’ of winter as the effects of vernalisation are

mitotically stable.

The studies of possible inheritance of this acquired trait were encouraged

by Lysenko, as the director of the Institute of Genetics of the Academy of Sci-

ences of the USSR. His ‘Lysenkoist doctrine’ was poliferated for political purposes

and scientists studying genetic inheritance were tragically imprisoned and pros-

ecuted [22], including the well-known geneticist Nikolai Vavilov [23].

The current accepted definition of vernalisation was provided by Chouard in

1960, as ‘the acquisition or acceleration of the ability to flower by a chilling treat-

ment’ [21]. Grafting experiments further confirmed that this acquisition occurs

at the shoot tip, and it remains among the most important areas of flowering

time research in present times [24].

While the research on environmental factors driving the timing of flowering

transition was being carried out, investigations into endogenous cues were also

underway. Eiichi Kurosawa, a Japanese botanist in 1926, noticed that an infec-

tion by the fungus Gibberella fujikuroi caused rice seedlings to grow taller. They

would grow tall enough to not be able to withstand their own weight, without

ever transitioning to flowering. However, unlike environmental factors, the in-

vestigations into endogenous cues have proven to be more challenging — often

leading to conflicting results. Gibberellic acid, the causative chemical from Kuro-

sawa’s study was isolated in 1938. While it delayed flowering in rice seedlings,

a study in 1952 by Anton Lang reported acceleration instead in Samolus parvi-

florus and Crepis tectorum [25] [26]. While Gibberellic acid managed to earn the

moniker of ‘flowering hormone’, studies distingushed it from the hypothesised

‘florigen’, and few even ascribed its effects as secondary to environmental ef-

fects [25]. Carbohydrates, were also shown to increase in concentration within

the shoot apex, just prior to the transition to flowering [27]. These endogenous

cues likely ensure that the plant flowers when it is at right age, with correct

hormone and nutrient levels to support flower formation.

In conclusion, research into flowering time has had a long and eventful his-

tory. Centuries of research has shaped our understanding of how plants time this
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transition. All of this was before the dawn of modern molecular biology tech-

niques, following which, the pace has only increased. We now have knowledge

of a number of genes constituting these pathways. The following section moves

away from history and reviews the current knowledge of floral transition in the

model plant, Arabidopsis thaliana.

1.1.2 Flowering time control in Arabidopsis thaliana

Thale cress or Arabidopsis thaliana, owing to its small genome size, short life

cycle and ease of cultivation and crossing, is the model in plant research. It is

an annual flowering plant with long-days promoting floral transition [28]. In

the present era of molecular biology, we have now identified genes that likely

constitute photoperiod, vernalisation, autonomous, hormonal, ageing and ambi-

ent temperature pathways that control the timing of the shoot apical meristem’s

transition to flowering [29].

Research using Arabidopsis mutants first unveiled links to genetic loci that

affected flowering time of plants [30] [31]. Among the first mutants identi-

fied was the constans (co) mutant. The gene CONSTANS (CO) is now known

to be the central gene within the photoperiod pathway. CO encodes a putative

zinc finger transcription factor that, research suggests, acts as a bridge between

the circadian clock and the control of flowering time [32]. CO is controlled by

the circadian clock of the plant, and is affected by the expression of circadian

genes such as a putative membrane protein encoding gene, GIGANTEA (GI) and

CYCLING DOF FACTOR 1 (CDF1) which encodes for a zinc finger domain con-

taining protein [33]. The regulation of CO has been studied extensively and

there are multiple upstream regulators and downstream targets of this gene —

however, one main target that is of particular interest is a gene that encodes for

a phosphatidylethanolamine-binding protein, FLOWERING LOCUS T (FT).

The ‘florigen’ hypothesis, as introduced in the previous section, hypothesised

the existence of a signal from leaf to apex that induces flowering in plants. As

CO emerged as a key gene within the photoperiod pathway, it was questioned

if CO could be the long distance signal that induces flowering [34]. However,

research suggests that it regulates a protein, FT, through direct binding, that

then acts as the florigen signal [35]. FT has been shown to be expressed within

the companion cells and its protein then moves to the shoot apical meristem

through the phloem [36]. As FT reaches the shoot apical meristem, it forms
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a complex with a bZIP transcription factor encoded by FLOWERING LOCUS D

(FD), that then activates a meristem identity gene, APETALA 1 (AP1) to induce

flowering [36]. However, the formation of the FT-FD complex has yet to be

demonstrated with the shoot apical meristem [29].

Besides the photoperiod, temperature also regulates the expression of the

florigen, FT. SHORT VEGETATIVE PHASE (SVP) encodes the key MADS box reg-

ulator constituting the ambient temperature pathway. SVP binds to ‘the CArG

box’, a sequence motif within the FT promoter and represses its activity [37].
SVP acts along with the protein encoded by FLOWERING LOCUS C (FLC), as a

complex for a lot of its target genes while regulating flowering transition [38].
FLC is the central gene within the other temperature related pathway — vernal-

isation.

As introduced in the previous section, vernalisation refers to the process by

which flowering is induced by a long period of exposure to cold temperature. In

Arabidopsis, FRIGIDA (FRI), a gene that encodes a likely nuclear protein, plays

a role in determination of vernalisation requirement in plants [39]. FRI con-

fers vernalisation requirement through promotion of accumulation of the FLC

mRNA [40]. FLC encodes a MADS box protein that directly blocks the transcrip-

tion of FT and another MADS box floral integrator, SUPRESSOR OF CONSTANS

1 (SOC1) [41]. This hinders the photoperiodic activation of these genes, and

hence does not allow the plant to start flowering. Long term exposure to cold

epigenetically silences FLC. This silencing mechanism, as well as maintenance

of the silenced state of FLC as ‘memory of winter’ is a complex process.

The mutants vrn1 and vrn2 show completely normal silencing of FLC, how-

ever, the silencing isn’t maintained after return to warm conditions [42] [43].
Later, it was discovered that FLC repression is disrupted in vin3 mutants [44]. So,

at a very simple level, VERNALISATION 3 (VIN3), a gene that encodes a zinc fin-

ger protein, is required for initial silencing of FLC, and its state is maintained by

VERNALISATION 1 (VRN1) encoded DNA binding protein and another nuclear-

localized zinc finger protein encoded by VERNALISATION 2 (VRN2) in the di-

viding plant cells post vernalisation [45]. Furthermore, research also points to

the role of antisense transcription in silencing, and role of autonomous pathway

genes in maintainence of the silenced state [29].

Similar to the environmental factors, research has been done to determine

the genomic loci involved in the hormonal pathway as well. External application
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of gibberellic acid (GA) was shown to restore a plant’s ability to flower in ga1–3

loss of function mutants [46]. GIBBERELLIC INSENSITIVE DWARF 1 (GID) is the

key gene in this pathway that interacts with a family of proteins called DELLA

proteins, to regulate GA signal transduction. SOC1 is also regulated by the GA

pathway [47]. Besides GA, sugars are also known to influence flowering time,

but their genetic mechanisms are not well understood yet [29]. Carbohydrate

metabolism could be linked to the ageing pathway, as it also affects a novel

pathway based on miRNA156, which decreases as the plant ages, independent

of photoperiod, vernalisation and GA [48]. These cues act as ‘failsafes’ and allow

the plant to transition to flowering even when environmental cues are not ideal.

The section above, with a high level review of the pathways that constitute

flowering time control, shows that the regulatory network controlling flowering

is complex and contains multiple genes that often act redundantly. Figure 1.1

provides a graphical overview of the network described. All this knowledge has

validated the initial ideas that researchers had in the pre-molecular biology era.

Interestingly though, there is now evidence that these different pathways do not

act strictly independently — there is an extensive overlap in their function and

genes that constitute those pathways. In fact, these pathways act on a few key

genes that are termed ‘integrator genes’. These are central regulators that switch

on the meristem identity genes to produce flowering [49].

FT, the already introduced ‘florigen’ is one such integrator gene. Photoperiod

pathway, via CO is not the only pathway regulating this gene, as it is also a target

of FLC. Besides these genes, ambient temperature and hormonal pathways also

modulate FT expression [51].

SOC1, initially discovered as a supressor of CO overexpression, is also a tar-

get of FLC and SVP within the shoot apical meristem. It is also affected by

GA signalling pathway and its mRNA levels increase alongside miR156 and

SQUAMOSA PROMOTER BINDING PROTEIN-LIKE (SPL) genes that encode for

SBP-box containing transcription factors [48]. SOC1 functions as a promoter of

flowering within the shoot apex. It acts together with another MADS box floral

integrator gene, AGAMOUS-LIKE 24 (AGL24). Regulated independently of FLC,

AGL24 is upregulated during vernalisation [52]. SOC1 and AGL24 also regulate

each other, forming a heterodimer, to regulate the activity of another integrator

gene, LEAFY (LFY) [53].

The transcription factor encoded by LFY, in addition to its role in regulating
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Figure 1.1: Overview of Gene regulatory network controlling flowering time
with key genes in Arabidopsis thaliana
Dotted lines indicate putative mechanisms. Interactions between floral integrators are
shown in orange. Simplified from the originals by Bouché et al. [50] and Srikanth and
Schmid [29].
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floral transition, also has a role in flower development. In fact, the first recogni-

tion of LFY in relation to flowering was for its function in flower development,

with lfy mutants showing leaf-like structures replacing flowers [54]. LFY is a pos-

itive regulator of flowering, and a regulator as well as a target of SOC1 [55]. In

addition to SOC1, it is also regulated by GA and miRNA-156 regulated SPLs [56].
Like LFY, AGL24 is also involved in flower development in addition to its role as

an integrator gene in floral transition regulation [57]. AP1, mentioned earlier

as a downstream target of FT, is a MADS box meristem identity gene that also

regulates SOC1 expression and functions alongside floral integrator genes.

In conclusion, early 21st century has seen rapid advancements in identifica-

tion of genes associated with factors that were shown to be regulating flowering

in the centuries prior. Research has shown that it is a network of genes, over

300 in number [58], working in different pathways, with a degree of crosstalk

that controls the switch to flowering. While there clearly is more research to be

done, the current knowledge in Arabidopsis serves as a starting point to study

the regulation in crop species, which is the focus of the section that follows.

1.1.3 Flowering time control in crop plants

Garner and Allard’s investigations into the effect of photoperiod on flowering

stemmed from practical agronomic questions. Just as plants in wild context

need to time their floral transition for their reproductive success, synchronised

flowering at the correct time is important for agronomic output. Domestication

of plants and subsequently, the rise of modern agriculture has witnessed the

expansion of growth areas of a lot of crop plants far away from their centres of

origin.

This expansion, particularly in latitudinal range, has likely led to artificial

selection of traits that have likely led to modifications and divergences in the

flowering physiology of crops from their wild ancestors. These selections by

humans would likely have taken place based on multiple factors, such as ability

to grow in high density monoculture, shoot architecture, shorter growth periods

to fit into rotations, delayed bolting to increase certain organ sizes and of course,

maximum yield [59]. With an increase in understanding of flowering regulation

at a molecular level within Arabidopsis, reseachers have turned their attention to

achieve similar understanding in other crops as well [60]. A lot of this research

involves identification of orthologues of Arabidopsis flowering time genes within
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the crop plant of interest, often complicated by more complex genomes present

in non-model species.

Research into vernalisation within Wheat (Triticum aestivum), the world’s

highest acreage crop, has aimed to understand the winter and spring growth

habits of its cultivars [61]. Studies have identified genes regulating flower-

ing that share homology with Arabidopsis flowering genes. For instance, a

core component of vernalisation pathway in wheat, the gene VERNALISATION

1 (VRN1), encodes a protein homologous to Arabidopsis AP1 [62]. VERNALISA-

TION 2 (VRN2), a gene homologous to Arabidopsis COL (CO-LIKE), is downreg-

ulated via vernalisation and acts as a floral repressor, comparable to the role

played by FLC in Arabidopsis [63]. VERNALISATION 3 (VRN3), the third com-

ponent of this pathway, is similar to the florigen FT [64]. Loss of VRN2 leads

to an increase in VRN1 and VRN2 levels, leading the cultivar to exhibit spring

annual behaviour [65]. The VRN1, VRN2 and VRN3 pathway is also conserved

in another cereal crop, Barley (Hordeum vulgare) [64].

Soybean (Glycine max) has spread from its origin in the Huang-Huai Val-

ley in Central China, a temperate region to both higher and lower latitude re-

gions [66]. Research has shown that adaptation of cultivars has led to circadian

clock genes involved in controlling flowering time being the main targets of do-

mestication. Mutations in flowering suppressor genes within the photoperiod

pathway are responsible for adaptation to higher latitudes. E1, a legume spe-

cific transcription factor as part of the photoperiod pathway [67], E2, an ortho-

logue of Arabidopsis GI [68], E3, an orthologue of Arabidopsis PHYTOCHROME

A (PHYA) [69] and lastly, two orthologues of Arabidopsis LATE ELONGATED

HYPOCOTYL 1 (LHY1) [70] [71], central component of circadian clock, have

been identified as components of the five flowering suppressors facilitating the

adaptation in flowering time. For lower latitudes, loss of an orthologue of Ara-

bidopsis EARLY FLOWERING 3 (ELF3) leads to an extended vegetative phase and

higher yields at lower latitudes [72].

Wild rice originated in low latitudes and hence exhibits characteristics of

short-day flowering plants [73]. Maize (Zea mays) has similar origins in low

lands of Mexico [74]. Within cultivated rice, genes homologous to Arabidop-

sis CO and COL have facilitated cultivation of rice at higher latitudes [75]. In

both rice and maize, orthologues of the florigen, FT have been selected for local

adaptations [76] [77] [78].
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Despite the conserved role of circadian clock genes, photoperiod pathways

in multiple crops, some of which have been highlighted above, the FLC clade

MADS-box genes have not been reported as major flowering genes in crops out-

side the Brassicaceae family [60]. The following section introduces this family

of crops plants and the plant at the centre of this work, Brassica napus.

1.2 The tale of Brassica napus

Gaius Plinius Secundus or Pliny the Elder in his ‘Natural history’ (Latin: Naturalis

historia, AD 77–79), the single largest work to survive from the roman period

into present day, talks about the wonderful praise showered on ‘Brassica’ by Cato

the Elder (in De agri cultura, 160 BC).

“. . . sed Cato brassicae miras canit laudes, quas in medendi loco reddemus. gen-

era eius facit: extentis foliis, caule magno, alteram crispo folio, quam apiacam

vocant, tertiam minutis caulibus, lenem, teneram minimeque probat” (Book 19,

Chap. 41)

The 1855 translation of this seminal work [79] into English takes away some

epigrammatic beauty,

“. . . but Cato, on the other hand, sings the wondrous praises of the cabbage, the

medicinal properties of which we shall duly enlarge upon when we come to treat

of that subject. Cato distinguishes three varieties of the cabbage; the first, a plant

with leaves wide open, and a large stalk; a second, with crisped leaves, to which

he gives the name of ‘apiaca’; and a third, with a thin stalk, and a smooth, tender

leaf, which with him ranks the lowest of all”

This early description of ‘brassicae’, later, formally described by Carl Linnaeus

as genus Brassica [80], notably mentions how different varieties of ‘brassicae’

(translated to ‘cabbage’) had different morphologies. The Brassicaceae family is

noted for its extensive genetic and phenotypic diversity, often within the culti-

vars of same species [81]. The artificial selection of different parts has created

diverse morphologies. For instance, from Brassica oleracea, selection for leaves

has produced the modern day Kale, for inflorescences has led to Cauliflower and

Broccoli and Kohl-rabi is a result of breeding for stems [82].

Woo Jang-chun (or Nagahara U in Japanese) first described the genetic rela-

tionship between the six cultivated species of Brassicas [83]. His conclusions are

summarised in the now famous ‘Triangle of U’, shown in Figure 1.3. The diploid



The tale of Brassica napus 13

Figure 1.2: The diverse cultivated forms of Brassica napus
Brassica napus has diversity in its cultivated forms. (a) Brassica napus subsp. napus or
Oilseed rape is the most commonly cultivated form. (b) Brassica napus subsp. napobras-
sica or Swede is a root vegetable. (c) Brassica napus subsp. pabularia or Siberian Kale is
a leafy vegetable.

species within the genus are Brassica rapa, Brassica nigra and Brassica oleracea,

representing the A, B and C genomes respectively. Their hybridisation has led to

the formation of three allotetraploids, Brassica carinata (BBCC), Brassica juncea

(AABB) and Brassica napus (AACC).

Out of these, Brassica napus ranks the high among the most economially

important crops in the world [84]. It is grown for its oil which is used for

cooking and industrial applications that dramatically increased with the ad-

vent of industrial era [85]. Brassica napus originated about 7500 years ago

due to hybridisation of Brassica oleracea and Brassica rapa [86]. The origin

of Brassica napus is an active area of research and no truly wild populations

of Brassica napus are known. Interestingly, Brassica napus has diverse types of

cultivated forms, shown in Figure 1.2, ranging from oilseed (subsp. napus) to

swedes (subsp. napobrassica) and leafy (subsp. pabularia) types. Hence, it has

been posited that the hybridisation events leading to the formation of the al-

lotetraploid occurred multiple times. The most common-type, Brassica napus

subsp. napus, (simply referred to as Brassica napus throughout this thesis), also

has further diversity in cultivar growth habits, with winter-type, semi-winter and

spring-type cultivars, originating at different points due to hybridisation events

followed by selection [87]. The duplicated nature of the genome has lead to
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Figure 1.3: The ‘Triangle of U’ showing relationships among six species of
the genus Brassica
Chromosomes from each of the genomes are represented in different colours. The
diploid species represent the three vertices of the triangle, while the tetraploid species
form the edges.

a remarkable degree of diversity in cultivated forms of Brassica napus. In fact,

species of this family are closely related and have intertwined origins, with close

links to the model plant, Arabidopsis thaliana.

The Arabidopsis-Brassica lineage split between 14.5 to 20.4 million years

ago [88]. Genomes of diploid Brassicas underwent a triplication event follow-

ing this split [89]. This would mean that the hybridised tetraploid Brassica napus

should theoretically have six paralogues for each Arabidopsis orthologue, how-

ever on average, there exists only a four-fold difference in the number of genes

between the two species on the whole genome level [86]. This indicates gene

loss over evolutionary time. The Flowering time genes on the contrary however,

have been shown to be preferentially retained [90], with orthologues of genes

like FLC for example, present in 9 copies in Brassica napus [91].

The close evolutionary relationship to the model, together with a compli-

cated polyploid genome structure as result of duplication, deletion and reten-

tion of genes makes Brassica napus an interesting model to study the effects of

polyploidy on floral transition. Furthermore, flowering is a key phase for deter-

mination of yield in Brassica napus, hence, breeding efforts have aimed to time

this crucial transition to maximise growth time while reducing exposure to ad-

verse climate conditions [92]. Environmental conditions such as droughts [93]
and winter warming [94] have been shown to negatively impact yeilds in this

crop. With most Brassica napus growing areas set to face droughts during its
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flowering time as a result of climate change [95], it is more important than ever

to understand how flowering is regulated within this crop to aid in development

of new varieties to sustain production.

The following section provides an overview of our current knowledge of flow-

ering time regulation in this crop.

1.2.1 Flowering control in Brassia napus

Beginning with the photoperiod pathway, just like Arabidopsis, Brassica napus is

generally a long day flowering plant, though some accessions have been shown

to flower at shorter daylengths, with a significant delay [96]. Orthologues of

Arabidopsis CO in Brassica napus were among the first genes to be identified

as regulators of flowering time in this crop [97]. With the advent of genomic

resources, we now know there are six orthologues of CO and four orthologues

of CO-LIKE genes [98]. While expression studies do not point to any substantial

differences between these paralogues [99], our knowledge is still very limited.

Recent research into SVP, the key gene of the ambient temperature path-

way, has identified four orthologues in Brassica napus, and demonstrated that

mutants for these copies show accelerated flowering [100]. However, there are

no reports on differences in regulation of these different copies. This pathway

remains to be dissected within Brassica napus.

The vernalisation pathway on the other hand as been extensively studied,

as the orthologues of the main vernalisation regulator FLC have been a focus

of a lot of studies [92] [101]. Brassica napus has 9 orthologues of FLC in its

genome [102], alongside another incomplete paralogue [103]. The FLC ortho-

logues show differences in their expression and different copies have different

effects on vernalisation, with the FLC orthologue on chromosome A10 as hav-

ing the strongest effect [104]. Some FLC orthologues are not downregulated

by cold, indicating likely regulatory divergences [103]. A study showed that

the total gene expression of all paralogues correlates with vernalisation require-

ments of different types of cultivars of Brassica napus, indicating relaxation of

selection pressure on individual orthologues, allowing for divergence in regu-

lation [91]. Studies have also investigated the four identified orthologues of

VIN3, all of which are upregulated during cold and downregulated on return to

warmer conditions [103].

Our understanding of endogenous cues promoting flowering in Brassica na-
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pus remains limited. There are no major reports of studies dissecting the au-

tonomous pathway [92]. Interestingly, most flowering time genes affected by

drought stress were found to be orthologues of Arabidopsis genes constituting

the ageing and gibberellin pathways. This indicates that these pathways might

be responsible for flowering regulation in response to abiotic stresses [105].
Likely due to the lack of miRNA gene annotations, there have not been investi-

gations on miRNA156 and miRNA172 mediated control of flowering time [92].

FT is the only integrator gene that has been studied in some detail in Brassica

napus. Six orthologues of FT have been indentified [106]. These orthologues

show divergences in their cis-regulatory regions. Two paralogues have been re-

ported to have lost the CArG box motif, the binding site for FLC, but contain

binding site for CO [106] [107]. This could indicate a potential divergence in

integration of photoperiod and vernalisation pathways. For orthologues of an-

other integrator, SOC1, within Brassica juncea, there has been a report of similar

differences in promoter regions of the six orthologues, with indications that it

could be the case in Brassica napus as well [108].

In short, there is a lot still unknown about flowering time regulation in Bras-

sica napus. Studies seek to exploit the close relationship with the model plant,

Arabidopsis, however, gene duplications complicate knowledge transfer. There

is limited data on expression, subfunctionalisation or protein stability for ortho-

logues of most flowering time genes. Since the study of multiple paralogues of

genes is a key cornerstone of Brassica napus research, the next section briefly

reviews these key concepts related to these duplications, before introducing the

contents of this thesis.

1.3 Polyploidy and the fate of genes

Transposition, tandem gene duplication and whole genome duplications are a

few ways that can produce an expanded genetic repertoire — or duplicated

genes [109]. Out of these, whole genome duplication is the phenomena that

might lead to an organism possessing two or more complete set of chromosomes,

termed ‘polyploidy’. Most, if not all, species carry signatures of ancient whole

genome duplication events [110]. This change in ‘ploidy’ brings with it an in-

crease in cell size, propensity for tissue differentiation and an effect on numerous

physiological events of the cell, many of which are yet to be understood [111].
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Figure 1.4: Evolution of genetic redundancy among retained paralogues
following duplication
Immediately after duplication, paralogues are likely fully redundant. Following which,
duplicates can drift to reduced expression levels, known as ‘hypofunctionalisation’.
Dosage sensitive genes can exist in under dosage balance, however, it is prone to decay
over evolutionary time. These states are a result of mutations in the cis-regulatory ele-
ments for gene paralogues that continue proteins with similar biochemical properties.
The duplicated genes are shown in two different colours. Modified from the original by
Iohannes and Jackson [115].

The organism at the centre of this work, Brassica napus, is a polyploid and

this thesis presents a study of a system with multiple duplicated genes, stably

present and expressed within its genome. It has been posited that the ultimate

fate of a paralogue, or duplicated gene within a genome, is to acquire deleterious

mutations so that it becomes nonfunctional, a process termed ‘nonfunctionali-

sation’, or gather beneficial mutations that allow it to develop novel functions,

a process termed ‘neofunctionalisation’ [112].

However, redundant genes are often retained in nature — sometimes even

preferentially, as is the case with flowering time genes in Brassica napus [90].
Comparative analyses of gene retention in angiosperms has suggested that genes

involved in regulation, signal transduction and metabolic processes are enriched

in duplicates [113]. The key characteristic is that these genes are often involved

in dosage dependent stoichiometric reactions. This leads to genes stabilising in

‘dosage balance’, and any deletions of paralogues could have negative fitness

consequences. This leads to ‘subfunctionalisation’ [114].

Mutations within cis-regulatory elements are thought to be the key reason

for the maintainence of the redundancy. As shown in Figure 1.4, paralogues
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immediately following a duplication event would likely be fully redundant. Over

evolutionary time, genes reduce their expression levels, through accumulation

of mutations in cis-regulatory elements and might exist in a ‘hypofunctionalised’

state where duplicates reduce their expression to levels insufficient for function.

Overtime, genes may reach a state where they exist in ‘dosage balance’. This

dosage balance is prone to decay and can lead to ‘compensatory drift’, where

one or more paralogues drifts to lower expression levels, while another to higher

levels to compensate. [115].

The key result of paralogues being maintained in a subfunctionalised state

is compensation. It could be in the form of full redundancy, where mutants of

individual paralogues do not have any phenotype. However, it could also be in

a partial or unequal compensation. For example, AGAMOUS, SHATTERPROOF1,

SHATTERPROOF2 and SEEDSTICK are flower development genes, acting down-

stream of floral transition that exhibit partial redundancy [116]. In partial re-

dundancy, mutants in one gene exhibit a milder phenotype, that is enhanced in

a double mutant. Within Brassica napus, orthologues of SVP, show partially re-

dundant behaviour, as time to flowering is reduced further as more paralogues

are disrupted [100]. Unequal redundancy however, results in a mutant in one

gene exhibiting a phenotype while mutant in another does not. Mutations in the

cis-regulatory regions are the cornerstone of maintainence of this subfunction-

alised state. As an example, the floral integrator and meristem identity gene,

AP1 exhibits unequal redundancy with its duplicated MADS-box transcription

factor copy, CAULIFLOWER [117]. Research has shown that following duplica-

tion, AP1 has gained an extra CArG box site in its promoter region, allowing

autoregulation and cross regulation by CAL, while CAL has lost some binding

sites. This led to AP1 emerging as the main orthologue maintaining the function

of ancestral gene while CAL has undergone some functional divergence.

Gene duplications can serve as sources of novel variation or provide robust-

ness to the system through compensatory mechanisms. The existence of par-

alogues, and these compensatory mechanisms, however, create challenges in

functional studies, and breeding of crops. The reader of this thesis would en-

counter comparisons of expression of gene paralogues in the following chapters.

The knowledge of which individual paralogues have diverged in their regula-

tion or acquired new roles would provide useful information for applications in

breeding and precision gene editing of Brassica napus [105].
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1.4 The current work and its objectives

This final section will introduce you, dear reader, to the work presented in this

thesis. I aim to exploit the close relationship between Brassica napus and the

model plant Arabidopsis thaliana to translate knowledge from model to crop.

Time to flowering is directly linked to yield and is arguably the most important

agronomic trait in Brassica napus. Yet, as highlighted in the sections above, very

little is known about the regulatory control of flowering transition in this crop.

Additionally, Brassica napus is an interesting model to study the effect genome

duplications and deletions have on the regulatory network of a fundamental

process.

RNA-Sequencing (RNA-Seq) provides a powerful way to capture the total

transcriptome at any given timepoint for a tissue. Performing RNA-Seq at multi-

ple timepoints throughout plant development provides detailed data regarding

function and regulation of genes. Chapter 2 as an extension of this introduction,

presents a brief guide to RNA-Seq. As RNA-Seq is used extensively in this work,

an introduction covers the basics of the technology and limitations that should

be kept in mind while intrepreting the results presented in this work.

Chapter 3 presents the first detailed comparison of orthologues between the

model plant Arabidopsis thaliana and Brassica napus. I use comparative tran-

scriptomics to show that most genes follow similar expression dynamics over

the course of plant development, leading up to flowering, in both species. How-

ever, significantly lower proportion of orthologues of flowering time genes show

this similarity, compared to rest of the genome.

My investigations into this set of genes continue through the inference of

Gene Regulatory Networks (GRNs) controlling flowering time Brassica napus in

Chapter 4. I show that while the GRN follows similar principles of flowering

time control already known in Arabidopsis, short-day, cold treatment for plants

to undergo vernalisation changes the network topology. I further observe that

orthologues of SOC1, a floral integrator introduced earlier, differ in their ex-

pression dynamics in response to this treatment and have differences in their

regulation.

Chapter 5 explores these differenes in expression dynamics of SOC1 ortho-

logues further. I show that these differences are also present in a cultivar that

does not require vernalisation to flower, and are in response to change in temper-
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ature. I investigate orthologues of known regulators of SOC1 to find a plausible

explanation for this behaviour.

The thesis closes with a discussion in Chapter 6 about the results and the

limitations of this work, and recommendations for further investigations that

could help improve our understanding of the regulatory control of flowering

time in Brassica napus.



Chapter 2

Capturing the transcriptome

Abstract

Measuring gene expression on a whole genome level has been revolutionised by

RNA-Seq. First introduced in 2008, this technique involves isolation of RNA from

the samples, library preparation to prepare the isolated RNA, sequencing of the

libraries and analysis of the data using bioinformatics tools. Multiple tools are

often combined to make processing pipelines. RNA-Seq pipelines often differ

depending upon the experimental aims, type of sample, sequencing platform

being used and the bioinformatics tools and parameters used to process data.

This thesis presents multiple RNA-Seq timeseries datasets to study the dynamics

of flowering time genes in Brassica napus, hence, this chapter aims to provide a

general overview of the technique and the various steps involved in obtaining

gene expression values from sampled tissues. Limitations and sources of bias

that can lead to errors in output from RNA-Seq experiments are also briefly

discussed.
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2.1 Introducing RNA-Seq

Next generation sequencing, introduced at the tail end of the 20th century, en-

abled the sequencing of the nucleotide makeup of an organism’s DNA molecule

on massive parallel scale [118]. This revolutionised molecular biology allowing

full length genome sequences to be elucidated. However, there still remained a

significant challenge: which regions of the genome are actually expressed?

One early approach that tackled this question was expressed sequence tag

(EST) or cDNA sequencing [119]. However, it struggled with genes expressed at

low expression levels and didn’t identify 3’ and 5’ ends of the coding sequencing

with high confidence [120]. DNA microarrays were another attempt, and while

they were a great tool to identify low expressed sequences, they couldn’t dis-

tinguish between similar sequences. Moreover, these methodologies could not

identify the 3’ and 5’ boundaries of exons [121] [122]. Despite their limitations,

they were widely adopted by researchers, leading to discoveries of genes in-

volved in various developmental processes, both in Arabidopsis [123] and other

crop plants [124] [125].

A wave of publications in 2008 introduced a new technique to tackle this

problem. It was termed ‘Short Quantitative Random RNA Libraries’ or SQRL by

one of those papers [126]. While quite descriptive, their nomenclature did not

stick. Another paper, published just a few days before, described the method for

a sequencing-based approach for global transcriptome mapping as RNA sequenc-

ing or ‘RNA-Seq’ for short [120]. The authors presented a novel approach that

involved generating cDNA and subjecting it to Illumina sequencing to annotate

exons, 5’ and 3’ boundaries of the genes, introns and quantify gene expression

levels.

Their method consisted of a molecular biology pipeline in which Poly- (A)

RNA isolated from yeast cells was used to generate double-stranded cDNA using

reverse transcription. The double-stranded cDNA was subjected to fragmenta-

tion and sequenced using Illumina sequencers to generate sequences of 35 base

pairs in length from either end of each fragment. The sequencing data gener-

ated from this step was used as an input for an informatics pipeline. The authors

used SOAP [127], an alignment tool to map reads to the yeast genome. 56 % of

the total number of reads were mapped at unique regions within the genome,

and used to determine a high resolution transcriptome map for yeast.
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2.2 The RNA-Seq workflow

While RNA-Seq has come a long way since its first introduction in 2008, the

workflow still follows the structure introduced in the first publications. A general

overview of RNA-Seq process for quantification of gene expression from tissue

sample is shown in Figure 2.1.

Before sequencing

The first step in RNA-Seq workflow is to extract RNA from tissue sample. While

the exact protocol depends on the type of tissue and if it is fresh or frozen,

all extraction procedures begin with grinding the tissue samples to a fine pow-

der [128] [120]. This mechanical grinding is followed by enzymatic treatments

to disrupt the tissue and break down cells to release the RNA. RNA is highly

unstable and prone to degradation, hence, proper care needs to be taken for

inactivation of RNases [129]. Following the release of RNA, it needs separation

from DNA, proteins and other substances suspended in the solution after cell

lysis. One method to achieve this is by using phenol/chloroform method, where

homogenized solution is phase separated using chloroform. DNA and proteins

are separated from RNA which remains in aqueous phase. RNA is precipitated

using isopropanol from the solution [130]. Another method, used in commer-

cial RNA-extraction kits uses silica membranes to which RNA binds in presence

of chaotropic agents. Washing steps remove contaminants such as proteins and

DNA and pure RNA is eluted in RNase-free water [131]. Following extraction,

gel electrophoresis, TapeStation or spectrophotometry can be used to check the

purity and integrity of the extracted RNA [128].

After isolation, the RNA molecules need to be converted into a form com-

patible with sequencers. Ribosomal RNA (rRNA) consitutes the majority of total

RNA extracted, hence its removal is necessary to enrich the sample in messen-

ger RNA (mRNA) content, which constitutes the RNA that is translated into pro-

teins [132]. Two main strategies are used for mRNA enrichment. Poly- (A)

selection exploits the fact that eukaryotic mRNA is polyadenylated following

transcription. This method uses oligo-dT beads that bind to poly-A tails. An-

other strategy is to capture rRNA using complementary oligonucleotides [132].
Following mRNA enrichment, the sequences are fragmented to generate suit-

able insert sizes for a specific sequencing platform. This can be achieved using
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Figure 2.1: The RNA-Seq workflow for quantification of gene expression
RNA-Seq workflow can be divided into three major steps, before sequencing, isolated
RNA is converted to libraries for sequencing and the data generated is processing using
a bioinformatics pipeline.
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enzymatic or physical methods like sonication. The fragments are then reverse

transcribed into complementary DNA (cDNA) using reverse transcriptase. To

these cDNA ends, adapters are ligated which contain binding sites for sequenc-

ing primers, barcodes for multiplexing and flow cell binding sites for different

sequencing platforms. The adapter-ligated cDNA is amplified by PCR to generate

enough concentration required by the sequencing technology [133]. Following

QC, libraries are pooled and loaded onto the sequencing platform.

Sequencing

The choice of sequencing platform is dictated by the aims of the experiment.

Illumina offers short-read sequencing platforms such as NovaSeq, NextSeq and

MiSeq. These platforms use the sequencing-by-synthesis (SBS) method. While

the details of the sequencing chemistry are often proprietary, most SBS technolo-

gies use a method where cDNA molecules are distributed to millions of wells or

chambers on a solid substrate. These molecules are then subjected to synthesis

reactions, in which nucleotides, which are labelled or are incorporated into a

chemical reaction for identification, are added sequentially and imaged or de-

tected. These reactions can be massively parallelised to include millions of DNA

sequences in one run. Illumina sequencers have low error rates and output short

reads up to 150 base pairs in length. This sequencing platform is suitable for

gene expression quantification [134] [135].

Long read sequencing platforms are available from Oxford Nanopore Tech-

nologies, such as MinION, GridION and PromethION. These platforms perform

sequencing by detecting the changes in electrical current as different nucleic

acids pass through a nanopore. These methods produce ultra-long reads and

enable full length sequencing of transcripts. This allows for precise isoform

identification. Isoforms are alternative forms of mRNA originating from the

same gene, due to alternative splicing, alternative promoter usage and other

post-transcriptional modifications. While these methods have lower through-

put and accuracy compared to short-read sequences, they directly sequence

RNA molecules, without reverse transcription or amplification. They are also

portable, allowing rapid sequencing in field conditions [136] [137].
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After sequencing

The bioinformatics pipeline is used to process the data obtained following se-

quencing. The sequencing data is in the form of nucleotide ‘reads’ that need

quality control to separate information from noise [138]. Programs such as

FastQC [139] allow for quality assesment of raw sequencing data. This ini-

tial quality assesment checks for multiple different metrics. Adapter sequences,

which are ligated to fragments during sequencing need to be removed before

downstream analyses. Overrepresented sequences, duplication levels and the

amount of GC content checks can flag any biases during library preparation or

sequencing steps. Reads are also checked for sequencing quality throughout

their length. Cutadapt [140], Trimmomatic [141] or fastp [142] can be used to

remove adapter sequences, short or low quality reads and overrepresented or

duplicated sequences from the data. Following quality control, reads can either

be aligned to a reference genome or transcriptome or used for assembly of a new

transcriptome. Aligners are broadly based on either the Burrows-Wheeler trans-

form [143], such as Bowtie [144] and Burrows-Wheeler aligner (BWA) [145]; or

on Needleman-Wunsch or Smith-Waterman algorithms, such as SHRiMP [146]
or GNUMAP [147]. RNA-Seq reads span exon-exon junctions, hence require

alignment algorithms that can perform splice-aware alignments. HISAT2, based

on Burrows-Wheeler Transform for graphs [148] and Pass, based on Needleman-

Wunsch and Smith-Waterman algorithms [149] are examples of such aligners.

HISAT2 and Pass are de-novo splice aligners, i.e. no prior annotation within the

genome is required, and they can be used to detect new splice junctions. Since

HISAT2 is the latest available de-novo aligner, that has been successfully used

for alignment of short-read RNA-Seq data to reference genomes of species in

the Brassicaceae family [150], including Brassica napus [91], I selected it for the

pipeline used in this thesis. Further details are in Chapter 3.

Following alignment, if gene expression quantification is needed, programs

such as featurecounts [151], or StringTie [152] can be used to count the number

of reads mapped to a particular gene. The amount of reads mapped to each

gene can be represented as raw read counts — however, they are often affected

by the library size and length of the gene. Hence, normalised gene expression

metrics, such as FPKM (Fragments Per Kilobase of exon per Million mapped

reads) or TPM (Transcripts per Million mapped reads) are used to normalise for

gene length and the total number of reads. While being quite similar, TPM and
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FPKM differ in their order of operations. While calculating FPKM, total reads

in a sample are divided by 1,000,000 to create a scaling factor and read count

attributed to each gene is divided by that scaling factor, this gives ‘reads per

million’. This ‘reads per million’ quantity is then divided by the length of the

gene in kilobases. For TPM, the read counts are normalised by gene length first

before scaling by the scaling factor. This results in the sum of total TPMs to be

the same between samples, while this is not true for FPKM [153] [154].

After quantification of reads mapped to a gene, downstream analyses such as

comparing gene expression, searching for ‘differentially’ expressed genes, net-

work analyses and other functional genomics analyses are carried out [138].
However, while performing these analyses, one must be aware of different er-

rors that can be introduced in reads generated in an RNA-Seq experiment. The

following section provides a brief introduction to these errors.

2.3 Sources of errors in RNA-Seq data

RNA-Seq has a complicated workflow, with many possible sources of bias that

can lead to erroneous results in downstream analyses and incorrect interpreta-

tions and conclusions from a sequencing experiment.

The choice of sample preservation and RNA extraction methods are the first

point where biases can be introduced. Freeze storage in liquid nitrogen or -80 ◦C

is considered standard practice. It has been shown that sample preservation in

non-standard mediums, such as formalin-fixed and paraffin-embedded (FFPE),

which is done for archival samples, makes nucleotide extraction difficult and

leads to poor sequencing libraries [155] [156]. Research has also shown that

longer sample processing times, multiple freezing and thawing cycles can de-

grade the quality of extracted RNA [132]. RNA degrading enzymes (RNases)

pose another challenge to extraction of high quality RNA during the isolation

and process, which directly affects the quality of RNA libraries [157].

Following extraction, protocols used for library preparation can also intro-

duce deviations. Library preparation techniques that enrich poly- (A) RNA tran-

scripts using primers can induce a 3’-end capture bias [132]. This technique,

while is able to enrich the library in mRNA as most eukaryotic mRNA and long

non-coding RNAs have a poly A tail [158], it removes all non-poly- (A) RNAs,

which includes bacterial mRNA and various long non-coding RNAs. Samples can
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also be enriched for mRNA by depletion of rRNA. However, it uses the exact se-

quence content of rRNAs, so only works for species where rRNA complementary

probe kits are available commercially [159].

PCR amplification, which is a key step in libary preparation is among the

main sources of artefacts in RNAseq. Fragments that are GC-neutral are of-

ten preferentially amplified compared to GC-rich or AT-rich sequences. This is

especially problematic for organisms with such genomes, such as the AT-rich

human malaria parasite [160]. While researchers have proposed workarounds

for this issue [161], there are amplification-free RNA library preparation meth-

ods, that are useful for samples with acceptable quantity of RNA content [162].
The number of PCR cycles can also produce significant biases, and it has been

recommended to perform the amplification steps in as few cycle numbers as

possible [163].

Differences in sequencing machines can also induce deviations in the data

obtained from RNA-Seq. For instance, Illumina HiSeq platform is prone to sub-

stitution bias [164], while single-molecule sequencing platforms such as PacBio

single-molecule real-time (SMRT) have high error rates compared to Illumina

platforms [165].

The bioinformatics pipelines in RNA-Seq workflows are not immune to bi-

ases either. The results between analyses can be affected by choice of different

alignment algorithms, normalisation techniques and choice of methods [138].
While RNA-Seq has a few sources of limitations and there is no ‘one size fits all’

approach to analysing RNA-Seq data, proper quality checks for raw reads, align-

ment and downstream analyses can ensure that any conclusions or inferences

drawn from the datasets are not artefacts resulting from these deviations. The

methods sections of the following chapters highlight the steps taken to ensure

accuracy of results.



Chapter 3

On comparison of transcriptome dynamics
between Arabidopsis and Brassica napus

3.1 Abstract

Brassica napus is among the closest crop relatives to the model plant Arabidopsis

thaliana. This shared lineage provides an avenue to transfer knowledge from

model to crop. Here, using comparative transcriptomics, I show that majority of

genes in Brassica napus have similar expression dynamics to their Arabidopsis

orthologues throughout the plant’s development, highlighting the likely conser-

vation of regulatory frameworks between these two species. However, the set of

orthologues of Arabidopsis flowering time genes in Brassica napus show a higher

degree of divergence in their expression dynamics than the rest of the genome.

Previous research has shown that flowering time genes are preferentially re-

tained within the Brassica napus genome. I further show that this preferential

retention in higher copy numbers is correlated with an increased chance of par-

alogues diverging in their expression patterns.
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3.2 From Arabidopsis to Brassica napus

Arabidopsis and Brassica napus go through similar developmental stages dur-

ing their life cycle [166] [167]. Following germination, they have a period of

vegetative growth before the plants undergo the floral transition. Their floral

morphologies are also very similar [168]. Due to these shared characteristics

and close Arabidopsis-Brassica lineage [88], a lot of research in cultivated Bras-

sicas involves comparisons with the model plant, Arabidopsis thaliana. This is

especially true for Brassica napus [98] [97] [102].

This knowledge transfer, however, is complicated due to presence of multiple

orthologues of each Arabidopsis gene within the Brassia napus genome. Brassica

napus is an allotetraploid, formed by hybridisation of two diploid progenitors,

Brassica oleracea and Brassica rapa, whose genomes underwent whole genome

triplication events. This means that, theoretically, it should have six different

orthologues for each Arabidopsis gene. However, research involving compar-

isons of total gene numbers has revealed that there is only a four-fold differ-

ence between Arabidopsis thaliana (25,498 genes) and Brassica napus (101,040

genes) [86]. This indicates that on a whole genome level, there has been a loss

of paralogues — which is the expected outcome following whole genome dupli-

cations [115]. This is according to the dogma posited by the theory of duplicate

evolution, which states that ultimate fate of paralogous genes is to either accu-

mulate deleterious mutations to become non-functional or acquire mutations to

develop novel functions [112].

It is interesting to note that, despite the gene loss on a whole genome level,

certain sets of genes could be preferentially retained. For example, in Brassica

rapa, one of the diploid progenitors of Brassica napus, circadian clock genes have

been shown to be preferentially retained following genome duplications [169].
For a number of genes involved in the regulation of flowering time in Brassica

napus, the number of paralogues exceeds the theoretical six. [98] [91] [92]. In

fact, flowering time genes in Brassica napus have been shown to be preferentially

retained compared to rest of the genome [90].

Preferential retention could lead to divergences in expression dynamics. For

example, the vernalisation pathway gene, FLOWERING LOCUS C (FLC) has at

least nine orthologues in Brassica napus (along with another possible truncated

orthologue) [103]. In Arabidopsis, FLC is a floral repressor and its expression
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level decreases as the plant undergoes vernalisation in winter conditions [40].
However, in Brassica napus, different paralogues respond differently to vernali-

sation and total FLC dynamics explain the vernalisation requirements for a num-

ber of cultivars [91]. Gene dosage hypothesis can provide an explanation for its

occurrence [170]. Gene products need to be present in appropriate stoichio-

metric ratios for efficient function and this balance can be achieved even when

paralogues drift in their expression levels — as long as the appropriate protein

or mRNA concentrations are maintained on a total level. This leads to selection

pressure on total gene product and allows room for divergence for individual

paralogues while ensuring their retention within the genome.

This divergence could be a more widespread occurrence among genes with

retained paralogues, however, no investigations have been done to compare the

dynamics of orthologues between Arabidopsis and Brassica napus. While flow-

ering genes have been preferentially retained, it is unknown if they still share

the same dynamics with their Arabidopsis orthologues. This comparison of dy-

namics is complicated by the fact that while these two plants develop through

similar morphological states, they develop at very different rates. Hence, the

comparison requires using an algorithm that can allow for comparison across

timescales.

The following section briefly introduces curve registration, a technique that

facilitates that comparison.

3.2.1 Introduction to Curve registration

Curve registration is a method to align two individual curves, where one curve

serves as the ‘reference’ while the other, termed as ‘query’, is transformed such

that it maximally coincides with the reference [171]. Figure 3.1 shows the curve

registration method as implemented in greatR [172]. greatR uses two parame-

ters, ‘stretch’ and ‘shift’ to achieve the transformation of the query curve. It then

uses Bayesian model comparison to test the hypotheses that curves can be ex-

plained by one underlying model or whether two different models best explain

the data.

Mathematically, let query (q) data be collected at tq,i timepoints and yq,i be

the corresponding value at timepoint i, where 1 ≤ i ≤ Nq, with Nq being the

total number of timepoints. Hence, query dataset can be denoted as,
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q = (tq,i, yq,i), 1≤ i ≤ Nq (3.1)

Similarly, the reference (r) dataset, sampled for Nr timepoints, can be denoted

as,

r = (t r, j, yr, j), 1≤ j ≤ Nr (3.2)

greatR fits a cubic B-spline model [173] to the data, with the models for

datasets r and q being denoted by mr(t) and mq(t), respectively. If two curves

are similar, then one common model m1 can explain both datasets, however, if

the two datasets are not similar, they would be best explained by two differ-

ent models. This evaluation occurs after transformation of the q dataset using

function,

h(tq,i) = β1 + β2 tq,i (3.3)

where, β1 is the ‘shift’ in time, and β2 is the ‘stretch’ in timescale between

the two datasets.

The two hypotheses hence are:

H1: the datasets are best explained by one common model, m1

H2: the datasets are best explained by two different models, mr and mq

These hypotheses are evaluated using the Bayesian Information Criterion,

BIC= −2L + k log ND (3.4)

where, L is the maximum log likelihood (following optimisation), k is the

number of parameters and ND are the parameters for the corresponding models,

m1 (H1) or mq and mr (H2). If

BIC (H1)< BIC (H2), (3.5)

then the curves are considered ‘registered’. In the context of the data analysis

presented in this chapter, the curves correspond to expression dynamics of genes.

Hence, if two genes in two different timeseries, are following the same dynamics,

they will be determined as ‘registered’, while if they are not, they will be labelled

as ‘not registered’.

This framework allows for comparison of dynamics between a gene and its
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Figure 3.1: Curve registration method used in greatR
greatR compares two curves, reference and query. Following transformation (h(t)) of
the query curve, it statistically tests hypotheses for a single model (m1) or two different
models (mq, mr). Figure modified from [172]
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orthologue, even in plants that develop on different timescales. Hence, opening

up the possibility of a detailed comparison of dynamics of genes between the

model plant, Arabidopsis thaliana and polyploid crop, Brassica napus.

The following section details the data collection and techniques used to fa-

cilitate a detailed comparison of gene expression dynamics between these two

species, with curve registration at the core of the analysis.

3.3 Methods

3.3.1 Plant material

The data presented in this chapter is collected from two Brassica napus cultivars,

Stellar and Zhongshuang 11. Stellar is a spring-type cultivar, that does not re-

quire vernalisation to undergo floral transition. Zhongshuang 11, abbreviated

as ‘ZS11’, is a Chinese semi-winter-type cultivar that requires vernalisation prior

to floral transition.

3.3.2 Sampling

Stellar and Zhongshuang 11 (ZS11) plants were sown in cereals mix (40%

medium grade peat, 40% sterilised soil, 20% horticultural grit, 1.2 kg/m3 PG

mix 14–16–18 + Te base fertilizer, 3 kg/m3 maglime, 300 g/m3 Exemptor). Fol-

lowing germination, each seedling was transplanted to a 5 cm x 5 cm x 4.5 cm

cell in a standard 24 cell-tray. Plants were germinated and grown in a Convi-

ron MTPS 144 controlled environment room with Valoya NS1 LED lighting (250

µmol/m2s) with a 16-hour photoperiod. Temperatures were set at 18 ◦C dur-

ing the day and 15 ◦C during the night, with relative humidity maintained at

70 %. At day 21, ZS11 plants were shifted to 5 ◦C, 8-hour photoperiod condi-

tions for plants to undergo vernalisation. They were transferred back to normal

conditions after 3 weeks at day 42. Stellar does not require vernalisation, hence

Stellar plants were not subjected to these conditions.

Each sampled timepoint for cultivars is shown in Figure 3.2. The aim of

the sampling was to capture the gene expression leading up to floral transition,

hence sampling timepoints are concentrated on days prior to floral transition.

Similar RNA-Seq timeseries in the shoot apical meristem leading upto floral tran-

sition for the Arabidopsis Col-0 ecotype, was downloaded from NCBI Sequence
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Figure 3.2: Sampled timepoints for B. napus cultivars Stellar, Zhongshuang
11 (ZS11) and Arabidopsis (Col-0)
‘•’ indicates the time of floral transition. Shoot apical meristem was sampled for RNA-
Seq at the indicated timepoints. ‘Days’ refers to days post sowing. Arabidopsis data is
from [174]

read archive [Project ID: PRJNA268115] [174]. For Stellar timeseries, at each

sampled timepoint, three replicates were sampled with three dissected shoot

apical meristems pooled for each replicate. The same sampling strategy was

employed for ZS11 timeseries, except for timepoint 53, which only has one repli-

cate. Following dissection, samples were immediately frozen in liquid nitrogen.

This sampling and subsequent sequencing was done as part of the Biotechnology

and Biological Sciences Research Council (BBSRC) grant ‘Brassica rapeseed and

vegetable optimisation (BRAVO)’ (BB/P003095/1).

3.3.3 RNA sequencing

Samples frozen in liquid nitrogen were ground to a fine powder for RNA ex-

traction. Manufacturer’s instructions were followed for RNA extraction using

EZNA R⃝ Plant RNA Kit (Omega Bio-tek Inc.). RNA samples were processed at

Novogene, with library preparation using NEB next ultra directional library kit

(New England Biolabs), and sequenced using Illumina HiSeq X for ZS11 time-

series and NovaSeq 6000 for Stellar.

3.3.4 RNA-Seq data processing

Figure 3.3 shows the RNA-Seq pipeline used for processing of the RNA-Seq data

for both Stellar and ZS11 timecourse datasets. The Col-0 dataset, obtained from

Klepikova et al. [174] was also processed using the same pipeline.
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Figure 3.3: Overview of the pipeline used for processing of paired-end short
read RNA-Seq data
The processing pipleline used for pre-processing, QC, alignment and quantification of
mapped reads of the RNA-Seq data obtained following sequencing of the samples. The
input is a pair of fastq files (paired-end sequencing data) and the key output is a comma-
separated values (csv) file of expression values for genes within the reference genome.
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Pre-processing

FastQC (version 0.11.9) [139]was used for initial quality control of the sequenc-

ing data. MultiQC (version 1.29) [175]was used to collate QC data for the whole

timeseries. Trimmomatic (version 0.39) [141] was used to remove adapter con-

tamination from reads, with the following flags, ‘ILLUMINACLIP:TruSeq3-PE-

2.fa:2:30:10:1:true’ to remove adapters, ‘HEADCROP:15’ to trim the first 15

bases of the reads, ‘SLIDINGWINDOW:4:15’ to trim reads if the average qual-

ity within a window of 4 bases falls below 15 and ‘MINLEN:50’ to drop any

reads below 50 base pairs in length.

Alignment

The trimmed sequencing data for Stellar and ZS11 was aligned to the Darmor

v10 reference genome [176]. HISAT2 (version 2.1.0) [148] was used for align-

ment, with ‘RF’ strandedness, due to library preparation protocol used by Novo-

gene. Samtools (version 1.9) [177] was used for sorting, indexing and gener-

ating a QC report. The resultant BAM files were filtered to only keep uniquely

mapped reads.

Read quantification

StringTie (version 2.1.1) [152] was used for quantification of reads aligned to

different genes in the genome. ‘Transcripts per million mapped reads’ or TPM

was selected as the measure for gene expression [178].

3.3.5 Gene mappings using reciprocal BLAST

A custom reciprocal BLAST [179] script was used to determine orthologue map-

pings between Arabidopsis TAIR v10 annotation [180] and B. napus Darmor

v10 genome [176]. A blastn search was performed using the ‘blastn algorithm’

from BLAST+ suite of tools [179]. To generate the ‘one-to-many’ mapping from

query genome (here, TAIR v10) to target genome (here, Darmor v10) follows

the method outlined in Algorithm 1.

Using this method, 67.88 % of Arabidopsis genes were found to have atleast

one orthologue in Brassica napus. The mappings were manually referenced

against known orthologues for key genes for verification.
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Algorithm 1 ‘One-to-many’ reciprocal blast

1: for all gene ∈ QueryGenes do
2: Hits← GetHitsBelowEvalue (gene, TargetGenome, 1e−5)
3: for all hit ∈ Hits do
4: BestHit← RunBLAST (hit, QueryGenome)
5: if BestHit == gene then
6: AssignMapping (gene, hit)
7: end if
8: end for
9: end for

3.3.6 Determining orthologues of Arabidopsis flowering time genes
and transcription factors

Algorithm 1 was used to search for orthologues for sets of Arabidopsis genes

in Brassica napus Darmor-v10 reference. The list of 306 flowering time genes

was obtained from the FLOR-ID database [50]. Similarly, the list of Arabidopsis

transcription factors was obtained from PlantTFDB [181]

3.3.7 Curve registration

greatR (version 2.0.0.9000) [172] was used to perform curve registration. This

novel R-package was developed by Ruth Kristianingsih improving upon the first

use of curve registration to study developmental progression between Arabidop-

sis and Brassica rapa [150]. I contributed to the testing of this improved method

and the R-package. For both Stellar and ZS11 registrations against the Col-0

timeseries, Col-0 was used as the query accession. The z-score scaling method

was used and overlapping percentage between curves set to 75. The rest of the

parameters were set to default, with L-BFGS as the optimiser.

3.3.8 Distance between two timecourses

For two timeseries datasets, let y and z be the vectors of expression values for

a set of N genes at timepoints t i and t j. The pairwise distance between two

timepoints can be defined as,

d(t i, t j) =

�

N
∑

k=1

(yk − zk)
2

�
1
2

(3.6)
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This calculation can be performed for all possible pairs of timepoints between

two timeseries and represented as a ‘heatmap’ to visualise distance between two

timecourses (Results and Discussion; Figure 3.10). The greatR function ‘cal-

culate_distance’ was used for this calculation. For plotting distances between

timeseries following registration, ‘match_timepoints’ flag was set to ‘True’ (i.e.

t i = t j).

3.4 Results and Discussion

3.4.1 RNA-Seq Alignment

Pre-processing raw reads improves data quality for alignment

An overview of the various FastQC checks is represented as a heatmap in Fig-

ures 3.4 and 3.5. Heatmaps (a) in both figures for Stellar and ZS11 show that

the data had some adapter content and overrepresented sequences within the

raw sequence files. The report showed a warning for sequence duplication for

all samples, however, that is to be expected given the duplicated nature of the

Brassica napus genome. Sequence files in both datasets also had warnings for

the ‘Per Base Sequence Content’ flag. Figure 3.6 shows an illustrative example

from a sample from ZS11 timeseries. The imbalance in proportion of base calls,

shown as lines that ideally should run parallel in a large random library, at the

beginning of the reads. These errors were corrected by trimming the reads using

parameters defined in methods.

Heatmaps (a) in both figures show that trimming did correct for ‘Per Base

Sequence Content’, ‘Per sequence GC content’, ‘Overrepresented sequences’ and

‘Adapter content flags’. The trimmed sequences, however, have a warning for

‘Sequence Length Distribution’ — which occurs due to difference in the num-

ber of bases trimmed from the start of the reads. The read length differences

however, are in the range of 0 to 1 bases, hence would not affect downstream

alignment. Similarly, the warnings in ‘Per Tile Sequence Quality’ flag any devi-

ations in quality of base calls from a flowcell. These deviations are confined to

limited instances within the data, as shown in some examples in Figure 3.7 and

would not affect downstream alignment.
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Figure 3.4: An overview of various QC checks on raw and trimmed RNA-Seq
files for Stellar timeseries
(a) and (b) show a heatmap of QC checks for sequence files from the Stellar timeseries,
before and after initial trimming respectively. FastQC shows warnings for sequence
duplication across all samples, however, it is expected given the duplicated nature of
B. napus genome. ‘Sequence length distribution’ warning occurs post trimming because
of variation in number of bases trimmed from start of different reads (in range of 0 to
1 bases), while initially all reads are 150bp in length. Remaining ‘Per Tile Sequence
Quality’ warnings left in samples in (b) were investigated individually. These did not
represent any major issues that would impact the quality of downstream alignment.
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Figure 3.5: An overview of various QC checks on raw and trimmed RNA-Seq
files for ZS11 timeseries
(a) and (b) show a heatmap of QC checks for sequence files from the ZS11 timeseries,
before and after initial trimming respectively. FastQC shows warnings for sequence
duplication across all samples, however, it is expected given the duplicated nature of
B. napus genome. ‘Sequence length distribution’ warning occurs post trimming because
of variation in number of bases trimmed from start of different reads (in range of 0 to
1 bases), while initially all reads are 150bp in length. Remaining ‘Per Tile Sequence
Quality’ warnings left in samples in (b) were investigated individually. These did not
represent any major issues that would impact the quality of downstream alignment.
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Figure 3.6: Example of a sample with ‘Per Base Sequence Content’ warning
from the ZS11 timeseries
The lines in the plots show the proportion of each base position at the start of the reads
in a sequence file for which each of the four normal bases were called. In a random
library, there is little to no difference between proportions of different bases and the
lines are expected to be roughly parallel. (a) Deviations are present at the start of the
reads in this sample. These deviations can be a result of different library preparation
techniques. (b) Trimming few bases from the start of reads leads to correct proportions
for downstream alignment.

Figure 3.7: Examples of samples with Per Tile Sequence Quality warning
from both Stellar and ZS11 timeseries
The plot shows deviations from the average quality of each tile. The colours are from a
cold to hot scale, with hotter colours indicating worse than average quality for that tile,
while cooler colours indicate the opposite. (a) Samples from Stellar and ZS11 timeseries,
showing that ‘Per Tile Sequence Quality’ is not consistently bad across any tile, indicated
by very low number of red tiles. (b) Plot from FastQC documentation, that shows an
example when ‘Per Tile Sequence Quality’ would be concern for quality.
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HISAT2 is able to map the majority of reads uniquely to the Darmor v10
reference

Tables 3.1 and 3.2 show the alignment summary statistics for both Stellar and

ZS11 timeseries. The average number of raw reads per sample were similar in

both Stellar and ZS11 at 29,464,770 and 29,871,173 reads respectively. ZS11

timeseries had a slightly higher average alignment rate at 91.21 % compared

to 89.99 % for Stellar and the alignment rate is consistent across all the sam-

ples. For both cultivars, majority of reads were uniquely mapped, at 73.6 % and

86.10 % for Stellar and ZS11 respectively. This shows that the aligner is able to

map pairs of reads with high confidence across the genome, and even by filtering

for uniquely mapped read pairs, the majority of the information is retained, and

we can obtain a high confidence measure for gene expression in both timeseries.

Figure 3.8 shows the PCA plots, based on final gene expression values for

a final check. Similar timepoints and their replicates cluster together for both

timeseries, indicating that the data is fit for downstream analyses. However, in

ZS11 timeseries, replicate 2 of timepoint 48 clustered with samples from time-

points 59 and 63. Exercising abundant caution, that replicate was removed from

downstream analysis.

3.4.2 Curve registration facilitates comparison of gene expression
across timescales

Having a detailed RNA-Seq timeseries data for both Brassica napus and Ara-

bidopsis, along with a mathematical framework for comparison of this data

across timescales provides the ability to answer the questions mentioned in the

introduction of this chapter.

As mentioned earlier, there has been research highlighting divergence in dy-

namics among FLC paralogues in Brassica napus. Using curve registration, I can

compare the dynamics of each of those paralogues to their Arabidopsis ortho-

logue. Figure 3.9 shows the comparison of dynamics of FLC paralogues in Stel-

lar with the FLC orthologue in Arabidopsis. It shows that only three paralogues

(A03p04430.1, C03p04920.1 and C03p19690.1) follow the same dynamics as

the Arabidopsis FLC, decreasing in expression as plant approaches floral tran-

sition. Hence, these paralogues are considered ‘registered’ to the Arabidopsis

FLC. Among the ‘non-registered’ paralogues, for instance, there are paralogues

such as C02p04280.1 and C09p67380.1 which have opposite dynamics to the
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Timepoint
(Days)

Replicate Total
Reads
(Raw)

Total Reads
(QC passed)

Mapped
Reads
(Total)

Mapped
Reads

(Unique)

Mapped
Reads

(Multi)

Alignment
Rate

(Total, %)

Alignment
Rate

(Unique, %)

14 1 29466748 28758229 26250311 21450623 4799688 91.28 74.59
14 2 24666990 23939901 22244659 18205509 4039150 92.92 76.05
14 3 24219439 23540721 20695184 16720576 3974608 87.91 71.03
18 1 27746132 26994954 24039328 19672135 4367193 89.05 72.87
18 2 33326240 32381227 30014138 24840379 5173759 92.69 76.71
18 3 27514526 26844350 23813388 19441293 4372095 88.71 72.42
19 1 30157849 29446093 25690963 20873799 4817164 87.25 70.89
19 2 27995140 27481926 25596698 21166876 4429822 93.14 77.02
19 3 25437387 24794130 22219958 18092271 4127687 89.62 72.97
20 1 30370848 29405460 26043924 21347396 4696528 88.57 72.60
20 2 30099757 29388288 27204557 22345602 4858955 92.57 76.04
20 3 27622931 26912498 24237255 19923191 4314064 90.06 74.03
21 1 30529239 29805535 26592738 21588327 5004411 89.22 72.43
21 2 29794316 29136562 26831615 21922714 4908901 92.09 75.24
21 3 36161871 35106563 30734332 25166413 5567919 87.55 71.69
22 1 32216530 31394820 27383769 21996099 5387670 87.22 70.06
22 2 27599676 26998808 24780379 20283358 4497021 91.78 75.13
22 3 30980902 29687457 25480607 21084379 4396228 85.83 71.02
23 1 26562465 25762479 23996188 19771662 4224526 93.14 76.75
23 2 28097869 27432127 25438002 20846655 4591347 92.73 75.99
23 3 29856661 28439215 24767469 20450559 4316910 87.09 71.91
24 1 24302179 23720233 22227620 18323458 3904162 93.71 77.25
24 2 25725616 25002390 22554092 18347106 4206986 90.21 73.38
24 3 34036988 33161191 29517525 24103629 5413896 89.01 72.69
25 1 25441290 24739891 22925859 18769779 4156080 92.67 75.87
25 2 25364313 24703104 22616725 18484703 4132022 91.55 74.83
25 3 34674556 33787709 28811580 23528903 5282677 85.27 69.64
26 1 27883642 27133476 24622563 20091788 4530775 90.75 74.05
26 2 26767602 26016735 24070235 19627849 4442386 92.52 75.44
26 3 30754646 29893009 26058349 21372331 4686018 87.17 71.50
27 1 29092425 28297242 25591451 20748923 4842528 90.44 73.32
27 2 27636798 26948440 24168101 19537868 4630233 89.68 72.50
27 3 27314762 26627251 23070553 18893948 4176605 86.64 70.96
28 1 30368320 29648974 27310613 22373761 4936852 92.11 75.46
28 2 25388514 24712203 22165757 18035580 4130177 89.70 72.98
28 3 35986575 34972251 29791105 24352870 5438235 85.18 69.63
29 1 29019928 28365045 26366028 21633502 4732526 92.95 76.27
29 2 26945703 26330055 23975406 19563169 4412237 91.06 74.30
29 3 32549747 31559450 26980658 22142982 4837676 85.49 70.16
30 1 31955891 31242074 28555816 23213624 5342192 91.40 74.30
30 2 28568289 27908034 25435294 20680682 4754612 91.14 74.10
30 3 35836730 34892582 29785513 24392437 5393076 85.36 69.91
31 1 32110567 31256305 29136417 23968576 5167841 93.22 76.68
31 2 25037174 24462520 21993226 17886998 4106228 89.91 73.12
31 3 36175210 35194846 29940097 24560176 5379921 85.07 69.78
36 1 29711573 28943845 26905093 22156305 4748788 92.96 76.55
36 2 24666008 24092183 21873027 17825171 4047856 90.79 73.99
36 3 36570825 35493107 31326379 25658076 5668303 88.26 72.29
40 1 24759987 24082704 22577507 18681864 3895643 93.75 77.57
40 2 29149451 28423345 26149052 21360606 4788446 92.00 75.15
40 3 38484447 37477496 33408680 27256602 6152078 89.14 72.73

Table 3.1: Alignment statistics for Stellar RNA-Seq timeseries

Samples in Stellar timeseries show consistent alignment rate with an average of 89.99 %.
In every sample, majority of reads are uniquely mapped, with an average of 73.60 %.
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Timepoint
(Days)

Replicate Total Reads
(Raw)

Total Reads
(QC passed)

Mapped
Reads
(Total)

Mapped
Reads

(Unique)

Mapped
Reads

(Multi)

Alignment
Rate

(Total, %)

Alignment
Rate

(Unique, %)

14 1 29088022 27897273 25583153 24099747 1483406 91.70 86.39
14 2 28113626 26910158 24628289 23327684 1300605 91.52 86.69
14 3 29143760 27188491 24907004 23558444 1348560 91.61 86.65
21 1 28816758 27624035 25312574 23909766 1402808 91.63 86.55
21 2 29025505 27629407 25342085 24070885 1271200 91.72 87.12
21 3 34400390 32980128 30013865 28324762 1689103 91.01 85.88
22 1 32080073 31112362 27798546 26254399 1544147 89.35 84.39
22 2 26212390 25208164 22532362 21283801 1248561 89.39 84.43
22 3 29393360 27024586 24903455 23506869 1396586 92.15 86.98
28 1 33070956 31984101 29270737 27710522 1560215 91.52 86.64
28 2 33129847 31946712 28259389 26641333 1618056 88.46 83.39
28 3 27929090 26007458 23916788 22649543 1267245 91.96 87.09
35 1 30649665 29666122 27092814 25591679 1501135 91.33 86.27
35 2 32248865 30990176 27578385 25419504 2158881 88.99 82.02
35 3 25308905 23573540 21676941 20516806 1160135 91.95 87.03
42 1 30734708 29641959 27200527 25742116 1458411 91.76 86.84
42 2 28531932 27283456 24738225 23451098 1287127 90.67 85.95
42 3 30365866 28332979 25971772 24570151 1401621 91.67 86.72
43 1 31928008 30943833 28129984 26599705 1530279 90.91 85.96
43 2 32435585 31268231 28227875 26748477 1479398 90.28 85.55
43 3 29673339 27712760 25315800 23990479 1325321 91.35 86.57
44 1 29199045 28253568 26015920 24600419 1415501 92.08 87.07
44 2 28853179 27651679 25153458 23809685 1343773 90.97 86.11
44 3 30495075 28434393 26124353 24739848 1384505 91.88 87.01
45 1 30894186 29926563 27340435 25842840 1497595 91.36 86.35
45 2 32955158 31541393 28850701 27324648 1526053 91.47 86.63
45 3 28508077 26512504 24408144 23068291 1339853 92.06 87.01
46 1 26539306 25685541 23234577 21920074 1314503 90.46 85.34
46 2 29176090 27886901 25153426 23778029 1375397 90.20 85.27
46 3 30679980 28627216 26336814 24891047 1445767 92.00 86.95
47 1 29970992 29032463 26198828 24701889 1496939 90.24 85.08
47 2 27657857 26578286 23700782 22370736 1330046 89.17 84.17
47 3 30616638 28556301 26207885 24783939 1423946 91.78 86.79
48 1 28597461 27681949 25411134 24040700 1370434 91.80 86.85
48 2 31485319 29806178 27228160 25735433 1492727 91.35 86.34
48 3 32006349 29922957 27347500 25810830 1536670 91.39 86.26
49 1 27407943 26454157 24248082 22917575 1330507 91.66 86.63
49 2 32028586 30742737 27916630 26383301 1533329 90.81 85.82
49 3 29304806 27215277 25108385 23651732 1456653 92.26 86.91
50 1 28434393 27450312 25132533 23757674 1374859 91.56 86.55
50 2 31354056 29997949 27454904 25971424 1483480 91.52 86.58
50 3 32271589 31197519 27021341 25361830 1659511 86.61 81.29
51 1 30790378 29781969 27166546 25648793 1517753 91.22 86.12
51 2 29549960 28381763 25799253 24329650 1469603 90.90 85.72
51 3 33613132 31316736 28764374 27184063 1580311 91.85 86.80
52 1 27696028 25951320 23863478 22493976 1369502 91.95 86.68
52 2 26962046 25066060 22950750 21641821 1308929 91.56 86.34
52 3 25048637 23566957 21616755 20324936 1291819 91.72 86.24
53 1 31131400 28854059 26673889 25083148 1590741 92.44 86.93
55 1 29464384 28166854 25956339 24428436 1527903 92.15 86.73
55 2 28439600 26507046 24457825 23055147 1402678 92.27 86.98
55 3 25729035 23318243 21238502 19880148 1358354 91.08 85.26
59 1 25899547 24297331 22201414 20880705 1320709 91.37 85.94
59 2 26310042 24747388 22717900 21425940 1291960 91.80 86.58
59 3 31038946 29438724 27148577 25538293 1610284 92.22 86.75
63 1 28465340 27453957 25237685 23814645 1423040 91.93 86.74
63 2 37935025 36281692 33102666 31302369 1800297 91.24 86.28
63 3 33737794 32226702 29482717 27727418 1755299 91.49 86.04

Table 3.2: Alignment statistics for ZS11 RNA-Seq timeseries

Samples in ZS11 timeseries show consistent alignment rate with an average of 91.21 %.
In every sample, majority of reads are uniquely mapped, with an average of 86.10 %.
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Figure 3.8: Sense checking the timeseries samples based on gene expres-
sion values obtained after RNA-Seq analysis using PCA plots
For both (a) Stellar and (b) ZS11 timeseries, the gene expression values generated fol-
lowing the RNA-Seq analysis are able to resolve timepoints and the replicates seem
consistent. Replicate 2 from timepoint 48 in ZS11 timeseries clusters with timepoints
59 and 63, hence it was removed from further downstream analyses.
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Arabidopsis FLC. Using this new methodology, I am able to reproduce the results

corroborating a previous study by Calderwood et al. [91] where they observed

variations in expression of FLC orthologues under cold conditions. They also

performed detailed phylogenetic analysis using coding sequences and attribute

their expression differences to relaxed selection pressure on individual ortho-

logues. Reader is referred to their publication for further detail. For the pur-

poses of this study, this result shows that curve registration is able to highlight

these differences and in this case, agrees with already published research.

This approach, however, can be scaled to a much larger set of genes, and

Figure 3.10 shows that comparison of timeseries is only possible following curve

registration. The heatmaps show pairwise distances between timepoints of two

timeseries, along the x and y-axis. This comparison is for the set of Brassica

napus orthologues of 306 genes involved in flowering time in Arabidopsis. Due

to the ‘one-to-many’ mapping in Brassica napus, this results in a list of 1103

genes.

If two timeseries ‘progress’ similarly, the distances in expression levels of

orthologue pairs of genes would be minimum along the diagonal, shown by the

dark blue colour (Figure 3.10 (a)). Without using curve registration, Arabidopsis

and Brassica napus appear to have no such similarity in progression (Figure 3.10

(b)). For example, the timepoint when Stellar undergoes floral transition (day

40) would be expected to most similar to day 16 of Col-0 timeseries, as both

plants should have same set of orthologues being up and down regulated. This

similarity in developmental stages is however, not reflected in transcriptomic

data.

Using curve registration on these timeseries, with Stellar as the reference

and Col-0 as the query, similarities become clear, and a diagonal is visible on the

heatmap (Figure 3.10 (c)). This shows that indeed Brassica napus and Arabidop-

sis have similarities in developmental progression, however, the differences in

timescales obfuscate the comparison. Hence, curve registration enables a com-

parison of timeseries across different timescales.

3.4.3 Flowering time genes in Brassica napus exhibit more diver-
gence in their expression dynamics than the rest of the genome

Extending the curve registration analysis to all genes, and to the ZS11 timeseries

reveals that, for both cultivars, majority of genes show similar dynamics to their
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Figure 3.9: Curve registration highlights the divergence in expression dy-
namics among FLC paralogues in Brassica napus cultivar Stellar
Brassia napus Darmor v10 reference genome contains 10 orthologues for the Arabidop-
sis FLC. Only 3 orthologues, A03p04430.1, C03p04920.1 and C03p19690.1 show dy-
namics similar to the Arabidopsis FLC and are hence ‘registered’. The plot titles show
the differences in the calculated BIC values, and the corresponding stretch and shift
factors. The ‘non-registered’ orthologues have clearly different dynamics to the Ara-
bidopsis FLC. For instance, C02p04280.1 and C09p67380.1 increase in expression as
the plant approaches floral transition, which is exactly opposite to the dynamics of the
Arabidopsis FLC orthologue.
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Figure 3.10: Curve registration facilitates comparison of RNA-Seq time-
courses across timescales
The heatmaps show pairwise distance between gene expression at all timepoints be-
tween the Stellar and Col-0 timeseries for flowering time genes. (a) A comparison of
pairwise distances two timeseries with similar progression will result in a plot with min-
imum distances along the diagonal, represented by dark blue colours while timepoints
further away would be maximally distant, shown by green-yellow colours. (b) Pair-
wise distances with just normalised expression data (scaled to be between 0 and 1)
between Stellar and Col-0 timeseries. This comparison does not show any similarity in
progression between the two timecourses. (c) Using greatR to register the Col-0 time-
series against the reference Stellar, reveals a diagonal, showing that there are similarities
between the two timeseries.
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Figure 3.11: Significantly lower proportion of B.napus flowering time genes
are registered to their Arabidopsis orthologues
The bars show the proportion of Brassica napus genes registered to their corresponding
Arabidopsis orthologue. For the set of flowering genes, this proportion is significantly
lower than the rest of the genome. p-values were calculated using the proportions z-test
from statsmodels Python package [182].

Arabidopsis orthologues (Figure 3.11). 60,438 genes out of 72,239 expressed

genes in Stellar and 55,332 genes out of 71,382 expressed genes in ZS11 were

registered to their corresponding Arabidopsis orthologue. A gene in considered

expressed if the standard deviation of its expression values is greater than 0, as

per the default filtering criteria used by greatR. This shows that a lot of genes

have conserved dynamics, hence could be performing similar functions during

Brassica napus development as their orthologues in Arabidopsis. The propor-

tion is slightly lower in ZS11, which could be because the plants underwent

vernalisation before floral transition, while the Col-0 timeseries did not. This

environmental variation could lead to changes in gene expression that would

have not occured in Col-0 in absence of that treatment.

For both cultivars however, the subset of flowering time genes, show a drop

in the proportion of genes registered. Only 887 out of the 1103 expressed or-

thologues to Arabidopsis flowering genes in Stellar and 789 out of 1100 in ZS11

were registered. While this drop in proportion is statistically significant based

on proportions z-test, I performed bootstrapping analysis to demonstrate that

this drop is not reproducible just by sampling a random set of genes from the

genome. Shown in Figure 3.12, samples of size equal to the number of flower-

ing time orthologues expressed in both timecourses, (1,103 and 1,100 for Stellar

and ZS11 respectively) were randomly sampled with replacement from the set

of all genes 10,000 times. The proportion of flowering genes registered does

not fall within the distributions obtained from this analysis, demonstrating that

it is not possible to reproduce the proportion figures by randomly sampling a set

of genes. This shows that the set of orthologues of flowering time genes have

indeed a higher degree of divergence than rest of the genome.
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Figure 3.12: It is not possible to reproduce the lower proportion of regis-
tration observed in the set of orthologues of flowering time genes through
random sampling
These results are from a bootstrapping experiment conducted in which samples of genes
of sizes 1103 and 1100 for (a) Stellar and (b) ZS11 timeseries were sampled with re-
placement from a set of all genes for 10,000 iterations. The sample sizes are equal to
the number of flowering genes that were expressed in both cultivars, based on filtering
criteria of standard deviation > 0 used by greatR. The red bar shows the proportion of
flowering time orthologues registered, represented on the x-axis. The plots show that
the red line falls outside the distributions obtained following sampling, showing that it
is unlikely that the lower proportion of registration to Arabidopsis orthologues observed
in the set flowering time genes is by random chance.
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3.4.4 Preferential retention is coupled with a higher divergence in
expression dynamics of flowering time gene orthologues in
Brassica napus

It has been shown that flowering time genes have been preferentially retained

in higher number of paralogues in Brassica napus genome following duplica-

tions [90]. Since, this higher number could theoretically ease selection pressure

on individual paralogues of a gene — it increases the chances of paralogues

diverging in their regulation, and subsequently, function. As alluded to in the

FLOWERING LOCUS C (FLC) example earlier in Figure 3.9. Hence, I postulated

that retention in higher paralogue number is possibly correlated with higher

divergence in expression dynamics observed in this set of orthologues.

Figure 3.13 shows that it could be indeed true. The heatmaps show the dis-

tribution of the proportion of paralogues of a particular gene in Brassica napus

registered to their Arabidopsis orthologue on the x-axis against the number of or-

thologues on the y-axis. For example, in Stellar, for Arabidopsis genes with only

one orthologue within the Brassica napus genome, 91 % of Arabidopsis genes

have their orthologue registered to them while 9 % do not (Figure 3.13, Stellar

(All genes), column 1). Similarly, in ZS11, 72 % of Arabidopsis genes with two

orthologues have all their orthologues registered to them while 15 % have half

of their orthologues registered, while 13 % have none of their orthologues regis-

tered (Figure 3.13, ZS11 (All genes), column 2). The numbers in the heatmaps

show proportions out of 1 and Darker colours show higher proportion.

It is clearly visible that majority of Arabidopsis genes have all of their or-

thologues in Brassica napus registered, and this proportion drops as the number

of orthologues increases, as denoted by the darker colours visible in the first

row of all heatmaps. Notably, this trend starts to diverge in the Stellar (Flower-

ing genes) and ZS11 (Flowering genes) heatmaps as the number of orthologues

increases, indicated by darker colours beyond the first row in both heatmaps,

compared to the Stellar (All genes) and Z11 (All genes) heatmaps.

Focussing just on the first row, Figure 3.14 (a) shows this drop clearly. For

both cultivars, for both all genes and flowering time orthologues, as copy num-

ber increases, the proportion of Arabidopsis genes with all of their orthologues

registered to them decreases. In agreement with previously published research,

I also observed that flowering genes are expressed in higher copy numbers com-

pared to the set of all genes, indicating that they are preferentially retained (Fig-
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Figure 3.13: Majority of genes have all the paralogues in Brassica napus
registered to their Arabidopsis orthologues
The heatmaps show the proportion of orthologues of Arabidopsis genes registered in
Brassica napus registered to them (on y-axis) against the number of orthologues (on x-
axis). It shows that for both Stellar and ZS11 in both whole genome and flowering time
genes majority of genes have all of their orthologues in Brassica napus registered, indi-
cated by dark blue colours on the top row of all heatmaps. The numbers in the heatmaps
show the proportions. Flowering time genes show a greater drop in these proportions
as number of orthologues increases than rest of the genome in both cultivars, indicated
by darker blue colours beyond the first row.
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Figure 3.14: Orthologues of flowering time genes show higher dergree of
divergence in their expression dynamics as they are expressed in higher
copy number in Brassica napus
(a) The bars show the proportion of set of orthologues with all the paralogues having
similar dynamics, and hence marked as registered, to their Arabidopsis orthologue. As
the number of orthologous copies in Brassica napus increases, the proportion of genes
with all copies registered decreases. This is true for both the whole genome and flow-
ering time genes for both cultivars. (b) However, flowering time genes are expressed in
higher copy number than the set of all genes in Brassica napus. All genes are expressed
with two as the most common number of paralogues, while this distribution is skewed
towards higher number of paralogues for flowering time genes, evident by four as the
most common expressed number of paralogues.

ure 3.14 (b)). For all genes, in both cultivars, two is the most common number

of paralogues, while for the set of flowering time genes, this is four.

Hence, on a whole genome level, as the number of retained paralogues in-

creases, the propensity for divergence increases and since flowering time genes

are preferentially retained and expressed in higher number of paralogues, I ob-

served that divergence shown in Figures 3.11 and 3.12.

3.4.5 Higher proportion of flowering time gene orthologues being
transcription factors does not explain their divergence in ex-
pression dynamics

It has been hypothesised that one reason behind preferential retention is the

fact that a large percentage of flowering time genes act as transcription factors,
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Figure 3.15: Higher proportion of flowering time genes being transcription
factors does not explain their lower proportion of gene registrations
Samples of genes of sizes 1103 and 1100 for (a) Stellar and (b) ZS11 timeseries were
sampled with replacement from a set of orthologues of Arabidopsis transcription factors
in Brassica napus for 10,000 iterations. The distribution of proportion of registered
genes thus obtained is shown in green, over the distribution generated by the same
bootstrapping technique but from the set of whole genome. For both cultivars, the
distributions sampled from set of transcription factors and all genes have large overlaps,
however, the proportion of genes registered for flowering time genes is significantly than
both.

hence are critical for multiple regulatory interactions [49] [90]. This could cause

selection pressure on maintenance of stoichiometric balance on their gene prod-

ucts, favouring retention of paralogues and creating conditions ripe for increased

divergence.

I observed that indeed a higher proportion of flowering time gene ortho-

logues in Brassia napus are actually orthologues of Arabidopsis transcription

factors. 32.27 % of all expressed flowering time genes in both Stellar and ZS11

are orthologues of Arabidopsis transcription factors, compared to just 7.6% for

the whole of the Brassica napus genome. In order to test the hypotheses that

flowering time genes being transcription factors correlates with higher degree

of divergence, I performed a bootstrapping experiment.

Similar to analyses presented in Figure 3.12, I sampled sets of 1103 and

1100 genes out of all expressed transcription factors in Stellar and ZS11 respec-

tively and calculated the proportion of genes registered. The results, shown in

Figure 3.15, show that the distributions thus obtained have a high degree of

overlap with the previous distributions generated from sampling from all genes
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for both cultivars. This shows that even when sampling from a smaller set of

genes that are orthologues of transcription factors, flowering time gene ortho-

logues have a higher degree of divergence and there appears to be no correlation

between the two facts.

3.5 Conclusion

These sets of results expand on our current knowledge of flowering time gene

orthologues in Brassica napus genome. Previous research had shown that or-

thologues of Arabidopsis flowering time genes are preferentially retained within

Brassica napus.

Here, I have analysed a detailed gene expression timecourse for this crop. I

show that curve registration can be used to compare dynamics of orthologues

genes between species developing on different timescales. This comparison,

between the model plant Arabidopsis and Brassica napus highlights that while

majority of genes have conserved expression dynamics between them, flowering

time genes show significantly higher divergence than rest of the genome. Sta-

tistical testing as well as bootstrapping experiments show that this divergence

is significant. I show that as the number of retained paralogues increases, the

propensity for divergence increases and since flowering time genes are present

in higher paralogue numbers, preferential retention appears correlated with this

higher divergence. Flowering time genes are also more likely to be transcription

factors, however, this does not apprear to be the likely reason for this divergence

in expression dynamics.

It is however, at this moment, unknown if this preferential retention of genes

and higher divergence in their dynamics has any effect on regulatory interac-

tions that from the gene regulatory network that controls flowering time within

Brassica napus. This question is explored in the next chapter.



Chapter 4

On gene regulatory networks controlling
flowering time in Brassica napus

4.1 Abstract

Research in Arabidopsis has shown that the timing of flowering in plants is reg-

ulated by a complex network of genes and transcription factors that respond

to environmental cues. Brassica napus contains multiple orthologues of these

genes, which have been shown to be preferentially retained in the genome. Pre-

viously, I showed that this preferential retention is coupled with a higher degree

of divergence in expression dynamics among these retained genes compared to

the rest of the genome. Here, I investigate the effects of these divergences on

regulatory interactions between orthologues of flowering time genes. I show

that the gene regulatory network retains the general structure observed in Ara-

bidopsis, with nodes representing orthologues of floral integrator genes occupy-

ing central positions in the network. However, short-day, cold treatment likely

induces changes this structure, leading to a network of locally clustered nodes.

I also observe major differences in expression dynamics among orthologues of

floral integrator SOC1, which is unique among orthologues of floral integrators.
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4.2 Gene regulatory networks and how to infer them

The regulatory control of flowering time is a complex process controlled by mul-

tiple genes and transcription factors acting synergistically in response to external

environmental factors [49]. As outlined in Chapter 1, research into the regula-

tion of flowering time began as hypothesised individual factors which were later

identified as gene products with the advent of modern biology. It was soon un-

covered that these genes regulate each other and form a network, where some

genes are directly affected by the external environment, while others are present

downstream of these genes, regulated indirectly by transcription factors rather

than directly by environmental cues.

It is now known that the flowering time gene regulatory network in Ara-

bidopsis consists of multiple genes, constituting different pathways that con-

verge on a few downstream regulators known as ‘floral integrator’ genes. These

floral integrator genes turn on the meristem identity genes, which initiate the

transition of the shoot apical meristem from a vegetative state to flowering (Fig-

ure 1.1) [49] [5].

The Brassica napus genome contains multiple orthologues for each Arabidop-

sis gene involved in the regulation of flowering time and flowering time genes

have been preferentially retained in the genome through evolution [90]. I have

shown that coupled with this preferential retention, flowering time genes in

Brassica napus have diverged in their expression dynamics from their Arabidop-

sis orthologues at a higher proportion than rest of the genome (Chapter 3; Fig-

ures 3.11, 3.12). Given that genes are present in higher paralogue number,

the dosage balance hypotheses implies that it likely relaxes selection pressure

on individual paralogues [170]. Hence, it can be hypothesised that the net-

work of interactions between these flowering time gene orthologues, despite

the differences in expression dynamics, could still be similar to the one known

in Arabidopsis, i.e. a tightly-knit network converging on orthologues of floral

integrator genes, due to orthologues being preferentially retained.

This chapter presents network analyses of orthologues of flowering time

genes based on their expression dynamics in Brassica napus. The following sec-

tion briefly introduces methods to infer putative regulatory interactions between

genes.
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Figure 4.1: Network inference involves reverse engineering the gene regu-
latory network from expression data
In the gene regulatory network shown, X is a transcription factor that controls the ex-
pression dynamics for two genes Y and Z. As shown by two different arrowheads, X
promotes Y and suppresses Z. This network structure is reflected in the dynamics of
timeseries gene expression values for the three gene constituting this network, with ex-
pression of Y and Z increasing and decreasing respectively as expression of X increases.

4.2.1 Gene regulatory networks from transcriptomic timeseries

The regulation of expression by transcription factors includes control over the

transcription of the gene into mRNA and translation of mRNA into protein via

gene regulatory networks. Transcription factors bind to specific DNA motifs, of-

ten upstream of the target genes to influence the expression, by either promoting

(or up-regulating) the gene’s expression or by suppressing (or down-regulating)

the transcription of the gene. As a result, the dynamics in transcriptome mea-

surements gathered over time using RNASeq are an output of these gene regu-

latory networks (Figure 4.1). Network inference aims to reverse engineer the

topologies of the networks from these outputs [183]. This allows us to disen-

tangle suspected regulatory relationships among genes, including identification

of highly connected genes, or ‘hubs’.

There are multiple mathematical frameworks to perform this reverse engi-

neering. A set of ordinary differential equations, for example, can be used to

represent a deterministic model relating the change in mRNA concentrations

of one gene to another gene in the system. This framework has been used to

create a model that relates temperature data to flowering in Arabidopsis [184].
In the GRN, temperature, as the environmental cue, influences the expression

of VERNALISATION INSENSITIVE 3 (VIN3) gene which represses expression of

FLOWERING LOCUS C (FLC). Repression of FLC promotes expression of FLOW-
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ERING LOCUS T (FT), which after reaching a defined threshold concentration

triggers bolting in plants. This network, while a clear simplification of the real

regulatory network, provides a mechanistic understanding of how temperature

affects flowering time, and by changing a few parameters is able to simulate

annual, biennial and perennial behaviour. While ordinary differential equations

provide a deterministic and mechanistic model of the regulatory process, the

disadvantage is that it is not a feasible strategy for creating networks from a

large set of genes or systems that are not well characterised.

Data driven approaches are more suitable for systems with a large number of

uncharacterised genes. Sometimes referred to as ‘Non-parametric approaches’,

they can be used to learn non-linear interactions between genes from the in-

put data to infer gene regulatory networks in systems with a large number of

genes and little prior knowledge [185]. This class of methods, however, has its

own limitations. Unlike a system of ordinary differential equations, they do not

provide mechanistic insights into the system being studied. Furthermore, the in-

ference of regulatory networks from expression data is a hard problem to solve,

as a review published in 2023 remarked, that GRN inference for large scale data

often struggles to reach high performance in real-world studies [186].

Even using noise-free datasets with multiple replicates, network inference

is still a challenging problem to solve as there can be multiple network struc-

tures that can produce the same output. As illustrated in Figure 4.2, Network

structures A, B and C are some of the possible structures that can produce the

timeseries output for the three genes X, Y and Z. Just based on timeseries data

output, a network inference technique cannot meaningfully disentangle the true

network structure within a biological system. This example assumes a three

gene system in isolation, the possibilities become infinitely large in real biologi-

cal datasets, even more so in polyploid systems, for researchers audacious enough

to study them.

However, when used in conjunction with other data, they are still a practically

useful [183] tool to analyse large transcriptomic timeseries datasets. Networks

are useful to identify the overall regulatory structures between two datasets or

conditions, investigate groups of genes that cluster together and can provide in-

sights into regulatory divergences that can, and should, be further investigated.

With these limitations in mind, I conducted network inference using two

frameworks in this class of network inference methods, a Gaussian process re-
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Figure 4.2: Network inference is a hard problem to solve even with perfect,
noise-free data
The output expression of genes X, Y and Z can be produced by all three networks A, B
and C. It is not possible, just based on transcriptomic data, to determine which network
structure resembles the true regulatory framework within the biological system under
investigation.
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gression based and a Random Forest regression based method. Introduced in the

following sections, these are two network inference approaches that are based

on different mathematical frameworks. While these two approaches have been

compared with other techniques using similar mathematical frameworks, there

exists no direct comparison between these two techniques. Hence, I performed

a comparison between the two techniques to select the better performing one

on my data.

4.2.2 Gaussian process regression based network inference

In 2009, Äjiö and Lähdesmäki proposed a non-parametic method to infer regu-

latory functions from transcriptomic data [187]. The method employs Gaussian

process regression [188] to infer these regulatory functions. The advantages

of this framework are that the method makes minimal assumptions about the

data and employs non-parametric modelling to infer GRNs from timeseries and

steady-state data. The use of Gaussian processes also allows for quantification

of uncertainty, by assuming normally distributed noise and learning its charac-

teristics from the data.

If the set of parents XG for a gene G are known a priori, the task becomes to

infer a non-linear function f (.) between a matrix of input expression values for

the set of parents, XG(t − 1) at timepoint t − 1 and an output expression value

G(t) at the next timepoint t. Mathematically,

G(t) = f (XG(t − 1)) + ε (4.1)

where ε is Gaussian noise. This regression task can be achieved by assigning

a Gaussian process prior for the non-linear function f (.),

f (x)∼ GP(m(x), k(x , x ′)) (4.2)

where m(x) is the mean function and k(x , x ′) is the covariance matrix. Gaus-

sian processes provide a non-parametic prior distribution over functions and

are generalisations of multinomial Gaussian distributions. For scaled expression

data, the mean function m(x) is zero.

The covariance matrix is based on covariance functions [189]. Äjiö and

Lähdesmäki used the Matérn 3/2 covariance function,



Gene regulatory networks and how to infer them 63

k(x , x ′) = σ(1+
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where, u = x − x ′, P = diag (l2), l is a length-scale parameter and σ is an

additional variance parameter. If Θ j represents the learnable parameters of the

Gaussian process model MG, for a parental set j, for gene G, marginal likelihood

maximisation,

Θ j|MG = argΘmax(p(XG|G,Θ)),∀ j (4.4)

can be achieved using optimisation. This calculation requires a separate

Gaussian process model for each possible set of parents for gene G, which scales

super-exponentially with the number of possible parents. By limiting the maxi-

mum number of parents, the scaling becomes polynomial [185].

Other algorithms based on this framework exist. For example, Causal Struc-

ture Inference [190] uses the same framework, however, it differs in its use of a

squared exponential covariance function and instead of separately maximising

Θ j for each model, it uses an Expectation-maximisation approach to infer the

parameter sets jointly.

4.2.3 Random Forest based network inference

Random Forest [191] is an alternative to Gaussian process for regression and

many network inference methods are based on it. OutPredict [192] is among

the latest methods in this class. It uses expression values from all transcription

factors (TFs) as feature data to learn a model, based on Random forest, to predict

the expression of the target gene, G. All expression values except the last one

are used as the training data. It can incorporate both timeseries and steady-state

data, and can also incorporate prior information, if available.

Following model training, it calculates the mean-squared error (MSE) be-

tween the model’s prediction of the last timepoint and the actual value for all

genes in the data. The method then compares it to the MSE value based on a

naïve pen-ultimate prediction, where the last timepoint of the training data (i.e.

second to last timepoint in the timeseries) is used as the prediction for the test

timepoint (the last timepoint in the timeseries). A lower model MSE compared

to penultimate approach MSE shows that the trained model can predict better

than a naïve penultimate prediction approach.
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A trained OutPredict model is then used to calculate an importance score,

which is a product of the reduction of variance Random Forest importance mea-

sure and weight given by priors, if prior information was provided. The weight

is set to 1 otherwise. For each decision node d,

I(d) = [Snumσy(S)− Slnum
σy(Sl)− Srnum

σy(Sr)]wX i ,G (4.5)

where S is the subset of samples that are below decision node d in the tree,

Sl and Sr are subsets of samples on left and right branches on the node. σy is

the variance of the target gene in a given subset while Snum, Slnum
and Srnum

are

the number of training samples in each subset. wX i ,G is the prior weight from a

given feature (TF) to a target gene G. As models for each gene are independent,

OutPredict runs these calculations in parallel.

For the final importance score, si for the TF X i, which can be used as an edge

weight in the network is given by,

si =
1
T

∑

Di

I(d) (4.6)

where T is the number of trees and Di is the set of nodes that branch based

on X i.

A python implementation of OutPredict was available, while I implemented

the Gaussian process regression method. The following section details the meth-

ods before presenting the results.

4.3 Methods

4.3.1 Creating a list of transcription factors

To create a high confidence list of transcription factors (TFs) in Brassica napus

Darmor v10 reference genome [176], protein sequences of orthologues of known

Arabidopsis TFs were used as input for the DeepTFactor tool [193]. DeepTF uses

a pre-trained machine learning model to classify protein sequences as ‘TF’ and

‘non-TF’. If an orthologue of an Arabidopsis TF was also predicted to be a TF by

DeepTFactor, it was included in the high confidence list. 549 transcription fac-

tors were identified and used for network inference. The list of Arabidopsis tran-

scription factors was obtained from PlantTFDB [181] (https://planttfdb.gao-
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lab.org/). Orthologue mapping was done using the reciprocal BLAST method

described in Chapter 3 (Algorithm 1) and orthologues of flowering time genes

were also identified as described in Chapter 3.

4.3.2 Network inference

The Gaussian process regression based network inference algorithm was im-

plemented using GPflow (version 2.5.2) [194], based on TensorFlow (version

2.11.1) [195]. For inference, the gene expression values were scaled to be be-

tween 0 and 1, and BFGS optimiser from SciPy (version 1.11.1) [196] was used.

The available OutPredict implementation was used for network inference for

Arabidopsis and Brassica napus timeseries datasets, as introduced in Chapter 3

(summarised in Figure 3.2). Default parameters were used for all inferred net-

works.

4.3.3 Thresholds used for filtering data

The input expression data for OutPredict requires filtering for low expressed

genes. So, only genes with an average expression value across timeseries greater

than 0.001 TPM and at least 30 % of the timepoints with expression > 0 TPM

were selected for network inference. Out of 1,232 orthologues of flowering

time genes in Brassica napus Darmor v10 genome reference, 980 and 976 genes

passed this criteria in Steller and ZS11 timeseries respectively and were used as

input for network inference.

The inferred networks were filtered to remove the likely false positive edges.

A cutoff of 0.001 importance score was applied and self-loops removed. The in-

ferred networks following this filtration had 16,791 and 20,314 edges for Stellar

and ZS11 timeseries respectively (980 and 976 nodes respectively). These net-

works were still too large for visualisation and likely still contain a lot of false

positive edges. To create ‘high confidence’ networks, top 500 edges based on

importance scores, were selected. These networks had 304 and 377 nodes rep-

resenting individual genes for Stellar and ZS11 respectively and were used for

visualisations presented in results.
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4.3.4 Visualisation of networks

Networkx (version 3.1) [197] was used to visualise the networks, with node

positions decided using spring layout method. Seed was set to 123 for repro-

ducibility. Node sizes were determined by degree centrality (number of edges

connected to the node) of each node.

4.3.5 Average clustering coefficient analyses

Networkx (version 3.1) was used for calculation of average clustering coefficient.

Higher clustering coefficient value for a network indicates structure with a single

tight cluster of nodes, while a lower value either means a sparsly connected

network, with possible tighter local connections instead.

For an unweighted and undirected graph, for a node u, clustering coefficient

C , is defined as,

C =
T (u)

deg(u)(deg(u)− 1)
(4.7)

where T (u) is the number of triangles through node u and deg(u) is the

degree (number of edges connected to the node) of the node u. The mean value

for the whole network is the average clustering coefficient.

4.3.6 Identification of communities

Detection of ‘k’ communities in a network was done using the fluid communities

algorithm [198]. A community refers to a cluster of nodes within a network. The

seed value was set to 246 for reproducibility. The value of ‘k’ was determined

using maximum modularity criteria [199]. For a network, the modularity Q is

defined as,

Q =
n
∑

c=1

�

Lc

m
− γ
�

kc

2m

�2�

(4.8)

where the sum iterates over the number of communities, m is the of the

edges, Lc is the number of intracommunity edges for community c, kc is the sum

of degree of nodes in community c, and γ is the resolution parameter, set to 1

by default.
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4.3.7 Rank-Biased Overlap analysis

Rank-Biased Overlap (RBO) is a method to compare two ranked lists [200]. I

wrote a python implementation of the algorithm and used it for comparison of

ranked lists of regulators, based on OutPredict importance scores, for individual

genes in the inferred networks.

For two lists, RBO is defined as,

RBO(L, S, p) =
(1− p)

p

�

l
∑

d=1

Xd

d
pd +

l
∑

d=s+1

X s(d − s)
sd

pd

�

+
�

X l − X s

l
+

X s

s

�

pl

(4.9)

where L is the longer list and S is the shorter list with lengths l and s respec-

tively. Xd is the intersection of the two lists upto depth d. p ∈ (0, 1) determines

the contribution of d ranks to the RBO measure. Higher p, more top weighted

the calculated RBO value is. For calculations in this chapter, p was set to 0.9.

4.4 Results and Discussion

4.4.1 OutPredict outperforms on Arabidopsis data

Evaluation of performance of Gene regulatory network techniques is often done

on simulated datasets [185] [183] [186], however, those datasets are simplified

models of the real-world data, often better than available biological datasets and

the performance of a network inference method might not generalise to other

datasets [201]. Additionally, since the two network inference methods that I

selected are based on two different mathematical frameworks, I did not find

any direct comparisons between Gaussian processes regression (GPR) network

inference technique and OutPredict.

Hence, I decided to use the Arabidopsis timeseries data, as described in Fig-

ure 3.2, to evaluate the performance of the two techniques. This dataset is

similar to the Brassica napus datasets with a key advantage that experimen-

tally verified regulators for a number of flowering genes are known. I selected

AT2G45660 (SOC1) gene and evaluated the methods on the ranking of known

regulators relative to all other flowering time genes. The list of 49 known regu-

lators was obtained from FLOR-ID database [50].
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Figure 4.3: OutPredict ranks known regulators higher than other genes
compared to Gaussian process regression (GPR)
(a) Pairwise comparison of ranks by OutPredict and GPR for each gene, shown as yellow
dots in the plot, with known regulators highlighted in red. If the final rankings were
in agreement, the scatter plot would have been along the diagonal, but the dispersion
shows that the outputs from two frameworks have little agreement. (b) OutPredict ranks
known regulators higher than other genes compared to GPR and at any cut-off rank
would include higher number of known regulators in the resultant set, shown by blue
line being higher than the red one at every value on the x-axis.

Figure 4.3 (a) shows the comparison of ranks of all genes, with known regu-

lators highlighted in red. The scatter plot shows that both techniques have little

agreement in their rankings of putative regulators. Regulators that are ranked

highly by GPR can be ranked very low by Outpredict and vice versa. This is true

for known regulators as well. These observations are broadly in line with other

comparisons and illustrative of the differences in the frameworks for network

inference and the difficult nature of this reverse engineering problem. However,

as shown in Figure 4.3 (b), OutPredict ranks the known regulators higher than

other genes compared to GPR. The top ranked gene by GPR is a known regu-

lator, however, if any cutoff is introduced, the resultant set of regulators from

OutPredict ranking would contain a higher number of known regulators com-

pared to GPR. For instance, the top 100 genes ranked by GPR included 10 known

regulators while it was marginally higher at 14 for OutPredict.

Even more importantly, however, OutPredict completes its network inference

much faster than GPR for the same amount of data. This limits the use of GPR to

infer regulators of a small number of target genes while OutPredict can handle

much larger number of genes and infer a network of interactions between —

which is ideal for a set of orthologues of flowering time genes. Due to these
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two advantages, I selected OutPredict to perform network inference on Brassica

napus datasets.

4.4.2 Network inference in Stellar highlights similarities between
Arabidopsis and Brassica napus

Stellar, is a spring type Brassica napus cultivar, described in Chapter 3, Figure 3.2.

A set of 980 orthologues of Arabidopsis flowering time genes were used to infer

a network of interactions between them. The resultant network of 16,791 edges

was filtered to keep top 500 edges based on importance scores. Figure 4.4 shows

the largest interconnected component from this network. The sizes of the nodes

are proportional to their degree centrality. This means that more important

nodes i.e. nodes with more edges with other nodes are larger. The figure also

labels ten nodes with the highest degree centrality, along with the pathways

their Arabidopsis orthologues are known to be involved in. Table 4.1 shows top

25 nodes within the Stellar network, along with their Arabidopsis orthologue

and pathways the orthologue is involved in. The information about each node’s

constituent pathway is from the FLORID database [50].

It is clear from the structure of the network that it converges on a few key

nodes, visualised in the centre with the highest degree centrality. Orthologues of

genes from SQUAMOSA PROMOTER BINDING PROTEIN-LIKE (SPL) family, SPL3

and SPL5 are among the key nodes. In Arabidopsis, these genes have been shown

to be up-regulated during photoperiod induced flowering [202] and are regu-

lated by microRNAs, specifically miRNA-156, which is involved in the ageing

pathway [203] [204]. These genes have also been shown to be part of a module

with SUPRESSOR OF OVEREXPRESSION OF CONSTANS 1 (SOC1) that incorpo-

rates signals from gibberellic acid, the endogenous hormonal pathway [205].
These genes encode a transcription factor that regulates floral integrator genes,

APETALA 1 (AP1), LEAFY (LFY) and AGAMOUS-LIKE 8 (AGL8) [206]. AGL8 is

also known as FRUITFUL (FUL). These three genes, along with SOC1 and FLOW-

ERING LOCUS T (FT) are termed as floral integrators within this chapter. The

SPL genes are present alongside orthologues of floral integrators SOC1, AP1 and

AGL8 in the network as the most important nodes in the network.

This shows that the flowering time network in Brassica napus maintains a

similar overall structure to the Arabidopsis network. Floral integrator genes, or

genes directly regulating them are identified as nodes with high degree central-
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Figure 4.4: Gene regulatory network of flowering time genes in Brassica
napus cv. Stellar
The largest interconnected component from the filtered network inferred from Stellar
timeseries data. Each node is a gene, with its size proportional to its degree centrality.
Top ten nodes by degree centrality are labelled alongwith their Arabidopsis orthologue
and the pathways they are known to be involved in. It shows that the network is similar
in structure to Arabidopsis where floral integrators constitute the important downstream
nodes.
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Brassica napus gene Centrality rank Arabidopsis id Symbol Pathway (s)

A05p11760.1 1 AT2G33810 SPL3 Aging, Photoperiod, Sugar, Hormone
A05p34220.1 2 AT3G15270 SPL5 Aging, Photoperiod, Sugar, Hormone
C05p51970.1 3 AT3G15270 SPL5 Aging, Photoperiod, Sugar, Hormone
A07p35480.1 4 AT1G69120 AP1 Floral integrator
A05p05620.1 5 AT2G45660 SOC1 Floral integrator
A07p31710.1 6 AT1G69120 AP1 Floral integrator
A10p00850.1 7 AT1G01060 LHY Circadian clock
C08p32790.1 8 AT3G57390 AGL18 Photoperiod
C04p06570.1 9 AT2G45660 SOC1 Floral integrator
A04p26040.1 10 AT2G33810 SPL3 Aging, Photoperiod, Sugar, Hormone
C07p44700.1 11 AT5G60910 AGL8 Floral integrator
A03p18910.1 12 AT2G33810 SPL3 Aging, Photoperiod, Sugar, Hormone
C06p40760.1 13 AT1G69120 AP1 Floral integrator
A09p47980.1 14 AT3G54990 SMZ Aging, Hormone, Photoperiod, Vernalisation
A05p10920.1 15 AT2G34720 NF-YA4 Photoperiod, Hormone
A01p38590.1 16 AT3G15270 SPL5 Aging, Photoperiod, Sugar, Hormone
C01p05690.1 17 AT4G32980 ATH1 Photoperiod
C05p00880.1 18 AT1G01060 LHY Circadian clock
C04p01110.1 19 AT2G46830 CCA1 Circadian clock
A01p35910.1 20 AT3G18550 BRC1 Photoperiod, Meristem identity
A05p18570.1 21 AT1G53160 SPL4 Aging, Photoperiod, Sugar, Hormone
C09p52620.1 22 AT5G60120 TOE2 Aging, Photoperiod, Temperature
A10p17270.1 23 AT5G60120 TOE2 Aging, Photoperiod, Temperature
C09p04070.1 24 AT3G28910 ATMYB30 Autonomous
C04p63380.1 25 AT2G33810 SPL3 Aging, Photoperiod, Sugar, Hormone

Table 4.1: Top 25 nodes by degree centrality in the network inferred from
Stellar timeseries

ity. Only two orthologues of genes, LATE ELONGATED HYPOCOTYL (LHY) and

AGAMOUS-LIKE (AGL18), which are involved in circadian clock [207] and pho-

toperiod pathway [208] respectively, are present in top nodes but have not been

shown to integrate signals from multiple pathways in Arabidopsis. This is also

true if the set is expanded to the top 25 genes (Table 4.1).

Figure 4.5 shows that this is true for all nodes in the network. The red line

in the plot shows that genes that are orthologues of Arabidopsis genes involved

in multiple pathways are few in number, however, these few nodes have high

degree centrality. This again highlights that the network converges on a few key

genes. The only gene that is involved in nine different pathways is FLOWERING

LOCUS T (FT). FT, introduced in Chapter 1, is the florigen gene that is expressed

in leaves before its translated protein is transported to the shoot apical meristem.

Hence, the expression of its orthologues is not detected in RNASeq timeseries of

the shoot apical meristem and the nodes are not present as important nodes in

this network.

Hence, flowering time gene network, on a high level, appears conserved

between Arabidopsis and Brassica napus as stipulated by the gene dosage hy-

potheses, however, individual genes can still have diverged regulation. This is

explored in sections that follow.
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Figure 4.5: Orthologues of genes involved in mutliple pathways have higher
degree centrality
The line shown in blue (left y-axis) shows that average degree centrality of nodes in-
creases as the number of pathways that an orthologue of the gene in Arabidopsis is
involved in increases. This highlights the overall similarities in the network of flower-
ing time genes in Brassica napus and Arabidopsis. The red line shows that this increase
happens even if the number of genes decreases, indicating the convergent nature of
the network on few key regulators. The only gene that is involved in nine pathways in
FLOWERING LOCUS T (FT), whose orthologues are not expressed in shoot apical meris-
tem (FT protein is transported to shoot), hence are not inferred as important nodes in
the network.
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4.4.3 Short-day, cold treatment likely induces changes in the net-
work structure in Brassica napus

Zhongshuang 11 (ZS11) is a semi-winter type Brassica napus cultivar. It was

given a 3 weeks long short-day, cold temperature treatment for the plants to

undergo vernalisation before floral transition, as shown in Figure 3.2. The effect

of this treatment is possibly visible in the inferred network from this timeseries,

shown in Figure 4.6, as unlike the inferred network from Stellar timeseries, this

network does not seem to converge on a few key genes in the centre. This is

evident from the lack of any nodes in the centre of the visualised network. If

the network inference is performed using data from timepoints after the plants

had finished vernalising, the inferred network returns to a structure similar to

the one observed in the network inferred from Stellar timeseries, as shown in

Figure 4.7. This shows that data from timeperiod when plants were subjected to

cold, short day conditions for vernalisation is causing the observed differences

in the inferred network structures between these two cultivars.

There are differences in genes that are identified as top nodes based on de-

gree centrality in the network. Unlike the inferred network from Stellar time-

series, network in Figure 4.6 only has two orthologues of a floral integrator,

SOC1 among nodes with high centrality, in contrast to the network in Figure 4.4,

where majority of nodes were either floral integrators or genes directly regualt-

ing them. These differences also exist when the comparison is extended to the

set of top 25 genes, shown in Table 4.2. Network inferred from data from only

post vernalisation timepoints does have orthologues of a key floral integrator

LFY among its top nodes in addition to SOC1.

Orthologues of Arabidopsis circadian clock pathway genes associated with

flowering time in response to temperature changes, REVEILLE 2 (RVE2) (or CIR-

CADIAN 1 (CIR1)) [209] and PHYTOCLOCK 1 (PCL1) [210] are among the most

important nodes in the network inferred from ZS11 data. An orthologue of

FLOWERING LOCUS C, a key gene from vernalisation pathway; and ALTERED

PHLOEM DEVELOPMENT (APL) and HEME ACTIVATOR PROTEIN HOMOLOG 2B

(HAP2B), upstream regulators of FT [211] [212], are identified as key genes as

well.

A further observation that can be made from this visualisation of a limited

section of the whole large network is that nodes representing genes constitut-

ing similar pathways are present in clusters. For instance, orthologues of floral
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Figure 4.6: Gene regulatory network of flowering time genes in Brassica
napus cv. ZS11
The largest interconnected component from the filtered network inferred from ZS11
timeseries data. Top ten nodes by degree centrality are labelled alongwith their Ara-
bidopsis orthologue and the pathways they are known to be involved in. It shows that
the network does not follow the same structure as network inferred from Stellar data,
as nodes with high degree centrality are not floral integrators and the network does not
converge towards a single central hub.
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Figure 4.7: Gene regulatory network of flowering time genes inferred only
using data from post vernalisation timepoints in Brassica napus cv. ZS11
By using only datapoints post vernalisation, the network structure resembles a single
global cluster again. However, there are still differences to the network inferred from
Stellar, with most important nodes not representing floral integrator genes.
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Brassica napus gene Centrality rank Arabidopsis id Symbol Pathway (s)

C06p29880.1 1 AT1G79430 APL Photoperiod
A05p16210.1 2 AT5G37260 RVE2 Temperature, Circadian clock
C02p05760.1 3 AT5G12840 HAP2A Photoperiod
A04p33940.1 4 AT2G45660 SOC1 Floral integrator
C04p03360.1 5 AT2G42200 SPL9 Hormone, Aging, Sugar
A06p47390.1 6 AT5G44190 GLK2 Autonomous
C02p04280.1 7 AT5G10140 FLC Photoperiod, Vernalization
A03p25280.1 8 AT2G45660 SOC1 Floral integrator
C03p70830.1 9 AT3G46640 PCL1 Temperature, Circadian clock
A02p06580.1 10 AT5G60120 TOE2 Temperature, Aging, Photoperiod
A10p27400.1 11 AT5G10140 FLC Photoperiod, Vernalization
A02p41740.1 12 AT5G61850 LFY Floral intergrator
A06p20850.1 13 AT3G46640 PCL1 Temperature, Circadian clock
A01p26150.1 14 AT3G46640 PCL1 Temperature, Circadian clock
C04p63380.1 15 AT2G33810 SPL3 Hormone, Aging, Photoperiod, Sugar
C07p05420.1 16 AT2G17770 ATBZIP27 Temperature, Hormone, Aging, Photoperiod, Sugar
A09p47980.1 17 AT3G54990 SMZ Temperature, Hormone, Aging, Photoperiod, Vernalization
A05p18570.1 18 AT1G53160 SPL4 Hormone, Aging, Photoperiod, Sugar
A09p35240.1 19 AT1G30970 SUF4 Vernalisation
A03p16730.1 20 AT5G10140 FLC Photoperiod, Vernalization
A03p04430.1 21 AT5G10140 FLC Photoperiod, Vernalization
C03p65260.1 22 AT5G61850 LFY Floral integrator
A05p05620.1 23 AT2G45660 SOC1 Floral integrator
C03p31440.1 24 AT2G28550 RAP2.7 Temperature, Hormone, Aging, Photoperiod, Vernalization
C04p69560.1 25 AT2G42200 SPL9 Hormone, Aging, Sugars

Table 4.2: Top 25 nodes by degree centrality in the network inferred from
ZS11 timeseries

Brassica napus gene Centrality rank Arabidopsis id Symbol Pathway (s)

C02p61660.1 1 AT5G61850 LFY Floral integrator
A05p00970.1 2 AT2G46830 CCA1 Circadian clock
C05p00880.1 3 AT1G01060 LHY Circadian clock
C03p00110.1 4 AT1G01060 LHY Circadian clock
64p00130.1 5 AT2G43010 PIF4 Temperature

A04p03160.1 6 AT3G57390 AGL18 Photoperiod
A01p03950.1 7 AT4G34530 CIB1 Photoperiod
A02p41740.1 8 AT5G61850 LFY Floral integrator
A04p33940.1 9 AT2G45660 AGL20 Floral integrator
C06p06370.1 10 AT1G51140 FBH3 Photoperiod
C04p06570.1 11 AT2G45660 AGL20 Floral integrator
C04p69560.1 12 AT2G42200 SPL9 Hormone, Aging, Sugar
C04p03360.1 13 AT2G42200 SPL9 Hormone, Aging, Sugar
A04p32040.1 14 AT2G42200 SPL9 Hormone, Aging, Sugar
A08p16750.1 15 AT4G34530 CIB1 Photoperiod
C03p85700.1 16 AT4G34530 CIB1 Photoperiod
A07p03180.1 17 AT2G17770 BZIP27 Temperature, Hormone, Aging, Photoperiod, Sugar
A04p26040.1 18 AT2G33810 SPL3 Hormone, Aging, Photoperiod, Sugar
C03p64450.1 19 AT5G62430 CDF1 Photoperiod
C09p58740.1 20 AT5G18240 MYR1 Photoperiod
A02p42300.1 21 AT5G62430 CDF1 Photoperiod
A01p26970.1 22 AT1G54440 RRP6L1 Autonomous
C02p14050.1 23 AT5G57660 ATCOL5 Photoperiod
A07p19090.1 24 AT2G28550 RAP2.7 Temperature, Hormone, Aging, Photoperiod, Vernalization
C06p29880.1 25 AT1G79430 APL Photoperiod

Table 4.3: Top 25 nodes by degree centrality in the network inferred using
data from post vernalisation timepoints from ZS11 timeseries
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integrators (and the closely related SPL9 gene) from a cluster (or a network

community) of nodes towards the top right of the network in Figure 4.6, while

genes that are influenced to a greater extent by temperature and photoperiod

changes form a community further away from those nodes. Even within this

community, FLC orthologue and its adjacent genes are separate from nodes rep-

resenting orthologues of PCL1 and RVE2. This is different from network inferred

from Stellar data, as that network is structured more akin to a single community

of nodes (Figure 4.4).

I calculated the average clustering coefficient, which is the mean of the num-

ber of triangles each node is part of in a network. If a network has higher cluster-

ing coefficient, it means the network has a single, sparse global cluster while a

lower clustering coefficient in comparison indicates more a community structure

made up of smaller, local clusters. For the networks inferred from Stellar and

ZS11, the average clustering coefficients are 0.11 and 0.05 respectively. This

clearly indicates that the network from ZS11 data is split into communities of

nodes compared to Stellar, which follows a global structure similar to the flow-

ering time network known in Arabidopsis.

4.4.4 Orthologues of floral integrator SOC1 form part of separate
communities in ZS11 network

To explore and infer the community structure of the whole network inferred from

ZS11 data (976 genes; 20,314 edges), I employed the fluid commmunities [198]
community detection algorithm. The maximum modularity method [199] parti-

tioned the network into three communities with 374, 341 and 261 genes respec-

tively. Figure 4.8 shows that division into three commmunities has the maximum

modularity value.

Floral integrator genes, namely, SOC1, AP1, LFY, AGL8/FUL, FT and AGL24

are key downstream genes within the flowering time gene regulatory network.

Presence of their orthologues in certain community of the network can provide

insight into the role of that subnetwork within the whole network. Figure 4.9

shows scaled expression profiles of all the genes that constiute each of the three

communities. Against that background of all genes, shown in grey, expression

profiles of individual orthologues for each floral integrator are highlighted.

Figure 4.9 shows that most of the orthologue genes of floral integrators are

present in community 2, indicating the communities 1 and 3 likely contain genes
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Figure 4.8: ZS11 network can be divided into three communities using the
maximum modularity method
The plot shows the calculation of the modularity metric (Q) for dividing the network
inferred from ZS11 data into various number of communities. The maximum Q occurs
when number of communities equals 3, so it was selected as the optimum number.

that constitute vernalisation or temperature related flowering control. Based on

gene expression profiles, communities 1 and 3 consist of genes that undergo

changes to their gene expression between days 21 and 42, which were the days

plants were subjected to cold, short day conditions. Three orthologues of AGL8,

one orthologue of AGL24, four orthologues of LFY, two orthologues of FT, seven

orthologues of AP1 and three orthologues of SOC1 are present in community 2,

along with genes that undergo a change in expression dynamics after vernalisa-

tion.

Interestingly, orthologues of SOC1 are distributed in all three communities

and show the most diversity in their expression patterns during vernalisation.

The three orthologues of this gene present in communities 1 and 3, show sub-

stantial upregulation when plants undergo vernalisation, with their maximum

expression occuring during this period. Orthologues of SOC1 are the only set of

paralogues of floral integrators that are present in all three identified communi-

ties in the network inferred from ZS11 data.
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Figure 4.9: Expression profiles of genes in the three identified communities
in the network inferred from ZS11 data
Each plot shows, in grey, expression profiles of all genes that are part of the respective
community in the network. The three commmunities have 374, 341 and 261 genes re-
spectively. These profiles show that genes in community 1 and 3 undergo expression
changes during the vernalisation timeperiod, while genes in community 2 undergo ex-
pression changes post vernalisation. The coloured expressed profiles in each row high-
light orthologues of floral integrator genes. Most orthologues are present in community
2, however, orthologues of SOC1 appear in all three communities, indicating regulatory
divergences.
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4.4.5 Orthologues of SOC1 are unique among floral integrators to
have major differences in regulation between the two cultivars

I investigated if these differences exhibited by SOC1 in ZS11 are also present

in the network inferred from Stellar timeseries data. From the two inferred

Brassica napus networks, I created a ranked list based on importance scores of

all putative regulators for each orthologue of floral integrators SOC1, AP1, LFY

and AGL8. Since AGL24 only has two orthologues and mRNA expression of FT

genes is very low to have information to infer their regulators in both networks,

they were excluded from this analysis.

Figure 4.10: Orthologues of SOC1 are unique among floral integrators to
have major differences in upstream regulators of different paralogues be-
tween the two Brassica napus networks of flowering time genes
The heatmaps show pairwise rank-biased overlap values for regulators of orthologues
of floral integrators SOC1, AP1, LFY and AGL8. Each cell in the heatmap represents the
overlap between the ranking of upstream regulators of the two genes, with diagonals,
representing comparison of a gene with itself, having the maximum value of 1.0. The
first row corresponds to data from network inferred from Stellar data, while second row
is for ZS11. The heatmaps show that unlike for AP1, LFY and AGL8, orthologues of SOC1
show differences in regulation of paralogues in the network inferred from ZS11 time-
series. These differences are not as stark in the network inferred from stellar timeseries
data.

I used Rank-Biased Overlap (RBO) to calculate the similaritites between

ranked lists of putative regulators in pairwise comparisons among paralogues.

The results, shown as heatmaps in Figure 4.10, show that orthologues of SOC1

are unique among orthologues of floral integrators to have differences in the

regulation of paralogues between networks inferred from Stellar and ZS11 time-

series data. Out of the six paralogues, in ZS11, A03p25280.1, A05p05620.1
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and A04p33940.1 show very high similarities in the ranked list of their up-

stream regulators, however, they share no similarities with C03p30160.1 and

C04p06570.1, which have very high overlaps in their ranked list of upstream

regulators. These differences are not as strong in Stellar as A03p25280.1 has

simlar inferred regulators as A04p33940.1, C04p06570.1 and A05p05620.1.

Furthermore, these differences among orthologues are not as strong in any

other floral integrators. While there are minor differences in regulation among

paralogues of AP1, LFY and AGL8, they do not exhibit cultivar specific differ-

ences observed in SOC1 orthologues.

4.4.6 SOC1 orthologues exhibit different dynamics between Stellar
and ZS11 timeseries

A comparison of expression across time of orthologues of SOC1 between Stel-

lar and ZS11 shows the differences between the two cultivars. Shown in Fig-

ure 4.11, all six orthologues follow similar expression dynamics in Stellar, where

their expression is minimum at the beginning of the timeseries. It increases

as the plant develops, reaches maxima around floral transition and declines

afterwards. In ZS11 however, these genes show different expression profiles.

A03p25280.1 and A04p33940.1 show little change in expression levels as plants

experience short day, cold conditions to undergo vernalisation. A05p05620.1

shows some upregulation, while, C03p30160.1, C04p06570.1 and C04p71550.1

have their maximum expression during vernalisation period. Following vernali-

sation, only A03p25280.1, A04p33940.1 and A05p05620.1 are upregulated dur-

ing timepoints leading up to the floral transition. C03p30160.1 and C04p06570.1

also increase their expression levels, however, it is lower than their expression

levels during the vernalisation period.

While the different paralogues also exhibit variation in expression levels,

however, this is consistant between the two timeseries. The paralogues on chro-

mosome A03 (A03p25280.1) and A05 (A05p05620.1) have the highest expres-

sion values in both Stellar and ZS11, while the ones on C04 (C04p71550.1) and

A04 (A04p33940.1) have the lowest expression values.

This analysis shows that indeed SOC1 orthologues have different dynamics

in ZS11 timeseries, while their expression patterns are similar in Stellar. It is

however, unclear if this is due to the short-day, cold treatment or due to differ-

ences between the two different cultivars.
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Figure 4.11: Differences in expression of SOC1 orthologues in Stellar and
ZS11 timeseries
Expression dynamics of six orthologues of SOC1 in Brassica napus show divergent ex-
pression dynamics in ZS11, particularly during the short-day, cold treatment. The ex-
pression dynamics of the six genes is similar in Stellar.
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4.5 Conclusion

In this chapter, I have further analysed the timeseries data presented in Chap-

ter 3. Despite flowering time genes in Brassica napus having diverged in their ex-

pression dynamics when compared to their Arabidopsis orthologues, the inferred

regulatory networks capture many of the same interactions that are known to be

present in Arabidopsis. I show that the regulatory network inferred from Stel-

lar forms a single global cluster, converging on orthologues of Arabidopsis floral

integrators. The inferred regulatory network from ZS11 data however, does not

resemble this structure, with the network divided into more local clusters of

nodes instead. If network inference is done without data from the timeperiod

during vernalisation, the network structure reverts back to a single cluster struc-

ture like the network inferred from Stellar. This shows the effect short-day, cold

treatment has on gene dynamics, and in turn on the inferred network form that

data.

Further analyses of the community structure in the network inferred from

ZS11 data reveals that while most orthologues of floral integrators are present

in one community within the network, orthologues of floral integrator SOC1 ap-

pear to be present in different communities. SOC1 orthologues are also unique

among floral integrators to have very different regulation between networks in-

ferred from Stellar and ZS11 timeseries. Their expression profiles do show dif-

ferences in dynamics between Stellar and ZS11, however, it is unclear if this is

due to the effect of the short day, cold treatment given to ZS11 plants, or the

SOC1 paralogues have diverged in regulation between the two cultivars.

The next chapter presents my investigations into these observed differences

in regulation of SOC1 paralogues.



Chapter 5

On orthologues of SUPRESSOR OF
OVEREXPRESSION OF CONSTANS 1 (SOC1) in
Brassica napus

5.1 Abstract

The analysis of inferred networks in the semi-winter Brassica napus cultivar,

ZS11, suggests divergence in regulation of the six orthologues of the floral in-

tegrator, SOC1. This is evident by the differences in their expression dynamics

compared to one another in ZS11 following the start of the short-day, cold treat-

ment for vernalisation. On the other hand, their expression dynamics and regu-

lation appear similar in the spring type cultivar, Stellar. It is unclear whether it

is the difference in cultivars that leads to these different dynamics or the envi-

ronmental changes. In this chapter, I grow Stellar under the same conditions as

ZS11 and show that this divergence in expression dynamics occurs in response

to short-day, cold conditions. Promoter regions of SOC1 genes show variation in

binding sites for a known repressor, CIRCADIAN CLOCK ASSOCIATED 1 (CCA1),

that I show is upregulated under cold temperature. Based on these results I

hypothesise that differences in CCA1 binding to promoter regions of SOC1 or-

thologues in Brassica napus leads to their divergent expression dynamics.
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5.2 A hitchhiker’s guide to SOC1

“Suppressor mutation 3 is recessive and is located in a region∼16 cM from a simple

sequence length polymorphism marker nga168 on chromosome 2. . . The fpa muta-

tion, which causes late flowering is the only flowering-time locus previously shown

to be located in this region. . . experiments demonstrate that suppressor mutation 3

is not an allele of fpa” (Extract from Hitoshi et al. [213])

Researchers in the Coupland group at John Innes Centre were investigat-

ing mutants that suppress the effect of overexpression of CONSTANS (CO), a

photoperiod pathway gene that they had previously characterised [32]. They

identified four mutations, designated as suppressor mutations 1 to 4 where flow-

ering was delayed compared to CO overexpressed plants. Suppressor mutations

1 and 4 were identified as alleles of ft, corresponding to then recently cloned

gene, FLOWERING LOCUS T (FT), introduced earlier in this thesis as the ‘flori-

gen’ [35]. Suppressor mutation 2 was an allele of fwa, a previously identified

mutation [30], later shown to correspond to the transcription factor, FLOWER-

ING WAGENINGEN (FWA) [214]. Suppressor mutation 3, however, was identi-

fied as novel, defining a new flowering time gene, hence it was named as sup-

pressor of overexpression of constans 1 (soc1) [213].

In another experiment by the same group, to identify early targets of CO, they

found a MADS-box transcription factor mRNA in the library enriched for cDNAs

of genes that are immediate targets of CO [215]. First designated as AGAMOUS-

LIKE 20 (AGL20) in the study, the authors showed that it corresponded to the

locus identified in the soc1 mutation, and AGL20 was renamed to SOC1. SOC1

mRNA was not detected in the shoot apical meristem of plants grown under

short-day conditions until they were close to floral transition, indicating that

CO promotes flowering in part by activation of SOC1. The mRNA analysis also

hinted at a redundant role for SOC1 in the regulation of floral identity. Their

results indicated that SOC1, along with FT, was also activated via a pathway

independent of CO, suggesting that SOC1 could be regulated by more than one

pathway [215] [216].

These set of publications introduced SOC1, which is now known to be a

central gene in the regulatory network controlling flowering time [50].
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5.2.1 Introducing SOC1

The gene SOC1 is present on chromosome 2 of the Arabidopsis genome. As

shown in Figure 5.1, it is present on the negative strand, and according to

the TAIR10 genome release [180], consists of seven coding sequence regions,

encoding for a MADS-box transcription factor protein of 214 amino acids in

length [53].

MADS-box proteins are named after the conserved MADS-box sequence mo-

tif, which is an acronym for MINICHROMOSOME MAINTENANCE 1, AGAMOUS,

DEFICIENS and SERUM RESPONSE FACTOR, four proteins discovered with this

domain [217]. Characteristic of MADS-box proteins, the SOC1 protein follows

the MIKC-type structure. The first 57 amino acids from the N-terminal end

in the SOC1 protein constitute the MADS-box motif, designated as the M do-

main, followed by Intervening (I), Keratin-like (K) and carboxyl-terminal (C)

domains [53]. Research has shown that SOC1 forms a heterodimer with the

AGAMOUS-LIKE 24 (AGL24) protein and is translocated to the nucleus. The M

and I domains are required for this translocation [53].

Figure 5.1: Structure of the SOC1 gene in Arabidopsis
The SOC1 gene structure in Arabidopsis TAIR10 genome annotation [180]. The gene
is on the negative strand of chromosome 2 with transcription start site at position
18810193. It consists of seven coding sequence regions flanked by 5’ and 3’ untranslated
regions.

5.2.2 Regulation and function of SOC1

SOC1 expression has been detected in both the leaves and the shoot apical meris-

tem [216]. Within the shoot apical meristem, its expression levels change as the

plant develops. SOC1 expression peaks just prior to the floral transition, indicat-

ing its role as a promoter of floral transition [215]. An early flowering phenotype

has been shown in the SOC1 overexpressor [216] [218], while soc1 single mu-

tants are late-flowering under both short-day and long-day conditions [216].
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SOC1 plays the role of a floral integrator, hence it is directly and indirectly

regulated by a number of different genes. Under long-day conditions, SOC1 is

up-regulated by CONSTANS (CO). This up-regulation depends on the presence

of FLOWERING LOCUS T (FT) encoded protein [219].

The SOC1 promoter contains seven identified CArG box sites which serve as

the binding sites for other MADS-box transcription factors [220]. Protein en-

coded by FLOWERING LOCUS C (FLC), a key gene within the vernalisation path-

way, directly binds to one of these sites in the promoter to repress SOC1 [221].
SHOOT VEGETATIVE PHASE (SVP) also encodes a protein that binds to a CArG

box motif on the SOC1 promoter [222]. Interestingly, while FLC and SVP pro-

teins act as a dimer to regulate the expression of their common targets, there is

evidence that they act independently to repress SOC1 expression [38]. FLMβ ,

a protein formed by alternative splicing of the mRNA transcribed from FLOW-

ERING LOCUS M (FLM) under cold temperature acts together with SVP to form

a FLM-SVP complex that also directly binds to the SOC1 promoter to repress its

expression [223]. CIRCADIAN CLOCK ASSOCIATED 1 (CCA1), a gene part of the

circadian clock pathway, encodes a protein that directly binds to the SOC1 pro-

moter to repress its activity [224]. Transcription factor encoded by SQUAMOSA

PROMOTER BINDING PROTEIN-LIKE (SPL9), an aging pathway gene has been

shown to bind to GTAC sites in the SOC1 promoter and promote its expres-

sion [48].

The SOC1 protein also represses its own expression in combination with

MADS domain proteins encoded by genes APETALA (AP1) and AGAMOUS (AG)

as part of a negative autoregulatory loop, while SEPALLATA 3 (SEP3) has been

shown to repress it independently after floral transition [220]. Another flo-

ral meristem identity gene, APETALA 2 (AP2) encodes a protein that binds to

the SOC1 promoter and represses its expression, likely following floral transi-

tion [225].

SOC1 expression is induced by AGAMOUS-LIKE 24 (AGL24), a MADS-box

transcription factor, which also functions as a floral integrator [218]. FRUITFUL

or AGAMOUS-LIKE 8 (FUL/AGL8), another floral integrator that acts in a redun-

dant manner with SOC1 to promote flowering also binds to the SOC1 promoter

to promote its expression [226]. LFAFY (LFY), also a floral integrator, has been

shown to bind to the SOC1 promoter [55]. LFY likely forms part of a feedback

loop to repress SOC1 expression following floral transition.
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Figure 5.2: Transcription factors known to regulate SOC1 by directly bind-
ing its promoter
A diagram to show the known transcription factors that bind to the SOC1 promoter to
either repress or promote its activity. Some transcription factors keep SOC1 repressed
prior to floral transition, while positive regulators of flowering have been shown to pro-
mote its expression. SOC1 is repressed following floral transition via transcription fac-
tors that act independently and in a feedback loop with SOC1. FT acts through indirect
mechanisms, hence, it is shown with a dotted line.
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TF Effect Binding region Binding site

FLC Repression 940–950 CTTATTTTGG
SVP Repression 920–1033 CCAAAAATAGC
FLMβ Repression 639–969 TCTTTTCTATTTTATTTCTTG
CCA1 Repression 1044–1153 AAAAATCT
FUL Promotion 657–752 CATCTATTTGTGTGT
AGL24 Promotion 1149–1261 CTATATTGG
SPL9 Promotion 209–463 GTAC

Table 5.1: Transcription factors regulating SOC1 expression prior to floral
transition through direct binding
Transcription factors (TFs) that have been shown to directly bind and regulate SOC1
expression prior to floral transition and their binding sequences. Binding positions are
positions on the negative strand with start codon = 1 in TAIR10 genome annotation.
Modified from the original by Sri et al. [108].

Besides transcription factors directly binding to the SOC1 promoter, expres-

sion of SOC1 is also under epigenetic [227] [228] and post transcriptional reg-

ulation [229]. In conclusion, the regulation of SOC1 is complex, and it plays

a central role in the gene regulatory network controlling flowering time. Fur-

ther research in Arabidopsis would likely unravel even more regulatory links.

Figure 5.2 depicts all the transcription factors that are known to regulate SOC1

through direct binding as discussed in this section. Table 5.1 summarises the

subset of transcription factors that have known binding sequences within the

SOC1 promoter and regulate its expression leading up-to floral transition.

5.2.3 The orthologues of SOC1 in Brassica napus

A review of flowering time genes in Brassica napus [92], published at the end of

2020, remarked that “the second most important floral integrator, SUPRESSOR OF

OVEREXPRESSION OF CONSTANS 1 (SOC1) is not well studied in [Brassica na-

pus]. No data is available . . . for its six copies”. While there are a lot of unknowns

about the six orthologues of SOC1 in Brassica napus, two studies provide some

information about this key regulator. A study by Sri et al., presented an analysis

of the promoter regions of SOC1 in Brassica spp [108]. The authors focussed

on Brassica juncea, an allotetraploid relative of Brassica napus with a commmon

progenitor diploid species (Chapter 1; Figure 1.3). Their analysis revealed that

despite high sequence identity among coding sequences of SOC1 orthologues,

their expression levels were different across tissues in Brassica juncea. The au-

thors showed that divergences in transcription factor binding sites are present



Methods 90

across Brassica species, including Brassica napus and could be responsible for

divergences in expression and regulation of SOC1 orthologues.

The second report, by Matar et al., showed that not all orthologues of SOC1

are involved in floral transition under cold conditions [230]. They studied the

winter-type Brassica napus cultivar, Express, and observed that only two par-

alogues, one on chromosome A05 and another on chromosome C04 had an

up-regulated expression as plants transitioned to flowering under cold, long-

day conditions. The authors later also reported that winter-type Brassica napus

cultivars have a 598-bp InDel variation in the promoter region of the SOC1 or-

thologue on A05 chromosome [231], again suggesting divergences in upstream

promoter regions among orthologues of SOC1 in Brassica napus.

In Chapter 4, I showed that SOC1 paralogues have divergences in upstream

regulators that causes diverged expression patterns over time in the shoot api-

cal meristem in the semi-winter cultivar, Zhongshuang 11 (ZS11) (Figures 4.10

and 4.11). These differences in regulation and expression pattern, however,

were not present in the spring type cultivar, Stellar. This necessitates further

investigation into whether this is a cultivar specific behaviour or caused by the

short-day, cold vernalisation treatment given to ZS11 plants. Based on the re-

sults presented in the above-mentioned studies, it can be hypothesised that this

is an environmental effect and if the spring-type cultivar is subjected to the same

treatment, SOC1 orthologues would diverge in their expression patterns. It can

be further hypothesised that this expression divergence could be due to differ-

ences in binding sites for transcription factors that directly affect SOC1 repres-

sion or up-reguation.

In the following sections, I present an RNA-Seq timeseries experiment to

investigate expression of SOC1 orthologues in Stellar under short-day, cold con-

ditions. I also investigate expression patterns of known upstream regulators as

summarised in Table 5.1 and perform another RNA-Seq experiment to under-

stand this divergence in gene expression further.

5.3 Methods

5.3.1 Plant growth and sampling

All plants were sown in cereals mix (40% medium grade peat, 40% sterilised

soil, 20% horticultural grit, 1.2 kg/m3 PG mix 14–16–18 + Te base fertilizer,
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Figure 5.3: Sampled timepoints for B. napus cv Stellar under different con-
ditions
Shoot apical meristem was sampled for RNA-Seq at the timepoints, indicated by a
square. ‘Days’ refers to days post sowing. (a) The time of floral transition is indicated by
‘•’. Short-day, cold treatment refers to 5◦C, 8 h photoperiod. (b) Cold treatment refers
to 5◦C, 16 h photoperiod. Short-day treatment refers to 18◦C/15◦C, 8 h photoperiod.
Timing of the floral transition was not monitored.

3 kg/m3 maglime, 300 g/m3 Exemptor). Following germination, each seedling

was transplanted to a 5 cm x 5 cm x 4.5 cm cell in a standard 24 cell-tray. Relative

humidity was maintained at 70 %.

For the Stellar under short-day, cold treatment timeseries, plants were grown

in 18◦C/15◦C, 16 h photoperiod conditions for three weeks, following which,

plants were shifted to 5◦C, 8 h photoperiod conditions for vernalisation treat-

ment for two weeks. Following this treatment, plants were shifted back to

18◦C/15◦C, 16 h photoperiod conditions. They were germinated and grown in

a Conviron MTPS 144 controlled environment room with Valoya NS1 LED light-

ing (250 µmol/m2s). Sampled timepoints are shown in Figure 5.3 (a). Three

biological replicates, each consiting of three pooled shoot apical meristems were

taken at each sampled timepoint. Shoot apical meristems were monitored under

the microscope to detect if they had undergone floral transition.

For the photoperiod and temperature change timeseries experiment, Stellar

plants were grown in Hettich 1700 plant growth cabinet under 18◦C/15◦C, 16

h photoperiod conditions for three weeks, following which, half of the plants

were shifted to 5◦C, 16 h photoperiod conditions for the cold treatment. The

other half of plants were shifted to 18◦C/15◦C, 8 h photoperiod conditions for

the short-day treatment. Following two weeks of these two treatments, plants

were shifted back to 18◦C/15◦C, 16 h photoperiod conditions. Figure 5.3 (b)

shows the sampled timepoints. Three biological replicates, each consiting of

three pooled shoot apical meristems were taken at each sampled timepoint.
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5.3.2 RNA extraction and sequencing

Manufacturer’s instructions were followed for RNA extraction from shoot apical

meristem samples using the EZNA R⃝ Plant RNA Kit (Omega Bio-tek Inc.). RNA

samples were processed at Novogene, with library preparation using the NEB

next ultra directional library kit (New England Biolabs). This protocol is the

same as used in Chapter 3.

5.3.3 Processing sequencing data

FastQC (version 0.11.9) [139]was used for initial quality control of the sequenc-

ing data. MultiQC (version 1.29) [175] was used for data collation. Trimmo-

matic (version 0.39) [141] was used to remove any adapter contamination from

reads, with the following flags, ‘ILLUMINACLIP:TruSeq3-PE-2.fa:2:30:10:1:true’

to remove adapters, ‘HEADCROP:15’ to trim the first 15 bases of the reads, ‘SLID-

INGWINDOW:4:15’ to trim reads if the average quality within a window of 4

bases falls below 15 and ‘MINLEN:50’ to drop any reads below 50 base pairs in

length. The trimmed sequencing data was aligned to the Darmor-v10 reference

genome [176]. HISAT2 (version 2.1.0) [148] was used for alignment. Sam-

tools (version 1.9) [177] was used for sorting, indexing and generating a QC re-

port. The resultant BAM files were filtered to only keep uniquely mapped reads.

StringTie (version 2.1.1) [152] was used for quantification of reads aligned to

different genes in the genome. ‘Transcripts per million mapped reads’ or TPM

was selected as the measure for gene expression [178]. These steps are the same

as detailed in Chapter 3.

5.3.4 Multiple Sequence Alignment

For promoter alignment, sequences up to 2000 base pairs upstream of the gene

sequences were isolated from the TAIR 10 [180] and Darmor-v10 [176] genome

assemblies for Arabidopsis and Brassica napus respectively. Protein sequences

were also obtained from the same assemblies. MAFFT online server [232] was

used to perform the alignment in both cases using the FFT-NS-i method, with

automatic inference of sequence direction. Jalview (version 2.11.5.0) [233]was

used for visualation and calculation of pairwise identities between sequences

from the alignments.
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5.4 Results and Discussion

5.4.1 Observations on the floral transition and RNA-Seq data

Stellar, the spring type Brassica napus cultivar, introduced in Chapter 3, was

subjected to two weeks of short-day, cold treatment. Plants were grown in

18◦C/15◦C, 16 h photoperiod conditions for three weeks, following which, they

were shifted to 5◦C, 8 h photoperiod conditions for short-day, cold treatment.

After two weeks, plants were shifted back to the initial conditions. Through-

out this timeperiod, the shoot apical meristems were dissected and regularly

monitored for the floral transition. Figure 5.4 shows images of the shoot apical

meristem under a light microscope. The meristem looks clearly vegetative until

day 34, indicated by the smooth, dome-like appearance and absence of any flo-

ral primodia. On day 36, one day after plants were shifted out of short-day, cold

conditions, some floral primodia appear visible. These become clear on day 37,

marking the transition from vegetative to floral state for the shoot apical meris-

tem. The short-day, cold treatment delays this floral transition as Stellar has

been recorded to undergo floral transition at day 30 under normal conditions

(Chapter 3; Figure 3.2).

The RNA-Seq data obtained from this experiment was processed using the

pipeline described in Chapter 3, Figure 2.1. Figure 5.5 shows the quality control

checks done on individual sequence files post trimming. There seems to be no

adapter contamination and the quality scores are also within acceptable limits.

The data does have sequence duplication warnings, however, it is expected as

Brassica napus genome is highly duplicated. The sequence length distribution

warning is expected after trimming as trimmed reads have variations in length.

These warnings are similar to the QC warnings reported for the data presented

earlier in Chapter 3. As discussed in Chapter 3 these variations, do not affect

the downstream alignment. The sequence files here also have the same warn-

ings for GC content and Per tile sequence quality. These are also similar to the

previous data (See Chapter 3; Figure 3.6) and are within acceptable levels for

gene expression quantification.

Table 5.2 shows the alignment statistics for each replicate in the timeseries.

On average, 31,393,388 reads passed the QC and 27,204,976 average reads

were mapped as pairs to the genome with a consistent mean alignment rate of

∼86 %. Out of the total mapped reads, ∼82 % of reads were uniquely mapped
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Figure 5.4: The Stellar apex turns floral at day 37 after two weeks of short-
day, cold treatment
Images of dissected shoot apical meristems under a light microscope at various time-
points. The shoot apical meristem, indicated by an arrow, appears vegetative until day
37 when floral primodia become clearly visible, marking the floral transition.
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Figure 5.5: Heatmaps showing an overview of various QC checks on
trimmed RNA-Seq files for Stellar timeseries
The QC analysis shows absence of any adapter contamination or overrepresented se-
quences. The sequence duplication warning is expected due to duplicated nature of the
Brassica napus genome. Samples with Per Tile Sequence Quality along with few samples
with GC content warning were further investigated, as detailed in the checks done for
the data in Chapter 3. Similarly, this data was within the acceptable standards for gene
expression.
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Timepoint
(Days)

Replicate Total
Reads
(Raw)

Total Reads
(QC passed)

Mapped
Reads
(Total)

Mapped
Reads

(Unique)

Mapped
Reads

(Multi)

Alignment
Rate

(Total, %)

Alignment
Rate

(Unique, %)

14 1 30178662 29868960 25868162 24293235 1574927 86.61 81.33
14 2 30140586 29888488 25516565 24016142 1500423 85.37 80.35
14 3 31748305 31428381 27343573 25746431 1597142 87.00 81.92
21 1 29453769 29132822 25625086 24188455 1436631 87.96 83.03
21 2 35325843 34856207 30053285 28505678 1547607 86.22 81.78
21 3 32163441 31832268 27882753 26228398 1654355 87.59 82.40
22 1 32875775 32540353 28405314 26813377 1591937 87.29 82.40
22 2 35123821 34761904 31066745 29369855 1696890 89.37 84.49
22 3 32612796 32296901 28680141 27066045 1614096 88.80 83.80
23 1 30663396 30384318 26052468 24608155 1444313 85.74 80.99
23 2 31002636 30685102 26172107 24686139 1485968 85.29 80.45
23 3 31404525 31092666 26774977 25276725 1498252 86.11 81.29
25 1 31420572 31100933 26519075 25019533 1499542 85.27 80.45
25 2 32254357 31938148 27027742 25367460 1660282 84.63 79.43
25 3 35829873 35535358 30423833 28725428 1698405 85.62 80.84
26 1 37030518 36648458 31157873 29329925 1827948 85.02 80.03
26 2 34547279 34195054 29974216 28363693 1610523 87.66 82.95
26 3 32330566 32020559 27814166 26263701 1550465 86.86 82.02
29 1 38570606 38177086 33503006 31707733 1795273 87.76 83.05
29 2 26883341 26635929 23433201 22219480 1213721 87.98 83.42
29 3 30944267 30623811 25982853 24524892 1457961 84.85 80.08
31 1 30822223 30531993 26865782 25422575 1443207 87.99 83.27
31 2 30714067 30399753 26314654 24881642 1433012 86.56 81.85
31 3 31481518 31145993 26558079 25074272 1483807 85.27 80.51
35 1 30896082 30581703 26182804 24737789 1445015 85.62 80.89
35 2 32213032 31924309 27553472 26032475 1520997 86.31 81.54
35 3 29067759 28754558 25031415 23713149 1318266 87.05 82.47
36 1 30792159 30477227 26290131 24822900 1467231 86.26 81.45
36 2 32171627 31841500 27630040 26162538 1467502 86.77 82.16
36 3 31476922 31159577 26827466 25363068 1464398 86.10 81.40
37 1 30686278 30436063 25733572 24272413 1461159 84.55 79.75
37 2 29738063 29394686 25813098 24465113 1347985 87.82 83.23
37 3 30944889 30617821 26785196 25327299 1457897 87.48 82.72
38 1 31179305 30923316 27045157 25568310 1476847 87.46 82.68
38 2 28385363 28113180 24412029 23093501 1318528 86.83 82.14
38 3 29623101 29349248 25981098 24551562 1429536 88.52 83.65
49 1 31767498 31458136 27385413 25821238 1564175 87.05 82.08
49 2 31832896 31577498 27234232 25668075 1566157 86.25 81.29
49 3 30319830 30011880 26073288 24634983 1438305 86.88 82.08

Table 5.2: Alignment statistics for the Stellar (Vernalisation) RNA-Seq time-
series

Samples of the Stellar (vernalisation) timeseries (Figure 5.3 (a)) show consistent align-
ment rates with an average of 86.8 %. In every sample, the majority of reads are
uniquely mapped, with an average of 81.84 % out of total mapped reads. These reads
were used for gene expression quantification.
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Figure 5.6: Principal Component Analysis (PCA) of timeseries samples
based on gene expression
PCA analysis shows that sample replicates for each timepoint cluster together, indicative
of consistency between the replicates. Timepoints that were collected when the plants
were given short-day, cold treatment cluster away from the other timepoints along both
principal components. Samples from timepoint 49 are present further away from other
samples due to the large time difference.

across samples on average. These uniquely mapped reads were used for expres-

sion quantification.

Principal component analysis of the samples based on gene expression shows

consistency between replicates for every timepoint, as shown in Figure 5.6. Sam-

ples taken from days when plants were subjected to the short-day, cold treatment

(day 22–35) are clustered further away from other timepoints, suggesting a ma-

jor effect of the environmental treatment on gene expression in the shoot apical

meristem. Replicates from timepoint 49 are clustered further away due to a dif-

ference in development stage. The plants are likely closer to producing floral

buds at that timepoint than floral transition. Crucially, this analysis shows that

replicates for each timepoint are consistent, and the data can be used to make

inferences based on gene expression.

5.4.2 SOC1 orthologues have divergent responses to short-day, cold
treatment

As presented in Chapter 4, orthologues of Arabidopsis SOC1 in the semi-winter

type Brassica napus cultivar ZS11, were clustered in different communities within
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the inferred network (Chapter 4; Figure 4.9), had differences in inferred reg-

ulators (Chapter 4; Figure 4.10) and showed divergent expression dynamics,

particularly when plants underwent vernalisation in short-day, cold conditions

(Chapter 4; Figure 4.11). I did not observe these differences in the data or the

inferred network from spring-type Brassica napus cultivar, Stellar.

In order to ascertain if this was an environmental effect or due to differences

between the two genotypes, I sampled shoot apical meristems over time from

Stellar with a two-week short-day, cold treatment similar to that of the timeseries

sampled from ZS11. Figure 5.7 shows the expression of the orthologues of SOC1

in Brassica napus cv. Stellar from the previously sampled timeseries (detailed in

Chapter 3; Figure 3.2) and the timeseries with short-day, cold treatment, as

detailed in Figure 5.3 (a). The SOC1 orthologues have very clear differences in

dynamics between the two timeseries, indicating that the differences in SOC1

regulation are indeed in response to short-day, cold treatment rather than due

to differences between the two cultivars.

The SOC1 orthologue on the chromosome A03, A03p25280.1, was the high-

est expressed copy when Stellar and ZS11 plants underwent floral transition

(Chapter 4; Figure 4.11). However, this paralogue is not up-regulated under

short-day, cold conditions and is no longer the highest expressed copy when

the Stellar plants undergo floral transition under vernalisation conditions (Fig-

ure 5.7 (b)). Interestingly, its expression after the plants were taken out of ver-

nalisation conditions returns to become the highest, as indicated by the samples

on day 49.

The SOC1 orthologue on chromosome A05, A05p05620.1 also had high ex-

pression levels, but lower than A03p25280.1 in the previously sampled Stellar

and ZS11 timeseries. However, during the short-day, cold conditions, it was

up-regulated and had higher expression than A03p25280.1. These levels how-

ever, are down-regulated following return to normal growth conditions with

A03p25280.1 having higher expression than A05p05620.1 at day 49. In the re-

port by Matar et al. [230], where a winter-type Brassica napus cv. Express was

given long-day, cold treatment until it underwent floral transition, A05p05620.1

was the highest expressed SOC1 orthologue, followed by its C genome home-

ologue, C04p06570.1. This suggests that A03p25280.1 is the main paralogue

driving floral transition under normal growth conditions, while under cold stress

conditions, A05p05620.1 is responsible for floral transition. When the cold
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Figure 5.7: SOC1 orthologues exhibit divergent expression dynamics in re-
sponse to short-day, cold conditions in Stellar
SOC1 orthologues have similar expression dynamics in Stellar under normal conditions,
however, when plants are shifted to short-day, cold conditions for vernalisation, par-
alogues show differences in their expression profiles. The short-day, cold conditions are
indicated by the blue colour. The solid line indicates the mean expression with individ-
ual replicates shown as scatter points.
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stress conditions are no longer present, the regulatory framework works to down

regulate A05p05620.1 expression. This inference of course depends on the con-

dition that both orthologues are performing the same function, analogous to

their Arabidopsis SOC1 orthologue. It is also possible that their functions have

diverged.

The expression of the third A genome SOC1 orthologue, A04p33940.1, is

low in all sampled datasets. The three C-genome paralogues, C03p30160.1,

C04p06570.1 and C04p71550.1 have their expression maxima during the pe-

riod of short-day, cold treatment. This is similar to the dynamics observed in

ZS11 timeseries, shown in Figure 4.11, where the same three paralogues had

rapid regulation after plants were shifted to short-day, cold conditions; with

their maximum expression occuring within that period.

This data shows that indeed orthologues of SOC1 have divergence in their

regulation, and this divergence is only exhibited under short-day cold condi-

tions. The individual paralogues that are up-regulated under short-day, cold

conditions could be performing functions that are different to other paralogues.

We do not have any structural information for Arabidopsis SOC1, however, dif-

ferences in protein sequences compared to the Arabidopsis SOC1 could still in-

dicate functional divergence among its orthologues in Brassica napus.

Presented results so far provide a strong indication that there are regulatory

differences among orthologues of SOC1 in Brassica napus. An investigation of

expression patterns of their upstream regulators in response to change in envi-

ronmental conditions and a comparison of the upstream promoter regions for

SOC1 can help determine these regulatory differences causing these observed

differences in expression dynamics.

The following sections present results from these investigations.

5.4.3 SOC1 orthologues have conserved protein sequences

The SOC1 gene in Arabidopsis encodes a MADS-box transcription factor of 214

amino acids, consisting of MADS-box (M), Intervening (I), Keratin-like (K) and

the carboxyl-terminal (C) domains. The MADS-box motif, which consists of the

first 57 amino acids of the protein sequence, is essential for its translocation to

nucleus and its function [53]. To further investigate if different paralogues have

differences in amino acids that would indicate a loss or change of function, I per-
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formed multiple sequence alignment of the protein sequences of the Arabidopsis

SOC1 and the six Brassica napus orthologues.

Orthologue Identity with Arabidopsis SOC1

Full protein MADS domain

A03p25280.1 94.39 % 100.0 %
A05p05620.1 95.33 % 98.25 %
A04p33940.1 92.52 % 100.0 %
C03p30160.1 92.06 % 100.0 %
C04p06570.1 95.33 % 98.25 %
C04p71550.1 92.66 % 100.0 %

Table 5.3: Identity of protein sequences of SOC1 orthologues in Brassica
napus to Arabidopsis SOC1
All SOC1 proteins in Brassica napus have highly conserved sequences. The MADS do-
main, the key functional domain consisting of the first 57 amino acids in the Arabidop-
sis SOC1, is also highly conserved, except in two paralogues with a substitution from
Glycine (G) to Alanine (A) at position 52.

The alignment, presented in Figure 5.8, shows that the protein sequences

among the six paralogues and the Arabidopsis orthologue are highly conserved.

There are unaligned residues at the beginning of the genes A05p05620.1 and

C03p30160.1. These residues could either be due to inconsistencies in the

Darmor-v10 gene annotation or a result of sequence variation. There are mis-

matches towards the carboxyl-terminal end too, however, as summarised in

Table 5.3, the sequences consistently have greater than 90% indentity to the

Arabidopsis SOC1 protein. All sequences have identical MADS-domains, except

A05p05620.1 and C04p06570.1, which have a Glycine (G) to Alanine (A) substi-

tution at position 52 relative to the Arabidopsis sequence. Alanine has a bulkier

methyl group compared to Glycine, however, structural information is needed

to determine any effects on the SOC1 protein and its function.

The current analysis hence, shows that despite the different expression pat-

terns, there is no evidence for functional divergence between the SOC1 par-

alogues in Brassica napus.

5.4.4 CCA1, a SOC1 repressor, is up-regulated under short-day, cold
treatment

To determine if any known regulators could be causing the expression diver-

gence, I investigated the effect of short-day, cold treatment on the upstream
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Figure 5.8: Protein sequences for Arabidopsis SOC1 and its Brassica napus
orthologues are highly conserved
Multiple sequence alignment shows that all SOC1 proteins in Brassica napus have highly
conserved sequences. The MADS domain, the key functional domain highlighted in the
figure, is also highly conserved, except in two paralogues with one substitution from
Glycine (G) to Alanine (A) at position 52.
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regulators of SOC1 that are known to directly bind to the SOC1 promoter be-

fore floral transition. These proteins, narrowed down from the wider list of

putative, indirect and post-floral transition regulators, are listed in Table 5.1. I

investigated expression profiles of orthologues FLMβ , SVP, SPL9, FLC and CCA1

— the upstream regulators of SOC1 that are not already classed as floral inte-

grators, and were not already studied in Chapter 4. Orthologues of SVP and

SPL9 showed no change in expression dynamics in response to environmental

conditions. FLC orthologues were silenced and expression of FLMβ orthologues

was not detected in the data. However, orthologues of one of these upstream

regulators, CIRCADIAN CLOCK ASSOCIATED 1 (CCA1) are, interestingly, only

expressed under short-day, cold conditions in Brassica napus.

Figure 5.9: Orthologues of CCA1 are upregulated under short-day, cold con-
ditions
The expression data shows that orthologues of CCA1 in Brassica napus, in both cultivars,
are significantly up-regulated when plants are subjected to short-day, cold conditions.

There are two orthologues of CCA1 in Brassica napus. The expression of

these orthologues is very low in Stellar under normal conditions compared to

when Stellar is subjected to short-day, cold conditions, as shown in Figure 5.9.

In both ZS11 and Stellar, CCA1 orthologues are rapidly up regulated as soon

as environmental conditions change. A study by Lu et al. [224] reported sig-

nificant repression in expression of SOC1 in a CCA1 overexpressor line. They

further reported, using ChIP analysis that CCA1 directly binds to a binding site

upstream of SOC1. Analysis of SOC1 promoter sequences in Brassica napus by

Sri et al. [108] indicates that SOC1 promoters might have undergone divergence

in their binding sites for these regulators. In their analysis, they also determined

the coordinates of CCA1 binding sequence ‘AAAAATCTT’ in the Arabidopsis SOC1

promoter region.
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Figure 5.10: Variations in the binding sequence for CCA1 in the promoter
regions of SOC1 orthologues in Brassica napus
Multiple sequence alignment of upstream regions of Arabidopsis SOC1 and the six
SOC1 orthologues shows that variation is present in the CCA1 binding site in the up-
stream regions of Brassica napus orthologues. The labels show the exact coordinates
from TAIR10 reference [180] (Chr2; for Arabidopsis) and Darmor-v10 reference [176]
(A03,A04,A05,C03 (reverse complement) and C04) for the upstream regions. Notably,
the trailing ‘TTCT’ region of the binding site has been disrupted in all sequences, with
the promoter for the A03 orthologue being the most similar to the Arabidopsis reference.
The postions of the sites from the transcription start site (TSS) are shown in red.

Building on these reports, I isolated 2000 bp upstream promoter regions of

Arabidopsis SOC1 (from TAIR10 reference [180]) and the six Brassica napus or-

thologues (from Darmor-v10 reference [176]) and performed multiple sequence

analysis. I was not able to locate the CCA1 binding site using position weight

matrix in Arabidopsis promoter, hence, I used the multiple sequence alignment

strategy also used in analysis by Sri et al. [108]. Focussing on the site with the

CCA1 binding sequence, shown in Figure 5.10, all SOC1 promoters have differ-

ences in the binding site compared to the Arabidopsis promoter. The sequences

have variations in the trailing ‘TCTT’ sequence in particular, with A03p25280.1

SOC1 orthologue having the closest match to the Arabidopsis site. The variations

in this site indicate that CCA1 binding could be disrupted.

While the transcription factor binding site disruption on its own is not strong

evidence, together with the expression pattern of CCA1 orthologues, it can be hy-

pothesised that CCA1 up-regulation is likely responsible for differences in SOC1

expression while the plants undergoes vernalisation. Futhermore, the variations

in binding sites are linked with differences in expression dynamics of the SOC1
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orthologues. The A03p25280.1 promoter has the binding site most similar to

the Arabidopsis sequence and is kept repressed under short-day, cold conditions

while all other paralogues have varying degrees of upregulation coupled with

variations in the CCA1 binding site.

However, vernalisation conditions involve changing both photoperiod and

temperature. CCA1 is controlled by the circadian clock, hence either of these

environmental changes (or their combination), could be the reason for its up-

regulation. Although, to control for the effects of the circadian clock, all samples

in the data presented so far were collected after 60 % of the day had passed —

it is not possible to determine from the current data if it is the change in pho-

toperiod or the change in temperature that leads to the changes in expression

dynamics for the CCA1 and, subsequently the SOC1 orthologues. Hence, further

investigation to unpick these two variables is necessary.

CCA1 has been reported to undergo alternative splicing under low temper-

atures [234] and has been postulated to play a role in cold acclimation. Hence,

it can be hypothesised that the changes in expression dynamics in CCA1 and

SOC1 orthologues are due to temperature changes and not due to a change in

photoperiod.

The following section tests this hypothesis.

5.4.5 Changes in expression dynamics of orthologues of CCA1 and
SOC1 are temperature mediated and independent of photope-
riod change

In order to investigate if the changes in expression of CCA1 and SOC1 ortho-

logues in Brassica napus, were caused by the change in temperature or the

change in photoperiod, two separate RNA-Seq timeseries, one under short-day,

normal temperature conditions and the other under cold, long-day conditions,

were sampled separately as shown in Figure 5.3. For the first three weeks, plants

were grown under normal temperature (18 ◦C/15 ◦C) and long-day (16 hours)

photoperiod conditions. Following that plants were divided in two groups and

subjected to short-day (8 hours) photoperiod with normal temperature condi-

tions and cold temperature (5 ◦C) with long-day (16 hour) photoperiod condi-

tions separately. Plants were given this treatment for two-weeks and the sampled

shoot apical meristems were subjected to RNA-Seq. The alignment statistics,
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along with details of the sampled timepoints in the two datasets are summarised

in Table 5.4.

Timepoint
(Days)

Replicate Conditions Total Reads
(Raw)

Total Reads
(QC passed)

Mapped
Reads
(Total)

Mapped
Reads

(Unique)

Mapped
Reads

(Multi)

Alignment
Rate

(Total, %)

Alignment
Rate

(Unique, %)

21 1 18/15 ◦C, 16h 26408972 26116762 23079155 21949803 1129352 88.37 84.04
21 2 18/15 ◦C, 16h 29257738 28948795 25650667 24320601 1330066 88.61 84.01
21 3 18/15 ◦C, 16h 28134831 27819064 24756800 23554830 1201970 88.99 84.67

22 1 18/15 ◦C, 8h 29520012 29197554 25830916 24567306 1263610 88.47 84.14
22 2 18/15 ◦C, 8h 35112824 34689491 30760967 29285028 1475939 88.68 84.42
22 3 18/15 ◦C, 8h 35909757 35457101 31259873 29731571 1528302 88.16 83.85
23 1 18/15 ◦C, 8h 31265438 30906338 27397303 26044327 1352976 88.65 84.27
23 2 18/15 ◦C, 8h 29887458 29557426 26244064 24791509 1452555 88.79 83.88
23 3 18/15 ◦C, 8h 31708146 31345768 27828879 26496094 1332785 88.78 84.53
28 1 18/15 ◦C, 8h 30934706 30558054 26985907 25595606 1390301 88.31 83.76
28 2 18/15 ◦C, 8h 27929931 27564519 24481470 23202946 1278524 88.82 84.18
28 3 18/15 ◦C, 8h 30220406 29872652 26610218 25135200 1475018 89.08 84.14
35 1 18/15 ◦C, 8h 33621146 33220961 29864743 28322503 1542240 89.90 85.25
35 2 18/15 ◦C, 8h 32976845 32689066 29469286 28001953 1467333 90.15 85.66
35 3 18/15 ◦C, 8h 31289234 30913863 27677951 26283065 1394886 89.53 85.02
37 1 18/15 ◦C, 16h 27496683 27146294 24267295 23018286 1249009 89.39 84.79
37 2 18/15 ◦C, 16h 32331501 31935020 28734200 27271037 1463163 89.98 85.40
37 3 18/15 ◦C, 16h 37927362 37449228 33400899 31681960 1718939 89.19 84.60

22 1 5 ◦C, 16h 30739487 30410580 27053587 25755505 1298082 88.96 84.69
22 2 5 ◦C, 16h 30048219 29705879 26463637 25233533 1230104 89.09 84.94
22 3 5 ◦C, 16h 35905818 35489341 31826553 30213908 1612645 89.68 85.14
23 1 5 ◦C, 16h 37898621 37472593 33146158 31521672 1624486 88.45 84.12
23 2 5 ◦C, 16h 35049527 34674034 30490549 29002808 1487741 87.93 83.64
23 3 5 ◦C, 16h 33429065 33013191 27957743 26603351 1354392 84.69 80.58
28 1 5 ◦C, 16h 38291212 37834882 33087184 31334112 1753072 87.45 82.82
28 2 5 ◦C, 16h 30252551 29863873 26709085 25440420 1268665 89.44 85.19
28 3 5 ◦C, 16h 30229217 29863011 26651599 25253858 1397741 89.25 84.57
35 1 5 ◦C, 16h 31769644 31364530 28194509 26811361 1383148 89.89 85.48
35 2 5 ◦C, 16h 27647080 27299647 24418218 23141758 1276460 89.45 84.77
35 3 5 ◦C, 16h 30443905 29997079 26582363 25265910 1316453 88.62 84.23
37 1 18/15 ◦C, 16h 36691375 36214062 32285550 30717887 1567663 89.15 84.82
37 2 18/15 ◦C, 16h 28559766 28211752 25464681 24179292 1285389 90.26 85.71
37 3 18/15 ◦C, 16h 27110640 26788149 24266084 23074382 1191702 90.59 86.14

Table 5.4: Alignment statistics for Stellar RNA-Seq timeseries under cold
and short-day conditions
Samples in Stellar timeseries show consistent alignment rate with an average of 88.93 %.
In every sample, majority of reads are uniquely mapped, with an average of 84.46 %.

The expression dynamics of the CCA1 orthologues are shown in Figure 5.11.

The two CCA1 orthologues show upregulated expression in the plants that were

subjected to a change in temperature while keeping the photoperiod constant.

This behaviour is similar to the upregulation in expression observed, in both

cultivars, under vernalisation conditions where both the temperature and pho-

toperiod were changed in Figure 5.9. No such upregulation is observed when

the photoperiod is changed while keeping the temperature the same. The ex-

pression of the two genes is low, as observed in Stellar under normal growth con-

ditions, as shown earlier in Figure 5.9. This shows that the temperature change,

independent of photoperiod change, causes upregulation in CCA1 orthologues.

The differences in the expression dynamics of the SOC1 orthologues also oc-

cur when only temperature is changed as shown in Figure 5.11. In plants that
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Figure 5.11: CCA1 orthologues are up-regulated and SOC1 orthologues
change their expression dynamics in response to change in temperature
Expression of both CCA1 orthologues is upregulated under cold treatment compared to
short-day treatment. The lines show mean expression while individual scatter points
show expression values from samples. SOC1 orthologues show no change in their ex-
pression patterns under short-day treatment, while under cold treatment the paralogues
have diverged expression dynamics. A03p25280.1 is clearly downregulated compared
to its other paralogues, most of which are upregulated with a change in temperature.
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were shifted to cold, long-day conditions, the SOC1 orthologues show similar dif-

ferences in dynamics to the ones observed in both cultivars when the plants were

subjected to cold, short-day vernalisation conditions (Figure 5.7 and Chapter 4;

Figure 4.11). As observed in earlier datasets, the A03p25280.1 is the highest

expressed gene among these paralogues under normal conditions — however,

its expression levels are the lowest when plants are subjected to cold. All other

genes show up-regulation when plants are subjected to cold temperature, com-

pared to no effect on their expression dynamics under short-day treatment. This

establishes the fact that differences in the expression of SOC1 orthologues is tem-

perature mediated and not in response to a change in photoperiod.

Together the Figures 5.11 (a) and (b) show a correlation (also shown earlier

using Figures 5.9 and 5.7) between an upregulation in the expression of the

orthologues of CCA1 and divergence in expression dynamics of its downstream

regulated SOC1 orthologues. These results, together with observed variations in

the CCA1 binding sequence (Figure 5.10), suggest a divergence in the regulatory

control of the SOC1 orthologues in response to cold temperature.

5.5 Conclusion

In this chapter I have presented investigations into the divergence in the ex-

pression dynamics and regulation among SOC1 orthologues in Brassica napus,

first uncovered in Chapter 4 using network analysis. In the semi-winter type

cultivar, ZS11, orthologues of SOC1, a key downstream floral integrator, exhib-

ited divergent expression dynamics leading upto the floral transition. This was

unique among the orthologues of known floral integrators and also suggested

regulatory divergences among the paralogues in the inferred network. These dif-

ferences appeared to be due to upregulation in expression under vernalisation

conditions and were not observed in the spring type cultivar, Stellar.

In order to determine whether this was in response to vernalisation condi-

tions or due to differences in the two cultivars, I grew Stellar under vernalisa-

tion conditions. By subjecting the plants to the same short-day, cold treatment

same as ZS11, I showed that this divergence is in response to change in envi-

ronmental conditions and not due to cultivar differences. I then investigated

these paralogues further for possible functional and regulatory divergences. All

six genes have highly conserved protein sequences, along with a conserved func-

tional MADS-box domain, hence providing no evidence to suggest any functional
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differences between these SOC1 orthologues. Investigations into expression pat-

terns of known regulators acting immediately upstream of SOC1 in the regula-

tory network revealed a correlation between up-regulation of the orthologues of

a SOC1 repressor, CCA1 and the divergences in dynamics of SOC1 orthologues

under vernalisation conditions. My investigations, along with an already pub-

lished study [108], also hint at variations in binding site for the CCA1 transcrip-

tion factor in the promoter regions of these paralogues.

However, since under vernalisation conditions, both temperature and pho-

toperiod are changed, it wasn’t possible based on sampled data to determine the

factor causing these changes and if they were correlated. So, I grew Stellar plants

under two different conditions by changing photoperiod and temperature sepa-

rately. The results show that upregulation in the expression of the orthologues of

CCA1 and divergence in expression dynamics of its downstream regulated SOC1

orthologues occurs due to a change in temperature, and not photoperiod and is

correlated.

In conclusion, these results show that there are regulatory differences among

orthologues of SOC1 in Brassica napus. These differences are linked to the di-

vergences in CCA1 mediated repression of SOC1 in response to cold conditions.

Further investigations into the variations observed in the binding sites and bind-

ing assays to determine differences in CCA1 binding to the SOC1 orthologue

promoter sequences would help validate these findings.



Chapter 6

The discussion

6.1 A brief recap of everything

This thesis began with a summary of some of the first documented efforts of re-

searchers to understand the factors that influenced the timing of blossom in

agriculturally important crops. The initial findings stemmed from efforts to

reduce the number of days that certain varieties of crop plants took to reach

the stage where they could produce blossom [9]. With the advent of molecu-

lar biology, efforts moved into finding genetic targets linked to the previously

identified factors in a simple and quick to cultivate model system, Arabidopsis

thaliana [29]. Research into the control of flowering time in Arabidopsis has re-

vealed a gene regulatory network, consisting of multiple genes that form distinct

pathways that converge on a few floral integrator genes. These floral integrator

genes then turn on meristem identity genes that cause the plants to transition

into flowering [49]. Research efforts have aimed to transfer this knowledge to

agronomically important crops [60] [64] [68] [76]. Chapter 1 also introduced

Brassica napus, a close relative to the model plant Arabidopsis and the plant at

the centre of this work. The chapter finished with a brief introduction to the

concepts of polyploidy, an essential part of the introduction to Brassica napus re-

search as it is an allotetraploid, formed by hybridisation of two diploid species,

Brassica oleracea and Brassica rapa [86]. A comparison of multiple orthologues

of Arabidopsis flowering time genes and the gene regulatory network controlling

flowering time in Brassica napus is the main focus of thesis.

Chapter 2, an extension of the introduction section, provided a quick intro-

duction to RNA-Seq, the technique that is used to quantify gene expression val-

ues from shoot apical meristems sampled across development of Brassica napus

plants.
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Stellar, a spring type cultivar, was grown under 16 hour daylight conditions

with temperatures of 18 ◦C during daytime and 15 ◦C at night. Shoot apical

meristems were sampled on various days until the plants turned floral at day 30.

Zhongshuang 11 (ZS11), a chinese semi-winter type cultivar, requires vernali-

sation to flower. The plants were initially grown in same conditions as Stellar,

however, they were shifted at day 21 to short-day, 8 hour daylight with 5 ◦C con-

stant temperature conditions for vernalisation. At day 35, plants were shifted

back to normal conditions and underwent floral transition at day 55. Chap-

ter 3 presented the first results of the comparison of timeseries obtained using

RNA-Seq from Brassica napus with a similar timeseries for Arabidopsis thaliana,

Col-0 from Klepikova et al. [174]. I used curve registration [150] to compare

expression dynamics between orthologous pairs of genes. The results show that

the majority of genes have similar expression dynamics between Arabidopsis

and Brassica napus, highlighting the similarities between the two closely related

species. However, for the subset of genes known to be involved in flowering

time, significantly higher proportion of genes exhibit differences in expression

dynamics instead. I also show, corroborating a previous report [90], that flower-

ing time genes are preferentially retained in higher number of paralogues than

rest of the genes in the genome. This suggests that the individual paralogues are

under lower selection pressure, allowing for more plasticity and divergence in

expression dynamics from their Arabidopsis orthologues. This has been shown,

for example by Calderwood et al. [91] in the case of FLOWERING LOCUS C. They

showed that the 9 individual paralogues in Brassia napus have different expres-

sion dynamics, however, their sum total amount corresponds to vernalisation

requirements of different cultivar types. The results from this chapter suggest

that individual paralogues diverging could be a more widespread phenomenon

among orthologues of flowering time genes.

Following on from these observations, in Chapter 4, I present my investiga-

tions into the interactions between the set of flowering time genes in Brassica

napus using network inference [192]. The inferred networks from the expres-

sion dynamics show that despite the differences in dynamics of individual par-

alogues, the inferred network topology is similar to the gene regulatory network

known in Arabidopsis. The inferred network converges on a set of genes that

are orthologues of floral integrators APETALA 1 (AP1), LEAFY (LFY), AGAMOUS-

LIKE 8 (AGL8) and SUPPRESSOR OF OVEREXPRESSION OF CONSTANS 1 (SOC1)

and other genes that directly regulate them such as SQUAMOSA PROMOTER
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BINDING PROTEIN-LIKE (SPL) family. Orthologues of genes that are involved

in multiple pathways in Arabidopsis also have higher degree centrality in Bras-

sica napus, further suggesting conservation of flowering control between the

two species. However, interestingly, the inferred network from the ZS11 data

is organised into smaller community clusters rather than converging on few or-

thologues of floral integrators. I show that this is due to the expression changes

induced by the short-day, cold treatment that the plants experienced. Further

investigations show that, orthologues of SUPPRESSOR OF OVEREXPRESSION OF

CONSTANS 1 (SOC1) show divergent dynamics and regulatory links in the in-

ferred networks. This is unique among the set of floral integrator orthologues

in Brassica napus.

Chapter 5 focusses on the six orthologues of Arabidopsis SOC1 in Brassica

napus. It was unclear whether the observed differences in dynamics and regu-

lation of these paralogues was a characteristic of the semi-winter cultivar ZS11,

as I observed no such differences among these genes in the data sampled from

the spring type cultivar, Stellar. By growing Stellar plants under the same en-

vironmental conditions as ZS11, I show that the differences in the dynamics of

these paralogues occur in response to the short-day, cold treatment. I investi-

gated these six paralogues for any functional or regulatory divergences in detail.

The genes have conserved protein sequences and my analyses resulted in no in-

dications to suggest any functional divergences. Investigations into expression

patterns of known regulators acting immediately upstream of SOC1 in the regu-

latory network revealed a correlation between up-regulation of the orthologues

of a SOC1 repressor, CIRCADIAN CLOCK ASSOCIATED 1 (CCA1) and the diver-

gences in dynamics of SOC1 orthologues under vernalisation conditions. I also

found variations in the sequence of the binding site for CCA1 in promoter regions

of the six paralogues. This, in conjunction with a similar study published by Sri

et al. [108] hints at loss of binding of CCA1 transcription factor to promoter of

some SOC1 orthologues. There are other studies that also suggest variations in

promoter regions of SOC1 orthologues [231] [230].

However, since vernalisation conditions involved changing both temperature

and photoperiod it wasn’t possible based on sampled data to determine the factor

causing these changes. Furthermore, CCA1 is a gene regulated by the circadian

clock, so either of these factors can induce changes in its expression, which might

not be correlated to changes in SOC1 expression. By growing Stellar plants

under two different conditions of changing photoperiod and temperature sepa-
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rately, I have shown that expression of the orthologues of CCA1 and divergence

in expression dynamics of its downstream regulated SOC1 orthologues occurs

due to a change in temperature, not photoperiod and is correlated.

6.2 A brief summary of everything

In summary, the results presented in this thesis show that orthologues of Ara-

bidopsis genes in polyploid Brassica napus retain similar expression dynamics,

and likely regulatory frameworks on a whole genome level. The gene regu-

latory network controlling flowering time also has similaritites to Arabidopsis,

however, flowering time genes have been preferentially retained within the Bras-

sica napus genome. This allows individual paralogues to diverge in regulation,

while still maintaining the required structure for regulatory framework. This

allows plasticity in the system, aiding in adaptations. The results presented in

first half of the thesis — Chapter 3 and the first half of Chapter 4 — presents

results that support this idea. Flowering time genes are preferentially retained,

have higher degree of divergence among individual paralogues yet the inferred

gene regulatory network follows same principles known from Arabidopsis.

The second half of the thesis — from the second half of Chapter 4 and Chap-

ter 5 — presents one example of such regulatory divergence in detail. The six or-

thologues of the key floral integrator gene SUPPRESSOR OF OVEREXPRESSION

OF CONSTANS 1 (SOC1) in Brassica napus have similar expression dynamics

under normal growth conditions. They have different expression levels, likely

due to dosage balance (reviewed in Chapter 1) but the genes have their maxi-

mum expression coinciding with the floral transition. Under cold temperature

however, the expression dynamics change and copies are rapidly up-regulated.

Assuming all the SOC1 orthologues are still performing the same function as

the Arabidopsis gene, this suggests subtle changes to the regulatory framework,

likely meaning some SOC1 orthologues are responsible for floral transition under

cold conditions, while other paralogues are more important under warmer tem-

peratures. This suggests that different paralogues could be integrating signals

from different pathways of the GRN. The same inference can be drawn from the

data reported in a study by Matar et al. [230] where the authors studied floral

transition in a winter-type Brassia napus under cold temperatures and reported

that expression of only two orthologues coincided with floral transition under
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cold. Further experiments would be required to test this theory of subfunction-

alisation between paralogues.

6.3 A brief note on contributions

This work presents a first system level analysis of flowering time regualtion in

Brassica napus. Using transcriptomic timecourses, I highlight the conserved sim-

ilarities between the diploid model plant, and the allotetraploid crop system. I

observe that the sets of genes, in this case flowering time genes, that are prefer-

entially retained in higher number of paralogues also exhibit greater divergence

in their expression dynamics. This indicates that gene duplications are main-

tained in nature through neo- and sub-functionalisations. This allows the genes

to diverge in expression dynamics while still maintaining similar overall regu-

latory structure. Through the results presented from my analysis of the ortho-

logues of the gene SOC1, I also show that these changes can be subtle, and only

observed when system is perturbed with a change in environmental conditions.

This highlights that these subfunctionalisations could be useful in responses and

adaptations to environmental conditions and diversification.

As highlighted in the previous chapters, along with reviews from the re-

searchers working in Brassica napus, it is necessary to understand what func-

tional each individual paralogue of a gene is performing to enable targeted

breeding efforts to improvement of this crop. The data, networks and curve

registration presented in this thesis would be a valuable resource for further

Brassica napus crop improvement research.

6.4 A brief note on limitations

While the results and conclusions presented in this thesis have been drawn from

careful analysis of data and build on results from previous reports, however, it

would not be very scientific of me to report these findings to the reader with-

out a rigorous mention of its limitations. The following sections outline these

issues that could challenge the results presented in this thesis. The first section

covers technical limitations, where I am able to provide steps I have taken to

try to ensure that the conclusions drawn are supported by the data. The second

section discusses blindspots in the data that require further investigations and

validations.
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6.4.1 Ensuring accuracy with technical limitations

The conclusions drawn in this thesis rely on bulk RNA-Seq data. The limitations

of the technology and sources of potential biases have already been reviewed

in Chapter 2. The polyploid nature of Brassica napus adds another potential

source of bias in values of gene expression obtained after bioinformatic analysis

of the RNA-Seq data. Inaccuracies in these results would lead to inaccuarte con-

clusions. Hence, steps have been taken to address these limitations in the data

analysis. Exact version numbers and parameter values for software packages

are reported to ensure the reproducibility of results. Detailed quality control

analyses were performed, and reported in the results to carefully assess the data

obtained from RNA-Seq. Only uniquely mapped reads were used to reduce any

false positive mappings potentially skewing the gene expression values. While,

this might cause the obtained expression values for genes to be lower than the

true expression levels, a lot of downstream analyses presented in this thesis rely

on the trend of expression values over time rather than absolute values. The

time series nature of data also allows for additional quality control to ensure

consistency between timepoints. Principal component analysis accompanies ev-

ery time series dataset presented in this thesis to ensure that replicates for each

timepoint are consistent and there is a clear trend where samples closer in time

cluster together compared to timepoints further away over the course of plant

development. As a bonus, the effects of different environmental treatments are

also captured using this analysis.

A technique used throughout this thesis is the comparison of orthologues

of genes between Arabidopsis thaliana and Brassica napus. The key limitation

here is that there exists no standard list of mapped orthologues between the

two species on a whole genome level. I used a reciprocal BLAST search based

strategy to create the ‘one-to-many’ mapping between Arabidopsis thaliana and

Brassica napus gene models. The key adavantage to this method is that I have

the ability to outline the exact method used to ensure transparency in reporting.

While there exists no ‘ground truth’ to access the accuracy of this technique,

it correctly identified known orthologues of all key genes discussed in Chap-

ters 4 and 5. Furthermore, conclusions from the overall analysis presented in

Chapter 3 where flowering time genes were found to be preferentially retained

corroborates a previous report by Jones et al. [90] where the authors used a

synteny based method to map orthologues between Arabidopsis thaliana and an
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older genome assembly of Brassica napus.

Finally, as highlighted in Chapter 4, network inference from expression dy-

namics is a challenging problem, even with perfect data. I have been reason-

ably cautious of making direct inferences from presence or absence of individual

edges in the inferred networks. Filtration thresholds were applied, and clearly

reported in the methods, to make inferences about the general topology of the

networks and study the different clusters formed by nodes due to the environ-

ment treatment. The observation about potential differences in regulation of

SOC1 orthologues is confirmed by further data and analyses reported in Chap-

ter 5.

6.4.2 The gaps in our knowledge and how to fill them

This work uses bulk RNA-Seq data to quantify gene expression and infer net-

works from the expression dynamics of the genes. This technique can only

quantify average RNA content for whole tissue, which in this case is the shoot

apical meristem. Gene regulatory networks, however, act within individual cells.

There are reports in Arabidopsis that highlight the heterogeneity of cells based

on their transcriptome within the vegetative shoot apical meristem [235] and

models that show spatial differentiation among expressed genes within the shoot

apical meristem [236]. Therefore, it is likely there are differences in regulatory

networks between cell clusters and current networks cannot unpick this informa-

tion. Single cell RNA-Seq can be used to infer more accurate networks from ex-

pression data as it can provide single-cell resolution to improve the networks in-

ferred from bulk RNA-Seq presented in this thesis. Movement of proteins within

cells is another aspect that requires further investigation. Using spatial tran-

scriptomics, for example, using probes specific for different SOC1 orthologues

can unpick if the different paralogues with distinct expression patterns have dis-

tinct spatial expression patterns too.

More detailed sampling and increasing the number of replicates would also

improve the networks presented. The timescale for gene regulatory interac-

tions between a transcription factor and a promoter sequence is in the order

of minutes [237]. The data used to infer the networks presented here is not

detailed enough to capture these causal interactions between genes. A more de-

tailed timeseries sampling focussing on, for instance, the period when plants are
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shifted to cold temperature conditions can provide more granular information

about gene expression dynamics.

Using multi-modal data can supplement the data and conclusions presented

in this work. ATAC-Seq [238] can be used to determine chromatin accessib-

lity of binding site specific sequences, which can be used in addition to expres-

sion dynamics to infer regulatory interactions between genes. There is a report

that shows that SOC1 promoter undergoes demethylation before floral transi-

tion that leads to upregulation of SOC1 via the Gibberellic Acid (GA) pathway

in Arabidopsis [227]. The work presented here has not considered these epi-

genetic factors, however, they could play a role in the differential upregulation

of SOC1 if there are differences in methylation status under cold temperatures.

The methylation status of different SOC1 promoters under cold temperature can

be investigated using methyl ATAC-Seq [239].

Furthermore, regulatory interactions between genes occur at the protein

level, as transcription factors are proteins that bind to the promoter regions of

genes. Correlation between the expression level of a gene and the amount of

translated protein, while often assumed, isn’t always present [240]. This pro-

teomic information is not incorporated in the inferred networks presented here.

Factors like post-transcriptional regulation, accessiblity and disruption of bind-

ing sites can cause dissrepencies between expression and protein levels of a gene

and its regulators. In the absence of all this information, the networks presented

in Chapter 4 should only be treated as tentative hypotheses, with further data

and multiple investigations required to validate any inferences drawn.

While Arabidopsis is a well studied model, we do not know everything. There

is no structural information available for the SOC1 protein. I use sequence sim-

ilarity to reach a conclusion that there is no evidence for functional divergence

between these proteins, however, in the absence of structural information it is

difficult to ascertain the impact of the mutations identified in the sequences

(Chapter 5; Figure 5.8). Studies on SOC1 proteins are needed to verify this

conclusion.

Using gene editing to knockout individual SOC1 paralogues can also shed

light on their conservation of function as floral integrators and investigate the

differences in their expression levels observed in data. If deletion of a paralogue

with high expression levels causes up regulation of low expressed paralogues

in compensation to allow plant to floral transition under normal timeframe, it
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would confirm conservation of function among the paralogues. Agrobacterium

mediated gene editing has been proposed in Brassica napus [241] and used to

perform knockout study for orthologues of SVP [100] but its efficiency varies

between cultivars. As a change in single amino-acid could lead to differences

in SOC1 function, functional investigations such as complementation assays by

expressing different SOC1 proteins in Arabidopsis or gel shift assay to compare

SOC1 binding to DNA motifs could be utilised instead of gene editing.

Absence of any information on possibility of splice variants formed under

cold conditions in SOC1 is another blindspot. Some flowering time genes in

Arabidopsis are known to form splice variants under low temperatures that can

cause functional divergence [223] [234]. It is not possible based on the pre-

sented short-read RNA-Seq data to investigate these different isoforms of SOC1

genes and there are no such reports in Arabidopsis. Long read RNA-Seq is a po-

tential solution to study isoforms of different paralogues under cold conditions.

CCA1 upregulation and variation binding sites provides some explanation for

the divergence in expression of SOC1 orthologues in Brassica napus, however,

CCA1 has only been shown to bind to the SOC1 promoter in-vitro under normal

conditions [224]. There are no reports of CCA1 binding under cold temperature

conditions to the SOC1 promoter to repress its activity in Arabidopsis. The differ-

ences in binding of the CCA1 transcription factor to promoter regions of SOC1

orthologues hence needs further validation. Chromatin Immunoprecipitation

Sequencing (ChIP-Seq) can be used to access association of CCA1 protein [242]
to different promoter sequences of SOC1 orthologues in Brassica napus. Addi-

tionally, the binding site comparison was done in Darmor v10 reference genome,

and SOC1 sequences in individual cultivars could show meaningful differences

compared to the reference.

It is still unknown what causes SOC1 up-regulation under cold temperatures.

There are other factors, like the gibberellin pathway [243] that can up-regulate

SOC1, however, not enough information is available to investigate this in Bras-

sica napus. Additionally, other genes like FLC and SVP also repress SOC1 expres-

sion [38] however, the SOC1 promoter has multiple CArG box sites where FLC

and SVP can bind. Based on the current data and in silico techniques, it is not

possible to investigate either of these two additional hypotheses.

In conclusion, this thesis expands our understanding of flowering control in a

polyploid system and describes an example of subtle re-wiring of the regulatory
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networks controlling paralogous genes. However, like every scientific work ever

published, there remain gaps to fill and enough unknowns to keep researchers

brave enough to study Brassica napus busy for a while.
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