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Summary

Ensuring correct gene expression is crucial for living organisms, as its disruption can compromise
survival. Transcription factors (TFs) regulate gene expression through the binding of specific DNA
sequences called transcription factor binding sites (TFBSs). LEAFY (LFY) is a plant-specific TF with a
crucial role in floral development, and it is highly conserved in sequence and binding specificity
throughout flowering plant evolution.

LFY’s central role in flowering has been studied for decades, and yet it remains unclear why only a
subset of the genomic regions bound by LFY are regulated. To elucidate this point, | present, in the
first part of this manuscript, an approach to predict transcriptional regulation of LFY TFBSs in the
model plant Arabidopsis thaliana. | used state-of-the-art LFY TFBS models and the genetically-
encoded genomic context of LFY sites to successfully build a classifier that can distinguish functional
LFY sites (i.e. TFBSs that are bound and have an effect on gene expression in vivo) from nonfunctional
ones (i.e. TFBSs that are not bound and are not associated with gene expression changes in vivo). My
results suggest that the presence of surrounding LFY TFBSs and, to a lesser extent, the level of non-
LFY TFBS diversity around LFY sites, are important to distinguish functional and nonfunctional LFY
sites. Moreover, this approach reveals a number of co-occurring TFs that contribute to set apart LFY-
regulated sites from nonfunctional ones. Despite previous evidence of the functional importance of
conserved regions in gene regulation, including conservation of LFY sites in our model did not
improve predictions, and | discuss some possible reasons behind this result. Overall, this approach
allowed me to further characterize LFY’s binding to DNA, and it can be used on new genomic
sequences to predict transcriptional regulation of LFY sites, as well as with new TFs.

In addition to working on its own, LFY interacts with UNUSUAL FLORAL ORGANS (UFO), an F-box
protein, to ensure correct petal and stamen development. While the LFY-UFO interaction and their
implication in flower development were already known, the exact role of UFO in this process had yet
to be determined. In the second part of this manuscript, | include a recently published article on the
transcriptional role of the LFY-UFO complex in flower development that allows access to genomic
regions distinct from those bound by LFY alone. Moreover, | present some additional results
suggesting the implication of LFY and UFO in floral meristem establishment in the early stages of
flower development, broadening their importance in this crucial developmental process.
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1 Introduction

1.1 Complexity of gene regulation in living organisms and open challenges

Spatiotemporal regulation of gene expression is required for correct development and to
ensure species survival. While genetic information is the same in all cells, the set of

expressed genes can vary depending on developmental stage and environmental cues.

During gene expression, information encoded in the DNA is transcribed to RNA and then
translated to proteins (Figure 1.1-1). This is also known as the central dogma of molecular
biology, first proposed by Francis Crick in lectures in 1957 and then published the following
year (Cobb, 2017; Crick, 1958). Transcription Factors (TFs) are a particular class of proteins
that can bind DNA at specific sites and recruit the transcriptional machinery to control the

expression of specific genes.

DNA RNA ., Protein

but never

DA REA & Proteln

{

Figure 1.1-1 Francis Crick's first outline of the central dogma of molecular biology, later explained in
(Crick, 1958). From (Cobb, 2017).

Knowing when and where genes are expressed is crucial to increase our understanding of
the physiological and developmental processes in which they are involved. Recent
technological advances have dramatically increased the availability of total mRNA or protein
profiles in many species and at increasing resolution, from whole tissues to single cells and
even single nuclei (Bennett et al., 2023; Noor et al., 2019; Slyper et al., 2020). These data are
valuable to better understand complex biological processes at the systemic level (Greene &

Troyanskaya, 2010).



In recent years, powerful computational approaches have leveraged such data to tackle
fundamental questions in gene regulation biology, reaching remarkable accuracy in
previously unattainable tasks such as the prediction of gene expression from DNA sequence
(Avsec, Agarwal, et al., 2021). However, building such models requires extensive data, which
are hardly available outside of model organisms or simplified systems (e.g. tissue culture).
Moreover, they often trade performance and accuracy for interpretability and robustness on

different systems (Meyer & Saez-Rodriguez, 2021).

As the general rules of gene expression presented in Figure 1.1-1 are common to all living
organisms, leveraging data from multiple species can also offer new insights into
fundamental questions about gene regulation in living systems. Multispecies comparisons
have been instrumental in the study of noncoding regulatory regions, as highly conserved
sequences have been shown to be functionally important (Berthelot et al., 2018; Lindblad-
Toh et al., 2011; Siepel et al., 2005; Wittkopp & Kalay, 2012). Despite multiple disciplines
coming together to decipher the complexity of gene regulation, our understanding of living

systems at higher scales remains fragmented and is far from complete.

This manuscript mainly focuses on the early steps of gene regulation, namely the binding of
TFs to DNA to regulate gene expression. In the rest of the introduction, | will first introduce
the role of TFs in gene regulation in general, the factors influencing their binding and the
main techniques to study their binding genome-wide, as well as the statistical models that
can be used to study their binding specificity. As TFs can bind DNA with the help of other
cofactors, | will go on to describe how different TF combinations can influence gene
expression. Then, | will discuss how evolutionary information can be important to study the
regulatory function of genomic sequences. Finally, | will focus on the model plant
Arabidopsis thaliana (hereafter Arabidopsis) and on flowering as a system to study gene
regulation, and | will conclude by focusing on one TF in particular, LEAFY (LFY), a master TF

with a central role in flowering, as it will be at the core of chapter one and two.
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1.2 Transcription factors in gene regulation

Transcription factors (TFs) are proteins that can bind DNA at specific positions to regulate
gene expression, either positively or negatively. They constitute about 5% of protein-coding
genes in Arabidopsis and around 8% in the human genome (Lambert et al., 2018; Riechmann

et al., 2000).

TFs fulfill their regulatory function through the physical interaction of their DNA-binding
domain (DBD) with short DNA motifs called TF binding sites (TFBSs). The recognition of such
sequences on the genome is influenced by several factors that depend either on the nature

of the DNA sequence itself, or on the presence of other proteins (Figure 1.2-1).

DNA sequence is an important determinant of TF-DNA binding, and it is directly linked to the
three-dimensional (3D) structure of the DBD (Figure 1.2-1A). TFs with similar DBDs tend to
recognize similar motifs, and such similarities have led to the use of DBD structure as a basis
for TFs classification in mammals and plants (Blanc-Mathieu et al., 2023; Wingender et al.,

2015).

Regulatory regions are enriched in TFBSs bound by different TFs, and their arrangement and
nature can also influence gene expression (Figure 1.2-1B) (Spitz & Furlong, 2012). This is the
so-called combinatorial nature of the cis-regulatory code, whereby combinations of different
TFs co-occur on related target regions at preferential distances from each other, establishing
additional regulatory interactions. Such interactions can lead to cooperativity (i.e. binding of
one TF increases the binding affinity of another TF) or competition (i.e. binding of a TF
prevents binding of a second one) between TFs, which influence DNA binding and
downstream gene expression (Figure 1.2-1B). This topic will be further developed in another

section of the introduction: Combinatorial nature of the cis-regulatory code, p. 29.

DNA shape has also been shown to influence TF-DNA binding (Figure 1.2-1C) (Rohs et al.,
2009). TFs can recognize specific DNA secondary structures (Spiegel et al., 2021), or their
DBD can specifically allow binding on the minor or major groove of the DNA. For instance,
the human AT-Hook factor HMGA1, like other AT-hook TFs, binds to the minor groove
(Fonfria-Subirds et al., 2012), while the Arabidopsis AP2 family TEMPRANILLO 1 TF binds the
major groove (Hu et al., 2021). LEAFY (LFY), a plant-specific TF, is an example of a

transcription factor (TF) that can establish contacts with both the major and minor grooves
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of DNA. Its helix-turn-helix-like DBD engages the major groove through its alpha helices and
the minor groove through its N-terminal loop (Hameés et al., 2008). Such DNA shape

constraints contribute to the binding specificity of TFs.

A DNA sequence B TFs co-occurrence

Cooperation Multimerization Binding
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: : Histone
ity 4 ‘ affinity T modifications T

5 H3K9me3

DNA methylation
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Figure 1.2-1 Factors influencing TF-DNA binding, adapted from (Héberlé & Bardet, 2019). A:
Recognition of a specific DNA sequence (Motif) by a TF, where the sequence logo of NRF1 (nuclear
respiratory factor 1) represents its motif binding preference, is shown. B: Co-occurrence of multiple
TFs on the same regulatory region, and how they influence each other’s binding through
multimerization, i.e. the formation of multi-protein complexes, cooperative binding or competition. C:
TFs can have DNA shape preferences, like an affinity for the major or minor groove of double-
stranded DNA or binding to secondary DNA structures. D: Chromatin context influences TF binding
through nucleosome positioning, specific histone modifications (with activating, such as H3K9me3, or
repressive functions, like H3K27me3) and DNA methylation (i.e. the presence of methylated cytosines
at specific genomic regions).

The ability of a TF to recognize and bind to its target regions is not only influenced by the
presence of its binding partners, DNA shape or the formation of oligomeric complexes — DNA

modifications and accessibility also impact TF binding (Figure 1.2-1D) (Spitz & Furlong, 2012).
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Both these processes are highly dynamic and undergo major rearrangements throughout
development (Lloyd & Lister, 2021). DNA methylation is the chemical modification of a
cytosine by the addition of a methyl group to the fifth carbon atom, forming a 5-
methylcytosine, and it has been shown to influence, either positively or negatively, the
binding of the majority of human and plant TFs (O’Malley et al., 2016; Yin et al., 2017). While
in vertebrates this modification happens in a CpG context, in plants it also occurs in CHG or
CHH contexts (Law & Jacobsen, 2010). DNA accessibility depends on a combination of
nucleosome occupancy and specific histone modifications. While most TFs preferentially
bind to nucleosome-depleted regions (F. Zhu et al., 2018), chromatin marks can also
differentiate active enhancers (i.e. regulatory regions located far from the genes that they
regulate) from inactive ones. Histone H3 lysine 27 acetylation (H3K27ac), and more recently
histone H2B N-terminus multisite lysine acetylation, have been shown to mark active
enhancers in human and mouse models, while H3K27ac does not seem indicative of active

enhancers in Arabidopsis (Creyghton et al., 2010; Narita et al., 2023; Yan et al., 2019).

There is a category of TFs, called pioneer TFs, that can recognize their DNA target sequence
despite nucleosome occupancy, and trigger chromatin opening and nucleosome
displacement to further facilitate the binding of other TFs. In mammals, examples of pioneer
TFs include OCT4, SOX2 and SOX11, which bind exposed nucleosomal DNA and induce a
distortion of the DNA structure that widens the minor groove (Kagawa & Kurumizaka, 2021;
Soufi et al., 2012). In plants, LFY, APETALA1 (AP1) and SEPALLATA3 (SEP3) have been shown
to have pioneer activities (Jin et al.,, 2021; Lai, Blanc-Mathieu, et al., 2021; Pajoro et al.,

2014).

As the regulatory action of TFs is fulfilled upon DNA binding, it is essential to characterize
how and where they are bound on the genome. Numerous techniques were developed over
the years to detect and probe TF-bound regions and TF binding specificity, initially relying on
binding assays on regulatory regions based on prior genetic insights. As high-throughput
sequencing became more widely available and affordable, techniques to identify TF binding
genome-wide quickly became state-of-the-art approaches to study TF-dependent gene
regulation. Compared to techniques such as electrophoretic mobility shift assay (EMSA),
which tests protein binding in vitro to a DNA probe, genome-wide techniques give a wider

picture of the action of TFs in gene regulation. Techniques for genome-wide binding profiling
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can provide information about TF specificity and genomic targets at once, and they have
contributed to the characterization of binding specificity for thousands of TFs (Castro-
Mondragon et al., 2022; Matys et al., 2006). | will present some of these key techniques,

their strengths and their weaknesses, in the next section.

1.2.1 Experimental strategies to map TF-DNA binding genome-wide
Knowing where a TF binds on the genome is an important step to find out how it controls
gene expression. This section will present in more detail some of the most widely used
techniques to capture TF-DNA binding genome-wide in vivo and in vitro (Figure 1.2-2). Since
binding profiling in vivo (i.e. in the native chromatin context of the probed tissue at a given
developmental stage, and in the presence of potential cofactors) can yield substantially
different results from what is observed in vitro (i.e. with purified proteins and naked DNA), |

deemed it necessary to introduce such techniques in different sub-sections.
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Figure 1.2-2 Schematic representation of experimental techniques to capture genome-wide TF-DNA
binding, adapted from (Wang et al., 2023). Blue box: techniques for genome-binding profiling in vivo;
Green box: binding profiling in vitro. A: in ChIP-seq, chromatin and DNA are crosslinked and
fragmented, followed by immunoprecipitation of the protein of interest with specific antibodies. Then,
crosslinking is disrupted to separate chromatin and DNA, and the latter is purified to obtain the
genomic regions bound by the protein of interest, which will eventually be sequenced. B: In CUT&RUN
crosslinking is not required, and cells are first incubated with an antibody for the protein of interest
and with pA-MN. Upon the addition of Ca++, the MNase cleaves DNA on the sides of the protein of
interest, and fragmented DNA is prepared for sequencing. C: In CUT&Tag, an antibody targets the
protein of interest on non-crosslinked chromatin, followed by the addition of pA-Tn5 enzyme. Upon
the addition of Mg++, DNA cleavage and adapter ligation are performed simultaneously on the sides
of the protein of interest, and samples are sent to sequencing. D: In DAP-seq, fragmented DNA is
ligated to sequencing adapters, while the TF of interest, fused to a tag, is expressed in vitro and
purified through binding to ligand-coupled beads. Then, DNA and TF-tag are incubated, unbound DNA
fragments are washed away and DNA fragments bound by the TF of interest are sequenced.
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1.2.1.1  In vivo genome-wide TF-DNA binding assays

1.2.1.1.1 Chromatin immunoprecipitation assay followed by sequencing (ChIP-seq)

To this day, ChIP-seq is one of the most widely used techniques to study genome-wide
protein occupancy (Figure 1.2-2A). This technique was first developed in 2007 for
mammalian cells, and has since become increasingly used in plants as well (Robertson et al.,
2007). ChlP-seq involves cross-linking of DNA-bound proteins and sonication, followed by
the use of protein-specific antibodies to purify DNA through immuno-precipitation. This
allows the isolation of DNA fragments specifically bound by the protein of interest, for
instance a TF, in vivo. Sequencing of these fragments produces reads that one can map on a
reference genome, highlighting enriched DNA regions, called “peaks”, which contain the
sequences bound by the protein. In the case of TF ChIP-seq experiments, the peak
maximum, i.e. the region where the maximum amount of immuno-precipitated sequenced
reads align, should correspond to the DNA region where the protein is bound in vivo

(Johnson et al., 2007; Robertson et al., 2007).

A high-quality control experiment is important to exclude biases associated with different
cross-linking, sonication and immunoprecipitation propensity in different genomic regions.
The use of replicate samples increases the reliability of the obtained protein-DNA binding

landscape.

Over 15 years of intensive application of this technique have shown its inherent biases, as
well as possible solutions. Namely, it was shown that some genomic regions are bound in
ChIP-seq experiments across different and supposedly unrelated experiments, which has
prompted the development of so-called blacklisted regions that are commonly removed in
standard ChlP-seq analysis to enrich for protein-specific DNA-binding signal (Amemiya et al.,
2019; D. Park et al., 2013; Teytelman et al., 2013). Such bias has been observed in plants as
well, leading to the recent construction of an Arabidopsis-specific blacklist (Klasfeld et al.,

2022).

While ChIP-seq is still the experiment of choice for in vivo TF-DNA and chromatin mark
profiling, some inherent limitations hinder its application in specific circumstances (P. J. Park,
2009). First, as the technique is based on immuno-precipitation, antibody quality is crucial

for its success. In the absence of a specific antibody for the protein of interest, a tagged
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version can be used, but it is essential to run thorough controls to ensure it retains its native
DNA-binding capacities. Second, the amount of starting material available is fundamental to
obtain a high-quality ChIP-seq, which means that tissue-specific experiments on restricted
cell populations can prove challenging and outcomes can vary significantly. Third, due to the
relatively large size of the DNA fragments produced during sonication, ChIP-seq has a rather
low resolution: the immuno-precipitated protein is bound within the ~200-500 bp of the
recovered peak, supposedly with an enrichment at the peak maximum, but detailed TFBS
determination and identification within the bound region requires additional motif-search
analysis. Finally, as in every technique relying on high-throughput sequencing, sequencing

depth is just as important as the technical caveats mentioned above.

Over the years, a plethora of techniques to identify genome-wide protein-DNA binding has
been developed to improve upon some of the limitations of ChIP-seq. ChIP-exo (from ChIP-
exonuclease) and ChlIP-nexus (for ChIP experiments with nucleotide resolution through
exonuclease, unique barcode and single ligation) were developed to obtain nucleotide-level
resolution of in vivo protein binding. In ChIP-exo, immuno-precipitated DNA is treated with a
5 to 3’ exonuclease, which digests accessible DNA flanking the protein of interest. As a
result, only a short stretch of DNA, made inaccessible by the presence of the bound protein,
is left for sequencing, resulting in nucleotide-resolution mapping of genome-wide protein
occupancy (Rhee & Pugh, 2011). A subsequent improvement of ChIP-exo, ChIP-nexus was
developed to improve the efficiency of library preparation, and with the additional
advantage of retaining strand information (He et al., 2015). ChIP-exo and ChIP-nexus data
have been extensively used for deep learning-based modeling of TF binding for human TFs
(Avsec, Weilert, et al., 2021; Y. Zhang et al., 2021), but they have not been implemented in
plants. A more detailed overview of genome-wide binding techniques can be found in

(Hajheidari & Huang, 2022; Lai, Stigliani, et al., 2019).

1.2.1.1.2 CUT&RUN and CUT&Tag

More recently, Cleavage Under Targets and Release Using Nuclease (CUT&RUN) and the
closely related Cleavage Under Targets and Tagmentation (CUT&Tag) were developed to
overcome the limitations of ChIP-seq in terms of required starting material and DNA-binding

resolution for in vivo protein-DNA binding (Kaya-Okur et al., 2019; Skene & Henikoff, 2017).
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CUT&RUN relies on the initial binding of a protein-specific antibody followed by the
tethering of a Protein A/Micrococcal Nuclease (pA-MNase) to the antibody (Figure 1.2-2B).
Addition of Ca?* activates the pA-MNase, which cleaves accessible DNA around the protein
of interest, and the protein-bound sequences in the supernatant will be used for library
preparation and sequencing. In CUT&Tag, a protein-specific antibody first targets the protein
of interest, and a secondary antibody binds to the primary one (Figure 1.2-2C). Then, a
hyperactive Tn5 transposase-protein A (pA-Tn5) fusion protein, previously loaded with
adapter sequences, binds to the antibodies and is activated through the addition of Mg?*.
The addition of Mg?* results in the immediate tagmentation (i.e. DNA fragmentation and
inclusion of adapter sequences in a single step) of the accessible sites around the protein of
interest and the production of library-level sequences ready for amplification and
sequencing. However, it was reported that methods based on Tn5 transposase such as
CUT&Tag are biased towards open chromatin regions (Wang & Zhang, 2021). While the
impact of this bias seems rather limited in CUT&Tag, at least compared to other Tn5-based

techniques, it should be taken into account.

1.2.1.2 In vitro genome-wide TF-DNA binding assays

1.2.1.2.1 DNA affinity purification followed by sequencing (DAP-seq)

In addition to in vivo systems, some techniques have focused on finding sequences bound by
a protein of interest in vitro. DAP-seq and its variations ampDAP-seq and seq-DAP-seq,
provide fast and efficient ways to obtain direct, genome-wide binding of a protein (or, with

some adjustments, protein complex) of interest in vitro.

DAP-seq was obtained through the adaptation of an existing microarray-based technique to
high-throughput sequencing (Figure 1.2-2D) (O’Malley et al., 2016; Rajeev et al., 2014). Like
ChiIP-seq, DAP-seq aims at finding DNA sequences bound by a (tagged) protein of interest,
but in this case on genomic DNA devoid of its chromatin context. ampDAP-seq is proposed
as a DAP-seq variation that includes an additional step of PCR amplification which gets rid of
DNA methylation (O’Malley et al., 2016). The publication of the DAP-seq method by O’

Malley et al. came with public datasets of genomic regions bound in vitro by over 500
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Arabidopsis TFs, which represented a significant contribution to the advancement of the

plant regulatory landscape (O’Malley et al., 2016).

While ampDAP-seq represents the ensemble of all potential target sites of a TF on the
genome in vitro, ChIP-seq contains additional information about which targets are bound in
a certain tissue and at a given developmental stage in vivo (Figure 1.2-3). As a result, not all
ChlP-seqg-bound regions are also bound in ampDAP-seq, and vice versa, due to differences in
the presence/absence of cofactors and overall chromatin accessibility (O’Malley et al., 2016).
Moreover, comparing a TF’s binding profile in vivo and in vitro or its genomic targets in vitro
with (DAP-seq) or without (ampDAP-seq) DNA methylation can provide important insights
about its binding preferences, if and where they require an intact chromatin context and its

sensitivity to DNA methylation (Figure 1.2-3) (O’Malley et al., 2016; Lai, Blanc-Mathieu et al.
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Figure 1.2-3 Schematic representation of the differences in TF-bound sequences retrieved with ChIP-
seq, DAP-seq and ampDAP-seq techniques. In ChlP-seq (left), immunoprecipitation of the protein of
interest (TF) in its chromatin context indistinctly retrieves genomic sequences bound by the protein
alone or in a bigger complex. In DAP-seq (middle), DNA is devoid of chromatin but it retains the DNA
methylation marks (red dots) of the developmental stage and tissue that the DNA was extracted
from. In ampDAP-seq (right), an additional step of PCR amplification gets rid of DNA methylation
marks and allows the target protein to bind to its target sequences. In both DAP-seq and ampDAP-
seq, the experimental setting in vitro and the use of purified protein ensures that the retrieved
sequences are bound by the protein of interest by itself.
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1.2.2 Statistical modeling of TFBSs
Whether it is through step-by-step TF-DNA binding assays or at the genome-wide level,
knowing a TF’s binding specificity is crucial to pinpoint its TFBSs on regulatory regions, and

several strategies have been developed to this end.

1.2.2.1 Consensus sequences
The most immediate way to represent a TFBS is through a consensus sequence, i.e. a short
sequence of nucleotides typically recognized by a TF, which usually allows little to no

nucleotide variation at each position (Boeva, 2016).

The main limitation of consensus-based strategies is that TF-DNA binding can tolerate a
certain degree of variation at given positions. This is not accounted for when using
consensus sequences to define the presence of a TFBS. An example to illustrate this
limitation is the binding of the Arabidopsis LEAFY (LFY) master TF, that has been shown to
bind DNA motifs with up to three mismatches in vitro but that does not always bind
consensus-matching sequences (Moyroud et al., 2011; Winter et al.,, 2011). Moreover, as
consensus sequences are typically short (£ 10 bp), their detection beyond specific (and
experimentally tested) sets of cis-regulatory sequences is limited, as they can occur
randomly on the genome. Therefore, some predicted sites are not actually recognized, while
experimentally-bound, high-affinity sites that do not strictly display the canonical consensus

sequence are not detected (Stigliani et al., 2019; Winter et al., 2011).

1.2.2.2 Position Weight Matrices (PWMs)

Position Weight Matrices (PWMs) are among the most widely adopted and flexible ways to
model TF specificity. A PWM s typically 4-8 nucleotides long and it contains, at every
position of the TFBS, a so-called ‘score’ for each nucleotide (A, C, T, G) which represents how
beneficial or detrimental it is for TF binding, based on its position in the TFBS (Figure 1.2-4C)
(Stormo, 2015).

PWMs can be computed from the alignment of TF-bound regions identified from genome-
wide DNA-binding experiments such as ChiP-seq or DAP-seq (Figure 1.2-4A). By counting the

occurrences of nucleotides A, C, T, and G at each position in the alignment, a position
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frequency matrix can be constructed (Figure 1.2-4B). A position frequency matrix can be
converted to a PWM (Figure 1.2-4C) based on the observed frequency of each nucleotide at
each position relative to the expected genomic frequency of A, C, T and G. Any DNA
sequence can then be assessed for its TFBS potential with a PWM by retrieving the score of
each nucleotide at its corresponding position in the sequence (Figure 1.2-4D). Depending on
the chosen implementation, the best possible TFBS has either a score of zero or a positive
one; the more negative the sequence score, the worse the match between TF and DNA (Lai,
Stigliani, et al., 2019; Stormo, 2015; Wasserman & Sandelin, 2004). TF binding specificity can
be visually represented as a sequence logo (Figure 1.2-4E), where letter size represents the
importance of each base for binding, i.e. the so-called Information Content (IC), expressed in
bits (Schneider & Stephens, 1990). Maximum IC equals 2 bits, which represents a nucleotide
that is always found at a certain position in all aligned sequences. The more variable the
position, the lower its overall IC, so that, in a sequence logo, bigger letters imply a strict
nucleotide requirement, while smaller letters reflect higher tolerance to nucleotide

variability.

Several databases collect PWMs computed from published ChIP-seq, DAP-seq and protein
binding microarray data, in an ever-growing number of organisms (Matys et al., 2006;
Weirauch et al., 2014). Among them, JASPAR, created in 2004 and since then regularly
updated, provides a manually curated collection of PWMs that is widely used by the
scientific community (Sandelin, 2004). As TFs belonging to the same family share a similar
binding motif, the latest version of JASPAR also features binding archetypes where
redundancy was removed to represent the binding specificity of TF groups (Castro-

Mondragon et al., 2022).

One of the drawbacks of PWMs is that they quantify the binding affinity of a TF for a given
DNA sequence, which ranges from sequences with a perfect match and high affinity to no
affinity at all, passing through many sequences with suboptimal affinity but that are still
bound in experimental settings. However, many applications require a threshold to identify
which potential TFBS are considered as true TFBS, i.e. what score is good enough for the
sequence to be reasonably bound. A strategy to overcome this is to use genome-wide
distributions to set a percentile-based threshold, or to associate a p-value to each site

(Ambrosini et al., 2018; Boeva, 2016). Moreover, PWMs are based on the assumption that
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each nucleotide position contributes independently to protein binding, which may not
always be the case (Benos et al., 2002; Jolma et al., 2013). Therefore, more complex models
have been developed over the years to calculate and include position interdependencies
within matrices, to detect changes in DNA shape or to combine PWM score with
experimentally-determined biophysical properties of the TF itself (Mathelier et al., 2016;
Mathelier & Wasserman, 2013; Moyroud et al., 2011; Roider et al., 2007; Workman et al.,
2005).
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Figure 1.2-4 How to build a Position Weight Matrix (PWM), from (Wasserman & Sandelin, 2004). A:
DNA sequences bound by the protein of interest are aligned. B: A Position Frequency Matrix (PFM) is
computed, containing the number of sequences where each nucleotide (A, C, G, T) is found at each
position of the binding site. C: The PFM is converted to a PWM, where each position represents the
influence of each nucleotide on binding at each position, based on the expected frequency of each
nucleotide on the genome. Negative values indicate a negative effect of the nucleotide to the binding
of the protein to a DNA sequence. W(b,i) = weight (PWM value) of base b in position i; f(b,i) =
frequency of nucleotide b in position i; fexy(b) = background probability of nucleotide b. D: The PWM
can be used to probe the affinity of the TF to a new DNA sequence by summing the weight of each nt
in the DNA sequence to its corresponding weight in the PWM. E: A PWM can be represented as a
sequence logo, where taller letters indicate nucleotides that are important for binding at specific

positions.
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1.2.2.3 Predicted occupancy (POcc)

The PWM score quantifies the affinity of a given TF for a DNA sequence of the same length
as the PWM itself. Therefore, the presence of multiple TFBSs on the same regulatory region,
and the TF’s properties of association and dissociation from DNA are not taken into account.
A more sophisticated method was proposed to quantify the predicted occupancy (POcc) of a
DNA sequence by a TF of interest, based on the TF’s biophysical properties in addition to its
binding motif. This method was developed in yeast and subsequently adapted to the LFY TF
in Arabidopsis (Moyroud et al., 2011; Roider et al., 2007).

POcc is calculated as shown in Equation 1 and Equation 2: it is the sum of a TF's predicted
occupancy at all sites detected by a PWM of length W on a sequence of length L, given the
TF’s experimentally-determined equilibrium association constant at each site (K, ) and its
concentration ([TF]). K, s is the inverse of the dissociation constant K}, 5, which depends on
the relationship between binding affinity quantified through the PWM score and the TF’s
binding affinity (Equation 2), as measured experimentally through quantitative
multifluorescence relative affinity (QUMFRA) assay (Moyroud et al., 2011). For example,
LFY’s association constant was established through QuUMFRA assay by quantifying the affinity
between LFY’s DBD and 48 oligonucleotides with known PWM score (Moyroud et al., 2011).

Put in simpler terms, POcc quantifies the occupancy of a TF on a DNA sequence by taking
into account all the TF’s PWM-detected sites within that sequence, and the DNA association
and dissociation properties of the TF itself. Crucially, this means that, unlike the PWM score,
POcc can be calculated for DNA sequences of any size, provided that their length is at least

greater than the length of their binding motif.

L-W L—-W KAS'{TF}
POcc = = :
2 Ps= X K, TR

s=1

Equation 1 Predicted occupancy (POcc) computation, from (Moyroud et al., 2011). L = length of the
tested sequence; W = PWM length; K, = relative equilibrium association (A) constant for sites (s),
determined experimentally as K, ; = 1/K, ;; [TF] = TF concentration.
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Equation 2 Calculation of K, dissociation constant, based on site's PWM score and experimental
data.K, ¢ is the inverse of the association constant, K, ;, shown in Equation 1.

One of the limitations of POcc is that, as it relies on PWM score to define binding sites, it
requires setting a PWM score threshold, as mentioned for PWMs before. Moreover, POcc is
sensitive to input sequence length: longer sequences will be more likely to contain a higher
amount of TFBSs, which will all contribute to the final POcc value. This becomes particularly
important if one wants to compare POcc values on regulatory regions of different length, or

in different species (Minguet et al., 2015).

Nevertheless, POcc was instrumental to investigate the conservation of two important
targets of LFY, AP1 and AGAMOUS (AG), during plant evolution through its application to the
regulatory regions of multiple plant species (Minguet et al., 2015; Moyroud et al., 2011).
Moreover, POcc accounts for LFY’s cooperative binding, as it calculates a global value of
occupancy that takes into account the presence of multiple TFBSs within the given sequence

(Sayou et al., 2016).

1.2.2.4 Machine-learning algorithms to model TF binding

Machine-learning algorithms can learn patterns from vast amounts of data and make new
predictions based on those patterns. This can be particularly useful when handling
sequencing data about thousands of genomic regions with different characteristics where
several processes are at play. | would like to note that some of the methods described in the
previous sections, e.g. computing a PWM from a set of bound sequences, also represent a
form of machine learning, but in this new section | will focus on algorithms that are more

suitable for more complex tasks.

In so-called supervised machine learning algorithms, data are assigned a label so that the
model can learn patterns that help it distinguish between different categories, and make
predictions on new sets of unlabeled data (Libbrecht & Noble, 2015; van Dijk et al., 2021).
Figure 1.2-5 shows an example of how a supervised algorithm can be trained on a set of
sequences, which are labeled as either ‘TSS’ or ‘Not TSS’ and are associated with a series of

features that describe them. The trained model can be tested on a new series of sequences
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for which the label is not given and, based on the patterns learned during training on labeled
sequences, it can now predict whether the new, unlabeled sequences belong to the ‘TSS’ or

‘Not TSS’ category (Libbrecht & Noble, 2015).

The advantage of supervised models is that it is possible to estimate their prediction
capacities through cross-validation, a procedure whereby an algorithm is trained on a subset
of the labeled data and is tested on the remaining part of the labeled dataset. This provides
a way to evaluate whether the model can correctly separate input classes, before making

predictions on new sequences.

Training set Testing set
s M . 'E E =m
s CE = B
s ‘A E - .
s B
NotTss | I I . 'H H BE
NotTss [ I ‘H T H BN
NotTss [ NI I s B .
NotTss [ NI I sHEE .
Labels Data (‘features’) L Not TSS
l Model 1 ) Tes
O 3,755
Machine icti 4.Not TSS
s | —> I\ — [t —— Lo
0000 6.TSS
7.Not TSS
8.TSS

Figure 1.2-5 Example of supervised machine learning algorithm to predict whether a given sequence
is centered on a transcription start site (‘TSS') or not (‘Not TSS’), from (Libbrecht & Noble, 2015). The
algorithm is given a ‘Training test’ from which it learns to distinguish labels (‘TSS’ or ‘Not TSS’) based
on the information given by the features in each column (represented here as a red-blue gradient).
When presented with a new series of sequences without labels (‘Testing set’), it can predict them
based on the previously learned information.

Another important distinction is between generative and discriminative models. The former
will learn from the input data and generate new entries based on the learned pattern, while
a discriminative model will learn how to divide input data into different classes (Libbrecht &

Noble, 2015).

As | mentioned before, computing a PWM from a set of bound sequences also represents a
form of machine learning. However, PWMs only allow to predict binding affinity of a TF for a

DNA sequence of the same length as the matrix itself. This means that they do not take into
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account the broader genomic context in the bound sequences, which typically span several
hundreds of bp. The availability of an ever-increasing amount of data has allowed the
application of more complex machine learning algorithms that can take advantage of more
features and generally a wider genomic context. Such models have been shown to
outperform PWM models in predicting TFBS in mammals and plants (Avsec, Weilert, et al.,

2021; Liu et al., 2021; Shen et al., 2021).

An example of a supervised model is DeepBind, which aims at predicting the binding
specificity of DNA- and RNA-binding proteins from different types of binding data (Alipanahi
et al., 2015). DeepBind correctly recognizes TF motifs from larger (~100 bp) sequences and it
outperforms PWM-based methods, and it can be used to predict the effects of single

mutations on binding affinity.

DeepBind was initially developed on human and mouse data, but the same approach was
used to build trans-species prediction of TFBS (TSPTFBS), which models TF binding in other
species from Arabidopsis DAP-seq data (Liu et al., 2021). Like DeepBind, TSPTFBS reaches a
higher performance than MEME, a commonly used tool to compute PWMs from input
sequences. While DeepBind performed well on both in vitro and in vivo data, on both human
and mouse sequences (Alipanahi et al., 2015), TSPTFBS gave underwhelming results on ChIP-
seq data from three other plant species, performing well only on a subset of rice TFs and not
on maize or soybean data. This result may seem unsurprising, as the evolutionary scales
between the plant species are wider than those between human and mouse. However, it
highlights the fact that, despite the promising performances obtained by these algorithms,
training them on model species in the hope of transferring the knowledge on other species

where less data are available (“transfer learning”) is still challenging.

Generative models have been developed to predict binding signals at nucleotide resolution,
like in the case of BPNet, which was trained with ChIP-nexus data (see page for more details
about ChlIP-nexus) (Avsec, Weilert, et al., 2021). BPNet can quantify strand-specific signal of
TF binding on any DNA sequence, and predictions mirror experimentally determined
occupancy with remarkable accuracy. Moreover, this model could recover TF binding syntax
(i.e. TF-TF distance and orientation preferences) for multiple TFs simultaneously (Avsec,

Weilert, et al., 2021).
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Generative models have also been used to predict gene expression directly from DNA
sequences, by indirectly learning binding syntax in regulatory regions. An example is
Enformer, which is currently the state-of-the-art for deep learning-based generative models
constructed for this task in humans (Avsec, Agarwal, et al., 2021). The key feature of
Enformer is that it supposedly integrates long-range context information through the use of
exceptionally long DNA sequences (up to 100 kb around the TSS), allowing it to account for
distal regulatory regions and binding syntax. The Enformer model is a so-called “black-box”
that does not allow direct investigation of the information used for predictions, and long-
range interactions were thought to contribute significantly to its high performance.
However, it was recently reported that a sequence input window of 39 kb (20% of the ~200
kb full sequence) was already sufficient to account for most of the binding signal (Karollus et

al., 2023).

Deep-learning strategies to predict DNA accessibility or gene expression output from
sequence were also developed in plants. A first example is PlantDeepSEA, which leveraged
DNA accessibility data from six plant species and can be used to (i) predict the effects of
sequence variants on chromatin accessibility as well as to (ii) reveal important cis-regulatory
elements on DNA sequences (Zhao et al., 2021). More recently, Akagi et al. combined public
(amp)DAP-seq data for TF binding in Arabidopsis (O’Malley et al., 2016) and RNA-seq data at
multiple tomato ripening stages to build another model that can correctly predict gene
expression at specific developmental stages in tomato (Akagi et al., 2022). Once trained, the
model can also be used to design synthetic promoters to drive gene expression in tomato
(Akagi et al., 2022). These examples show that approaches to predict DNA accessibility and
gene expression from sequence are not only available for mammalian systems but are

becoming more and more widespread in plants as well.
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1.2.3 Combinatorial nature of the cis-regulatory code
TFs rarely act alone and, in most cases, several TFs bind together to common regulatory
regions. From a mechanistic and structural point of view, TFs can work together through
direct protein-protein interactions, but also in the absence of direct protein-protein contacts
(Morgunova & Taipale, 2017). The latter can be explained by changes in DNA structure
induced by the binding of one protein, or by nucleosome depletion as a result of the binding
of one TF. Either way, TFs can facilitate the binding of additional proteins with or without

direct protein-protein interactions.

Protein-protein interactions can be involved in cooperative binding of multiple copies of the
same TF, as TFs often bind the DNA as dimers or tetramers, and sometimes through higher-
order oligomeric structures (Amoutzias et al., 2008). The interactions stabilizing such
oligomeric structures can occur at the level of the DBD, as it happens for basic helix-turn-
helix (bHLH) dimers (Brownlie et al., 1997), or through a different domain, as in plant Type Il
MADS box factors tetramers (Lai, Daher, et al., 2019). The nature of the binding partners
participating in the oligomerization can contribute to the binding specificity of the complex,
determining the recognition of different regulatory regions and therefore the activation of

distinct genes (Smaczniak et al., 2012).

TF-TF interactions between different TFs can also strengthen DNA binding. For example, it
has been shown that PHYTOCHROME-INTERACTING 4 (PIF4), a bHLH TF involved in light and
temperature responses, can directly interact with CYCLING DOF FACTOR 2 (CDF2), a DOF TF
that is temporally regulated by the circadian clock, to promote hypocotyl cell elongation (H.
Gao et al., 2022). PIF4 dimers can form tetramers that increase their DNA-binding affinity
and can interact with CDF2 to enhance its binding strength on DNA, securing its access to

genes involved in hypocotyl elongation in response to light.

Transcriptional complexes can also involve non-TF proteins acting as cofactors, which can in
some cases modify the binding specificity of the TF itself. This is what happens in the protein
complex involving LFY, a master plant TF involved in flowering, and UNUSUAL FLORAL
ORGANS (UFQ), an F-box protein (Rieu et al., 2023). This recent and particular case will be
treated in more detail in Chapter 2: The LFY-UFO complex regulates distinct genes from LFY,

p. 67.
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If multiple proteins bind to the same regulatory regions, it should be detectable when
comparing their individual ChIP-seq binding profiles in the same tissue or cell line. Indeed,
when integrating over 100 ChlP-seq datasets from the Encyclopedia of DNA Elements
(ENCODE) project, Gerstein et al. found that different TF pairs associate on regulatory
regions, and that those combinations differ between proximal (i.e. close to the TSS) and

distal (i.e. far from the TSS) regulatory regions (Gerstein et al., 2012).

A different approach relies on finding DNA-bound proteins by looking at accessible
chromatin regions at high resolution. Techniques such as DNase-seq allow this approach at
the genome-wide level. DNase | is an endonuclease that preferentially cleaves accessible
DNA regions, and it has been extensively used to map gene regulatory regions (Sullivan et
al., 2015). Combining DNase | digestion of isolated nuclei with high-throughput sequencing
allows the identification of accessible regions genome-wide, and within them, the stretches
of DNA that are protected by DNA-bound proteins and thus not cleaved. Such information
can be used to find the (combinations of) TFs bound to accessible regulatory regions (Song &

Crawford, 2010).

Viestra et al. leveraged high-resolution mapping of DNase | hypersensitive sites (DHS) to
dissect the TF combinations bound to accessible regulatory regions in hundreds of cell and
tissue types (Vierstra et al., 2020). They were able to distinguish the occupancy of separate
TFs as opposed to that of TF complexes based on the size of the identified TF footprint (i.e.
the DNA stretch bound by the TF and thus protected from DNase | cleavage). Based on their
results it appears that, in humans, accessible regulatory regions are, on average, bound by 5
TFs at the same time, at a given distance from each other, within a ~200 bp region (Vierstra

et al., 2020).

While | focused on TF-DNA binding so far, it is crucial to note that total number and diversity
of TFBS in regulatory regions can also influence downstream gene expression. TFBS diversity
is intended here as the number of different TFs binding to a certain sequence. Synthetic
enhancers tested in mouse and human embryonic stem cells revealed that, for a comparable
number of TFBSs, more diverse regulatory regions showed higher enhancer activity than
same-TF sequences (Singh et al., 2021). Moreover, enhancer activity was lost in cells with
less than 10 different TFBSs, indicating that the (i) amount of TFBSs in regulatory sequences

and (ii) their diversity are both important to regulate gene expression (Singh et al., 2021).
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In addition to the overall amount and diversity of TFBSs in regulatory regions, their order has
also been shown to be important for gene expression, with some TF-TF combinations in a
precise order leading to a stronger transcriptional response than others (Georgakopoulos-

Soares et al., 2023).

Not only are certain TF-TF combinations preferred compared to others, but their distance
can also be informative. In plants, auxin response factor (ARF) TFs have been shown to bind
at preferential distances and orientations on auxin response elements (Freire-Rios et al.,
2020; Stigliani et al., 2019). Such preferential distances can also be due to steric and
conformational constraints, as in the case of tetrameric binding of MADS TFs (Lai, Stigliani, et

al., 2019; Lai, Vega-Leon, et al., 2021).

For most TFs, such steric constraints imposed by the interaction of a TF with other proteins
contribute to specificity by restricting the pool of potential binding sites on the genome. This
results in TFs from the same family sharing some target sites but not others. Indeed,
experiments looking at genome-wide binding of DBDs without the rest of the protein
showed that, for many TFs, potential target sites are a somewhat broader pool compared to

those that are bound in vivo when the full protein is present (Brodsky et al., 2020).

TF combinations driving the expression of specific genes or processes can be conserved
across multiple species, although the relationship between conservation and regulatory
function is not always straightforward. In the next section, | will try to highlight some key
aspects of this relationship and of the relevance of evolutionary conservation evidence for

the study of regulatory regions.

1.2.4 Role of evolutionary conservation in the study of gene regulation

Comparing the genomes of different species can give insights about which genomic regions
are more or less prone to variation, and this can give information about their functional
importance. As mutations in protein-coding regions can compromise protein function (and
ultimately survival), such genomic regions are more conserved even between distantly

related species; on the other hand, genomic regions that do not code for proteins,
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commonly referred to as “noncoding regions”, generally display poor conservation (Thomas

et al., 2003).

Whole-genome alignments between different species can be used to estimate conservation
scores at single-nt resolution. This is the objective of methods such as PhastCons and
PhyloP, although the two rely on slightly different assumptions. PhastCons aims at
estimating the probability that a nucleotide is found in a conserved element as a result of
negative selection, taking into account the level of conservation of its flanking regions (Siepel
et al., 2005). On the other hand, PhyloP aims at estimating changes in substitution rates at
individual nucleotides compared to expected levels under neutral drift, so that lower
substitution rates than expected imply conservation while higher than expected indicate
rapidly evolving regions (K. S. Pollard et al., 2010). Both PhastCons and PhyloP conservation
scores have initially been computed on the human and mouse genome at multiple
evolutionary scales (K. S. Pollard et al., 2010). More recently, the same methods have been
applied to over 60 plant species (Tian et al., 2020). These resources are extremely valuable
to estimate the conservation level of genomic regions and to give insights about their

biological function.

Detection of conservation in noncoding regions, similarly to conservation of gene-coding
regions, is often interpreted as a sign of functional importance, as their mutation can impact
the action of important regulators resulting in deregulation of downstream genes (D. A.
Pollard et al., 2004; Siepel et al., 2005; Woolfe et al., 2004). Therefore, many comparative
genomics methods aim specifically at identifying conserved noncoding sequences (CNSs, i.e.
stretches of conserved nucleotides in noncoding regions). Such approaches revealed that
CNSs are enriched in TFBSs and are associated with developmental genes (Bejerano et al.,

2004; Berthelot et al., 2018; Burgess & Freeling, 2014; Woolfe et al., 2004).

CNSs have been detected in both animals and plants, but important differences in genome
structure, evolutionary history and more recent whole genome duplication events in plants
make it difficult to directly compare findings in the two kingdoms (Murat et al., 2012). When
the same CNS detection approach was applied both on plant and animal genomes, it
revealed important differences in the amount and features of CNSs, with animal CNSs being

more abundant and longer, as well as being more syntenically conserved than those
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detected in plants (Reneker et al.,, 2012). Therefore, as this section aims at providing
examples of the presence, features and functional importance of highly conserved regions in

gene regulation, evidence coming from animal and plant systems will be treated separately.

1.2.4.1  Animal systems

An important study published in 2004 showed that the human genome contains over 400
loci of at least 200 bp that can also be found, identical, in the mice genome, despite their
divergence nearly 100 million years ago (Mya) (Bejerano et al., 2004; Nei et al., 2001). Most
of these highly conserved sequences were found, almost identical, in about 100 other
vertebrate genomes with divergence times up to 400 Mya (Bejerano et al., 2004). The
majority of these ultra-conserved loci, although not all of them, are found in noncoding
regulatory regions and are associated with developmental genes, supporting their functional

importance (Bejerano et al., 2004).

Distal regulatory regions such as enhancers and their surrounding genes have also been
reported to be evolutionarily conserved and, in some cases, to drive similar expression
patterns in distant species (Dickel et al., 2018; Snetkova et al., 2021; Wong et al., 2020).
While the high level of conservation in these regions may suggest that any mutation in their
sequence leads to severe phenotypic defects, it was reported that this is not always the case
(Dickel et al., 2018; Snetkova et al., 2021). In particular, a systematic mutational study of
early embryonic development in mice showed that the majority of the tested highly
conserved enhancers can tolerate the mutation of 2 to 5% of their most-conserved
nucleotides (Snetkova et al., 2021). The fact that low rates of mutations are not lethal
simultaneously highlights the functional importance of their conserved sequence (which
leads to severe defects beyond 5% sequence mutation), and that highly conserved regions

still tolerate low levels of mutation.
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1.2.4.2 Plant systems

As previously mentioned, whole-genome duplications and a complex evolutionary history
can make the detection of CNSs more challenging in plant genomes compared to vertebrate
genomes (Murat et al., 2012; Reineke et al., 2011). One of the most important CNS studies in
plants was published in 2013, and found over 90,000 conserved sequences among a set of
Brassicaceae species (Haudry et al.,, 2013). These sequences were rather short (median
length less than 40 bp) and the majority of them was found in regulatory regions upstream
of the TSS, which explains their enrichment in TFBS and transcription-associated motifs (e.g.
TATA box). Interestingly, detection of these CNSs outside of Brassicaceae was rather low,
ranging from less than 1% in rice to 3.4% in papaya (more recently diverged, less than 100
Mya (Ming et al., 2008)), and it mostly concerned CNSs overlapping small noncoding RNAs.
These findings are in stark contrast with the evidence previously presented for vertebrates,
where longer elements were detected, mostly identical, at even higher evolutionary

distances (Bejerano et al., 2004).

The data from Haudry et al. were recently used to study conservation of Brassicaceae CNSs
in different Arabidopsis accessions (Yocca et al.,, 2021). While most CNSs found in the
reference Col-0 are also found in the other Arabidopsis accessions, a few hundreds of them
are actually missing. Moreover, nearly 1000 CNSs exhibit positional variation in other
Arabidopsis accessions, i.e. they are present in another accession but in a different locus
compared to the Col-0 reference. Interestingly, CNSs showing positional variation are on
average shorter (<20 bp) than CNSs retaining their position in multiple accessions (40 bp).

These results highlight how CNSs can vary even within the same species.

A different approach applied on 12 dicotyledonous species (not only Brassicaceae) also
identified over 90k CNSs, which only partly overlapped with those found by Haudry et al.
(Velde et al., 2014). Over three quarters of these CNSs were less than 20 bp long, and the
majority was found up to 1 kb upstream of the TSS. By further increasing the evolutionary
distance to include monocotyledonous species, another study found over 1M CNSs, of which
>70k in Arabidopsis (Velde et al., 2016). Once again, the majority of these CNSs were found

in regulatory regions, in this case within 500 bp upstream of the translation start site. CNSs
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found in both of these studies were significantly enriched in ChIP-seq peaks, highlighting

their biological and regulatory functions.

More recently, over 1M Arabidopsis genomic regions were identified as conserved among
over 60 genomes of flowering plants (both mono- and dicotyledonous species) diverging
~160 Mya (Tian et al., 2020). Combining conservation information with binding and
expression data for 21 TFs, the authors showed that TFBSs with high conservation scores and
high binding affinity were more likely to have a functional role. It is worth mentioning that
this study provided the community with the first plant resource of genome-wide
conservation scores after multiple genome alignment of flowering plant species (Tian et al.,

2020).

This evidence stresses the difference between sequence conservation, which can be
detected by searching multiple genomes for CNSs to infer the functional importance of
genomic regions, and gene regulation conservation, which requires experimental evidence
of TF binding and expression profiling in multiple species. In distantly related species,
conservation of regulatory modules seems to be the key to the conservation of gene
regulatory networks, and it allows TFBS displacement in evolving regulatory sequences while
retaining key TF combinations to drive gene expression (Maher et al., 2018; Ravel et al.,

2014; Taher et al., 2011; Wong et al., 2020).
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1.3 Flowering in Arabidopsis: an ideal system to study gene regulation

Arabidopsis is one of the most important model plants. It is a dicotyledonous species
belonging to the group of angiosperm (flowering) plants. Its short life cycle, which lasts 8-12
weeks from germination to seed harvesting, and its ability to self-fertilize, make it a suitable
candidate for genetic studies as well as plant physiology and development (Figure 1.3-1)

(Kramer, 2015).

Arabidopsis was the first plant for which a reference genome was sequenced and published
(The Arabidopsis Genome Initiative, 2000). The Arabidopsis nuclear genome is around 120
Mb in size, it is diploid and it is organized in 5 chromosomes. It is, to this day, one of the
best-annotated plant genomes available, and numerous resources exist to mine it (Berardini
et al., 2015; Krishnakumar et al., 2015). In addition to the availability of a reference
Arabidopsis genome, over a thousand different Arabidopsis accessions, native from all over
the world, have been sequenced over the years, and they revealed a complex history of
migration and a wide spectrum of variation within this species (Alonso-Blanco et al., 2016).
All these features surely contributed to Arabidopsis becoming the plant species with the

greatest amount of published genomic datasets (Fu et al., 2022).

Arabidopsis is also an established model for plant development. After a first vegetative
phase during which the SAM produces rosette leaves, there is a switch from vegetative to
reproductive development. This change is visually apparent as Arabidopsis plants go through

bolting, that is rapid stem elongation (Figure 1.3-1).

The onset of flowering is a crucial step in plant development, as its timely initiation
determines species survival. It is a tightly regulated process and it requires the integration of
multiple environmental and endogenous signals, and therefore it provides an ideal system to

study gene regulation in all its complexity.
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Figure 1.3-1 Arabidopsis life cycle, from (Krédmer, 2015). A: Adult Arabidopsis plant with developing
siliques on its fully developed stems. Siliques contain the seeds (see panel D), each giving rise to
seedlings with increasing numbers of rosette leaves during the vegetative stage (bottom part of the
figure). Upon the transition to flowering (reproductive stage), the plant will undergo rapid stem
elongation (see the difference in plant height between 39 d plants and 45 d plants) and start
developing flowers. B: Arabidopsis flower, with four petals, six stamens and two fused carpels visible.
C: Pollen grain of Arabidopsis, which contains the male gamete. D: Arabidopsis siliques, containing
seeds.

1.3.1 Flowering in Arabidopsis and the ABCDE model
For flowering to happen in favorable conditions, plants perceive and integrate several
environmental and endogenous signals. Such signals include day length, temperature and
nutrient availability as well as phytohormones such as gibberellins and auxin. Several
interconnected pathways, made of highly complex gene regulatory networks, participate in

its regulation and eventually converge on a few so-called floral integrators that promote

37



flowering. | will not cover this topic in detail, but recent reviews of the main pathways
involved are available about light signaling and photoperiod (Freytes et al., 2021),
vernalization (Costa & Dean, 2019), ambient temperature and other environmental stimuli
(Cho et al., 2017), age (Hyun et al.,, 2017), hormonal control (lzawa, 2021) and the

autonomous pathway (Cheng et al., 2017).

The floral transition leads to the conversion of the shoot apical meristem into an
inflorescence meristem. Then, floral meristems are produced on the flanks of the

inflorescence meristem, which will start developing floral organs.

Arabidopsis flowers are composed of four whorls, which harbor, from the most external to
the most internal one, four sepals, four petals, six stamens and two fused carpels (Figure
1.3-2). Genetic studies in Arabidopsis identified five classes of floral homeotic genes
governing the development of these structures: class A, containing APETALA1 (AP1) and
APETALA2 (AP2); class B, represented by APETALA3 (AP3) and PISTILLATA (PI); class C,
fulfilled by AGAMOUS (AG); class D, with SHATTERPROOF (SHP) and SEEDSTICK (STK), and
class E, with SEPALLATA1-4 (SEP1-4) (Wellmer et al., 2014). A-class genes control sepal
formation, petals are specified by a combination of A- and B-class genes, stamen
development relies on B- and C-class combined activities and finally carpel formation is
regulated by C-class gene AG (Figure 1.3-2). D-class genes control ovule development, while
E-class genes are partially redundant and they are required for the specification of all floral
organs in Arabidopsis (Figure 1.3-2). A-class TF AP2 also represses C-class AG expression in
the outer whorls, to effectively separate their different action territories (Krogan et al.,
2012). All the floral organ identity genes mentioned code for MADS-box TFs with the
exception of AP2, which encodes an AP2 family TF. The four classes of MADS TFs form
tetrameric protein complexes that bind pairs of CArG-box motifs to regulate their target

genes (Figure 1.3-2) (Mendes et al., 2013).

Expression of ABCDE genes is regulated by LFY and AP1, in some cases through the
interaction with cofactors. The role of LFY in flowering will be detailed in the following

section.
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Figure 1.3-2 Arabidopsis flower and the ABCDE model, from (TheifSsen et al., 2016). The floral quartet
model and the underlying ABCDE model of organ identity determination in Arabidopsis thaliana. From
top to bottom: floral quartet model, where the five floral organ identities (sepals, petals, stamens,
carpels and ovules) are specified by the formation of tetrameric complexes of MADS-domain
transcription factors by binding to cis-requlatory TFBSs (in green). Sepal identity is determined by a
complex of two AP1 proteins and two SEP proteins; petals are specified by AP1, a SEP protein and B-
class TFs Pl and AP3; stamens require AG, a SEP TF, and Pl and AP3; two SEP proteins and two AG
proteins specify carpel identity, and a combination of one SEP protein, AG, and SHP and/or STK
control ovule identity. At the bottom, the ABCDE model with the corresponding gene classes and the
whorls that they specify is displayed.

1.3.2 LEAFY, a master floral regulator
LFY is the master regulator of flower development and, in Arabidopsis, it controls both floral
meristem fate and patterning (Parcy et al., 1998; Schultz & Haughn, 1991; Weigel et al.,
1992). Strong Ify mutants in Arabidopsis display delayed flowering and conversion of flowers
to inflorescence- or leaf-like structures, often subtended by floral bracts, which are male
sterile (Figure 1.3-3B, D, F) (Parcy et al., 1998; Schultz & Haughn, 1991; Weigel et al., 1992).
Conversely, LFY overexpression induces early flowering, production of ectopic flowers in the
axils of rosette leaves and conversion of meristem into solitary flowers (Figure 1.3-3G, H)

(Chahtane et al., 2018; Kardailsky et al., 1999; Kobayashi et al., 1999; Sayou et al., 2016).
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LFY is expressed since the early stages of flower development (Blazquez et al., 1997; Weigel
et al., 1992; Yamaguchi et al., 2016). Because of its crucial involvement in flowering, its
expression is tightly regulated to ensure its correct spatiotemporal induction. The
photoperiod pathway regulates LFY levels and its temporal activation through SUPPRESSOR
OF OVEREXPRESSION OF CO 1 (SOC1), AGAMOUS-LIKE24 (AGL24) and SHORT VEGETATIVE
PHASE (SVP) TFs as follows. SOC1, a floral integrator, forms a complex with AGL24 to induce
LFY (J. Lee et al., 2008), and both AGL24 and SVP have been shown to bind the LFY promoter
and induce its expression (Grandi et al., 2012). Auxin increase in the floral anlage prompts
LFY induction by MONOPTEROS (MP), an auxin-response factor (Yamaguchi et al., 2013),
while the repressor and shoot identity TF TERMINAL FLOWER 1 (TFL1) prevents LFY
expression in the SAM, ensuring spatial regulation (Bradley et al.,, 1997; Hanano & Goto,
2011). LFY regulation by TFL1 is also linked to the photoperiodic pathway through the floral
integrator FLOWERING LOCUS T (FT): TFL1 and FT seem to compete for complex formation
with FD at target FD sites on LFY, with the TFL1-FD complex repressing and FT-FD inducing
LFY expression, respectively (Y. Zhu et al., 2020).

S5SHLEY

Figure 1.3-3 Effects of Ify knock-out mutation and overexpression in Arabidopsis, adapted from
(Siriwardana & Lamb, 2012). Arabidopsis plants (A, B, G), inflorescences (C, D, H) and flowers (E, F).
Genotypes are indicated on the picture. In B, numbers indicate cauline leaves with subtending
branches. Bracts (white arrows), partially fused carpel-like organs (red arrow) and leaf-like sepals
(vellow arrowhead) are indicated on Ify plants. Terminal flowers (blue arrows) and single flowers
formed at the base of the stem in place of branches (white arrowheads) are indicated on LFY
overexpressor plants.

40



LFY induces the expression of ABCE flowering genes to control floral patterning. LFY can
directly induce A-class AP1 expression through binding to its target sites on the API
promoter (Parcy et al., 1998; Wagner et al., 1999), but its proper induction additionally
requires FT and FD (Wigge, 2005) as well as BLADE ON PETIOLE1 and 2 (BOP1 and 2)
(Chahtane et al., 2018). Moreover, B- and C-class gene expression requires additional LFY
cofactors. For correct AP3 and Pl expression both LFY and UNUSUAL FLORAL ORGANS (UFO),
an F-box cofactor, are required (Honma & Goto, 2000; Lamb et al., 2002). More details on
how LFY works with UFO to regulate petal and stamen development will be given in Chapter
2: The LFY-UFO complex regulates distinct genes from LFY, p. 67. Finally, C-class gene (AG)
expression, which drives carpel development as well as flower termination, requires LFY and
WUSCHEL (WUS), a homeodomain TF controlling shoot meristematic activity (Jha et al,,
2020; Lohmann et al., 2001). While these LFY co-factors are known, the exact mechanism is

not.

LFY’s involvement in the early stages of flower development is also made possible by its
pioneer TF properties. LFY can bind nucleosome-occupied DNA in closed chromatin regions,
and recruit chromatin remodelers at its AP1 binding site (Jin et al., 2021; Lai, Blanc-Mathieu,
et al., 2021). Access to closed chromatin regions is possible thanks to the N-terminal SAM
domain of LFY (Sayou et al., 2016). LFY also physically interacts with SPLAYED (SYD) and
BRAHMA (BRM), two closely related SWI2/SNF2 chromatin remodelers, on AG and AP3

regulatory regions (M.-F. Wu et al., 2012).

In addition to the ABCE floral homeotic genes, LFY has also been shown to regulate genes
involved in flowering time and meristem identity as well as organ polarity, hormone

responses and resistance to pathogens (Winter et al., 2011).

1.3.3 LFYis a highly conserved TF
The structure of LFY’s N-terminal SAM domain, required for LFY-LFY oligomerization and
cooperative binding, and its C-terminal DBD have been solved (Hames et al., 2008; Sayou et
al., 2016). LFY was initially indicated to bind a 7-bp CCANTG[G/T] consensus sequence (Busch
et al., 2022; Lamb et al., 2002), but further studies have refined the LFY target motif to a 19-

bp palindromic site (Moyroud et al., 2011). Interestingly, the LFY motif presents trinucleotide
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dependencies on the flanks of the core motif and between the three bases separating the

two LFY monomers (Moyroud et al., 2011).

The availability of LFY sequences from other plant species and the structure of the DBD
allowed a thorough exploration of LFY’s functional evolution. LFY’s protein sequence is
highly conserved throughout plant evolution, especially its SAM domain and DBD (B. Gao et
al., 2019; Maizel, 2005; Sayou et al., 2014). Unlike most TFs, which are part of bigger and
partially redundant TF families, LFY makes up a TF family of its own. Moreover, it is found in
single copy in most plants, although some notable exceptions are some gymnosperm or
moss species and crops such as maize and soybean, which contain two copies of LFY (B. Gao

et al.,, 2019).

The binding specificity of LFY is also highly conserved in the green lineage. LFY has three
possible binding conformations, which are linked to few but crucial variations in the residues
of its DBD. In embryophytes, LFY specificity is conserved and the TF binds as an obligate
dimer, with two DBDs facing each other on the same side of the DNA and separated by 3 bp
(Sayou et al., 2016).

While LFY’s sequence and binding specificity are highly conserved, its importance for floral
meristem initiation and patterning can vary in other plant species. LFY homologs have been
shown to be involved in inflorescence and overall plant architecture in rice and maize, and
additional roles in leaf dissection have also been reported in pea and petunia (Moyroud et

al., 2009).

1.3.4 LFY binding and expression resources in Arabidopsis
Besides the central role of LFY in genetic, evolutionary and structural studies, this TF has

been the subject of many binding and expression studies.

Several datasets of in vivo genome-wide binding assays have been published over the years.
The first ChIP-seq experiment to assess genome-wide LFY binding on DNA in vivo was
performed on LFY-overexpressing seedlings and published in 2011 (Moyroud et al., 2011). A
second ChlP-seq experiment in the same overexpression setting was published a few years
later (Sayou et al., 2016). In 2017, a ChlIP-seq on Arabidopsis inflorescences expressing
35S:LFY-GR in the apl cal background was published (Goslin et al., 2017), and the latest
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ChIP-seq experiment was performed on callus expressing the same 35S:LFY-GR transgene
(Jin et al., 2021). In addition to in vivo binding profiling, in vitro binding was assayed more

recently through DAP-seq and ampDAP-seq experiments (Lai, Blanc-Mathieu, et al., 2021).

A variety of genome-wide expression datasets is also available for LFY, even though the
majority is represented by microarray experiments (Schmid et al., 2003, 2004; William et al.,
2004). Only one LFY RNA-seq experiment has been published so far, performed on callus

expressing 35S::LFY-GR recombinant protein (Jin et al., 2021).

All the features of LFY mentioned above make it an excellent TF model to study

transcriptional regulation in Arabidopsis.
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2 Objectives

The overall objective of my PhD work was to study transcriptional regulation by TFs in
Arabidopsis, by taking LFY as a model TF. This objective has taken the shape of two main
projects, which | will explain in further detail in the two following chapters of this

manuscript:

1. A machine-learning approach to characterize LFY’s transcriptional regulation
genome-wide, distinguishing between transcriptionally active and inactive LFY sites
on the genome. | built a classifier that can distinguish between the two classes of LFY
sites based on site quality, genomic context and evolutionary conservation. This will
be the focus of Chapter 1: A machine-learning model to predict transcriptional
regulation of LFY sites genome-wide based on genomic context and evolutionary
conservation, p. 45.

2. An approach combining biochemistry, genomics and structural biology to elucidate
the role of the LFY-UFO complex in the development of Arabidopsis petals and
stamens. While | was not directly involved in the biochemical and structural parts of
the project, the computational component | contributed to was instrumental to
uncover the different specificity of the LFY-UFO complex compared to LFY’s canonical
binding, as well as the role of UFO in allowing LFY to target new sites through its
involvement in a transcriptional complex. This second project will be introduced in

Chapter 2: The LFY-UFO complex regulates distinct genes from LFY, p. 67.

The first chapter will contain a specific introduction, as well as results and discussion
sections. In the second chapter, a short introduction will detail my involvement in the
recently published study that constitutes the core of the chapter itself, and that will be
followed by a section containing additional results and discussion integrating new recent

findings on the same topic. Finally, an overall conclusion will end this manuscript.
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3 Chapter 1: A machine-learning model to predict transcriptional
regulation of LFY sites genome-wide based on genomic context

and evolutionary conservation

3.1 Introduction

LFY is a master regulator of floral development, and it triggers major changes in this
important process (Kaufmann & Airoldi, 2018; Parcy et al., 1998, p. 199; Wagner et al., 1999;
Weigel et al., 1992; Weigel & Nilsson, 1995). Decades of research have elucidated its key role
in multiple plant species, as well its structural and biophysical properties (Hamés et al., 2008;

Moyroud et al., 2009, 2010, 2011; Sayou et al., 2014, 2016).

As LFY holds a central role in flower development, its action is tightly regulated in space and
time, making it an excellent TF model to study the complexity of gene regulatory processes.
LFY’s binding profile has been extensively studied, both in vivo and in vitro, making it one of
the plant TFs with the most binding data available (Goslin et al., 2017; Jin et al., 2021; Lai,
Blanc-Mathieu, et al., 2021; Moyroud et al., 2011; Sayou et al., 2016; Winter et al., 2011).
Moreover, the study of LFY’s DNA binding characteristics has led to the development of
state-of-the-art TFBS models specifically tailored to predict its binding to DNA sequences.
First, a PWM with nucleotide dependencies, which dramatically increases prediction
accuracy compared to a classical PWM (Moyroud et al., 2011); second, POcc, a biophysical
model outperforming the previous ones (Minguet et al., 2015; Moyroud et al., 2011).
However, such models alone do not provide any information about whether the binding
really happens in vivo, or whether it has a measurable effect on target gene expression, and

this hinders their application.

Upon TFBS recognition, TFs can recruit the transcriptional machinery to initiate gene
expression (H. Chen & Pugh, 2021). Transcriptional profiling with microarrays or RNA-seq
techniques can capture gene expression levels at the tissue or single-cell level, and this
information could be integrated with binding profiles to better characterize the panorama of
TFBSs with an active transcriptional role. Multiple studies have investigated LFY’s target
genes, providing information about LFY-dependent gene expression at various
developmental stages and through different experimental designs (Jin et al., 2021; Schmid et

al., 2003, 2004; William et al., 2004).
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TF-DNA binding does not determine effective transcriptional regulation of target genes, as
gene expression can be influenced by other factors including the effect of multiple TFs on
regulatory regions (Spitz & Furlong, 2012). Therefore, we sought to make a comprehensive
model of genome-wide transcriptional regulation by TFs in Arabidopsis, and all the
information stated above makes LFY an ideal candidate for this task. In particular, we
wanted to know why only a subset of LFY-bound regions genome-wide are regulated by the
protein in vivo, and whether the information present in their genomic context could help

explain these preferences.

To this end, | identified LFY sites genome-wide based on their score using LFY’s PWM with
dependencies (Moyroud et al., 2011). Then, | analyzed and integrated LFY binding and
expression data to define whether each PWM-identified LFY site was ‘functional’ (i.e.
transcriptionally active, based on evidence of binding in vitro and in vivo, and having a
significant effect on gene expression) or ‘nonfunctional’ (i.e. transcriptionally inactive,
lacking any binding or gene expression evidence) (Figure 3.1-1). For each LFY site, |
computed state-of-the-art PWM and POcc scores, and | investigated the presence of TFBSs
for other TFs surrounding LFY sites, their density and diversity. | also looked at the distance
between each LFY site and the closest TSS, as some TFs have been shown to bind at
preferential distances from the TSS in Arabidopsis and maize, and we did not know whether
this could also influence transcriptional regulation by LFY (Bernard et al., 2010; Roziére et al.,
2022). Moreover, | computed the level of conservation of each LFY site in flowering plants,
under the hypothesis that conserved regulatory elements would be more likely to be
transcriptionally active. Finally, | trained Random Forest algorithms to distinguish functional

and nonfunctional LFY sites based on all of the information stated above (Figure 3.1-1).

Once the model was trained, | used it to investigate the rules underlying transcriptional
regulation by LFY, as well as to make predictions on LFY sites that were not included in
training, revealing new potential targets of this TF (Figure 3.1-1). For this purpose, | took
advantage of a set of LFY sites that | labeled as ‘unknown’ as they had some evidence of
transcriptional regulation, but they did not fulfill all requirements to be confidently labeled
as ‘functional’. These sites were not included in model training but were used to discover
new LFY-regulated sites on the Arabidopsis genome for which the available evidence was

inconclusive.
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Figure 3.1-1 Graphical abstract for Chapter 1: A machine-learning model to predict transcriptional
regulation of LFY sites genome-wide based on genomic context and evolutionary conservation. (1) LFY
binding sites (pink boxes) are predicted genome-wide using a PWM model with nucleotide
dependencies (Moyroud et al. 2011), and then they are labeled as ‘functional’ or ‘nonfunctional’
based on binding and expression assays. These labeled data are used to train a Random Forest model,
which aims to accurately classify LFY sites as functional or not. (2) Genomic features describing each
predicted LFY BS are fed into the Random Forest model. These features include the genomic context,
which measures the presence of the binding site of all A. thaliana’s TFs nearby the LFY BS, and a
measure of evolutionary conservation. Once the model achieves high performance, it can be used to
predict the state of new sequences, providing valuable biological insights into TF biology. Moreover,
we can identify which genomic features contribute significantly to the model's performance, shedding
light on the molecular mechanics that govern gene regulation by LFY.
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3.2 Results

3.2.1 Genomic context features better predict functional LFY sites than features based
on state-of-the-art LFY-DNA binding models
As mentioned above, the first step consisted in defining LFY TFBSs on the Arabidopsis
genome, and labeling them as either functional, nonfunctional or ‘unknown’ based on
experimental data (more details in Definition of LFY sites genome-wide, p. 115 and
Integration of binding and expression data and definition of

nonfunctional/functional/‘unknown’ LFY , p. 115).

Based on the amount of LFY TFBSs labeled as functional at increasing PWM score percentiles
(Figure S3.4-1A and C), we chose the 99.9%™ percentile threshold, which corresponds to a
PWM score of -18.45, to define genome-wide LFY TFBSs. Threshold choice was the result of a
compromise between site quality, which increases at higher percentiles as the score gets
close to 0, and the amount of functional sites (positive entries) that would be required to
successfully train our algorithm. At 99.9t" percentile threshold, 1204 LFY sites are labeled as
functional (Figure S3.4-1, p. 65), 57699 as nonfunctional and 39488 as ‘unknown’. For the

analyses presented next, | only considered functional and nonfunctional sites.

We decided to build Random Forest classifiers to distinguish functional and nonfunctional
LFY sites based on genomic context information and evolutionary conservation. We chose
Random Forest algorithms because they have been widely applied in biology and genomics
(Back & Walther, 2021; X. Chen & Ishwaran, 2012; Smet et al., 2023), and they accommodate
multiple types of features, allowing us to use both continuous and categorical features.

Moreover, they can account for nonlinear interactions between features.

We first sought to compare the performance of Random Forest models in predicting
functional LFY sites when trained with state-of-the-art LFY-DNA binding models (PWM with
dependencies or POcc) and when trained on genomic context information. Genomic context

was described by the following properties:

e Distance, in bp, between each LFY site and the closest site of other TFs, called ‘co-
occurrence’ hereafter. To avoid redundancy between TFs with similar DNA-binding
motifs, | used clusters of TF DNA-binding models available on JASPAR 2022 and

computed based on motif similarity (Castro-Mondragon et al., 2022), and | applied
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the same procedure as for LFY to define their binding sites on the Arabidopsis
genome (see Computing co-occurrence and LFY-LFY distances, p. 117).

e Distance, in bp, between each LFY site and the next closest LFY TFBS; called ‘LFYdist’
in Figure 3.2-1A (see Computing co-occurrence and LFY-LFY distances, p. 117).

e Distance, in bp, between each LFY site and the closest TSS; called ‘TSS’ in Figure
3.2-1A (see Computing LFY-TSS distances, p. 118).

e Non-LFY TFBS density (i.e. total number of TFBSs) and diversity (through an
adaptation of Shannon’s entropy (Shannon, 1948)) around each LFY site (+ 500 bp).
These features are named ‘density’ and ‘diversity’ in Figure 3.2-1A, respectively.
More details about how | calculated TFBS density and diversity, and how we chose
these two features to include this information, can be found in section Computing

TFBS density and diversity around LFY TFBSs, p. 118).

e Sequence type, i.e. whether each site was found within a promoter region, coding
sequence, intron, downstream regulatory region, 5 or 3’ UTR (see Encoding

sequence type, p. 118). This feature is named ‘seq_type’ in Figure 3.2-1A.

To evaluate the performance of Random Forest algorithms in classifying functional and
nonfunctional LFY sites, | used cross-validation. Briefly, this strategy consists in dividing the
data into a group that will be used to train a model and another one that will be given to the
trained model to evaluate its prediction power on sequences with hidden labels. The
splitting procedure can be repeated multiple times and each time a new model will be
trained and evaluated. Once context features were computed, | used different combinations
of them to train Random Forest algorithms to classify functional and nonfunctional LFY sites.
As our data is unbalanced (few positives, i.e. functional sites, and many negatives, i.e.
nonfunctional sites), | used Precision-Recall (PR) curves to evaluate and compare models
built with different sets of features (more details about the proposed cross-validation

strategy in Training and testing Random Forest models, p. 124).

Random Forest models exclusively built with co-occurrence information of 46 TF clusters
performed better than those built with LFY PWM or POcc alone, as indicated by a higher
median PR AUC over 100 models (median PR AUC = 0.22 for co-occurrence, green boxplot in

Figure 3.2-1A, compared to 0.05 for PWM and 0.14 for POcc alone) (more details on the
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cross-validation strategy and why | obtained 100 models can be found in Training and testing
Random Forest models, p. 124). Distance between two LFY sites (‘LFYdist’, Figure 3.2-1A)
strongly improved predictions (median PR AUC = 0.29), while the addition of LFY sites to TSS
distance, sequence type and TFBS density and diversity (‘TSS’, ‘density’, ‘diversity’,
‘seq_type’, respectively) seemed to only marginally improve the PR curve’s AUC (Figure
3.2-1A). Including PWM scores and POcc as features in addition to all genomic context
information, for a total of 58 features in the model, further increased mean PR AUC to 0.37
(Figure 3.2-1A and B), suggesting that, while their impact alone is limited, their integration
within the genomic context of LFY sites provides new crucial information. Taken together,
these results suggest that the genomic context of LFY sites is informative to distinguish
functional and nonfunctional sites, and that context information leads to better predictions

than with the exclusive use of previous state-of-the-art LFY models, PWM and POcc.
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Figure 3.2-1 Performance of random forest classifiers built with state-of-the-art LFY TFBS models
(PWM with dependencies and POcc) and genomic context information. A: boxplot of PR AUC in 100
models trained with different features as indicated. ‘PWM’ = score obtained with LFY PWM with
dependencies; POcc = POcc score computed +250 bp around each LFY site (more details on POcc
calculation and the choice of the interval around LFY can be found in Computing POcc around LFY
TFBS, p. 116); all other features named here are mentioned in the text just above. B: Detailed PR
curves for the model trained with all features (bottom boxplot in A, in grey). Each line corresponds to
a model built at each cross-validation iteration. Blue line is the average. Horizontal dashed line in grey
corresponds to the expectation of a random model. More details on the cross-validation strategy |
followed can be foundin Training and testing Random Forest models, p. 124.
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3.2.2 Inclusion of evolutionary conservation does not improve predictions

Next, we decided to integrate evolutionary conservation to the previous model containing
genomic context and LFY models features, under the hypothesis that conserved sites would
be more likely to have a functional role. After trying several ways to encode conservation at
LFY sites, | decided to use the average PhastCons and PhyloP scores detected at LFY sites, as
computed genome-wide by (Tian et al., 2020) on Arabidopsis after the multiple genome
alignment of over 60 flowering plant genomes. More information on how | chose the
average conservation score over LFY sites can be found in Computing average conservation
at LFY sites, p. 121. Average PhyloP and PhastCons scores at each LFY site were included as
two separate features, but were used together in the model when conservation is indicated
(‘avg conservation’ in Figure 3.2-2A). Surprisingly, conservation alone was virtually
uninformative for predictions, and its integration to our previous model with genomic

context and LFY models even seemed to slightly decrease its overall PR AUC (Figure 3.2-2A).

One possible explanation for this surprising result is that the evolutionary distance included
in the model is too broad, and that site conservation may have been lost: LFY may no longer
target the same sites, or the sites themselves may not be detected at the genome alignment
stage. The range of species used by Tian et al. to compute PhyloP and PhastCons scores
spanned over 100 million years of plant evolution, and included both mono- and
dicotyledons (Tian et al., 2020). Therefore, | decided to use additional data sources to see
whether decreasing the evolutionary distance of the species included to compute
conservation could help understand the poor impact of conservation on predictions. As it
was not possible to modify the species range used to compute PhyloP and PhastCons scores,
| relied on four published datasets of conserved noncoding sequences (CNSs) at increasing
evolutionary distances (Figure 3.2-2B), and | looked at the proportion of LFY sites

overlapping with CNSs as a proxy of site conservation (Figure 3.2-2C).

The first dataset | used comprises over 90,000 CNSs computed for Brassicaceae species, and
it is the one with the shortest evolutionary distance from Arabidopsis (Haudry et al., 2013).
The second dataset was computed on noncoding regions of 10 dicotyledon species (Velde et
al., 2014), while the third one included 12 species of both mono- and dicotyledons (Velde et

al.,, 2016). The fourth dataset was published along with the nucleotide-resolution
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conservation scores that we had already used to encode conservation in the model, but in
this case it represents conserved genomic regions among 63 mono- and dicotyledon species
instead of continuous nucleotide-level conservation scores (Tian et al., 2020). As the first
three datasets were specifically computed on noncoding regions, | focused on LFY sites in

noncoding regions.

Our results show that the proportion of functional LFY sites overlapping with CNSs is higher
than that of nonfunctional sites in all the CNS datasets used (Figure 3.2-2C). Moreover, the
ratio between the fraction of functional and that of nonfunctional sites overlapping with
CNSs is highest when using Brassicaceae CNSs from the Haudry2013 dataset (Haudry et al.,
2013), while it seems to decrease as more species are taken into account and evolutionary
distances increase (Figure 3.2-2D). It should be noted, however, that this decrease is not
constant, as the ratio in the CNSs from the second dataset is lower than in the third one,
despite the fact that the second one is limited to dicotyledons (Figure 3.2-2D). | also checked
CNS enrichment in ‘unknown’ sites, and they tend to have a CNS-overlapping rate that is
lower than that of functional sites but higher than the nonfunctional ones (Figure 3.2-2C).
This is due to the fact that ‘unknown’ sites represent a mixture of functional and

nonfunctional sites.

Overall, these results suggest that functional sites in noncoding regions tend to be more
evolutionarily conserved than nonfunctional ones, even at broad evolutionary distances.
However, it remains unclear why conservation information has no impact on predictions
(Figure 3.2-2A), even though the CNS dataset issued from the same publication as the data
we previously used in our model (Tian2020 in Figure 3.2-2B, from (Tian et al., 2020)), still

shows strong proportions of conserved sites among functional LFY sites.

Another possibility is that the high conservation levels generally observed in coding
sequences cannot be distinguished from high conservation levels linked to regulatory
functions. This seems to be supported by Figure S3.4-1D, which was generated following the
same procedure as Figure 3.2-2C but without excluding LFY sites in coding sequences, and
which shows that in the fourth dataset the proportion of conserved functional LFY sites is

similar to that of nonfunctional sites. Either way, we decided not to include conservation
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features in the analyses that will be presented next, in consideration of the slight decrease in

median PR AUC that they produced (Figure 3.2-2A).
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Figure 3.2-2 Including average conservation level of LFY sites does not improve predictions. A:
Performance of random forest classifiers built with conservation information and/or genomic context
and state-of-the-art LFY models. Each boxplot represents the PR AUC obtained from 100 models
trained with different features as indicated (see Training and testing Random Forest models, p. 124,
for details on cross-validation). Avg conservation = models built exclusively with average conservation
scores (PhyloP and PhastCons) on LFY sites (see Computing average conservation at LFY sites, p. 121).
Please note that the orange boxplot is the same as the one shown in Figure 3.2-1A in grey, and the
green one corresponds to a model with the same features as the orange one plus two conservation
features, for a total of 60 features in the Random Forest model. B: Species tree displaying the plant
species used to compute different public CNS datasets, indicated with white numbers in boxes. As
each dataset was computed with a different set of species, the ones displayed here are examples used
in at least one dataset. The tree was built with TimeTree.org (Kumar et al., 2022). C: Proportion of
noncoding LFY sites at least partially overlapping with CNSs at increasing evolutionary distances,
based on their functionality label. 1 = functional LFY sites; O = nonfunctional LFY sites; U = ‘unknown’
LFY sites. Haudry2013 = CNSs computed by (Haudry et al., 2013); VV2014 = CNSs computed by (Velde
et al., 2014); VV2016 = CNSs computed by (Velde et al., 2016); Tian2020 = CNSs computed by (Tian et
al., 2020). More details on this analysis can be found in Calculating CNS enrichment at LFY sites, p.
123. D: Ratio between the proportion of functional sites and the proportion of nonfunctional sites

overlapping with CNSs in panel C, for each CNS dataset.
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3.2.3 The model reveals important information about how LFY binds the DNA

As | showed before, genomic context features combined with state-of-the-art LFY models
lead to good predictions in cross-validation (Figure 3.2-1B, p. 50). However, the provided
features (58 in total in this case) are not all equally important to separate functional and
nonfunctional LFY sites. Therefore, | investigated which features were the most important
for classification, as this information can be useful to understand more about the differences
between the two site classes (functional and nonfunctional sites), and ultimately about how

LFY fulfills its regulatory activity.

| decided to look at the Gini importance given to each feature, which measures the total
decrease in node impurity, i.e. in our case, how efficiently a given feature separates a group
of sites into two separate classes of functional vs nonfunctional sites. | extracted the Gini
importance of all features from each random forest model in Figure 3.2-1B (p. 50) and
identified the most important ones (Figure 3.2-3A, see Extracting feature importance from
Random Forest models, p. 126). POcc around LFY sites (‘pocc_250’) was consistently the
most important feature, followed by the PWM score (‘PWM’) and the distance of each LFY
site from the next LFY site (‘LFYdist’) (Figure 3.2-3A). Therefore, although POcc and PWM
resulted in a lower PR AUC when separately used to build random forest classifiers, these
two features, all directly related to LFY sites, have higher importance scores than any

genomic context features individually.

Besides LFY-related features, another important one was the level of TFBS diversity around
LFY sites (‘Sindex_500" in Figure 3.2-3A), highlighting that, while the position of other LFY
sites is very informative, the overall presence of diverse TFBSs is also important to

distinguish functional LFY sites from nonfunctional ones.

Finally, the distance of LFY from specific TF clusters, which represent variable amounts of
TFs, turned out to be important as well (Figure 3.2-3A and B). These relevant clusters and the
TFs they represent are shown in Table 3.2-1. Cluster_1 contains 25 TFs belonging to the
plant-specific Teosinte-branched 1/Cycloidea/Proliferating (TCP) family, which have been
shown to be involved in many processes including plant development and flowering (D. Li et
al., 2019; S. Li, 2015). Cluster_46 contains one TF, CELL DIVISION CYCLE5 (CDC5), which has

been reported to be involved in cell cycle regulation in Arabidopsis (Lin et al., 2007).
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Cluster_4 contains 41 TFs predominantly belonging to the bZIP TF family, as well as some
NAC TFs. bZIP and NAC are among the largest TF families in Arabidopsis, and are involved a
large spectrum of processes (Blanc-Mathieu et al., 2023). Clusters 38, 32 and 18 contain TFs
from different families, including several growth-regulating factor (GRF), RELATED TO ABI3
AND VP1 (RAV) and MADS TFs, which regulate a plethora of plant processes including flower
development (Hugouvieux & Zubieta, 2018; Matias-Hernandez et al., 2014; Omidbakhshfard
et al., 2015). | want to stress the fact that the high importance of these clusters for
predictions does not necessarily mean that LFY is interacting with any of them specifically;
rather, it suggests that their distance from LFY differs between functional and nonfunctional
LFY sites, and that this information helps classification. | will further discuss the relevance of

these TF clusters in the appropriate discussion section.
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Figure 3.2-3 Most important features included in our Random Forest models. Ten features with the
highest Gini importance (highest median value over 100 iterations) in our Random Forest models.
‘vocc_250’ = POcc score computed within #250 bp around LFY sites (see Computing POcc around LFY
TFBS, p. 116). PWM = LFY site score obtained with LFY’s PWM with dependencies (Moyroud et al.,
2011) (see Definition of LFY sites genome-wide, p. 115). LFY _dist = distance between LFY and the next
closest LFY site (see Computing co-occurrence and LFY-LFY distances, p. 117). Sindex_500 = non-LFY
TFBS diversity within #500 bp around LFY sites (see Computing TFBS density and diversity around LFY
TFBSs, p. 118). Clusters = TF clusters from JASPAR 2022 (Castro-Mondragon et al., 2022).

55



Table 3.2-1 Six most important JASPAR 2022 clusters (Castro-Mondragon et al., 2022) shown in Figure
3.2-3A. The table shows correspondence between JASPAR cluster names and the TFs they contain, as
well as the TF families they belong to.

JASPAR Cluster ' cjyster motif TF(s) included in the cluster Function
name

25 TFs:

TCP2, TCP3, TCP4, TCP5, TCP7, TCPS,
TCP13, TCP16, TCP17, TCP19, TCP21,
TCP22, TCP23, TCP24, StBRC1, TB1,

0J1581_H09_2,
cluster_1 ARALYDRAFT_897773, TFs,
) ARALYDRAFT_496250, TCP family
9 VEC.  ARALYDRAFT 495258,

XA VG
1203 4 5 6

<«  ARALYDRAFT_484486,
ARALYDRAFT_493022, Osl_08196,
Glyma19g26560_1,

Zm00001d038683
cluster_46 CDC5 TF' Myb.-
) like family
C
(i? -':,I-' ST =
41 TFs:

NAC047, NACO035, 02, bZIP911, HYH,
ABF4, BZIP28, BZIP68, BZIP16,
BZIP48, BZIP44, BZIP11, BZIP53,

BZIP3, BZIP2, BZIP63, BZIP43, TFs, bZIP
cluster_4 I BZIP42, TGA6, TGAS, TGA2, TGA7,  and NAC
lgcTACQ ¢

Bits.

TGA3, TGA10, TGA9, TGA4, TGA1,  families
bzIP910, TGA1A, BZIP60, NACO43,

NTL9, NAC029, NAC002, NACO5S5,
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Taken together, these results indicate that transcriptionally active LFY sites display a
different genomic context from nonfunctional ones, with features related to the presence of
other LFY sites having a greater impact on predictions. Although to a lesser extent,
differences in non-LFY TFBS diversity and the distance from specific TF groups also

contribute to predicting functional LFY sites.

3.2.4 The model can be used to make predictions of LFY functional sites on ‘unknown’
sites
Once a model is trained, it can be used to make predictions on any site for which the same
information (genomic context, LFY-related features) is available. This can be done either with
a model trained on the entirety of LFY sites, or by following a strategy more similar to cross-
validation, where a subset of the data is used to train a new model, repeating the process
many times. The advantage of the latter is that each trained model can be used to make
predictions on new sites, revealing which ones display high probability of being functional
over many iterations. Following this principle, | decided to train the random forest models
shown in Figure 3.2-1B (p. 50) on functional and nonfunctional sites, and to make predictions
with each one on ‘unknown’ sites, i.e. LFY sites with evidence of either binding or differential
expression but which could not be confidently labeled as functional nor as nonfunctional
(more details in Using trained Random Forest models to make predictions on ‘unknown’

sites, p. 126).

Among the ‘unknown’ sites with the highest median probability of being functional (over 100
models), a site located on chromosome 3, in the promoter of the BOP1 gene
(chr3:21146118-21146137), looks particularly promising (Figure 3.2-4A). It is the site with
the third highest median probability value, and it is surrounded by additional LFY sites
(Figure 3.2-4B). This site was labeled as ‘unknown’ because it is bound in ChIP-seq and
ampDAP-seq experiments, but there was no evidence of differential expression. When
looking at the other four sites with the highest median probability of being functional (Figure
3.2-4A), none is close to a gene for which the link to LFY regulation is as evident as BOP1
based on existing literature (Figure S3.4-2). In absence of prior evidence of their potential as
LFY functional sites, and of experimental validation, | decided not to explore these sites any

further, and to focus on the site in the BOP1 promoter as an example.
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Figure 3.2-4 The model can be used to predict whether ‘unknown’ LFY sites (which could not be
confidently labeled as functional nor as nonfunctional) are functional or nonfunctional. A: Five
‘unknown’ LFY sites with the highest median predicted probability of being functional, based on 100
random forest models (see Training and testing Random Forest models, p. 124). Red dashed line
marks a predicted probability value of 0.45, while the black dashed line marks 0.5, for a better visual
assessment of the probability values displayed. B: Screenshot taken with Integrated Genome Browser
(Freese et al., 2016) over the promoter of the BOP1 gene. From top to bottom: LFY binding signal in
ChlP-seq experiments from (Goslin et al., 2017; Jin et al., 2021; Moyroud et al., 2011; Sayou et al.,
2016); LFY sites computed with LFY’s PWM with dependencies with score above the 99.90th
threshold, where the site with the highest median probability shown in panel A is indicated with an
arrow and its name; LFY ampDAP-seq signal from (Lai, Blanc-Mathieu, et al., 2021); two isoforms of
the BOP1 gene as included in the TAIR10 annotation.
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3.3 Discussion

3.3.1 Genomic context carries key regulatory information

We built a classifier that can distinguish between transcriptionally active and inactive LFY
sites identified based on their PWM score. Instead of using ROC curves to evaluate and
compare models built with different sets of features, | chose to focus on the metric of PR
curve AUC because the data are strongly unbalanced, and in such cases ROC curves can lead
to high AUC values inflated by an excessive prediction of the majority class. While the model
itself, with an average PR AUC of 0.37, is far from being perfect (AUC = 1), it still suggests

that the features we included can indeed help distinguish the two sites' categories.

Our results show that co-occurrence, encoded as the distance between each LFY site and the
closest site of each of over 40 groups of TFs, is more informative than state-of-the-art LFY
DNA-binding models characterizing site quality (PWM score) or LFY occupancy in the +250
bp surrounding each reference LFY site (POcc) (Figure 3.2-1, p. 50). Nevertheless, combining
context information and LFY models leads to the best results, indicating that, ultimately, LFY

binding in vivo happens on regulatory regions with particular characteristics.

Such characteristics are revealed by the importance given by the model to different features:
the most important features are all related to LFY binding sites, with POcc having an
especially strong impact on predictions. The importance of POcc over PWM highlights the
fact that, beyond binding affinity, the biochemical properties of LFY and the presence of
multiple LFY sites in the same region are signals of LFY active sites. This is in line with
previous reports of the importance of the N-terminal SAM domain of the protein, which is
crucial for cooperative binding of LFY oligomers on regulatory regions (Sayou et al., 2016).
Using the same approach with other TFs that do not oligomerize will be crucial to determine
the importance of this feature beyond LFY. Furthermore, it would be interesting to assess
the importance of cooperative binding by looking at whether functional and nonfunctional
LFY sites are more or less likely to lose binding signal when LFY’s cooperativity is disrupted,
as it happens in a previously published mutated version of LFY (LFYtere, Wwhere T75E, R112E

substitutions alter the protein’s oligomerization properties) (Sayou et al., 2016).

In addition to LFY-related features, TFBS diversity, which we encoded by adapting Shannon’s

entropy measure (Shannon, 1948), also seems to be important for predictions. Previous
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reports using synthetic promoters had shown the importance of diverse regulatory regions,
containing TFBSs belonging to different TFs, for reporter gene expression, as opposed to a
suite of the same amount of sites from the same TF (Singh et al., 2021). It is also possible
that this measure simply helps setting apart regulatory regions from non-regulatory ones,
although total amount of TFBSs around LFY sites (TFBS density), which is generally higher in

regulatory regions, was less important than diversity.

Distance between LFY sites and TFBSs belonging to some key TF clusters also seems to have
an impact on predictions (Figure 3.2-3, p. 55). Cluster_1, which contains TCP TFs, is among
the most important ones. While TCPs are involved in a variety of processes in Arabidopsis,
TCP5, TCP13 and TCP17 have been shown to interact with the AP1 promoter, a major LFY
target (D. Li et al., 2019). As cluster_1 is the cluster with the highest median importance for

predictions, LFY could be sharing other targets with TCP proteins.

Next, cluster_46 only contains one TF, CELL DIVISION CYCLE 5 (CDC5), a Myb-like TF. CDC5 is
expressed in the shoot apical meristem and in inflorescences, and it has been shown to be
involved in development and bacterial infection response in Arabidopsis (Hirayama &
Shinozaki, 1996; Lin et al., 2007; Palma et al., 2007; S. Zhang et al., 2013). Moreover, cdc5
mutants display phenotypic defects such as delayed flowering and sterility (Lin et al., 2007).
While the importance of the distance between LFY and CDC5 TFBSs does not necessarily
imply that the two proteins interact, the evidence reported above supports the fact that the
two proteins are coexpressed, and that they could be regulating some common targets,

leading to their sites being close to each other.

As cluster_4, cluster_38, cluster_32 and cluster_18 represent a variety of proteins and TF
families for which a direct implication with LFY is not evident, | do not want to over-
speculate on their importance in the context of LFY binding. In order to truly determine the
role of the other clusters as potential TFs co-occurring with LFY, additional analyses and
experimental validation will be required. Techniques such as TARGET, transiently expressing
TFs in Arabidopsis protoplasts, could be instrumental to study the involvement of such

clusters in co-regulating genes with LFY (Bargmann et al., 2013; Brooks et al., 2023).

More broadly, | explicitly chose to focus on sites where LFY binds by itself and without strict
requirement for cofactors, as | focused on LFY sites bound in ChIP-seq and ampDAP-seq
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experiments. This means that clusters that are important for predictions are important
because of the distance of their TFBSs from LFY’s, but not necessarily as direct interactors of
LFY. If the objective were to look for potential interactors, for example, it would be possible
to modify the classification labels in order to look for LFY sites that are bound in vivo and not
in vitro, which could require binding partners and/or a chromatin context that is missing in
ampDAP-seq experiments. While | have not tried this strategy so far, it could be interesting

for exploratory analyses with LFY as for other TFs.

3.3.2 Several possible reasons to why conservation of LFY sites does not help
predictions
Functionally important elements in regulatory regions have been reported to be
evolutionarily conserved, and this information can be used to infer regulation (Vandepoele
et al., 2006). We hypothesized that including evolutionary conservation of LFY sites in a
predictive model would positively impact predictions as sites with a functional role in
transcriptional regulation would tend to be more conserved than nonfunctional sites
randomly arising in the genome. However, when | included the average conservation score
(PhyloP and PhastCons) of LFY sites in the model, which already contained genomic context
as well LFY PWM score and POcg, it did not have any significant effect on PR AUC, and even

slightly decreased its median value (Figure 3.2-2, p. 53).

We initially thought that the reason behind conservation not improving our classification
could be that the evolutionary interval included to compute conservation scores was too
broad, and that some transcriptionally important LFY sites were lost. Therefore, |
investigated whether LFY sites were overlapping with conserved regions computed at
increasing evolutionary distances. | first excluded LFY sites found in coding regions because
three out of four datasets were specifically computed on noncoding regions. My results
show that functional LFY sites are consistently more enriched in CNSs than nonfunctional
ones, and that the ratio between the fraction of functional sites overlapping with CNSs and
the proportion found for nonfunctional sites decreases as the evolutionary distance

increases (Figure 3.2-2C and D, p. 53).
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However, when | used a dataset including conserved regions in coding and noncoding
sequences (Tian et al., 2020), the proportion of LFY sites that overlap with conserved regions
was very similar between functional and nonfunctional sites (Figure S3.4-1D, p. 65). It is
important to note that this dataset was published along with the PhastCons and PhyloP
conservation scores that | included in the model (Tian et al., 2020). This difference could be
amplified by the differences in sequence type distributions between the three classes of LFY
sites (Figure S3.4-1B, p. 65). Therefore, it is possible that high conservation observed for sites
found within coding regions cannot be distinguished from high conservation in noncoding
regions, although the latter could be an indicator of functional importance of regulatory
regions. While | did not try to build a model including conservation as a binary feature
representing overlap (or lack thereof) of each LFY site with CNSs, it would be interesting to
know whether this kind of information has any impacts on predictions, and whether the
impact changes when using CNS datasets at increasing evolutionary distances. This
approach, based on the results shown in Figure 3.2-2C (p. 53), has the potential to reveal a
higher influence of conservation on predictions, but it should be exclusively applied to

noncoding LFY sites.

It is important to note that both strategies, the averaged PhyloP and PhastCons conservation
per site and the overlap of at least a portion of LFY sites with conserved regions, have a
caveat: neither of them take into account the importance of the conserved nucleotides (or
portions of the LFY TFBS) for binding. As not all positions are equally important for binding,
conservation of key positions could be more important than conservation of more variable
positions within the TFBS. My previous attempts at using a weighted average to encode
overall conservation of LFY sites, where the information content per position represents the
weight, did not improve results, although | did not try to do the same when looking at

overlap of LFY sites with CNSs and this remains to be tested.

Another possibility that could be explored is to switch the focus from sequence conservation
to the conservation of regulatory modules, which has been shown to be important for gene
expression conservation over broad evolutionary distances (Nitta et al., 2015; Ravel et al.,
2014; Taher et al., 2011; Wong et al., 2020). As the model presented in this chapter is built
to include features describing the genomic context of functional and nonfunctional LFY sites,

the focus for encoding conservation could switch from single LFY sites towards the
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conservation of the regulators in that context. This would require more complex
comparative genomics approaches, but it holds great potential for functional site

predictions.

Bearing in mind all the considerations above, it is still possible that a low impact of site
conservation on predictions is due to the fact that, while LFY’s sequence and specificity are
highly conserved (Sayou et al., 2014), its targets may not be as conserved, and neither its
sites. Previous reports of cis-regulation being rather restricted support the possibility that
cis-regulatory targets could be scarcely conserved (Ballester et al., 2014; Tu et al., 2022). A
particularly relevant example in plants is a study where only about 13% of Arabidopsis
GOLDEN2-LIKE (GLK) TF targets were also found to be targeted by GLK orthologs in tomato,
tobacco, maize and rice (Tu et al., 2022). From this point of view, despite evidence of LFY still
targeting some important genes such as AP1 and AG outside of Brassicaceae (Minguet et al.,
2015; Moyroud et al., 2011), it is possible that its other targets, which have not been studied
in such detail, may not be conserved. AP3 regulation, which requires both LFY and its
cofactor UFQ, is also conserved outside of Brassicaceae (Ingram & Coena, 1995.; S. McKim &
Hay, 2010; Rieu et al., 2023; Souer et al., 2008). LFY has also been shown to be involved in
additional developmental processes in other species than Arabidopsis (Moyroud et al., 2009,
2010), suggesting that the gene regulatory networks where it is involved may have changed,
and LFY target sites with them. Nevertheless, at the moment, we do not have enough
evidence to establish whether this is the reason behind the poor results we obtained when

adding LFY sites conservation scores to our model.

3.3.3 New potential targets of LFY revealed by the model

| used the model presented in Figure 3.2-1B to predict whether ‘unknown’ LFY sites, i.e. sites
that only partially met the requirements to be labeled as functional, were transcriptionally
active or not. My results indicate that an ‘unknown’ LFY site likely to be functional is found in
the promoter of BOP1, a TF that has been shown to negatively regulate LFY protein
(Chahtane et al., 2018). Like LFY’s, BOP1 expression is detected since the floral anlagen, and
the BOP1 protein is detected since stage 5/6 and at the base of developing organs, which

overlaps with LFY’s expression domain (Karim et al., 2009; S. M. McKim et al., 2008; Weigel
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et al., 1992; Yamaguchi et al., 2016). The site within the BOP1 promoter predicted to be
functional is bound in ChIP-seq and ampDAP-seq experiments, but the lack of BOP1
differential expression led to its ‘unknown’ label. Based on the evidence presented above,
LFY could be targeting the BOP1 promoter. Dual luciferase reporter assays in Arabidopsis
protoplasts with the full BOP1 promoter sequence would be a good start to determine
whether LFY can induce BOP1 expression. Furthermore, sequentially mutating the LFY site
predicted to be functional as well as the other LFY sites on the BOP1 promoter would help
determine the importance of that site in particular, as predicted by our model. None of the
other sites with the highest probability of being functional (Figure 3.2-4A, p. 58) maps close
to genes with apparent link to flowering or show enough compelling prior evidence of being

targeted by LFY (Figure S3.4-2, p. 66).

In our approach, we focused on LFY sites found within or around genes, up to 3 kb upstream
of the TSS and 1 kb downstream of the TTS. However, trained models could be used to make
predictions on LFY sites found in intergenic regions, i.e. even farther away from genes,
following the same approach used for ‘unknown’ LFY sites. While in Arabidopsis the mean
size of intergenic regions is about 1 kb (Lamesch et al., 2012), gene density can vary and it

could reveal transcriptional activity at longer distances from genes.

Finally, as our approach relies on learning the genomic context of transcriptionally active
sites rather than direct TF-target links, a model trained on Arabidopsis data could be used to
make predictions on TFBSs in other species. This could reveal if and to what extent the cis-
regulatory code that applies to a TF is, itself, conserved in other species. Binding and
expression data in five plant species as published by (Tu et al., 2022) for GLK TFs could be

instrumental to further develop and validate this approach.
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3.4 Supplementary figures
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Figure S3.4-1 Supplementary information about LFY sites genome-wide. A: Distribution of LFY PWM
scores as calculated on the whole Arabidopsis genome with LFY’s PWM with dependencies. The
vertical line represents the 99.90th percentile threshold chosen for subsequent analyses; grey shaded
part represents the LFY sites with a PWM score above the 99.90th threshold that were used in
subsequent analyses. More details in Definition of LFY sites genome-wide, p. 115. B: Type of sequence
to which functional (1), nonfunctional (0) and ‘unknown’ (U) LFY sites map on the Arabidopsis
genome. UTR_5 =5’ UTR, UTR_3 = 3’ UTR, CDS = coding sequence, downstream = 1 kb downstream of
the 3’ UTR, promoter = 3 kb upstream of the 5’ UTR. LFY sites mapping at multiple sequences types
(e.g. promoter and CDS) are shown multiple times. C: Total number of functional LFY sites (top panel)
and ratio of functional/total functional + nonfunctional sites (bottom panel) at increasing PWM score
percentile thresholds. More details in Definition of LFY sites genome-wide, p. 115. D: Proportion of LFY
sites at least partially overlapping with conserved regions, LFY sites mapping to coding and noncoding
regions confounded. The analysis was conducted as in Figure 3.2-2C (p. 53), but this time with all LFY
sites in coding and noncoding regions confounded. 1 = functional LFY sites; O = nonfunctional LFY
sites; U = ‘unknown’ LFY sites. Haudry2013 = CNSs computed by (Haudry et al., 2013); VV2014 = CNSs
computed by (Velde et al., 2014); VV2016 = CNSs computed by (Velde et al., 2016); Tian2020 = CNSs
computed by (Tian et al., 2020). See Calculating CNS enrichment at LFY sites, p. 123, for more details.
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4 Chapter 2: The LFY-UFO complex regulates distinct genes from LFY

4.1 Introduction

4.1.1 LFY and UFO are involved in petal and stamen development

As explained in the introduction of this manuscript, Arabidopsis flowers are made of four
concentric whorls of organs: sepals, petals, stamens and carpels. The correct formation of
these organs relies on effective spatiotemporal control of homeotic gene expression. Petal
and stamen development is regulated by LFY and UFO through the activation of AP3 (. Lee
et al., 1997).

This chapter will focus on LFY and UFO, and on their role in petal and stamen development.
First, | will explain the proposed role of the LFY-UFO interaction based on previous findings,
then | will explain the main findings of our article, published early in 2023, highlighting my
contribution. | will include the article in this manuscript and, finally, 1 will show some
additional results and discuss the possibility that LFY and UFO have a broader role in plant

development.

4.1.2 UFO has been proposed to interact with LFY to promote its ubiquitination and

degradation

UFO is an F-box protein that is part of an SCF E3 ubiquitin ligase complex, and it directly
interacts with LFY to regulate AP3 expression (Chae et al., 2008). Unlike LFY, which is
expressed throughout the floral meristem since the earliest stages of floral development
(Weigel et al., 1992), UFO is expressed in the peripheral zone of the shoot apical and
inflorescence meristems (Reddy, 2008). Therefore, the interaction between LFY and UFO has
been proposed to allow the spatiotemporal control of AP3 expression in the appropriate

domains for the development of petals and stamens (Parcy et al., 1998).

Moreover, LFY can also be ubiquitinated in a UFO-dependent manner in inflorescences, as its
ubiquitination level is lower in a ufo-2 background (Chae et al., 2008). This information
pointed towards UFO interacting with LFY to promote its ubiquitination and subsequent

proteasome-dependent degradation. An additional hint in this direction was provided by
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Risseeuw et al., who showed that overexpression of UFO without its F-box domain in a WT
background resulted in a phenotype similar to ufo weak alleles, suggesting that the
involvement of UFO in protein ubiquitination and degradation constitutes an important part

in its flower development role (Risseeuw et al., 2013).

Despite this body of evidence, the exact molecular mechanism remained unclear. Is UFO
recruited to AP3 to promote LFY’s degradation, or is it there to contribute to LFY’s
transcriptional function? Does the presence of UFO alter LFY’s properties allowing its binding
at the AP3 promoter? We addressed these questions through a combination of molecular,

computational and structural approaches.

4.1.3 LFY and UFO form a transcriptional complex that recognizes new genomic regions

Our results suggest that UFO forms a transcriptional complex with LFY to control the
expression of developmental genes such as AP3 (Figure 4.1-1). Interestingly, the F-box
domain of UFO is partially dispensable for its transcriptional role, unlike what was previously
suggested (Risseeuw et al., 2013), indicating that this action is independent of its
involvement in an SCF ubiquitination complex. It is likely that the weak ufo phenotype
observed in previous reports of plants expressing UFO without its F-box domain was due to

protein folding issues of the truncated protein.

Instead, we found that the LFY-UFO interaction changes LFY’s binding specificity to what we
named a LFY-UFO Binding Site (LUBS), which is a variation of a LFY canonical motif with the
addition of a UFO-recruiting motif at the 5’ end. | detected this motif thanks to a genome-
wide LFY-UFO binding assay in vitro (ampDAP-seq), performed by P. Rieu, after designing a
procedure to retrieve complex-specific regions as opposed to regions bound by LFY alone in
another ampDAP-seq experiment. Crucially, the UFO-recruiting motif at the 5’ end of LFY’s
canonical motif was detected in LFY in vivo binding data. These findings were supported by
evidence of the LFY-UFO complex binding to a LUBS in vitro in electrophoretic mobility shift
assays, and by a strong reduction in AP3 expression upon mutation of the strongest LUBS

sites in the AP3 promoter.
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LFY-UFO and LFY targeting different genomic regions allows an additional layer of
transcriptional control, by restricting the expression of a subset of genes to the tissues
where both LFY and UFO proteins are present. Indeed, a LUBS is also present in a set of
genomic regions that LFY can bind with UFO but not on its own, and that are distinct from

LFY’s canonical targets.

LFY and UFO do not colocalize LFY and UFO colocalize

LFY
DBD

o
X

Formation of a LFY-UFO-DNA complex

No binding

LFY
DBD\ DBD

LFY

—_ UFO Recruiting Low-affinity UFO Recruiting Low-affinity
High-affinity Motif LFY Binding Site Motif LFY Binding Site
LFY Binding Site L | L ]
LFY-UFO Binding Site LFY-UFO Binding Site
Activation of genes by LFY alone or with cofactors Activation of genes by the LFY-UFO complex
(e.g: AP1, AG) (e.g: AP3, RBE)

Figure 4.1-1 LFY and UFO form a transcriptional complex to regulate flower developmental genes.
Credits: Philippe Rieu.

Solving the cryo-EM structure of the LFY-UFO complex revealed that UFO directly
participates in the binding, and that the bound DNA is slightly bent. Finally, yeast-two-hybrid
assays using LFY proteins from several species at increasing evolutionary distances and UFO
from Arabidopsis suggest this interaction to be conserved in angiosperms, gymnosperms and

ferns, but not in mosses and algae.

| contributed to the computational side of this project, by analyzing LFY and LFY-UFO
ampDAP-seq data and comparing the read coverage (i.e. signal strength) of the regions
bound in the two experiments. | also identified the new LUBS in LFY-UFO-enriched regions,
and | analyzed public microarray data to identify new potential targets of the complex. |

assembled bioinformatics-related figures, as well as the materials and methods and a first
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draft of the main text relative to these parts. | received help from Jérémy Lucas on the
analysis of the quality of LFY sites on LFY-UFO- vs LFY-specific regions, and Romain Blanc-

Mathieu was responsible for finding the UFO-recruiting motif in LFY ChIP-seq data.

The full paper will be included in the next section. It will be followed by a section showing
some additional results and discussing the role of the LFY-UFO complex in plant

development in the light of recent findings.

4.2 Article
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In angiosperms, flower development requires the combined action of the
transcription factor LEAFY (LFY) and the ubiquitin ligase adaptor F-box
protein, UNUSUAL FLORAL ORGANS (UFO), but the molecular mechanism
underlying this synergy has remained unknown. Here we show in transient
assays and stable transgenic plants that the connection to ubiquitination
pathways suggested by the UFO F-box domain is mostly dispensable.

On the basis of biochemical and genome-wide studies, we establish that
UFO instead acts by forming an active transcriptional complex with LFY at
newly discovered regulatory elements. Structural characterization of the
LFY-UFO-DNA complex by cryo-electron microscopy further demonstrates
that UFO performs this function by directly interacting with both LFY and
DNA. Finally, we propose that this complex might have a deep evolutionary
origin, largely predating flowering plants. This work reveals a unique
mechanism of an F-box protein directly modulating the DNA binding
specificity of amaster transcription factor.

The formation of flowers is key to the reproductive success of angi-
osperms. Flowers are made of four types of organs (sepals, petals,
stamens and carpels) arranged in concentric whorls. The patterning
of flower meristems requires the localized induction of the ABCE flo-
ral homeotic genes that determine specific floral organ identities. In
Arabidopsis thaliana, this developmental step is largely controlled
by the master transcription factor (TF) LEAFY (LFY) that activates the
ABCE genes'”. LFY directly activates the A class gene APETALAI (API)
uniformly in the early flower meristem>*, while activations of Band C

genesare local and require the activity of cofactors. For instance, LFY
regulates the C class gene AGAMOUS (AG) in conjunction with the TF
WUSCHEL to specify third whorl (stamen) and fourth whorl (carpel)
identities’. The activation of the B class gene APETALA3 (AP3), neces-
sary to specify the identity of the second (petal) and third whorls of the
flower, requires the combined activity of LFY and the spatially deline-
ated cofactor UNUSUAL FLORAL ORGANS (UFO)° 8. In Arabidopsis, the
main function of LFY and UFO is to activate AP3 (ref. °), but in numer-
ous species (such as rice, wheat, tomato and petunia), their joint role

'Laboratoire Physiologie Cellulaire et Végétale, IRIG-DBSCI-LPCV, Université Grenoble Alpes, CEA, CNRS, INRAE, Grenoble, France. *Translational
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France. “EMBL, ISBG, Université Grenoble Alpes, CNRS, CEA, Grenoble, France. 5Structural Biology Group, European Synchrotron Radiation Facility,
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goes well beyond B gene activation and is key to floral meristem and
inflorescence development'®™,

At the molecular level, little is known on the nature of LFY-UFO
synergy. Unlike most floral regulators, UFO encodes not for a TF but
for an F-box protein, one of the first to be described in plants™ ¢
UFO is part of a SKP1-Cullin1-F-box (SCF) E3 ubiquitin ligase com-
plex through the interaction of its F-box domain with ARABIDOPSIS
SKP1-LIKE (ASK) proteins™". Inaddition, its predicted carboxy-terminal
Kelch-type B-propeller domain physically interacts with LFY DNA Bind-
ing Domain (DBD)*®. As the control of TF activity through proteolytic
and non-proteolytic ubiquitination is awell-described mechanism", it
hasbeensuggested that LFY is targeted for ubiquitination and possibly
degradation by the SCFF° complex. Other data have shown that add-
ing a repression or activation domain to UFO changes its activity and
that UFOisrecruited at the AP3promoterinaLFY-dependent manner,
suggesting amore direct role of UFO in gene regulation'*°. However,
direct evidence explaininghow UFO regulates a specific subset of LFY
targets was still missing, and the molecular mechanism underlying
LFY-UFO synergistic action remained elusive.

Here we show that the connection of UFO to the SCF complex is
largely dispensable for this protein’s activity and that an important
role of UFQ is to form a transcriptional complex with LFY at genomic
sites devoid of canonical high-affinity LFY binding sites (LFYBS). Our
study presents a unique mechanismby which an F-box protein acts as
anintegral part of a transcriptional complex.

The UFO F-box domainiis partially dispensable for
itsfloralrole

Adualluciferasereporter assay (DLRA) in Arabidopsis protoplasts was
used to study floral promoter activation by LFY and UFO. We used pro-
moter versions known to allow full complementation of mutants or to
beabletorecapitulate awild-type (WT) expression pattern (Methods).
We found that the AP3 promoter (pAP3) was more strongly activated
when LFY (or LFY-VP16, a fusion of LFY with the VP16 activation
domain) was co-expressed with UFO (or UFO-VP16) than by either
effector alone (Fig. 1a,e). Similar results were obtained with the pro-
moter of RABBIT EARS (RBE), another UFO target (Fig. 1b)*. We also
analysed the promoters of API (pAPI) and AG (pAG), two LFY targets
regulatedindependently of UFO*** that are required for organidentity
of the first and second (API) or third and fourth (AG) floral whorls. We
found that their activationby LFY and LFY-VP16 was insensitive to UFO
(Fig. 1c,d). Thus, the protoplast assay accurately reproduced several
floral promoter activation patterns.

We next investigated the involvement of an SCF**°-dependent
ubiquitination pathway in pAP3activation by LFY-UFO. We found that,
when co-expressed with LFY, amino-terminally truncated UFO versions
lacking the F-box domain (UFOAFbox and UFOAFbox-VP16) activated
PpAP3 similarly to the full-length (FL) UFO (Fig. 1e). The connection of
UFO to an SCF complex thus appears dispensable for pAP3 activation
in transient protoplast assays. The previously reported inactivity of
UFO with an internal deletion of its F-box probably reflects the poor
folding of this protein variant rather than the functional importance
of the F-box domain (Extended Data Fig. 1a—c)™.

We also constitutively expressed tagged versions of UFO and
UFOAFbox in Arabidopsis. Irrespective of the presence of the F-box,
plantsdisplaying a detectable UFO or UFOAFbox expression (Extended
Data Fig. 1d) showed a typical UFO gain-of-function phenotype
(Fig. 1f,g). In addition, both UFO versions complemented the strong
ufo-I mutant and induced gain-of-function phenotypes (Fig. 1h and
Extended DataFig. 1e,f)%. Still, minor defects (such as some missing or
misshapen petals and disorganized flowers) were specifically observed
in the absence of the F-box, suggesting that this conserved domain
mightbeimportantforasubset of UFO functions (Fig.1h and Extended
Data Fig. 1g). Overall, UFO and UFOAFbox have very similar activi-
ties, showing that the role of the F-box domain is largely dispensable

and that a ubiquitination-independent mechanism determines the
LFY-UFO synergy.

LFY and UFO form a transcriptional complexona
new DNA motif

Protoplast assays established that the AP3and RBE promoter sequences
contain the information that dictates their specific activation by
LFY-UFO. Several regulatory regions driving AP3 regulation in early
floral meristem have been identified, including the distal and proxi-
mal early elements (DEE and PEE; Fig. 2a)****. The DEE contains a pre-
dicted canonical LFYBS, but in protoplasts, like in plants®, this site
is not sufficient to explain pAP3 activation (Extended Data Fig. 2). By
systematically testing AP3 promoter variants in the transient assay, we
identified a20-base-pair (bp) DNA element around the PEEimportant
for LFY-UFO-dependent activation but devoid of canonical LFYBS
(Fig. 2b and Extended Data Fig. 3a-c). We investigated the possibility
that LFY and UFO form a complex on this DNA element using elec-
trophoretic mobility shift assays (EMSAs). For this, we mixed either
recombinant LFY-DBD (the LFY domain interacting with UFO)™
or in-vitro-produced FL LFY with a reconstituted ASK1-UFO com-
plex. None of the proteins bound the DNA probe alone, but a shift
was observed when LFY-DBD or FL LFY was mixed with ASK1-UFO
(Fig. 2c). Thus, a presumptive ASK1-UFO-LFY complex was formed
on a pAP3 DNA element (hereafter named LFY-UFO Binding Site O
(LUBSO)) that each partner did not bind on its own. We did note
that UFO had a weak affinity for DNA, as ASK1-UFO shifted the DNA
probe when we performed EMSAs with low competitor DNA con-
centrations (Extended Data Fig. 3d). EMSAs performed with LUBSO
mutated at various bases provided evidence that the formation of
the complex is sequence-specific and suggests a bipartite DNA motif
(Extended Data Fig. 3f).

To identify all genome regions possibly targeted by the ASK1-
UFO-LFY complex, we performed amplified DNA affinity purifica-
tion sequencing (ampDAP-seq) with a reconstituted ASK1-UFO-LFY
complex (Extended Data Fig. 4a,b). We identified numerous genomic
regions where LFY binding was strongly enhanced by the presence of
ASK1-UFO.Foreachboundregion, we computed theratio (the cover-
age fold change (CFC)) between the coverage of peaks in the presence
or absence of ASK1-UFO (Fig. 2d). Searches for enriched DNA motifs
inthe 600 regions with the highest CFC (>4.7) identified two bipartite
motifs made of a 6-bp RRNRCA (Nindicates A/C/G/T; Rindicates A/G)
sequence, four bases of variable sequence and either a monomeric
or a dimeric site resembling canonical LFYBS but with more variabil-
ity (Fig. 2e). Consistent with the presence of a sequence resembling
LFYBS, we found that pAP3activationin protoplasts required the LFY
amino acid residuesinvolved inbinding to canonical LFYBS (Extended
DataFig.4c,d).

We named the identified motifs mLUBS and dLUBS for monomeric
and dimeric LFY-UFO Binding Sites, respectively (Fig. 2e). Since it is
observed specifically with ASK1-UFO, the RRNRCA element was named
the UFO Recruiting Motif (URM). Position weight matrices (PWMs)
for dLUBS and to a lesser extent mLUBS outperformed the canoni-
cal PWM for LFY, showing that they reliably predicted the binding of
ASK1-UFO-LFY (Extended Data Fig. 4e). The LFYBS present within
the LUBS of high-CFC regions tended to have a lower predicted affin-
ity than those present in regions bound by LFY alone (Extended Data
Fig. 4f), explaining why LFY binding to those sequences occurs only
with UFO and the URM. Remarkably, we alsoidentified the URM de novo
from published LFY chromatin immunoprecipitation sequencing
(ChIP-seq) data (Extended Data Fig. 4g)**. Moreover, we found that
the LFY ChIP-seq performed ininflorescences” correlates better with

the ASK1-UFO-LFY ampDAP-seq than with the LFY ampDAP-seq
(Spearman rank correlation of 0.481 versus 0.338 for the first 1,000
ChIP-seq peaks), strongly suggesting that many regions are bound
invivo by UFO (see examples of such regions in Extended DataFig. 7b,c).
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***+Pp < 0.000L1. f, Representative pictures of the different phenotypic classes
obtainedin the T, population of the indicated transgenic plants (scale bars,

1 mm for flowers and 1 cm for rosettes). g, Distribution of T, plants in phenotypic
classes as described in f. The distribution of 355::UFO and 35S::UFOAFbox lines
within phenotypic classes is not significantly different (y* tests; NS, P> 0.05).
n,number of independent lines. h, ufo-I complementation assay by the 35S::UFO
and 35S::UFOAFbox transgenes. Rosettes (scale bars, 1 cm), inflorescences

(scale bars,1 mm) and flowers (scale bars, 0.5 mm) are shown. Source dataare
available in Supplementary Data 4.

The ampDAP-seq findings were validated by EMSAs with DNA
probes corresponding to optimal mLUBS and dLUBS motif's (Fig. 2f
and Extended Data Fig. 4h). We observed a complex of slower mobil-
ity with dLUBS than with mLUBS, consistent with the presence of two
LFY molecules on dLUBS. ASK1-UFO also supershifted LFY bound
to canonical LFYBS from pAPI and pAP3 DEE (Extended Data Fig. 4i),
sometimes (but not systematically) increasing apparent LFY binding.

LUBS are functional regulatory elements

Examination of the pAP3 genomic region in ASK1-UFO-LFY
ampDAP-seqrevealed apeak thatis absentinthe experiment performed
with LFY alone (Fig. 3a). This peak is roughly located on the PEE and is

consistent with LFY ChIP-seq peaks®*. We searched for LUBS under
this peak, and, to our surprise, we identified several sites predicted to
bebetter than LUBSO (Fig.3a).In EMSAs, the two highest-scoringsites,
LUBS1and LUBS2, were specifically bound by LFY in the presence of
ASK1-UFO (Fig.3b and Extended Data Fig. 5a). EMSAs performed with
a LFY mutant version affected in its ability to dimerize further con-
firmed the stoichiometry of LFY-UFO complexes on LUBS1and LUBS2
(Extended Data Fig. 5b). A similar binding was also observed when com-
bining LFY and UFOAFbox (Extended Data Fig. 5c,d), consistent with
the F-box being facultative for LFY-UFO transcriptional activity (Fig.1).
Inthe protoplast assay, altering LUBS1 or LUBS2 (or both) significantly
reduced pAP3activation (Fig. 3¢c); the LUBS1 alteration had astronger
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Fig.2|LFY and UFO together bind anew DNA motif. a, WT pAP3 with regulatory
regions and cis-elements (top line). The coordinates are relative to the AP3 start
codon. TSS, transcription start site. The orange triangles represent canonical
LFYBS. The orange rectangle represents the 107-bp region and the black square
represents the mutation introduced in pAP3 LUBSO (LUBSO,,). The detailed
functional dissection of the 107-bp region and the LUBSO mutation (LUBSO,,)
are described in Extended Data Fig. 3. The other rows show the promoter
versions used inb. b, pAP3activation in Arabidopsis protoplasts. The data are
mean +s.d. (n =4 biological replicates). We used one-way ANOVA with data
from the same effector and Tukey’s multiple comparisons tests. The asterisks
represent a significant statistical difference compared with WT pAP3 (*P < 0.05;
**P<0.01).c, EMSA with LUBSO DNA probe and the indicated proteins. Size
exclusion chromatography (SEC) coupled to multi-angle laser light scattering

(MALLS) established a mass 0of102 + 3.3 kDa for the ASK1-UFO-LFY-DBD-LUBSO
complex, consistent with a1:1:1:1stoichiometry (Extended Data Fig. 3e). The
drawings represent the different complexes with FLLFY (blue), LFY-DBD

(pale blue) and ASK1-UFO (red) on DNA. d, Comparison of peak coverage

inLFY and LFY-UFO ampDAP-seq experiments, coloured by CFC. The
LFY-UFO-specific peaks used to build the mLUBS and dLUBS motifsineare
triangle-shaped. RPKM, reads per kilobase per million. e, Logos for mLUBS,
dLUBS and LFYBS. The LFY logo was generated using the 600 peaks with the
strongest LFY ampDAP-seq signal. f, EMSAs with the mLUBS and dLUBS DNA
probes that had the highest-scoring sequences. The drawings represent the
different complexes with LFY (blue) and ASK1-UFO (red) on DNA. Source data are
availablein Supplementary Data 4.

effect. Specifically altering the URM of pAP3 LUBS1and LUBS2, which
abolished LFY-UFO binding on individual sites in EMSAs (Extended
DataFig.5e),alsoreduced pAP3activation, albeit less effectively than
alteringthe whole LUBS (Extended Data Fig. 5f). Finally, the previously
described pAP3::GUS staining patternin the second and third whorls of
early floral meristems in Arabidopsis was severely reduced when LUBS1
and LUBS2 were altered, demonstrating theimportance of these sites
invivo (Fig.3d and Extended Data Fig. 5g). Similarly, the RBE promoter
contains an ASK1-UFO-LFY ampDAP-seq peak thatis absent with LFY
alone (Extended Data Fig. 6a), and the functional importance of the
single LUBS identified under this peak was confirmed using EMSAs,
transient assays in protoplasts and stable reporter constructsin plants
(Extended Data Fig. 6b-e).

In addition to AP3 and RBE, LFY and UFO together probably
regulate many other genes in Arabidopsis. To identify such potential
LFY-UFOtargets, we established alist of genes bound (inampDAP and
ChIP) and regulated by LFY-UFO (Extended Data Fig. 7a). This proce-
dureidentified the other Bgene PISTILLATA (PI), previously proposed as
aLFY-UFOtargetbutthrough anunknownregulatory elementthatthe
LUBS model precisely localized (Extended Data Fig. 7b). We also found
floral regulators such as SQUAMOSA PROMOTER BINDING PROTEIN-

LIKE § and FD as well as additional candidates probably regulated by
LFY and UFO (Extended Data Fig. 7a,c).

The LFY K249R substitution specifically affects
UFO-dependent LFY functions
In Arabidopsis, LFY performs UFO-dependent and independent
functions’, and we wondered whether they could be uncoupled by
introducing specific alterations in LFY. As we were initially looking
for LFY ubiquitination mutants, we substituted exposed lysines of
LFY-DBD with arginines and tested the effect of such alterations on
LFY-UFO-dependent pAP3 activation in protoplasts. We found one
substitution (LFY K249R; Extended Data Fig. 8a) that strongly reduced
PpAP3 activation by LFY-UFO (Fig. 4a) or LFY-VP16-UFO (Extended
Data Fig. 8b) without affecting the UFO-independent pAG activation
(Extended Data Fig. 8c) or the LFY-UFO interaction (Extended Data
Fig. 8d). AmpDAP-seq experiments showed that the LFY K249R sub-
stitution specificallyimpaired the binding of LFY-UFO but not that of
LFY alone (Fig.4b,cand Extended Data Fig. 8e-i), revealing that Lys249
plays akey rolein LFY-UFO interaction with the LUBS DNA.
Theimportance of LFY Lys249 for UFO-dependent LFY functions
was also confirmed using complementation assays of the Arabidopsis
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One-way ANOVAs were performed with data from the same effector (one-way
ANOVA with Tukey’s multiple comparisons tests for 3xHA-LFY + UFO-3xFLAG
dataand Welch’s ANOVA with Games-Howell post hoc tests for 3XxHA-LFY-

VP16 + UFO-3XxFLAG data). The asterisks represent a statistical difference
compared with the WT promoter (****P < 0.0001).d, In vivo analysis of pAP3::GUS
fusions. The percentage of transgenic lines with an AP3 pattern, afaint AP3
pattern or absence of staining is shown (top). The pattern distributions differ
between the two constructs (y* test; ***P < 0.0001). n, number of independent
lines. Representative pictures of plants with an AP3 pattern (bottom left) and
afaint AP3 pattern (bottom right) are also shown. Scale bars, 50 pm. Note the
stainingin the ring corresponding to the second and third whorl primordiain the
left picture. Source data are available in Supplementary Data 4.

[fy-12 null mutant®. [fy-12 plants expressing LFY****® or LFY****S under
the control of the LFY promoter developed flowers with normal sepals
and carpels but with defective third-whorl and, more importantly,
second-whorl organs, resulting in flowers similar to those observed
inweak ufo mutants (Fig. 4d). When expressed under the constitutive
35S promoter, LFY***R triggered ectopic flower formation and early
flowering like WT LFY (Extended Data Fig. 8j), consistent with these

LFY functions being independent of UFO and thus not affected by the
K249R substitution®.

Structural characterization of the ASK1-UFO-
LFY-DNA complex

Tounderstand how the LFY-UFO complex recognizesits cognate DNA
binding site and how the Lys249 alteration impedes this interaction,
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shown on the left. Scale bars,1 mm for the top row and 1 cm for the bottom row.
The distribution of the different lines within the phenotypic complementation
classes is shown on the right. Plants complemented with LFY***® and LFY**%
show different complementation patterns than plants complemented with
LFY (x* tests; ***P < 0.0001). n, number of independent lines. Source dataare
available in Supplementary Data 4.

we purified the ASK1-UFO-LFY-DBD-LUBSI complex and structurally
characterized it using cryo-electron microscopy (cryo-EM) (Fig. 5a
and Extended Data Fig. 9a—d). A structure at a 4.27 A resolution was
obtained (Extended DataFig. 9g-i) into which were fit the AlphaFold2
predicted structures for UFO and ASK1, and the LFY-DBD dimer/DNA
crystallographic structure® (PDB, 2VY1; Fig. 5b and Extended Data
Fig.9¢,f). Duetothe modestresolution, specificinteractingaminoacids
could not be unambiguously identified. However, the major protein-
proteinand protein-DNA interaction surfaces were clearly identifiable.

The structure revealed that UFO directly contacts the DNA in the
major groove around the URM (Fig. 5¢). This binding probably involves
basic residues present on loops projecting from the UFO Kelch-type
B-propeller and results in a bend of roughly 30 degrees in the DNA
double helix (Extended Data Fig. 9f). The structure also shows aninter-
face between UFO and one LFY-DBD monomer (Fig. 5c). The LFY-DBD
loop containing the Lys249 residue lies in this interface and probably
interacts with one of the DNA-binding loops of UFO, consistent with the
key role of LFY Lys249 inthe ternary complex formation. As expected,

ASKlinteracts with the UFO F-box domain® (Fig. 5d). These data show
how a B-propeller protein is able to modify the specificity of a TF, and
they offer a structural explanation of how LFY and UFO synergisti-
cally recognize aspecific DNA element viadirectinteractions by both
proteins with the DNA.

The LFY-UFO complex might have adeep
evolutionary origin

As geneticand physical LFY-UFOQinteractions have been describedin
diverse angiosperms, we wondered whether the mechanismunravelled
for Arabidopsis proteins could also apply to LFY from other species,
including non-angiosperm ones. We selected LFY orthologous pro-
teins from several species and with different DNA binding specificities
(Fig. 6a). LFY specificity has evolved with three major DNA binding
specificities®®. Type I specificity is the one described in Arabidopsis
andisvalid for other angiosperms, gymnosperms, ferns and the moss
Marchantia polymorpha, with two half-sites separated by a3-bp spacer
(Fig. 2e). LFY from the moss Physcomitrium patens has a type Il
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LFY DBD LFY DBD

LUBST DNA

C/G AIT
Fig. 5| Structural characterization of the ASK1-UFO-LFY-DNA complex.
a, Cryo-EM density map of the ASK1-UFO-LFY-DBD-LUBS1 complex under two
angles, coloured with regard to the underlying macromolecule (green for LUBS1
DNA, pale and dark blue for LFY-DBD, red for UFO, and purple for ASK1). b, The
same views of the cryo-EM density map in transparent grey with fitted structures
of the LFY-DBD dimer, UFO, ASK1 and LUBS1DNA. The colours are the same as
ina. The frames roughly indicate the regions shownincand d. c,Zoom on the

LFY Lys249

UFO-DNA contact region (left) and on the LFY-UFO interface (right). Only the
high-information CA of the URM and its complement are highlighted by filled
colouring the rings for each base (red for A, blue for T, pale green for G and purple
for C). The LFY-DBD loop containing the Lys249 residue is highlighted in dark
blue.d, Zoom on the ASK1-UFO interface, with the UFO F-box highlighted in gold.
Source data are available in Supplementary Data 4.

specificity with specific half-sites (different from type I half-sites)
also separated by a 3-bp spacer. Finally, type Il specificity is found
for LFY from algae and corresponds to a type Il motif without the
spacer. Because functional UFO homologues have not been identi-
fied outside angiosperms, we used Arabidopsis UFO (AtUFO) in all the
following experiments.

Wetested theinteractions of various LFY orthologues with AtUFO
in yeast two-hybrid (Y2H) (Fig. 6b), in DLRAs in protoplasts with
Arabidopsis pAP3 (Fig. 6¢) and in EMSAs (Fig. 6d).In Y2H, all LFYs except
LFY from P. patens (type Il) interacted with AtUFO (Fig. 6b). However,
only type I LFYs from angiosperms, gymnosperms and ferns formed
a complex on pAP3 LUBS and activated pAP3 in the protoplast assay
(Fig. 6¢,d). These results suggest that the ability of LFY and UFO to
act together by forming a complex is ancient, largely predating the
origin of angiosperms. We obtained no evidence that type Il and 111
LFYs (from moss and algae) could form a complex with AtUFO on LUBS1
and LUBS2. A detailed and more trustworthy history of the LFY-UFO
interaction will await further analyses, notably with the identification
of UFO orthologues from non-angiosperm genomes.

Discussion

LFY has long been known to interact with UFO to control flower and
inflorescence developmentin numerous angiosperm species. However,
the molecular nature of their synergistic action remained unknown.
As UFO encodes an F-box protein taking part in an SCF complex'**,
itwas thought to target proteins for SCFU"*-dependent ubiquitination

and possible degradation. LFY was an obvious target candidate, but
clear evidence of LFY ubiquitination was missing'>'®. The results we
present here suggest that the F-box domain, required for ubiquit-
ination, is dispensable for most UFO-dependent LFY activity. Nev-
ertheless, the high conservation level of the UFO F-box sequence in
angiosperms, together with slight differences in UFO activity when
the F-box is deleted, suggests that this domain might still be needed
for some elusive facets of UFO function. UFO may work redundantly
with other F-box proteins in ubiquitination pathways, such as the
F-box protein HAWAIIAN SKIRT identified in a genetic screen as an
enhancer of the ufo mutant phenotype®. It is thus possible that UFO
acts as a moonlighting protein®* with functions in both transcrip-
tion and ubiquitination, and these two activities could be related
orindependent.

The molecular mechanism we discovered here is consistent
with most published data on AP3 and P/ regulation'®***>**, However, a
detailed understanding of the expression patterns of AP3and RBE will
require further work on other cis- and trans- elements. Why AP3is not
transcribed in floral stage 0-1 despite the expression of LFY and UFO
is unclear®. It could be because SUPPRESSOR OF OVEREXPRESSION
OF CO1(SOC1), AGAMOUS-LIKE 24 (AGL24) and SHORT VEGETATIVE
PHASE (SVP) act as early AP3 repressors, as AP3 mRNA is detected in
the floral anlage in a socl sup agl24 mutant®”*%, Another explanation
couldbethat AP3expressionrequires the SEPALLATA3 activator®. Why
pAP3isnotactivated by LFY (or LFY-VP16) alone through the canonical
LFYBSis also an open question.
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Fig. 6 |LFY-UFO interaction is conserved beyond angiosperm species.

a, Alignment of LFY DBDs. The amino acid numbering and secondary structure
annotation are based on LFY from A. thaliana. The LFY Lys249 residue is
indicated with ablue triangle. DNA binding specificities are colour-coded: types
I1(blue), Il (green) and Ill (orange). FLO, FLORICAULA; ALF, ABERRANT LEAF AND
FLOWER. b, Interaction between LFY orthologues and AtUFOAFbox in Y2H. The
LFY orthologues are described ina except CyLFY (Cylindrocystis sp.), AmboLFY
(Amborella trichopoda) and FA (FALSIFLORA; Solanum lycopersicum). SD,
synthetic defined. See Extended Data Fig. 4d for the legends. ¢, pAP3 activation
measured by DLRAs in Arabidopsis protoplasts. 3XHA-LFY* refers to the different
LFY orthologues indicated under the x axis. The data represent averages of
independent biological replicates and are presented as mean + s.d., with each dot

Motif [l + URM ACAAGACACTGTACCTACCGGICGT

CGGATGGTT

representing one biological replicate (n =4). One-way ANOVAs were performed
with data from the same effector (one-way ANOVA with Tukey’s multiple
comparisons tests for 3xHA-LFY* + EV data and Welch’s ANOVA with Games—
Howell post hoc tests for 3xHA-LFY* + UFO-VP16-3xFLAG data). The asterisks
represent a statistical difference compared with AtLFY (*P < 0.05; ***P < 0.001;
***+p < 0.0001).d, EMSAs with the indicated DNA probes (bottom). URM and
LFYBS bases are depicted in red and blue, respectively. The pAP3 LUBS1 sequence
was modified to insert the perfect sequence of motif 1, Il or II’° (depictedin
green); these DNA probes were used as positive controls for the binding of LFYs
alone and for LFY-UFO complex formation. 5xmyc-LFY* refers to the different
LFY orthologues indicated next to each EMSA and described in a. Source dataare
available in Supplementary Data 4.

Our work unravelled an unsuspected function unrelated to ubig-
uitination for UFO: it forms a transcriptional complex with LFY at
regulatory sites that are different from the canonical sitesbound by a
LFY homodimer. UFO was previously proposed to actintranscription,

but in the absence of direct evidence that a LFY-UFO complex forms
on new binding sites, it was difficult to understand how UFO controls
only a subset of LFY targets. These new regulatory sites (mLUBS and
dLUBS) are made of a low-affinity or half LFYBS (poorly or not bound
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by LFY alone) and amotiflocated at a fixed distance fromitand respon-
sible for UFO recruitment. The formation of such a sequence-specific
complex is explained at the structural level by the capacity of UFO to
interact with both LFY and DNA. The poor ability of UFO to bind DNA
alone explains its complete dependence on LFY to perform its tran-
scriptional functions in planta®?°. Thus, depending on the cis-elements
present in regulatory regions, LFY either binds DNA as ahomodimer
or requires UFO to form a ternary complex. The alteration of the LFY
Lys249 residue allows these two types of binding to be uncoupled by
specifically disrupting the formation of the LFY-UFO-DNA complex.
The position of this residue in the three-dimensional structure at the
interface among LFY, UFO and DNA is consistent with the key role of
this residue in the complex formation. It is possible that replacing
Lys249 with a bulkier Arg residue displaces the UFO loops involved in
DNA binding without affecting the LFY-UFO interaction. Obtaining
a higher-resolution structure will help us precisely understand the
interactions occurringin this complex.

Although it might be acommon regulatory mechanism, only afew
cases where non-TF proteins modify TF DNA binding specificity have
beendescribed so far (for example, Met4 and Met28 modifying the bind-
ing of TF Cbflinyeast'’, or the herpessimplex virus transcriptional acti-
vator VP16 changing the specificity of the Oct-1/HCF-1complex*). None
ofthese examplesinvolves an F-box protein or aKelch-type 3-propeller
protein, and none has been characterized at the structural level. The
modification of TF DNA binding specificity by non-TF proteins offers
additional possibilities for the combinatorial control of gene expres-
sion and explains how a master regulator such as LFY accesses specific
cis-elements to perform different functions in distinct territories.

Since LFY and UFO play key roles together in numerous plant
species (including ornamental, crop and model plants), our findings
expand the molecular understanding of flower and inflorescence devel-
opment in alarge variety of angiosperms. Because the LFY-UFO syn-
ergy is observed with LFY orthologues from gymnosperms and ferns
as well, we speculate that this complex largely predated the origin of
flowers and could have been co-opted for flower development froma
yet-unknown ancestral role.

Methods

Arabidopsis growth

All mutants and transgenic lines are in the A. thaliana Columbia-0
(Col-0) accession. Seeds were sown on soil, stratified for three days
at4 °Candthengrownat22 °Cunder long-day conditions (16 hlight).
Transgenic plants were obtained with Agrobacterium tumefaciens
C58C1pMP90 using the floral dip method. Transformants were identi-
fied using GFP or Basta selection.

Arabidopsis cell suspension culture

Arabidopsisthaliana (ecotype Col-0) cellsin suspension cultures were
grown under continuous light (90 pmol of photons per m? per s) at
21 °C with shaking in Murashige and Skoog medium supplemented
with 30 g I sucrose and 2 mg 1™ 2,4-dichlorophenoxyacetic acid, pH
5.5. The suspension cells were subcultured every week with a fivefold
dilution. Suspension cells at four or five days following subculture were
used for protoplast preparation.

Cloning

DNA fragments were amplified by PCR with Phusion high-fidelity
polymerase (NEB). Plasmids were all obtained by Gibson Assembly
with either PCR-amplified or restriction-enzyme-digested backbone
vectors. We used the 420-amino-acid LFY version. For site-directed
mutagenesis, primers containing the desired mutations were used for
Gibson Assembly mutagenesis. Plasmids were obtained using DH5a
bacteriaand were all verified by Sanger sequencing. A list of plasmids
and cloning proceduresis provided in Supplementary Data 1. The oli-
gonucleotide sequences are listed in Supplementary Data 2.

Y2H

The coding sequences were cloned in pPGADT7-AD or pGBKT7 vec-
tors (Clontech) by Gibson Assembly. Y187 and AH109 yeast strains
(Clontech) were transformed with pGADT7-AD or pGBKT7 vectors
and selected on plates lackingleucine (SD -L) or tryptophan (SD -W),
respectively (MP Biomedicals). After mating, the yeasts were restreaked
onplateslackingleucine and tryptophan (SD -L-W) for two days. The
yeastswere thenresuspended insterile water,and OD,, Was adjusted
totheindicated values for all constructions; two tenfold dilutions were
performed, and 6 pl drops were done on SD —-L-W or SD -L-W-A-H
(lackingleucine, tryptophan, histidine and adenine) plates. The yeasts
were grown at 28 °C, and pictures were taken at the indicated times.

DLRAs in Arabidopsis protoplasts

Effector plasmids with a 3xHA tag were obtained by cloning the
indicated genes in the modified pRT104 vector containing a 3xHA
N-terminal tag (pRT104-3xHA)*>. The pRT104 empty plasmid was
reengineered toinsert a 3xFLAG C-terminal tag. For reporter plasmids,
the indicated promoter fragments were cloned upstream of a firefly
luciferase gene in pBB174 (ref. **). We used a 975-bp pAP3 fragment
and a 2-kilobase (kb) pRBE promoter fragment upstream of the ATG,
known toinduce a WT patternin planta®>**. pAG corresponds to the AG
second intron fused to a minimal 355 promoter, knowntoinduceaWT
patternin planta®. For pAPI, we used a 600-bp fragment upstream of
the ATG. This version is sufficient to give a WT pattern in planta*, and
the use of longer promoter versions induced a very high background
noise in protoplasts. The pRLC reference plasmid contains a Renilla
luciferase sequence under the control of the 355 promoter. Plasmids
were obtained inlarge amounts using a NucleoBond Xtra Maxi Plus kit
(Macherey-Nagel). Protoplasts were prepared from Arabidopsis Col-0
cell suspension and transformed following the procedure described
by Iwata et al.*®. The cell walls were digested using Onuzuka R-10 cel-
lulase and macerozyme R-10 (Yakult Pharmaceutical). The digested
cells were passed through two layers of Miracloth to remove debris,
and the protoplast concentration was adjusted to 2-5 x 10° cells per ml.
The protoplasts were then PEG-mediated transformed using 10 pg of
theindicated effector and reporter plasmids and 2 pg of the reference
plasmid. After17 h of incubation at room temperature, the protoplasts
werelysed. Firefly (F-LUC) and Renilla luciferase (R-LUC) activities were
measured using a Dual Luciferase Reporter Assay System (Promega)
and a TECAN Spark 10 M 96-well plate reader. F-LUC/R-LUC lumines-
cence ratios were calculated with background-corrected values. Four
biological replicates were done for each plasmid combination.

EMSAs

The DNA probes used in EMSAs are listed in Supplementary Data 2.
Complementary oligonucleotides were annealed overnightin anneal-
ing buffer (10 mM Tris (pH 7.5), 150 mM NaCl and 1 mM EDTA). Then,
4 pmol of double-stranded DNA was fluorescently labelled with 1 unit
ofKlenow fragment polymerase (NEB) and 8 pmol of Cy5-dCTP (Cytiva)
inKlenow buffer for1h at 37 °C. The enzymatic reaction was stopped
with al0 minincubation at 65 °C.

The proteins used in EMSAs were obtained by different methods
(bacteria, insect cells or quick coupled transcription/translation (TnT)).
The concentrations of recombinant proteins (6xHis-LFY-DBD and
UFOAFbox-3xFLAG) and recombinant complexes (ASK1-UFO and
ASK1-UFO-3xFLAG) were adjusted to 500 nM for all reactions. All the
5xmyc-tagged proteins were obtainedin vitroby TnT. We did 50 pl TnT
reactions by mixing 5 pg of pTNT-5xmyc plasmid containing the gene of
interest with TnT SP6 High-Yield Wheat Germ Protein Expression System
(Promega) for2 hat 25 °C. For EMSAs with TnT-produced proteins, 5 pl
of TnT reaction was used. Recombinant protein buffer or TnT mix was
used as a control when comparing reactions with multiple proteins.

All binding reactions were performed in 20 pl of binding buffer
(20 mM Tris (pH 7.5),150 mM NacCl, 1% glycerol, 0.25 mM EDTA, 2 mM

Nature Plants | Volume 9 | February 2023 | 315-329

323


http://www.nature.com/natureplants

Article

https://doi.org/10.1038/s41477-022-01336-2

MgCl2, 0.01% Tween-20 and 3 mM TCEP) with 10 nM labelled probe.
The reactions were supplemented with 140 ng pl™ fish sperm DNA
(Sigma-Aldrich) for EMSAs performed with in-vitro-produced LFY and
200 ng pl™ for EMSAs performed with recombinant 6xHis-LFY-DBD.
Thebinding reactions wereincubated for 20 minonice and thenloaded
on a 6% native polyacrylamide gel. The gels were electrophoresed at
90V for 75 min at 4 °C and revealed with an Amersham ImageQuant
800 imager (Cytiva). The uncropped gels are shownin the Source data.

Recombinant protein production and purification from
bacteria

We produced 6xHis-LFY-DBDin E. coliRosetta2 (DE3) cells (Novagen)
and purified it as previously described”. ASK1 was cloned into the
pETM-11 expression vector, and the resulting plasmid was trans-
formedinto£. coliBL21cells (Novagen). The bacteriawere grownin LB
medium supplemented with kanamycin and chloramphenicol at 37 °C
up toan ODgg,,m Of 0.6. The cells were then shifted to 18 °C,and 0.4 mM
isopropyl B-D-1-thiogalactopyranoside was added. After an overnight
incubation, the cells were sonicated in UFO buffer (25 mM Tris (pH 8),
150 mM NaCland1 mM TCEP) supplemented with one EDTA-free Pierce
Protease Inhibitor Tablet (Thermo Fisher). The lysed cells were then
centrifuged for 30 min at 27,000 g. The supernatant was mixed with
NiSepharose High Performance resin (Cytiva) previously equilibrated
with UFO buffer (25 mM Tris (pH 8), 150 mM NaCl and 1 mM TCEP).
The resin was then washed with UFO buffer containing 20 and 40 mM
imidazole. Bound proteins were eluted with UFO buffer containing
300 mMimidazole and dialysed overnight at 4 °C against UFO buffer
withoutimidazole.

Recombinant protein production and purification from
insectcells

The different tagged versions of ASK1, LFY and UFO were cloned in
acceptor and donor plasmids (pACEBacl, pIDK and pIDS, respectively;
Geneva Biotech). The final acceptor plasmids containing the desired
combination of coding sequences were obtained with Cre recombi-
nase (NEB). DHIOEmBacY-competent cells containing the baculovi-
rus genomic DNA (bacmid) were transformed with the final acceptor
plasmids. Blue-white selection was used to identify colonies with a
recombinantbacmid with the acceptor plasmidinserted. Bacmid was
then isolated from bacteria and mixed with X-tremeGENE HP DNA
Transfection Reagent (Roche) to transfect Sf21 insect cells. At 96 h
after transfection, supernatant containing the recombinant baculo-
virus (VO) was collected and used to infect fresh Sf21 cells. When the
infected cells reached the day post arrest, V1 virus was collected. For
large expression, Sf21 cells were infected with either V1virus or frozen
baculovirus-infected cells. The pellet of a0.75 | culture was sonicated in
50 ml of UFO buffer supplemented with one EDTA-free Pierce Protease
Inhibitor Tablet (Thermo Fisher). The sonicated cells were centrifuged
for1.5hat120,000 gat 4 °C. The supernatant was then incubated for
1hat4 °C with Ni Sepharose High Performance resin (Cytiva) previ-
ously equilibrated with UFO buffer. The beads were transferred into a
columnand washed with 20 column volumes of UFO buffer, then UFO
buffer + 50 mMimidazole. Proteins were eluted with UFO buffer con-
taining 300 mM imidazole. The elution was dialysed overnight at 4 °C
against UFO buffer. TEV protease was added to cleave tags (0.01% w/w).
When ASK1was limiting compared with UFO, recombinant 6xHis-ASK1
frombacteriawas added. The following day, the elution was repassed
on Dextrin Sepharose High Performance (Cytiva) and Ni Sepharose
High Performance resins (Cytiva) to remove tags and contaminants.
For ASK1-UFO, ASK1-UFO-3xFLAG or UFOAFbox-3xFLAG, the pro-
teins were concentrated witha 30 kDa Amicon Ultra Centrifugal filter
(Millipore) and further purified by SEC. For ASK1-UFO-LFY-DBD com-
plex purification, contaminant DNA was removed by passing proteins
on Q Sepharose High Performance resin (Cytiva) pre-equilibrated
with UFO buffer. Increasing salt concentrations allowed us to obtain

DNA-free proteins. The indicated annealed HPLC-purified oligonucleo-
tides (Supplementary Data2) were then added and incubated with pro-
teins onice for 20 min. The proteins were concentrated with a30 kDa
Amicon Ultra Centrifugal filter (Millipore) and further purified by SEC.

SEC and SEC-MALLS

SEC was performed with a Superdex 200 Increase 10/300 GL column
(Cytiva) equilibrated with UFO buffer. Unaggregated proteins of inter-
estwere frozenin liquid nitrogen and stored at -80 °C. SEC-MALLS was
performed with a Superdex 200 Increase 10/300 GL column (Cytiva)
equilibrated with UFO buffer. For each run, 50 pl containing 1 mg ml™
of complex was injected. Separations were performed at room tem-
perature with a flow rate of 0.5 ml min™. The elutions were monitored
by using aDawn Heleos Il for MALLS measurement (Wyatt Technology)
and an Optilab T-rEX refractometer for refractiveindex measurements
(Wyatt Technology). Molecular mass calculations were performed
using ASTRA software with a refractive index increment (dn/dc)
of 0.185mlg™.

ampDAP-seq

We used pTnT-5xmyc-LFY**to produce 5xmyc-LFYinvitrousinga TnT
SP6 High-Yield Wheat Germ Protein Expression System (Promega). We
used theampDAP-seq libraries described in Lai et al.*®. The ampDAP-seq
experiments were performed in triplicates (LFY-UFO) orin duplicates
(LFY***Rand LFY***R-UFO).

A 50 pl TnT reaction producing 5xmyc-LFY was mixed with an
excess of recombinant ASK1-UFO-3XFLAG (2 pg) and 20 pl of Pierce
Anti-c-Myc Magnetic Beads (ThermoScientific). DAP buffer (20 mM
Tris (pH 8),150 mM NaCl, 1 mM TCEP and 0.005% NP40) was added
to reach 200 pl. The mix was incubated for 1 h at 4 °C on a rotating
wheel. The beads were thenimmobilized and washed three times with
100 pl of DAP buffer, moved to anew tube and washed once again. The
ampDAP-seqinput libraries (50 ng) were then added, and protein-DNA
mixes were incubated for 1.5 h at 4 °C on a rotating wheel. The beads
were immobilized and washed five times with 100 pl of DAP buffer,
moved to a new tube and washed two more times. Finally, the beads
were mixed with 30 pl of elution buffer (10 mM Tris (pH 8.5)) and heated
for10 minat 90 °C.

Immunoprecipitated DNA fragments contained in the elution were
amplified by PCR according to the published protocol* with Illumina
TruSeq primers. The remaining beads were mixed with 20 pl of 1x
SDS-PAGE Protein Sample Buffer, and western blots were performed
tocheckthe presence of tagged proteins. The PCR products were puri-
fied using AMPure XP magnetic beads (Beckman Coulter) following
the manufacturer’s instructions. Library molar concentrations were
determined by quantitative PCR using a NEBNext Library Quant Kit
forIllumina (NEB). The libraries were then pooled with equal molarity.
Sequencing was done on lllumina HiSeq (Genewiz) with the specifica-
tion of paired-end sequencing of 150 cycles.

GUS staining

The different promoter versions were cloned upstream of the GUS gene
in the pRB14 backbone vector®. Transformants were selected with GFP
seed fluorescence. The number ofindependent lines analysed for each
construct is indicated in each figure. GUS staining was performed on
the apex of primary inflorescences of T, plants. Tissues were placed
inice-cold 90% acetone for 20 min at room temperature and then
rinsed in GUS buffer without X-Gluc (0.2% Triton X-100, 50 mM NaPO,
(pH 7.2), 2 mM potassium ferrocyanide and 2 mM potassium ferri-
cyanide). The tissues were transferred to GUS buffer containing2 mM
X-Gluc substrate (X-Gluc DIRECT) and placed under vacuum for 5 min.
The samples were thenincubated overnight at 37 °C unless otherwise
specifiedinthelegend. Finally, the tissues were washed with different
ethanol solutions (35%, 50% and 70%), and pictures were taken with a
Keyence VHX-5000 microscope with a VH-Z10OR objective.
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In planta overexpression and mutant complementation assays
Tagged versions of UFO and UFOAFbox were cloned under the control
of the 35S promoter in pEGAD®. Transformants were selected with
Basta treatment. Overexpressing lines with a strong gain-of-function
phenotype were crossed with the strong ufo-1 mutant. Basta-resistant
F, plants were individually genotyped to select ufo-1 -/—homozygous
plants. For this, a fragment was amplified by PCR with the oligonu-
cleotides 0GT1085 and oPR578 (Supplementary Data 2) and digested
with Dpnll enzyme (NEB). On the basis of the digestion profile, ufo-1
—/-plants were kept and analysed once they reached flowering.

Altered versions of LFY were cloned in pETH29 (ref. %) or pCA26
(ref."") to express LFY complementary DNA under the control of its
endogenous promoter or the 355 promoter, respectively. For the
Ify-12complementation assay, heterozygous [fy-12/+ plants were trans-
formed. The transformants were selected with GFP fluorescence and
genotyped with a previously described protocol® to select Ify-12—/-
plants. The complementation assay was performed with T, plants and
was based onthe analysis of the first ten flowers from the primary inflo-
rescence. Pictures were taken with a Keyence VHX-5000 microscope
with a VH-Z20R objective.

Western blots

For western blots on plant total protein extracts, the indicated tissues
were crushed in 2x SDS-PAGE Protein Sample Buffer (100 mM Tris
(pH 6.8),20% glycerol, 2% SDS, 0.005% Bromophenol blue and 0.8% w/v
dithiothreitol) ata1:2 w/vratio and boiled for 5 min. The samples were
then loaded on a12% acrylamide SDS-PAGE gel. For all western blots,
transfer was performed with an iBlot2 Dry Blotting System (Invitro-
gen) using the default parameters. Membranes were blocked for1hat
room temperature with 5% milk TBST and then incubated overnight at
4 °Cwith 5% milk TBST solution containing HRP-conjugated antibody
(1:1,000 for anti-FLAG (Sigma-Aldrich; Cat. No. A8592) and 1:5,000 for
anti-myc (Invitrogen; Cat. No. R951-25)). Revelation was performed
with Clarity Western ECL substrate (Bio-Rad). Pictures were taken
with a ChemiDoc MP Imaging System (BioRad). The uncropped gels
areshownin the Source data.

Cryo-EM sample preparation, data collection and data
processing

An aliquot of the SEC-purified ASK1-UFO-LFY-LUBSI complex was
thawed onice (see Supplementary Data 2 for the LUBSI DNA sequence).
Subsequently, 3.5 pl of the complex at 1 mg ml™ was deposited onto
glow-discharged (25 mA, 30 s) C-flat Au grid R 1.2/1.3 300 mesh
(Electron Microscopy Sciences), blotted for 5.5 s with force 0 at 20 °C
and 100% humidity using a Mark IV Vitrobot (FEI, Thermo Fisher Sci-
entific), and plunge-frozeninliquid ethane for specimen vitrification.
Adataset of about 1,000 videos of 40 frames was acquired ona200 kV
Glacios (Thermo Fisher Scientific) electron microscope (Supplemen-
tary Data 3) at anominal magnification of 36,000 with a physical pixel
sizeof 1.145 A,

The raw videos, acquired with SerialEM on a Gatan K2 Summit
camera (Supplementary Data 3), were imported to Cryosparc live™
for motion correction and CTF estimation. The dose-weighted micro-
graphs were used for particle picking with crYOLO v.1.7.6 and the gen-
eral model for low-pass filtered images™. Particle coordinates were
imported to Cryosparc, where all subsequent steps were performed.
After manual inspection, a subset of 761 micrographs was selected on
the basis of CTF fit resolution, total and per-frame motion, average
defocus and relative ice thickness. A raw particle stack of 282,567
images was extracted at abox size of 256 x 256 pixels?, binned twice and
subjected to two-dimensional classification to remove false positive
picks. Atotal 0f207,392 particles from the selected class averages were
re-extracted, re-centred at full size and submitted for asecond round of
two-dimensional classification. All class averages showing clear protein
features were selected, and the resulting 147,849 particles were used

forabinitio reconstruction with three classes and subsequent hetero-
geneous refinement of the resulting volumes. Of those three classes,
two looked like a protein—-DNA complex, with the most apparent dif-
ference being the presence or absence of an extra electron density at
one edge of the DNA helix. The last class had no recognizable features
and was used as a decoy to remove ‘junk’ particles. Each subset and
volume of the two first classes was refined separately with non-uniform
refinement®, resulting in two distinct reconstructions of about 4.2 A
resolution, where the DNA model, the crystal structure of LFY-DBD
and the AlphaFold2 models of UFO and ASK1 could be unambiguously
fitted into the electron density. The second of these classes could fit
aLFY-DBD dimer, whilein thefirst class there was density only for the
LFY-DBD molecule that directly interacts with UFO (Extended Data
Fig.9d). Theunsharpened maps of each reconstruction were used for
post-processing with DeepEMhancer®. The figures were prepared with
Chimera’® or ChimeraX”.

Cryo-EM model building

Ideal B-form DNA was generated in Coot™® and then manually builtinto
the electron density. The resulting model was further refined using
phenix.real_space_refine®. A single monomer of LFY-DBD was manu-
ally placed in the electron density, followed by fitting in ChimeraX®’.
The biological LFY-DBD dimer was then downloaded from the RCSB
PDB (2VY1)* and used as a guide to place the second LFY monomer,
followed by fitting to density in ChimeraX. Alphafold models®° of ASK1
(uniprot ID: Q39255) and UFO (uniprot ID: Q39090) were both down-
loaded fromthe EBI, preprocessed to remove low-confidence regions
in phenix.process_predicted_model®, and then placed manually and
fit to density in ChimeraX.

t58

Bioinformatic analyses

Read mapping and peak calling. Read processing and peak calling
of LFY, LFY-UFO, LFY***® and LFY****"~-UFO ampDAP-seq data were
performed as previously published®. Briefly, the quality of sequencing
datawasanalysed with fastQCv.0.11.7,and adapters were removed with
NGmerge v.0.2_dev®. Bowtie2 v.2.3.4.1 was used for mapping to the
TAIR10 A. thaliana reference genome®*. Reads mapped to asingle loca-
tion and with a maximum of two mismatches wereretained. Duplicates
were removed with the samtools dedup program v.1.8. Bound regions
(thatis, peaks) were identified with MACS2 v.2.2.7.1, using input DNA
fromLai etal. as a control*®, Consensus peaks were selected with MSPC
v.4.0.0 (ref. ®°) by retaining peaks called in all replicates and resizing
them by +200 bp around the peak maximum for further analysis.

Analyses of ampDAP-seq experiments. To compare binding in dif-
ferent experiments, peaks were merged according to a previously
published procedure®. Bound peaks were considered as common if
they overlapped by atleast 80%, while the remaining non-overlapping
portion of either peak was <50%. Peaks that did not overlap by at least
50% were considered as new peaks. The same procedure was used to
assess experimental reproducibility (comparisons between replicates
ofthe same experiment), where peaks were normalized by the number
of reads mapped in the library (RPKM).

Asthe fractionof reads mapped in peaksis muchlower for LFY than
LFY-UFO ampDAP-seq (-25% versus ~40%, respectively), normalizing
the read count by all reads mapped along the genome would intro-
duce a bias and estimate the LFY relative coverage (RPKM) towards
lower values compared with LFY-UFO. In addition to this considera-
tion, experimental proof from EMSAs suggests that UFO does not
strongly affect the binding intensity of the complex at canonical LFYBS
(which represent most peaks). Hence, the read count at each peak
was normalized by the total number of reads mapped within all LFY
and LFY-UFO merged peaks. Then, the mean normalized coverage
from each experiment, divided by the peak size, was computed for
each peak. The same strategy was applied when comparing LFY*?*R
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and LFY***®*-UFO (Fig. 4b), LFY***®and LFY (Extended Data Fig. 8h),
and LFY, LFY-UFO, LFY**® and LFY****"-UFO (Fig. 4c). The CFC was
computed on merged peaks asthe ratio between the mean normalized
peak coverage in LFY-UFO and LFY (Fig. 2d) or the mean normalized
coverage in LFY****®"~UFQ and LFY****® (Fig. 4b).

Motif search in bound regions. Merged peaks of the LFY and LFY-UFO
datasetswere sorted onthe basis of decreasing CFC value. Thetop 600
peaks (thatis, the highest CFC values) were used for amotif search using
MEME-ChIP v.4.12.0 using the options nmeme, 600; meme-maxsize,
600*1000; meme-nmotifs, 1; dreme-m, 0; and noecho and the JASPAR
2018 core plants non-redundant database®. For dLUBS, we used the
options meme-minw, 20; meme-maxw, 30; while for mLUBS, we used
meme-minw, 16; meme-maxw, 19. To retrieve the LFY motif in Fig. 2e,
the 600 LFY ampDAP-seq peaks with the strongest coverage were
fed to MEME-ChIP with the options nmeme, 600; meme-nmotifs,
1; meme-minw, 19; meme-maxw, 19; pal.

Receiver operating characteristics analysis. From the dataset of
merged peak sets (peaks found in LFY or in LFY-UFO experiments or
inboth), the peaks were sorted on the basis of decreased CFC value, the
top 20% peaks were selected, and among these, the first 600 used for
motif determination were excluded to avoid overfitting, for a total of
3,243 final peaks. A negative set of the same size was created using a pre-
viously published method, which allows searching for sequences from
the A. thaliana genome (TAIR10 reference) with the same GC content
and genomic origin as the positive set”. Both sets were scanned with
dLUBS and mLUBS PWMs as well as with the LFY PWM with dependen-
cies as published previously®® using an in-house script available on
our GitHub page. The receiver operating characteristics plot was then
created with the R package plotROC v.2.2.1 (ref. ©°).

LFY in dLUBS within LFY-UFO-specific regions versus LFY in
LFY-specific regions. To assess whether the scores of LFYBS within
dLUBS were comparable to the scores of canonical LFYBS, we used
the peaks from the comparison of LFY versus LFY-UFO ampDAP-seq
and resized them (+50 bp around the peak maximum). We used the
dLUBS matrix to scan the resized sequences and retained the best
site per sequence. We thenretrieved sequences corresponding to the
dLUBS siteand computed the score of the LFYBS presentin dLUBS using
the LFY PWM®, The values obtained in the 20% most LFY-UFO-specific
sequences (20% highest CFC) are shownin the box plot. The 20% lowest
CFCpeakswere scanned with the LFY PWM to generate the box plotin
Extended Data Fig. 4f.

Microarray data analysis. Microarray datawere retrieved from AtGen-
Express’ forinflorescence tissue in the ufo background (ATGE_52A-C)
versus the Col-0 background (ATGE_29A-C). The R package gcrma "
was used to adjust probe intensities and convert them to expression
measures, and then the limma package "> was used to fit the model
and smooth standard errors. A Benjamini-Hochberg correction was
applied to the Pvalues, and fold change (FC) was computed as the
ratio between expression in the WT and that in the ufo mutant. Only
genes with |log,(FC)| > 0.5 and adjusted P < 0.05 were considered as
significantly differentially expressed.

ChIP-seq datasets and analysis of ChIP-seq versus ampDAP-seq. We
collected the raw dataof all available LFY ChIP-seq datasets: GSE141704
(ref. ), GSE96806 (ref. »°), GSE64245 (ref. *°) and GSE24568 (ref. ).
Mapping and peak-calling analysis were performed with the same
procedure as for ampDAP-seq, except that the peaks were resized to
600 bp around the peak maximum, and the g option of MACS2 was set
to 0.1. Coverage of the resulting peaks was calculated as the average of
the normalized read coverage for each replicate. Peaks from the four
datasets were merged through a four-way comparison following the

same procedure used forampDAP-seq. Bedtoolsintersect (v.2.30.0)™*
was used with the options wa; f, 0.8; F, 0.8; and e to find the peaks com-
mon to the merged ChIP-seq peaks and the 20% most LFY-UFO-specific
genomicregions (the highest CFC value from ampDAP-seq). The peaks
were assigned to genes by extending gene regions 3 kb upstream of
the transcription start site and 1 kb downstream of the transcription
termination site and using bedtools intersect (optionsf, 0.8; F, 0.8; e).
The bound genes obtained were crossed with the list of differentially
expressed genes in ufo inflorescences.

Identification of the URM from published LFY ChIP-seq data. To
test whether the URM could be identified de novo (Extended Data
Fig.4g), we collected the 298 regions bound by LFY ChIP-seq datafrom
inflorescence tissue® for which the binding intensity was twice greater
invivorelative toinvitro (LFY ampDAP-seq). Weresized these regions
to +55 bp around the ChIP-seq peak maximum. The corresponding
sequences were searched with the LFY PWM®® to identify all LFYBS
with a PWM score greater than -23. Assuming that a recruiting motif
should be at afixed distance from the LFYBS, we created 140 batches,
corresponding to sequences with sizes ranging from 4 to 10 bp, dis-
tant from 1to 20 bp at both sides of the canonical LFYBS. Each of the
140 batches of sequences was used as input with MEME-ChIP for motif
discovery with the motifsize constrained to the length of the sequences
inagivenbatch.

Statistics and reproducibility

All DLRA data were analysed using RStudio software” and are pre-
sented asmean + s.d. All statistical methods areindicated in the figure
legends. One-way ANOVA was used to analyse experimental data with
more than two experimental groups (with two-sided Tukey’s mul-
tiple comparisons tests). Welch’'s ANOVA was performed when the
homogeneity-of-variance assumption was not met (with two-sided
Games-Howellposthoctests). For Fig.1a,b, the strong promoter activa-
tionby 3xHA-LFY-VP16 + UFO-3xFLAG skewed the model and did not
allowustoanalyse other differences; alog-transformation was applied
tothe databefore performing ANOVA. Two-tailed unpaired Student’s
t-tests were used for the other data analyses. For the GUS experiments
and plant complementation assays, two-sided x> tests were used to test
forindependency between constructs and measured phenotypes. The
raw dataand exact Pvalues are provided inthe Source datafiles as well
asthe number of independent repetitions for each experiment.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The ampDAP-seq data have been deposited at GEO and are publicly
available as of the date of publication (GSE204793). The cryo-EM struc-
turedeterminedin thisstudyis depositedinthe EM databank under the
reference number EMD-15145. The .pdb file of the modelis availablein
the Supplementary Information. Any additionalinformation required
to reanalyse the data reported in this paper is available from the cor-
responding author upon request. The biological materials generated
in this study are available from the corresponding author without
restriction. Source data are provided with this paper.

Code availability

All original code has been deposited at GitHub (https://github.com/
Bioinfo-LPCV-RDF/LFYUFO_project) andis publicly available as of the
date of publication.
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Extended Data Fig.1| UFO has SCF-dependent and independent functions.
a-c, pAP3activation measured by DLRA in Arabidopsis protoplasts. EV = Empty
Vector (pRT104-3xHA). UFOAFbox corresponds to a deletion of the whole
N-terminal part comprising the F-box domain (aa.1-90), while UFOdelF
corresponds to a previously-described internal deletion in the F-box domain
(aa.50-62)”. Datarepresent averages of independent biological replicates and
are presented as mean + SD, each dot representing one biological replicate
(n=4).0ne-way ANOVA with Tukey’s multiple comparisons tests. Stars above
bars represent a significant statistical difference compared to 3xHA-LFY + EV

or 3xHA-LFY-VP16 + EV negative controls (NS: p > 0.05,*: p < 0.05,**: p< 0.01,
***:p <0.001and ***:p <0.0001). d, Western Blot on protein extracts from
independent T1plants from different phenotypic classes described in Fig. 1g (one
independentline per lane). 355::UFO-5xmyc (line 178-#19) and 355::UFO-3xFLAG
(line177-#6) plants were used as positive controls. Total proteins were extracted
fromrosette leaves. Note the difference of molecular weight between UFO and

UFOAFbox. Loss-of-function defects are likely due to silencing of both transgene-
encoded UFOAFbox and endogenous UFO. e, Western Blot on protein extracts
from F2 plants described in Fig. 1h. Total proteins were extracted from rosette
leaves. f, ufo-1 complementation assay with other 355::UFO and 35S::UFOAFbox
lines. Rosette leaves (right, scale bar, 1 cm), inflorescence (middle, scale bar

1 mm) and flower (right, scale bar, 0.5 mm) phenotypes are shown. Primary
inflorescences were removed to observe rosette phenotype. For each construct,
atleast 5 plants were analyzed per line. Asin Risseeuw et al, our 355::UFO lines
displayed relatively milder phenotypes than the 355::UFO phenotypes reported
by Lee et al.**°. Note that the 355::UFO-Sxmyc178-#2 line did not display the
serrated leaves phenotype. g, Sequence alignment of UFO N-terminal region.
TheF-box domainis represented’. In selected species, presented proteins were
identified as UFO homologs and their role was confirmed genetically”"'21¢77-8%,
Source data are availablein Supplementary Data 4.
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Extended DataFig. 2| pAP3DEE LFYBS is not required for LFY-UFO-
dependent pAP3 activation. a, Schematic representation of pAP3. Top row
represents WT pAP3 with regulatory regions and cis-elements. Orange triangle
represents LFYBS. The second row represents the scores for the best LFYBS
obtained by scanning WT pAP3 sequence with LFY PWM® (the best binding sites
correspond to the less negative score values). Other rows represent the different
PAP3versions used in (b) and (c). LFYBS mutation corresponds to the previously

described siteIm-site2m mutation®. b,c, pAP3 activation with promoter
versions described in (a) and indicated effectors. For bar charts, data represent
averages of independent biological replicates and are presented as mean + SD,
each dot representing one biological replicate (n = 4). Unpaired t-tests (b,c).
(NS:p >0.05,* p<0.05,*:p <0.01,** p < 0.001). Source data are available in
Supplementary Data 4.
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Extended Data Fig. 3| Analysis of pAP3 activation by LFY-UFO. a, Description
of pAP3.Top line represents WT pAP3 with regulatory regions and cis-elements.
Coordinates are relative to AP3start codon. TSS: Transcription Start Site. Orange
triangle represents LFYBS. Other rows show the promoter versions used in (b)
and (c). Green rectangles in swapped versions correspond to the same random
sequence. b,c, pAP3LFY-UFO response element mapping with pAP3 versions
describedin (a) by DLRA in Arabidopsis protoplasts. Data represent averages
ofindependent biological replicates and are presented as mean + SD, each dot
representing one biological replicate (n = 4). One-way ANOVA with Tukey’s
multiple comparisons test (c). One-way ANOVA was performed with data from
the same effector, and stars represent a statistical difference compared toWT
PAP3.Unpaired t-tests (b). (NS: p > 0.05,* p < 0.05, **: p < 0.01; **: p < 0.001).

d, EMSA with ASK1-UFO, LFY-DBD and LUBSO DNA probe. Different competitor
DNA concentrations were tested as indicated. e, Molecular mass determination
for ASK1-UFO-LFY-DBD in complex with LUBSO DNA by SEC-MALLS (top). Elution

profiles correspond to absorbance at 280 nm and 260 nm (left ordinate axis,
A.U:Arbitrary Unit). The black line shows the molecular mass distribution
(right ordinate axis). Amass of 102 + 3.3 kDa was found for this ASK1-UFO-
LFY-DBD-LUBSO complex, consistent with one copy of each protein per DNA
molecule (theoretical mass of 108 kDa). Coomassie-stained SDS-PAGE gel of
the different SEC-MALLS fractions (bottom). Each lane corresponds to a 0.5 mL
fraction. Molecular weights of the protein standards are indicated (BioRad
Precision Plus). Faint bands above UFO likely correspond to contaminants.

f, EMSA with ASK1-UFO, LFY-DBD and indicated DNA probes. Sequences with
coordinates relative to AP3 start codon (left). Red letters indicate mutated bases.
Bars under sequences represent the regions required for ASK1-UFO-LFY-DBD
binding. EMSA with described DNA probes (right). Each DNA probe was mixed
with the same ASK1-UFO-LFY-DBD protein mix. Note that the LUBSO mutation
alsoreduced pAP3activationin protoplasts (Fig. 2b). Source dataare available
inSupplementary Data4.

Nature Plants


http://www.nature.com/natureplants

Article https://doi.org/10.1038/s41477-022-01336-2

Sxmyc-LFY +
a c d
ASK1+UFO-3xFLAG i
. pGBK EV UFO UFOAFbox
100 kDa 1P myc 34 pGNN
75 kDa - > 7 7 o 7 0
: £
) - oe: 8 B 3xHALFY-VP16 + UFO-3xFLAG
50 kDa . B 3xHALFY e VP16 + UFO-3xFLAG
w
75 kDa £ 27 [ 3xHALFY + UFO-3xFLAG
=
o [} 3xHA-LFY e + UFO-3xFLAG
—_— a-FLAG 3 P
50 kDa — - g
5 EV
CERE
b ©
LFY-4D
= LFY-40,:0
= 200 i
E o
i PAP3
@ 100
3 e f
‘a xEkkk
o 1.004
8 )
7 -10
%
10 0.754
20
[
0 R 100 300 o =
LFY-UFO rep2 (Log10 RPKM) a 0.50 § -
3004
_ 0.25 1 dLUBS: 0.84 -4
§ mLUBS: 0.75 :
& 100 LFY: 0.69
= -50
) 0.004
P T T T T T .
= 000 025 050 075 100 LFY in dLUBS LFY
g% EPR LFY-UFO specific paaks LFY specific peaks
g
= g h
5 %, %,
Position 4, size 6 bp, 94 sites Position 20, size 9 bp, 18 sites 6, £‘<.<\_L 8, (v\(k;
. P, %, 2N %, 2R
10 0 100 00 . 4 ("), s o Tk <
LFY-UFO rep3 (Log10 RPKM) A O Sy G 2, [
. N % B % %, % B %, %.
' 5 A A
il
300 é cl'Li: i < !’
— il ' %
g ded L L L o uxL
o 100 H ~ !
o Position 2, size 10 bp, 24 sites
§’ S <~ 9
P -
o~ X
&
S = =
3 e L
b
5 B
—_— mLUBS dLUBS
LFY-UFQ rep3 (Lag10 RPKM)
i % s,
% % A
-‘E-v J’c'z, ﬁo& %
}.x &}"( ox %!
'v ! T,
o % ok % o %%,
d’E;} %0 C’&Q @% OA\G 0.4.\0 %, ('Ao Gy 'bS',S Oa.\o ’Z’AO
W B, W oy g Gy Sy
a e e s % L o % e e -, e e
“%Q)—??o % % 9 B TG % % 9% 9% % Y e

pAP1LFYBS pAP3DEE LFYBS pAP1LFYBS pAP3DEE LFYBS
Extended Data Fig. 4 | See next page for caption.
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Extended Data Fig. 4 | Genome-wide analysis of LFY-UFO binding. a, Western
Blot after DNA elution during ampDAP-seq experiment. After DNA elution,

20 pL of 1X SDS-PAGE Protein Sample Buffer was added to the remaining beads
torun WB. Each lane represents one replicate. b, Assessment of experimental
reproducibility of ampDAP-seq experiment through the comparison of replicates
datasets 2 by 2. ¢, Effect of the LFY KARA mutation (K303A-R233A)* on pAP3
activation in Arabidopsis protoplasts. Data represent averages of independent
biological replicates and are presented as mean + SD, each dot representing one
biological replicate (n =4). Unpaired t-tests (**: p < 0.01; ***: p< 0.0001).d, The
LFY KARA mutation (K303A-R233A) does not disrupt LFY-UFO interactionin
Yeast-Two-Hybrid (Y2H). EV = Empty Vector. LFY-40isa LFY version lacking the
first 40 aaand better tolerated by yeast cells. Values correspond to the different
dilutions (OD =7, 0.7 and 0.07). Top picture corresponds to the non-selective
plate lacking Leucine and Tryptophan (SD -L-W), and bottom picture to the
selective plate lacking Leucine, Tryptophan, Histidine and Adenine (SD -L-W-
A-H).Pictures were taken at day + 4. e, Receiver operating characteristics (ROC)
curves for mLUBS, dLUBS and LFY using the top 20% high-CFC LFY-UFO-specific
peaks. Area under the curve (AUC) values are shown. TPR: True Positive Rate,
FPR: False Positive Rate. f, Score distribution of LFY PWM with dependencies®®
within dLUBS (best site on 20% most LFY-UFO-specific genomic regions, high

CFC, n=3843 genomic regions) and in canonical LFYBS (best site on 20% most
LFY-specific genomic regions, low CFC, n = 3843 genomic regions). Best

sites were selected within +25 bp around the peak maximum. Wilcoxon rank
sum test (****: p < 0.0001). Median (solid line), interquartile range (box edges),
+1.5x interquartile range (whiskers) and outliers (black dot) are shown.

g, De novoidentification of URM from LFY ChIP-seq data”. Motifs identified
atafixed distance from LFY canonical binding sites in 298 regions harboring
high LFY ChIP-seq to LFY ampDAP-seq coverage ratio. The text above each
motif gives the motif’s start position relative to the canonical LFYBS, its length
and the number of sites used to build the motif. h, EMSA with mLUBS and
dLUBS highest score sequences. 6xHis-LFY-DBD is recombinant. UFO* refers to
either recombinant ASK1-UFO-3xFLAG complex (top gel) or invitro produced
UFO-3xFLAG (bottom gel). Drawings represent the different types of complexes
involving LFY-DBD (pale blue) and ASK1-UFO (red) on DNA. LFY-DBD binds as a
monomer as previously reported”. The fact that in vitro produced UFO-3xFLAG
shifts DNAin the presence of LFY indicates that ASK1is not required for

the UFO-LFY-DNA complex formation in vitro. i, EMSA with DNA probes
corresponding to pAP1 and pAP3DEE LFYBS and indicated proteins. Note that
probes used here have the same length as those used to study LUBS. Source data
are available in Supplementary Data 4.
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Extended DataFig. 5| pAP3LUBS are required for LFY-UFO-dependent
activation. a, EMSA with indicated probes and proteins. LUBS3 is the third
highest-score pAP3LUBS. Because LUBSO is bound with a lower affinity by
LFY-UFO compared to LUBS1and LUBS2, we then focused on LUBS1and

LUBS2. b, EMSA with pAP3LUBS1and LUBS2 DNA probes and indicated proteins.
LFYsg3araser (LFYnara) is @ LFY mutated version affected inits ability to
dimerize*”*'. Note the absence of the complex with a slower mobility on LUBS1
With LFY,,zes. ¢, EMSA with pAP3LUBS1 and LUBS2 DNA probes and indicated
proteins. LFY* refers to either in vitro-produced 5xmyc-LFY (top) or recombinant
6xHis-LFY-DBD (bottom). Note the difference of complex size between

UFO and UFOAFbox.d, Same asin (c) except that UFO-3xFLAG and UFOAFbox-
3XFLAG were produced in vitro. Note that in vitro produced UFO-3xFLAG and
UFOAFbox-3xFLAG behave similarly as recombinant UFO versions. e, EMSA
withindicated proteins and DNA probes corresponding to pAP3 LUBSI (left) and
LUBS2 (right), WT or with URM mutated. f, Promoter activation measured by

DLRA in Arabidopsis protoplasts with indicated effectors. Different promoter
versions were tested as indicated under x-axis. Either 2 bp (high-informative
CA) or 6 bp (whole URM) of pAP3LUBS1 and LUBS2 URM were mutated. Data
represent averages of independent biological replicates and are presented
asmean + SD, each dot representing one biological replicate (n = 4). One-

way ANOVA with Tukey’s multiple comparisons tests. One-way ANOVA were
performed with data from the same effector and stars represent a statistical
difference compared to WT pAP3 promoter. (NS: p > 0.05,*: p < 0.05, *: p< 0.01,
***:p<0.001and ****: p < 0.0001). g, Invivo analysis of pAP3,z5;.2,,:GUS fusions.
Same as in Fig. 3d, except that staining incubation time was increased to17 h

(4 hincubationin Fig. 3d). Representative pictures are shown (top scale bar,
100 pum, bottom scale bar, 50 pm). The faint AP3 pattern suggests that other
LUBS (such as LUBSO) may take over but less efficiently. Note that with this
staining incubation time, all plants expressing pAP3::GUS showed a highly
saturated staining. Source data are available in Supplementary Data 4.
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Extended Data Fig. 6 | pRBELUBS is required for LFY-UFO-dependent
activation. a, IGB view of pRBE showing LFY ChIP-seq ininflorescences
(light blue)* or seedlings (dark blue)?, LFY-UFO ampDAP-seq (yellow),
LFY ampDAP-seq (pink)*®, numbers indicate read number range (top).
Identification of LUBS in pRBE (bottom). Predicted binding sites using dLUBS
and mLUBS models from Fig. 2e and LFY PWM with dependencies®®, y-axis
represents score values (bottom). The best binding sites correspond to the less
negative score values. Studied LUBS isindicated with a purple square. b, EMSA
with probes corresponding to pRBE LUBS, WT or with URM mutated. ¢, pRBE
activationin Arabidopsis protoplasts. Effect of mutations (underlined) in URM
(red) and in LFYBS (blue) bases of pRBE LUBS were assayed. Data represent
averages of independent biological replicates and are presented as mean + SD,

PRBE, g5 :GUS
("No staining" class)

pRBE::GUS

each dot representing one biological replicate (n = 4). One-way ANOVA with
Tukey’s multiple comparisons test. One-way ANOVA were performed with data
from the same effector, and stars represent a statistical difference compared
to WT promoters (****: p < 0.0001).d, /n vivo analysis of pRBE::GUS fusions. The
percentage of transgenic lines with RBE pattern, unusual pattern or absence of
staining was scored (top; X2 test, **: p < 0.01). n=number of independent lines.
Unusual pattern refers to staining in unexpected tissues, each patternseenina
single line. Representative pictures of plants with no staining (bottom left)

and a RBE pattern (bottom right) are shown (scale bar, 50 pm). e, /n vivo analysis
of pRBE::GUS fusions. Same as in (d), with another view showing staining

in the four petal primordia (scale bar, 50 pm). Source data are available in
Supplementary Data 4.
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Extended Data Fig. 7 | See next page for caption.
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Extended Data Fig. 7 | LFY and UFO likely regulate other genes in Arabidopsis.

a, List of candidate LFY-UFO target genes selected as i) present in regions
specifically bound by LFY-UFO in ampDAP-seq (high CFC) ii) bound invivo

in LFY ChIP-seq experiments (A%; B*; C®%; D’*) and iii) deregulated in ufo
inflorescences’. b, IGB view of PISTILLATA promoter region showing LFY
ChIP-seqininflorescences (light blue)” or seedlings (dark blue)*, LFY-UFO
ampDAP-seq (yellow), LFY ampDAP-seq (pink)**, numbers indicate read number

range (top). Predicted binding sites using the dLUBS, mLUBS models from

Fig.2e and LFY PWM with dependencies®®, y-axis represents score values
(bottom). ¢, IGB view of selected genes showing LFY ChIP-seq ininflorescences
(light blue)®, LFY-UFO ampDAP-seq (yellow), LFY ampDAP-seq (pink)*®, numbers
indicate read number range. Genes in red are deregulated in ufo inflorescences’.
ChIP-seq peaks better explained by LFY-UFO than by LFY alone are shaded in grey.
Source data are availablein Supplementary Data 4.
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Extended Data Fig. 8 | See next page for caption.
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Extended Data Fig. 8| The LFY K249 is essential for LFY-UFO-LUBS complex
formation. a, Structure of LFY-DBD%. Residues were colored by conservation
using Consurfwith default parameters®. K249 residues on each LFY monomer
arerepresented as sticks and indicated with arrows. Note that the K249-
containingloopis highly conserved. b,c, Promoter activation measured by
DLRA in Arabidopsis protoplasts with indicated effectors (right). EV = Empty
Vector (pRT104-3xHA). Tested promoters are indicated below each graph. Note
that for 3xHA-LFY + UFO-3xFLAG on pAG only n = 3 biological replicates are
shown. Datarepresent averages of independent biological replicates and are
presented as mean + SD, each dot representing one biological replicate (n =4
unless specified). One-way ANOVA with Tukey’s multiple comparisons tests

(b) or Welch’s ANOVA with Games-Howell post-hoc test (c). In (c), stars above
bars represent astatistical difference compared to GFP. Other comparisons are
indicated with brackets. (NS: p > 0.05,*: p < 0.05, **: p < 0.01, ***: p < 0.001 and
****: p<0.0001).d, Effect of the LFY,,0, mutation on LFY-UFO interaction in
Y2H.EV = Empty Vector. LFY-40is aLFY version lacking the first 40 aa and better
tolerated by yeast cells. Values correspond to the different dilutions (OD = 7,0.7
and 0.07). Top picture corresponds to the non-selective plate lacking Leucine
and Tryptophan (SD -L-W), and bottom picture corresponds to the selective plate

lacking Leucine, Tryptophan, Histidine and Adenine (SD -L-W-A-H). Pictures were
taken at day + 4. e, EMSA with DNA probes corresponding to pAP3 DEE LFYBS

and pAP3LUBS1 and indicated proteins. pAP3 DEE LFYBS DNA probe was used
asacontrol for binding on canonical LFYBS. f, WB after DNA elution during
ampDAP-seq experiment. After DNA elution, 20 pL of 1X SDS-PAGE Protein
Sample Buffer was added to the remaining beads to run WB. Each lane represents
onereplicate. g, Reproducibility of ampDAP-seq experiments with LFY 40

(left) and LFY,40,-UFO (right) through the comparison of replicates datasets
2by2.h, Comparison of peak coverage in LFYy,,0 (Y-axis, this study) and LFY
(x-axis)*® ampDAP-seq experiments. i, Integrated Genome Browser (IGB) view

of pAP3showing LFY ChIP-seqininflorescences (light blue)* or seedlings (dark
blue)*, LFY-UFO ampDAP-seq (yellow; this study), LFY ampDAP-seq (pink)** and
LFYy,.,0r ampDAP-seq (purple; this study). Numbers indicate read number range.
Jj, Pictures of WT and representative transgenic plants expressing 355::LFY or
358::LFY .40 (scale bar,1cm). The white arrows indicate ectopic rosette flowers.
35S::LFYwas obtained previously®. 42 T1 plants expressing 355::LFYy,,0, Were
analyzed; the percentage of plants with a LFY overexpressing phenotype is
comparable to the one obtained with 355::L FY*. Source dataare available in
Supplementary Data4.
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Extended Data Fig. 9 | See next page for caption.
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Extended Data Fig. 9 | UFO binds DNA and LFY DBD. a, A representative
micrograph of the ASK1-UFO-LFY-DNA complex in vitreous ice (scale bar,

20 nm). b, Selected 2D class averages of the particles submitted to ab initio
reconstruction and heterogeneous refinement for 3D classification.

¢, Intermediate reconstructions of the 3D classes after heterogeneous
refinement. d, Final reconstructions of ASK1-UFO-LFY-DNA complexes
(involving either a LFY-DBD monomer (pink) or a LFY-DBD dimer (gray)) after
Non-Uniform refinement. e, Unprocessed AlphaFold2 model for ASK1 (top,
purple; uniprotID, Q39255), UFO (middle, red; uniprot ID, Q39090) and the
LFY-DBD dimer/DNA crystallographic structure (bottom, pale and dark blue for

the LFY-DBD dimer and green for the DNA; PDB, 2VY1). f, Cryo-EM density

map color-coded by fitted molecule. Note the kink on DNA induced by the
presence of UFO. g, Heat map of the angular distribution of particle projections
contributing for the final reconstruction of the complete ASK1-UFO-LFY-DNA
complex (with a LFY-DBD dimer). h, Gold-standard Fourier shell correlation
(FSC) curves. The dotted line represents the 0.143 FSC threshold, which indicates
anominal resolution of 6.4 A for the unmasked (red) and 4.3 A for the masked
(blue) reconstruction. i, View of the post-processed map of the complete
ASK1-UFO-LFY-DNA complex, colored according to the local resolution.
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4.3 Additional results and discussion

4.3.1 The role of LFY-UFO extends beyond petals and stamens development

In addition to its role in determining floral meristem identity and patterning, LFY has also
been shown to control floral meristem emergence in the early stages of flower development
(Moyroud et al., 2009, 2010). In Arabidopsis, LFY contributes to meristem emergence
through the induction of REGULATOR OF AXILLARY MERISTEMS1 (RAX1), a Myb family TF
(Figure 4.3-1G) (Chahtane et al.,, 2013; Denay et al., 2018). The LFY pathway to trigger
meristem emergence works in parallel with another one involving REVOLUTA (REV), a
homeodomain leucine zipper (HD-ZIP) family TF that is also involved in lateral meristem
formation and in the establishment of the dorsoventral axis in leaves (Figure 4.3-1G) (Denay
et al.,, 2018; Otsuga et al., 2001; Prigge et al., 2005). While rev flowers often lack inner
structures compared to WT (Figure 4.3-1C and A, respectively), their flower phenotype is not
as affected as the one observed in Ify-12 plants (Figure 4.3-1B) (Denay et al., 2018; Otsuga et
al., 2001; Weigel et al., 1992). However, rev-c4 Ify-12 double mutant plants display a strong
spike phenotype where lateral structures are reduced to filaments (Figure 4.3-1D),
suggesting that the rev background provides a sensitized context to study the early

meristematic role of LFY in Arabidopsis (Denay et al., 2018).

I RAX1
T—4 meristem

_—" identity

Figure 4.3-1 Investigating the role of LFY and UFO in floral meristem identity establishment. Panels A-
D are from (Denay et al., 2018). Scale bars are 1 mm unless indicated differently.
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Interestingly, while ufo-1 flowers only lack petals and stamens (Figure 4.3-1E) (Durfee et al.,
2003; Hepworth et al., 2006), double rev-c4 ufo-1 mutants have a spike phenotype
indistinguishable from the one observed in rev-c4 Ify-12 plants (Figure 4.3-1F and D,
respectively). This could suggest that the meristematic role of LFY also involves UFO (Figure
4.3-1G). | performed an RNA-seq experiment to test whether the gene expression profiles of
rev-c4 Ify-12 and rev-c4 ufo-1 apices were mirroring their phenotypic similarity, and whether
it could reveal new targets of the LFY-UFO complex beyond petal and stamen development.
On top of that, the sensitized rev-c4 background could reveal the presence of LFY- or UFO-

specific targets.

rev-c4 v rev-c4 vs rev-c4 vs
rev-c4 Ify- 12 4rev~c4:?)";) -1 rev-c4 vs rev tc:t’ usf702 !
tot: 556 \ tot: rev-cd Ify-12
‘ tot: 226
366 ,w]
/‘
Upregulated genes Downregulated genes

Figure 4.3-2 Differentially expressed genes in RNA-seq experiments with rev-c4, rev-c4 Ify-12 and rev-
c4 ufo-1 inflorescences. LFY- and UFO-upregulated genes (left) are those with log2(fold change) > 1
compared to the rev-c4 background and false discovery rate (FDR) < 0.01. Downregulated genes
(right) have log2(fold change) < -1 and FDR < 0.01.

When comparing the expression profile of rev-c4 and rev-c4 Ify-12 inflorescences, more than
500 genes are significantly upregulated, and more than 80% of them (471) are also
upregulated in rev-c4 vs rev-c4 ufo-1 inflorescences (Figure 4.3-2, left). A similar trend is
observed when comparing downregulated genes in the two experiments: in this case, over
90% of genes displaying significantly lower expression levels in rev-c4 plants compared to
rev-c4 Ify-12 plants are also downregulated when comparing rev-c4 to rev-c4 ufo-1 (Figure

4.3-2, right).

These results suggest that the sensitized rev background reveals many targets of LFY + UFO
in early flower meristem development. However, different transcriptional levels can also
simply indicate indirect targets, especially given that, while we have inflorescence tissue in

rev-c4 plants, rev-c4 Ify-12 and rev-c4 ufo-1 apices are different enough to represent a
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separate tissue (see Figure 4.3-1C, D and F, p. 102). Such tissue differences affect the

comparison of the transcriptional profiles of the three genotypes.

The availability of LFY and LFY-UFO ampDAP-seq data allowed me to make a list of genes
that could be direct targets of the LFY-UFO complex and also be involved in an early
meristematic role. Of the genes upregulated in both rev-c4/rev-c4 Ify-12 and rev-c4/rev-c4
ufo-1, 87 (18%) are also bound by the LFY-UFO complex in ampDAP-seq. These genes include
known targets of LFY-UFO such as AP3, but also new potential targets such as CAULIFLOWER
(CAL), a paralog of AP1 also involved in flower meristem identity that was previously
suggested as a LFY target (William et al., 2004), and SQUAMOSA PROMOTER-LIKE4 (SPL4),
which is involved in the transition to flowering (Jung et al., 2016). For downregulated genes,
44 out of 213 (20%) genes differentially expressed in RNA-seq are also bound by LFY-UFO,

but none of them has an apparent flowering or meristem-related function.

While comparing differentially expressed genes (DEGs) to a list of genes bound in ampDAP-
seq is missing the crucial information of in vivo binding of the complex, these results suggest
that the role of LFY and UFO in floral development may also include floral meristem

establishment.

4.3.2 UFO could have LFY-independent targets

In addition to LFY and UFO having common targets in floral meristem establishment, as
shown by the large overlap covering almost the entirety of LFY-related DEGs, the rev-c4/rev-
c4 ufo-1 comparison reveals a large share of DEGs that are not LFY-dependent (Figure 4.3-2).
This is surprising given that the phenotypes of rev-c4 Ify-12 and rev-c4 ufo-1 plants are very
similar, and even more so considering LFY’s central role in several flowering-related
processes, as compared with UFO being mostly known as LFY’s cofactor to regulate B-class
genes. | did not investigate UFO-specific DEGs in greater detail but | suggest here some

possible ways to broaden our understanding of UFO’s LFY-independent roles.

The observation of UFO-specific, LFY-independent DEGs suggests a broader role of UFO in
plant development, supported by the fact that UFO is also expressed in the peripheral zone

of the SAM in Arabidopsis plants (Durfee et al., 2003; Laufs et al., 2003; Reddy, 2008). These
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additional roles could act at the transcriptional level, like the LFY-UFO complex, with UFO
collaborating with other TFs. However, finding new UFO partners requires more
experimental data and computational power. For starters, UFO genome-wide binding
profiling in vivo, whether through a ChIP-seq or techniques such as CUT&Tag or CUT&RUN,
would be valuable to better characterize UFQ’s transcriptional role, with or without LFY.
Prior to or in combination with this approach, Y2H screens and/or co-immunoprecipitation
with potential TF partners could help identify new interactors, whose DNA-binding profile
could be probed like LFY-UFQ’s. In the era of protein folding predictions with AlphaFold2 and
protein-protein interaction predictions with AlphaFold Multimer, a prior computational
exploration of potential UFO interactors could significantly increase the success of
experimental interaction assays (Evans et al., 2021; Jumper et al., 2021). More exploratory
computational approaches could leverage RNA-seq results for UFO to find common TFs with
TFBSs on their regulatory regions, and possibly checking if the flanks of their TFBSs show an
enrichment in an element of fixed length such as the UFO-recruiting motif found in the LFY-

UFO binding site.

Although we showed that the F-box domain of UFO is dispensable for its transcriptional role
with LFY, it is possible that the LFY-independent roles of UFO in Arabidopsis are related to its
involvement in protein ubiquitination and degradation. In the absence of UFO-mediated
degradation, its targets could go unrepressed and activate their own target genes. Potential
degradation targets could be found by scanning the promoter regions of LFY-independent,
UFO-dependent DEGs, to see if there are any known TFs enriched with TFBSs in those
promoter regions. An additional ubiquitination-related role of UFO in development would be

supported by recent findings that will be discussed in the next section.

4.3.3 Double action of UFO as a transcriptional cofactor in the nucleus and an F-box in

the cytoplasm

Our ampDAP-seq experiment revealed that UFO works as a LFY cofactor for the expression
of flower development genes, and that this function is independent of its protein-
ubiquitination role as AP3 expression is not lost in the absence of UFO’s F-box. Moreover,
transcriptional data suggests UFQO’s involvement in the early establishment of the flower
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meristem, at least partially alongside LFY. However, this does not mean that UFO exclusively
works as a cofactor, but rather that it could have a dual role in transcriptional regulation

(where its F-box is dispensable) and in protein homeostasis control (F-box required).

A recent report found that LFY can form liquid droplets in the cytoplasm, and that those
droplets can be targeted by UFO to trigger LFY’s ubiquitination and subsequent degradation
(Dolde et al., 2023). This process could be a way to control the turnover of LFY protein, and it
is compatible with previous reports of LFY exiting the nucleus and working cell non-
autonomously (X. Wu et al., 2003), as well as with LFY’s UFO-dependent ubiquitination and
degradation (Chae et al., 2008).

However, many aspects remain unclear. First, while the authors specifically focus on UFO-
dependent LFY degradation, the same mechanism of cytoplasmic-specific ubiquitination and
degradation by UFO could also apply to the regulation of other proteins, and possibly other
TFs. More importantly, it remains unclear how the same complex that works in the nucleus
to regulate developmental genes, can also lead to the ubiquitination and degradation of LFY
in the cytoplasm. Further investigation will be required to dig into the mechanistic details of
how LFY’s turnover is regulated, what are the signals and protein modifications that lead to
LFY’s exit from the nucleus and UFO-mediated degradation. Finally, it should be noted that
both our results and those of Dolde et al. relied on UFO overexpression, which highlights the
need to see what happens when UFO is expressed under its endogenous promoter to check

whether this function truly has a role in planta.
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5 Conclusions and perspectives

5.1 Genomic context can be used to characterize transcriptional regulation of LFY

sites and shed new light on LFY’s regulatory properties

Gene regulation is a highly complex process involving several players, and TFs play a key role
in this process as they bind to regulatory regions to control gene expression. In particular,
master TFs are involved in the regulation of major developmental switches, such as the

transition from vegetative to reproductive development.

The main aim of my PhD was to develop a model to predict transcriptional regulation of
TFBSs genome-wide based on genetically-encoded information in their surroundings, namely
genomic context and evolutionary conservation. | focused on LFY, a plant-specific master TF

with a central role in flower development and on the model plant Arabidopsis.

My approach leveraged differences in genomic context to distinguish transcriptionally active
(“functional’) LFY TFBSs from inactive (‘nonfunctional’) ones. Such context included crucial
determinants of the cis-regulatory code, from state-of-the-art LFY TFBS models (a PWM with
nucleotide dependencies and POcc) to the presence of TFBSs belonging to other TFs at given
distances from LFY, their density and diversity. The distance of LFY sites from each other was

also included.

This approach allowed the classification of functional and nonfunctional LFY sites (Figure
3.2-1, p. 50). Moreover, it revealed that LFY has specific regulatory preferences in
Arabidopsis, and that they are genetically encoded: the presence and quality of other LFY
TFBSs in the surroundings of a LFY site is particularly important to distinguish functional and

nonfunctional sites (Figure 3.2-3, p. 55).

Our model also reveals that, while to a lesser extent, the presence of non-LFY TFBSs around
LFY sites and their diversity is also an important determinant of functional LFY sites (Figure
3.2-3, p. 55). Some TFs and TF groups in particular seem to differ between functional and
nonfunctional sites, although their exact role and their presence on regulatory regions with

LFY remain to be determined.
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We used our trained model to look for functional LFY sites among those that we could not
confidently label as functional nor as nonfunctional. While | do not have experimental
validation of these predictions yet, some of these sites predicted as functional are likely to
be transcriptionally active based on prior biological knowledge. Experimental validation will
be crucial to better assess the biological relevance of our findings and the importance of co-

occurring TFs.

Our approach could be applied to other TFs different from LFY, and this would give insights
about whether the features important for LFY binding (e.g. presence of other LFY sites close
by) are also important for other TFs, or if this is a particular characteristic of LFY’s binding
mode. Like other SAM-containing proteins, LFY can dimerize and form higher-order
complexes that are lost upon SAM mutation (Hope et al., 2018; Qiao et al., 2020; Sayou et
al., 2016). While most TFs can di- and tetramerize, examples of higher-order complexes are
more rare (Amoutzias et al., 2008; Blanc-Mathieu et al., 2023; Puranik et al., 2014). Using our
approach on other TFs could reveal whether features related to cooperative binding and
oligomerization are important for other factors, or if it is specific to (e.g. SAM-containing)

proteins that can form higher-order complexes.

Additionally, our model could be trained on Arabidopsis data and tested on other plant
species, to see whether it can predict transcriptional regulation of LFY sites at increasing
evolutionary distances. To this end, the pipeline | developed for LFY on Arabidopsis could be
applied to virtually any other plant species to recover LFY sites and their surrounding non-
LFY TFBS context. As an example, the availability of ChIP-seq and RNA-seq data for two GLK
TFs in five plant species (Tu et al., 2022) could be a good TF to start testing our approach

with other TFs and to probe its potential for transfer learning.

More generally, the tradeoff between model performance and interpretability is central to
the use of machine learning algorithms to describe biological phenomena, and particularly in
genomics, where the availability of vast data offers endless opportunities to study gene
regulation (Meyer & Saez-Rodriguez, 2021; Watson, 2022). Our approach, based on the
inclusion of relevant genomic features for supervised learning, offers a major advantage in
model interpretability, which has led us to important biological insights into how LFY

regulates the genome.
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5.2 Could conservation still be useful to model transcriptional regulation?

In our quest to find biologically relevant features to include in our model, we hypothesized
that the conservation of LFY TFBSs in flowering plants could be informative about their
transcriptional activity, with conserved sites more likely to have a functional role. Moreover,
the documented conservation of LFY’s sequence and specificity in the plant lineage (Guo et

al., 2019; Sayou et al., 2014) made it the ideal TF, once again, to test our hypothesis.

Nevertheless, our attempts at including conservation in our Random Forest model
highlighted that the conservation of LFY sites in flowering plants, expressed as the average
conservation score (PhyloP and PhastCons) over the LFY TFBS, was not informative to
distinguish functional sites from nonfunctional ones (Figure 3.2-2A, p. 53). The same was
true when we combined conservation information with all genomic context features (Figure

3.2-2A, p. 53).

Rather than being due to the evolutionary distance used to compute conservation scores,
this result could be linked to the fact that, in our model, we studied LFY sites found both in
coding and noncoding regions (Figure 3.2-2C, p. 53, compared to Figure S3.4-1D, p. 65). Our
results show that, when looking at LFY sites exclusively in noncoding regions, there is a stark
difference between the enrichment in CNSs in functional and nonfunctional sites, with a
stronger proportion of functional sites overlapping with CNSs. This difference remains
marked even at increasing evolutionary scales, including the one we included in our model,
although it slightly decreased. When we looked at all LFY sites in our model, found in both
coding and noncoding regions, the levels of conserved sequence enrichment were very
similar in functional and nonfunctional sites. Therefore, in our model, high conservation of
LFY sites regardless of their transcriptional activation status could hinder the potential of this

important feature for predictions.

Previous work on the first intron of AG, which provides a restricted regulatory sequence
across many plant species, highlighted that (i) the location of LFY sites could change in
distantly related species, and that (ii) POcc proved instrumental to reconstruct the evolution
of AG regulation by LFY without relying on alignment-based sequence conservation

(Moyroud et al., 2011). While this can be a powerful strategy when looking at specific,
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restricted regions, as POcc is sensitive to sequence length, it is also sensitive to changes in

promoter size and TFBS location across multiple species.

More generally, given the functional importance of conserved regulatory modules rather
than sequence conservation of the TFBS itself (Maher et al., 2018; Nitta et al., 2015), the
insights provided by our model on LFY binding preferences and co-occurring factors could be

employed to further develop comparative genomics approaches.

| only tested a portion of the endless possible strategies to include conservation in our
model, and to try to understand why our method was not useful to classify LFY sites as
functional or nonfunctional. Nevertheless, | think that this information will be crucial in
future models aiming at studying gene regulation, and in particular the differences between

TFBSs with comparable quality but different transcriptional status, in plants and beyond.

5.3 The action of LFY-UFO in plant development could extend beyond petal and

stamen development

The model presented in Chapter 1 focused on the study of LFY binding when LFY acts alone
to regulate gene expression. However, LFY can also work with other protein partners,
including the F-box protein UFO. Our recent paper reveals that LFY and UFO form a
transcriptional complex to orchestrate, in particular, petal and stamen development, and
that UFO modifies LFY’s canonical binding specificity to bring it to new regulatory regions

(Rieu et al., 2023).

LFY and UFO also seem to share an early function in floral meristem establishment, further
extending the regulatory role of the LFY-UFO complex in plant development, and the
implication of LFY in the early stages of floral meristem establishment (Figure 4.3-1, p. 102).
Moreover, our results show that UFO could play a larger role in these early stages, in
opposition to LFY’s generally wider function in flower development in Arabidopsis. This
change in power balance between LFY and UFO in floral meristem establishment is in line
with what has been observed in other plant species such as pea and petunia (Moyroud et al.,

2009), and opens up new possibilities in their joint role as transcriptional regulators.
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It would be interesting to test our approach for LFY functional sites prediction on the
genomic regions specifically bound by the LFY-UFO complex (Rieu et al., 2023), and on the
DEGs revealed by the rev background (Figure 4.3-2, p. 103), to determine whether the cis-
regulatory context of LFY sites changes when it works alone or with UFO. In the coming
years, new techniques such as CUT&Tag or CUT&RUN will be crucial to determine UFQ’s in
vivo genome-wide binding profile, which could be used in approaches like ours to investigate
if and how the cis-regulatory context of transcriptionally active LFY sites changes when LFY

works alone or with other binding partners.

In addition to its role as a LFY partner for transcriptional regulation in flower development,
UFO has recently been shown to regulate LFY’s turnover by degrading the TF in liquid
droplets in the cytoplasm (Dolde et al., 2023). While it remains unclear how UFO exerts both
roles, this evidence opens new questions concerning the convergence of protein turnover

and transcriptional regulation on the same TF-F-box complex in Arabidopsis.

Overall, we have probably barely scratched the surface of LFY’s role in transcriptional
regulation with partners. Indeed, UFO does not explain the entirety of genomic regions
bound by LFY in vivo and not in vitro (Rieu et al., 2023), and there is previous evidence of LFY
working with WUS, another TF, to regulate AG expression (Lohmann et al.,, 2001). In the
future, comparing binding data in vivo and in vitro will make it possible to determine at a
higher scale which TFs require partners to regulate their target genes, how widespread this

behavior is and whether TF families differ in their cofactor preferences.
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| started this manuscript talking about the complexity of gene regulation, and then | focused
on TFs and their role in the control of gene expression. While | could not cover the endless
exciting research avenues stemming from the study of TF-dependent gene regulation, some
recent examples that | find particularly exciting include the role of intrinsically disordered
regions in TF-target recognition (Brodsky et al., 2020; Jonas et al., 2023; Staller, 2022), and
the relevance of TF-RNA interactions (Oksuz et al., 2023) as well as 3D genome organization
and dynamics (Kim & Shendure, 2019; Wagh et al., 2021) in gene regulation. These findings
show that the TF paradigm that | focused on, i.e. that TFs are proteins that recognize specific
motifs on gene regulatory regions through their DBD, is a non-exhaustive definition that is
still being questioned (Samee, 2023), and there is still much to be done in the coming years

to increase our understanding of how TFs regulate gene expression in all organisms.
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6 Materials and Methods

6.1 ChIP-seqand ampDAP-seq analysis

LFY ChlIP-seq data from (Goslin et al., 2017; Jin et al., 2021; Moyroud et al., 2011; Sayou et
al., 2016) were taken from GEO (GSE96806, GSE141706, GSE24568, GSE64245, respectively).
LFY ampDAP-seq data was from GEO GSE160013 (Lai, Blanc-Mathieu, et al., 2021).

Fastq files were processed as in (Rieu et al., 2023). Sequencing data quality was evaluated
with fastQC v.0.11.7, and adapters were removed with NGmerge v.0.2_dev (Gaspar, 2018).
Bowtie2 v.2.3.4.1 was used to map reads to the TAIR10 A. thaliana reference genome
(Lamesch et al., 2012). We only retained reads mapped to a single location and with a
maximum of two mismatches. We used samtools dedup v.1.8 to remove duplicates. We
identified bound regions (“peaks”) with MACS2 v.2.2.7.1 (Y. Zhang et al., 2008), with input
DNA from Lai et al. as a control (Lai, Blanc-Mathieu, et al., 2021) and with —q 0.05 for ChIP-
seq and -q 0.0001 for ampDAP-seq. Consensus peaks called in all replicates were identified
with MSPC v.4.0.0 (Jalili et al., 2015) and, finally, peaks were resized around the peak

maximum (200 bp) for further analysis.

6.2 Microarray analysis

Microarray data were retrieved from GEO (GSE28062) for 35S::LFY-GR seedlings after the
addition of dexamethasone (Winter et al., 2011), from (Chahtane et al., 2013) for 35S::LFY
experiments and from AtGen-Express (Schmid et al., 2004) for inflorescence tissue in the Ify
background. Each mutant or overexpressing genotype was compared to WT (Col-0). The R
package gcrma (Z. Wu & lIrizarry, 2022) was used to adjust probe intensities and convert
them to expression measures, and then the limma package (Ritchie et al., 2015) was used for
differential expression analysis. A Benjamini-Hochberg correction was applied to the P
values, and fold change (FC) was computed as the ratio between expression in the
overexpression line/WT (for 35S::LFY-GR and 35S::LFY) or WT/Ify mutant. Only genes with
|[log2(FC)| > 1 and adjusted P < 0.05 were considered as significantly differentially

expressed.
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6.3 RNA-seq experiments and analyses

6.3.1 WT vs Ify RNA-seq experiment
WT (Col-0) and Ify-12 seeds were grown for 5 weeks in short day (SD) conditions (8h light,

16h dark), then moved to long days (LD) conditions (16h light, 8h dark) for another two
weeks before inflorescence dissection. All flower-looking structures were removed, and only
the inner part of the inflorescence was sampled (2-3 mm). We only sampled primary
inflorescences for a total of four samples per genotype, each sample containing multiple
inflorescences. RNA was extracted with the Qiagen Rneasy Kit, and sent for paired-end
MRNA sequencing. After sequencing, fastq files were trimmed with BBduk to remove
adapter sequences. Trimmed reads were fed to Salmon (Patro et al., 2017) using the --gcBias
and --validateMappings flags for mapping on the Arabidopsis TAIR10 transcriptome
(Lamesch et al., 2012) and read counting. The tximport R package (Soneson et al., 2015) was
used to import read counts computed by Salmon of all samples to RStudio v1.3.959 (RStudio
Team, 2020), and the DESeq2 package v1.28.1 (Love et al., 2014) was used to normalize raw
counts by transcript length. Transcript length-normalized counts were analyzed with the
NOISeq package (Tarazona et al., 2015). The ARSyNseq function was applied for noise
removal, followed by the noisegbio function for differential analysis with the options Ic = 0,
norm = "tmm", cpm = 1, filter = 1 and all other options with default values. Genes were
considered as differentially expressed if their [log2(FC)| was > 1 and the associated adjusted
p-value (corresponding to 1 - Probability calculated by the noisegbio function) was less than

0.01.

6.3.2 Ify revvs rev, ufo rev vs rev RNA-seq experiment
rev-c4, Ify-12 rev-c4 and ufo-1 rev-c4 plants were grown in long days conditions (16h light, 8h
dark) for 6 to 7 weeks prior to the collection of inflorescences. All flower-looking structures
were removed, and only the inner part of the inflorescence was sampled (2-3 mm). We only
sampled primary inflorescences for a total of four samples per genotype, each sample
containing multiple inflorescences. RNA was extracted with the Qiagen Rneasy Kit and sent
for QuantSeq 3' mRNA-Seq sequencing with Unique Molecular Identifiers (UMls). After
sequencing, UMIs were extracted with umi_tools extract command by UMI-tools v1.1.2

(Smith et al.,, 2017) and reads were trimmed with Bbduk v 38.18 to remove adapter
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sequences. STAR v2.7.9a (Dobin et al., 2013) was used to align reads on the Arabidopsis
TAIR10 genome and then the umi_tools dedup command by UMI-tools v1.1.2 was used to
remove PCR duplicates. Reads were counted with HTSeq v0.13.5 (Putri et al., 2022) and
differential analysis was performed with DESeq2 v1.28.1 (Love et al., 2014) on RStudio
v1.3.959 (RStudio Team, 2020). Genes were considered as differentially expressed if their

|log2(FC)| was > 1 and the associated adjusted p-value was less than 0.01.

6.4 Data matrix to classify LFY sites based on genomic context and conservation

6.4.1 Definition of LFY sites genome-wide

The LFY PWM with dependencies (Moyroud et al., 2011) was used to scan the Arabidopsis
genome (TAIR10) (Lamesch et al., 2012) to predict LFY TFBS, and a PWM score was assigned
to every genomic position. All genomic scores were used to determine an overall distribution
(Figure S3.4-1A, p. 65), which was used to select LFY TFBSs based on percentile thresholds. |
tested multiple score-thresholds ranging from the 99% to the 99.99% percentile (Figure
$3.4-1C, p. 65), but we ended up choosing the 99.9™ percentile threshold for further
analyses, i.e. we only retained the top 0.1% best-scoring sites. LFY site names (unique
identifiers) were defined with the following nomenclature: chromosome number, start and

end position of the site’s genomic coordinates (e.g. “chr1:10000017-10000036").

6.4.2 Integration of binding and expression data and definition of
nonfunctional/functional/‘unknown’ LFY sites
To build a model that is able to predict for which LFY TFBS binding elicits a transcriptional
response (i.e. ‘functional’ LFY TFBS) in vivo, we integrated LFY binding and expression data.
We created a table where each row contained a LFY site on the Arabidopsis genome over a
given PWM score threshold, and the three columns had information about experimental
evidence of binding (in vivo with ChIP-seq data, in vitro thanks to ampDAP-seq data) or
differential expression (microarrays and RNA-seq experiment). A site was considered to be
associated with a significant change in gene expression if it was found in the genomic
interval from 3 kb upstream of the transcription start site (TSS) of an Arabidopsis gene to 1

kb downstream of its transcription termination site (TTS). All columns are binary, with ‘1’ for
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overlap between a given LFY site and the corresponding source of data and ‘0’ for no
overlap. LFY sites overlapping with genomic regions bound by LFY in ChIP-seq and ampDAP-
seq experiments, and associated with differentially expressed genes, were labeled as
‘functional’ (‘1’). The rationale behind this choice is that we wanted to select LFY TFBS bound
in vivo and by LFY alone, not in a complex. LFY sites with no evidence of binding or of
differential expression close by were labeled as ‘nonfunctional’ (‘0’). Functional and
nonfunctional sites were then used to train random forest models. All sites satisfying one of
the previous criteria but not all of them at once, e.g. found in a region bound in ChIP-seq but
not in ampDAP-seq, or bound in ChIP-seq and DAP-seq but close to a gene that is not
differentially expressed, were labeled as ‘unknown’ (‘U’), as they could not be confidently

labeled as either functional or nonfunctional.

6.4.3 Computing POcc around LFY TFBS
POcc was calculated using the method published in (Moyroud et al., 2011) and explained in
Equations 1 and 2 (see Computing POcc around LFY TFBS, p. 116) with LFY’s PWM with
dependencies. We used DNA sequences spanning + 250 bp or + 500 bp around each LFY
TFBS (Figure 6.4-1). To define the presence of LFY TFBS around each reference site, we used
the same score threshold as to identify LFY sites genome-wide, i.e. the top 0.1% best scoring
sites (99.9t" percentile). We chose the + 250 bp genomic window for further analyses based
on a greater PR curve AUC compared to the one obtained for the + 500 bp interval (Figure

6.4-1).
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Figure 6.4-1 PR (top row) and ROC (bottom row) curves of random forest models trained with only
one feature, POcc, computed over a window of + 250 bp (graphs on the left) or + 500 bp (graphs on
the right) around each LFY site. Each thin line represents a separate random forest model trained on
75% of LFY sites and tested on the remaining 25%, for a total of 100 models (see Training and testing
Random Forest models, p. 124); the thick blue line shows the mean of all models. Mean AUC is shown
for both PR and ROC curves, at both genomic windows around LFY sites. The red square indicates the
genomic window that is used in Figure 3.2-1, p. 50.

6.4.4 Computing co-occurrence and LFY-LFY distances
To compute co-occurrence distances, | downloaded PWMs of 47 TF clusters representing
over 500 plant TFs from JASPAR 2022 (Castro-Mondragon et al., 2022) and | used them to
scan the Arabidopsis genome. As for LFY sites (see Definition of LFY sites genome-wide, p. 115),
| computed each cluster’s genome-wide score distribution and set a PWM score threshold at
the 99.9t" percentile. Then, | used bedtools closest with options -t all -mdb each —d (Quinlan
& Hall, 2010) to find the distance, in bp, of each LFY site from the closest site of each TF
cluster. | then transformed such distance to the distance between the central position of

each matrix (LFY-cluster) based on matrix length.
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One of the clusters, ‘cluster_47’, represented a single TF, LFY, and was excluded from further
analyses. Instead, to compute LFY-LFY TFBS distances, | used the LFY sites detected with the
PWM with dependencies (Moyroud et al., 2011) with score above the 99.9%" percentile
threshold, as explained in Definition of LFY TFBS genome-wide. This time, | used bedtools

closest with options -t all -mdb each —d —io (Quinlan & Hall, 2010) to avoid overlaps.

6.4.5 Computing LFY-TSS distances
The same way | computed distances between LFY and TF clusters or LFY and other LFY sites, |
included the distances, in bp, of each LFY site from the closest TSS. This time, | used bedtools
closest with option -D a (Quinlan & Hall, 2010) to keep positive or negative distance
information based on whether the LFY site was upstream or downstream of the closest TSS,
respectively. TSS positions were determined based on TAIR10 annotation (Lamesch et al.,

2012), taking one isoform per Arabidopsis gene.

6.4.6 Encoding sequence type
Six binary features were dedicated to the type of sequence where each LFY TFBS was found:
CDS, 5’ UTR, 3’ UTR, intron, promoter and downstream regulatory region. Promoters were
defined as 3 kb upstream of the TSS, and downstream regulatory regions as 1 kb
downstream of the TTS. Both promoters and downstream regulatory sequences can overlap
neighboring genes, thus some genomic regions can be categorized as multiple types at once.
For each feature column in the data matrix, ‘1’ indicated that the corresponding TFBS was
found in that type of sequence. For LFY TFBS overlapping multiple sequence types, multiple
feature columns contained a ‘1’. The TAIR10 gff annotation file was used as a reference

(Lamesch et al., 2012).

6.4.7 Computing TFBS density and diversity around LFY TFBSs
TFBS density was computed as the total amount of non-LFY TFBSs (‘totTFBS’ in Figure 3.2-1A,

see example in Figure 6.4-2).

To compute TFBS diversity around LFY sites, | used two methods:
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1. The first method (‘sindex’ in Figure 3.2-1A, p. 50, and Figure 6.4-2, p. 120, example in
Figure 6.4-2, p. 120) was an adaptation of the Shannon entropy formula to quantify

non-LFY TFBS diversity as in Equation 3:

S
H' = _Zpi Inp;
i1

Equation 3 Shannon's entropy formula adapted to quantify non-LFY TFBS diversity around LFY sites. p;
is the proportion of non-LFY TFBS of cluster; over the total amount of non-LFY TFBSs in the genomic
region considered (+ 250 bp or + 500 bp around each LFY site), and S is the total amount of clusters
considered (46 here).

2. For the second method (‘diff_tfs’ in Figure 3.2-1A, p. 50, and Figure 6.4-3, p. 121), |
counted the number of different non-LFY TFs with a TFBS around LFY, as shown in the

example in Figure 6.4-2, p. 120.

Non-LFY TFBS density and diversity were computed within a window of + 250 bp or + 500 bp
around each LFY site (Figure 6.4-2, p. 120). | tried different combinations of these three
features, either one at a time or two at a time, to train and test 40 Random Forest models
(Figure 6.4-2, p. 120). As the AUC of PR curves was always close to 0, | chose a combination
of Shannon’s entropy (for TFBS diversity) and total non-LFY TFBSs (for TFBS density) features
at a £ 500 bp window for further analyses, based on a greater median ROC AUC compared to

the other combinations.
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Value of non-LFY TFBS density around LFY sites:@

Value of non-LFY TFBS diversity around LFY sites — Shannon’s entropy:

p; TF2 =2/5 = p, Inp,=-0.3665
p. TF3 =2/5 p.Inp,= - 0.3665 1.0549
p; TF4 =1/5 - p,Inp,=-0.3219

Value of non-LFY TFBS diversity around LFY sites — alternative method:@

Figure 6.4-2 Schematic example of methods to compute non-LFY TFBS density and diversity around
LFY sites. From top to bottom: scheme showing a LFY TFBS with extensions on both sides,
representing the two genomic windows we tested: +250 bp or +500 bp. Below, scheme showing non-
LFY TFBSs belonging to TF2, TF3 and TF4 and found within the selected genomic region. Based on the
methods explained above, values corresponding to TFBS density and TFBS diversity, both through the
adaptation of Shannon’s entropy and as the number of different TFs, are circled in red.
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Figure 6.4-3 AUC for PR (graphs on the left) and ROC (graphs on the right) curves of Random Forest
models trained with different features representing TFBS density and diversity around LFY sites.
Density and diversity values were computed at two genomic windows around LFY sites: + 250 bp (top
row) and * 500 bp (bottom row). ‘Sindex’: models trained with one feature representing TFBS
diversity as computed with Equation 3, in the previous page; ‘totTFBS’: models trained with one
feature representing the total amount of non-LFY TFBSs around LFY sites; ‘diff TFs’: models trained
with one feature representing the total number of different non-LFY TFBSs around LFY sites;
‘sindex_totTFBS’: models trained with two features, ‘sindex’ and ‘totTFBS’; ‘diff tfs totTFBS’: models
trained with two features, ‘diff tfs’ and ‘totTFBS’. Each dot represents the AUC of the (PR or ROC)
curve obtained with a separate random forest model trained on 75% of LFY sites and tested on the
remaining 25%, for a total of 40 models (this is the only case with 10 repeats instead of 25; see
Training and testing Random Forest models, p. 124). Boxplots display lower and upper quartile values
(box edges), median (line between the two box edges), and whiskers extend from the box at 1.5 the
interquartile range. The red arrow indicates the combination of TFBS diversity and density features
used in Figure 3.2-1A and B, p. 50.

6.4.8 Computing average conservation at LFY sites
PhastCons and PhyloP conservation scores on the Arabidopsis genome were downloaded
from the PlantRegMap database (Tian et al., 2020). Conservation at each position of each
LFY TFBS was retrieved with bwtool extract (Pohl & Beato, 2014) and several strategies were

tested to encode conservation:

1. Average conservation score at each site, for both types of scores (PhyloP and
PhastCons). See ‘Average’ in Figure 6.4-4, p. 123.
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2. Weighted average of the conservation score, where the IC of each nucleotide in a LFY
palindromic PWM (obtained from ampDAP-seq peaks) was used as weight,
depending on its position within LFY’s binding site. This meant that e.g. if the selected
LFY site had an A in position 1, the IC of the A nt in the LFY’s palindromic PWM was
used as weight, while if the selected LFY site had a T in position 1, the IC of the T nt in
the PWM was used as weight. See ‘Weighted average™’ in Figure 6.4-4, p. 123. The
same strategy was used for both types of scores (PhyloP and PhastCons).

3. Weighted average of each conservation score, using the total IC per position as
weight. This meant that a fixed weight was used per position, independently of the
nature of the nt at each particular position of the selected LFY site. See ‘Weighted
average**’ in Figure 6.4-4, p. 123. The same strategy was used for both types of

scores (PhyloP and PhastCons).

| used conservation features computed with each strategy to train and test 100 Random
Forest models (see Training and testing Random Forest models, p. 124, for more details
about my cross-validation strategy). As precision-recall curves for all models had an AUC of
0.01, | decided to keep conservation features as computed with the average method

described above based on a slightly higher average ROC AUC (Figure 6.4-4, p. 123, red box).
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Figure 6.4-4 PR (top row) and ROC (bottom row) curves of random forest models trained with two
conservation features (PhastCons and PhyloP scores) computed with three different methods:
Average (graphs on the left), Weighted average* (graphs in the middle) and Weighted average**
(graphs on the right). Average: mean conservation score over the LFY site; Weighted average*:
weighted average of each conservation score, where each nucleotide’s IC is used as weight,
depending on its position within LFY’s binding site; Weighted average**: weighted average of each
conservation score, where the total IC per position is used as weight. Each thin line represents a
separate random forest model trained on 75% of LFY sites and tested on the remaining 25%, for a
total of 100 models (see Training and testing Random Forest models, p. 124); the thick blue line
shows the mean between all the separate models. The mean AUC is shown for both PR and ROC
curves, at both genomic windows around LFY sites. The red square indicates the conservation
computation method used in Figure 3.2-2, p. 53.

6.5 Calculating CNS enrichment at LFY sites

To determine whether LFY functional, nonfunctional and ‘unknown’ sites were overlapping
with CNSs, | retrieved CNS datasets from four publications and | kept their genomic
coordinates (Haudry et al., 2013; Tian et al., 2020; Velde et al., 2014, 2016). For each
dataset, | used bedtools intersect with option —wao to check whether any CNSs were
overlapping with LFY sites coordinates by at least 1 nt. Then, for each LFY site class, |
calculated and plotted the proportion of sites overlapping with CNSs comparing to those

with no overlap. For the analysis in Figure 3.2-2C (p. 53), | removed LFY sites found in coding
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regions (as previously determined: Encoding sequence type) before calculating the
proportion of sites overlapping with CNSs. For Figure S3.4-1 (p. 65) | used all LFY sites to

calculate proportions of overlapping CNSs.

For Figure 3.2-2D (p. 53), for each CNS dataset, | calculated the ratio between the proportion
of functional sites overlapping with CNSs in Figure 3.2-2C (p. 53) and the proportion of

nonfunctional sites of nonfunctional overlapping with CNSs shown in the same figure.

6.6 Training and testing Random Forest models

| used the scikit-learn python package (v1.2.0) to run Random Forest algorithms on our data
with the RandomForestClassifier function and max_depth option set to 20 (Pedregosa et al.,
2011). Then, | used cross-validation to evaluate whether the model was capable of

distinguishing functional LFY sites from nonfunctional ones.

In cross-validation, a dataset is divided into a given amount of equal subsets (“folds”), and all
except one are used to train a model. The remaining fold is used to test the trained model,
i.e. to see whether it is capable of predicting the label of an entry in the dataset, which it has
never seen, based on the entry’s features. There are many possible strategies for cross-
validation, and the best one depends on one’s data. In our case, as the data are highly
unbalanced, two popular options are to use Repeated Stratified k-fold cross-validation
(Figure 6.6-2) or to undersample the majority class (i.e. nonfunctional sites) to match the
amount of the minority class (functional sites) in each fold, and thus obtain a balanced

dataset.

To determine the best cross-validation strategy for our data, | set up a procedure to
compare the performance of Stratified vs Balanced cross-validation on the dataset
containing all features except conservation, for a total of 58 features. My procedure worked
as follows: | trained a model with the balanced strategy and another with the stratified one,
and | tested each model on the leftover functional and nonfunctional LFY sites, i.e. those not
used to train either model. For both strategies | used 4 folds. At each round of my procedure
| trained a Balanced and a Stratified model, | tested them on the same unused data and | fed
true labels and model predictions to scikitlearn’s function ‘precision_recall_curve’ to plot PR

curves and retrieve AUC values for each. Then | repeated by changing the folds used for

124



training. As the resulting PR AUC was greater for models cross-validated with the stratified

strategy, | used it all models presented in this manuscript (Figure 6.6-1).

1.04

0.81

0.6

Precision

0.4

0.24

—— Precision-Recall balanced (AUC = 0.08)
0.01 —— Precision-Recall stratified (AUC = 0.12)

0.0 0.2 0.4 0.6 0.8 1.0

Rarall

Figure 6.6-1 PR curve to compare balanced vs stratified cross-validation strategies. Green and orange
curves obtained when testing stratified and balanced Random Forest models, respectively.

All figures in Chapter 1: A machine-learning model to predict transcriptional regulation of
LFY sites genome-wide based on genomic context and evolutionary conservation were
generated with a Repeated Stratified k-fold cross-validation strategy with k=4 and 25 repeats
(Figure 6.6-2, in the next page). As each round of cross-validation (one train-test iteration)
produces a model of its own, | generated a total of 100 models with the same parameters
but with different training and testing sets (Figure 6.6-2). The only case in which | used less
than 25 repeats was to determine which combination of TFBS diversity and density features
to include in the model, where | ran a Repeated Stratified k-fold cross-validation strategy
with k=4 and 10 repeats for a total of 40 models (see Computing TFBS density and diversity
around LFY TFBSs, p. 118).

At each cross-validation test step, | fed true labels and model predictions to scikitlearn’s
functions RocCurveDisplay.from_predictions and precision_recall_curve to plot ROC and PR

curves, respectively, and retrieve AUC values for each.
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Figure 6.6-2 Schematic representation of the Repeated Stratified k-fold cross-validation strategy used
in all Random Forest models shown in this manuscript. The original dataset, which contains a certain
amount of positive and negative entries (in our case, an unbalanced dataset with few positives, i.e.
functional LFY sites, and many negatives, i.e. nonfunctional LFY sites), is split into 4 folds, each one
with the same positive to negative ratio as the original one. Then, three of these four folds are used to
train a model (with labels), and the fourth one is used to test the trained model (hidden labels); the
same thing is repeated three more times until each fold has been used once for testing. When this
process is completed, the original dataset is once again split in four folds, different from the previous
ones, and the training-testing process is repeated.

6.7 Extracting feature importance from Random Forest models
Following the cross-validation strategy explained above, after each training round | used the
function feature_importances_ from scikitlearn to retrieve Gini importance for each feature

included in the model.

6.8 Using trained Random Forest models to make predictions on ‘unknown’ sites
Following the cross-validation strategy explained in Training and testing Random Forest models,
after each training round | tested the trained model on LFY sites labeled as ‘unknown’ and |

retrieved prediction probabilities for the ‘1’ (LFY functional site) class.
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Résumé

Le controle de I'expression des génes est essentiel pour les organismes vivants, et sa
perturbation peut compromettre la survie. Les facteurs de transcription (TFs) régulent
I'expression génique en se liant a des séquences d'ADN spécifiques appelées sites de liaison
des facteurs de transcription (TFBS). LEAFY (LFY) est un TF spécifique aux plantes qui joue un
role crucial dans le développement floral. Il est fortement conservé en termes de séquence
et de spécificité de liaison tout au long de I'évolution des plantes.

Le role central de LFY dans la floraison a été étudié pendant des décennies, avec pourtant
d’'importantes zones d’ombres qui subsistent en ce qui concerne l'identification des cibles
(genes régulés) : pourquoi régule-t-il certaines régions génomiques in vivo et pas d'autres ?
Pour élucider ce point, dans la premiére partie de ce manuscrit, je présente une approche
permettant de prédire la régulation transcriptionnelle des TFBS de LFY dans la plante modele
Arabidopsis thaliana. J'ai utilisé des modeles classiques de liaison de LFY a I’ADN ainsi que le
contexte génomique des sites LFY pour construire un modeéle capable de distinguer les sites
LFY fonctionnels (c'est-a-dire ceux liés par LFY et ayant effet sur I'expression génique in vivo)
des sites non fonctionnels. Mes résultats suggerent que la présence de TFBS de LFY
environnants et, dans une moindre mesure, le niveau de diversité des TFBS d’autres TFs
autour des sites LFY, sont importants pour distinguer les sites LFY fonctionnels des non
fonctionnels. De plus, cette approche révele plusieurs TFs qui co-occurrent avec LFY et qui
contribuent a distinguer les sites régulés par LFY des sites LFY non fonctionnels. Malgré des
preuves antérieures de I'importance fonctionnelle des régions conservées dans la régulation
génique, I'inclusion de la conservation des sites LFY dans notre modeéle n'a pas amélioré les
prédictions, et je discute de raisons possibles derriére ce résultat. Dans I'ensemble, cette
approche m'a permis de mieux caractériser la liaison de LFY a I'ADN, et elle peut étre utilisée
sur de nouvelles séquences génomiques pour prédire la régulation transcriptionnelle des
sites par LFY, ainsi que par de nouveaux facteurs.

En plus de son action indépendante, LFY interagit avec UNUSUAL FLORAL ORGANS (UFO),
une protéine F-box, pour garantir le développement correct des pétales et des étamines.
Bien que l'interaction LFY-UFO et leur implication dans le développement floral soient déja
connues, le role exact d'UFO dans ce processus devait encore étre déterminé. Dans la
seconde partie de ce manuscrit, j'inclus un article récemment publié sur le role
transcriptionnel du complexe LFY-UFO dans le développement floral, permettant a LFY de se
lier a des régions génomiques distinctes de LFY seul. De plus, je présente quelques résultats
supplémentaires suggérant l'implication de LFY et UFO dans I'établissement du méristeme
floral aux premiers stades du développement floral, élargissant ainsi leur importance dans ce
processus développemental crucial.
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