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Abstract

The identification of transcription factor (TF) target genes is central 9n bielogy. A popular approach is based on the
location by pattern-matching of potential cis-regulatory elements (CREs)= During the last few years, tools integrating
next-generation sequencing data have been developed to improyesthe pesformances of pattern-matching. However, such
tools have not yet been comprehensively evaluated in plantshHence, we developed a new streamlined method aiming at
predicting CREs and target genes of plant TFs in spe€ifie,organs or conditions. Our approach implements a supervised
machine learning strategy, which allows to learn decision rule models using TF ChIP-chip/seq experimental data.
Different layers of genomic features were integrated ‘in predictive models: the position on the gene, the DNA-sequence
conservation, the chromatin state, and variousseis-tegulatory element footprints. Among the tested features, the chromatin
features were crucial for improving the“accufacy of the method. Furthermore, we evaluated the transferability of
predictive models across TFs, organs and species. Finally, we validated our method by correctly inferring the target genes
of key TF controlling metabglite”biosynthesis at the organ-level in Arabidopsis. We developed a tool -Wimtrap- to
reproduce our approach#in plant species and conditions/organs for which ChIP-chip/seq data are available. Wimtrap is a
user-friendly R pagkage that supports a R-shiny web interface and is provided with pre-built models that can be used to
quickly get predictions of CREs and TF gene targets in different organs or conditions in Arabidopsis thaliana, Solanum

lycopersicuim, Oryza sativa, and Zea mays.

Keywords: Arabidopsis thaliana, cis-regulatory elements, genomics, predictive modelling, R package, Plant organs,
flavonoid target-genes
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1 Introduction

Gene regulation is one of the most fundamental biological phenomena. It explains how, from the same genetic code, a
cell can harbour different states, according to the cell cycles and the signals from the environment. For multi-cellular
organisms as plants, gene regulation is also involved in processes such as cell specialization, organogenesis, growth, and
ageing (Aerts, 2012; Spitz and Furlong, 2012). Gene regulation encompasses a cascade of regulatory processes that
intervene all along with the flow of genetic information. The control of transcription by RNA-polymerase Jl constitutes
the first level of regulation. In order to transcribe a gene, the RNA-polymerase II complex needs at first te,stablyabind the
DNA upstream in the vicinity of the transcription start site (TSS), in a region called the ‘core promoter’. Some core
promoters present DNA sequences that are attractive enough, but in most cases, the recruitmentsef the, RNA -polymerase

involves interactions with components that are called transcription factors and cofactors (Fudayer d/5:2009).

Transcription factors (TFs) are key regulators of gene expression, characterized by\DNA-binding domains that can
recognize specific motifs of 6-20 nucleotides. They are proteins that bind tQl cissfeégulatory regions located on the
‘promoter’, upstream the TSS, nearby the binding sites of the RNA-polymetaseqand are classified as repressors or
activators depending on whether they favour the recruitment of the subunits of the polymerase or block it (Lee et al.,
2012). However, the mechanisms of action of the transcription€@remeomplex. Organisms pack the DNA in highly
condensed structures, called ‘chromatin’, that allow fitting With, theSspace of the cell (prokaryotes) or the nucleus
(eukaryotes), which makes it difficult for regulatory molécules\to access and bind to DNA. The action of some TFs
consists therefore in triggering or maintaining the opéning‘of'the DNA at cis-regulatory regions (Spitz and Furlong,
2012). Another source of complexity originates from the existence of additional cis-regulatory regions located outside the
promoter, such as enhancers and silencers (L€nhard et al., 2012). The latter are located remotely in terms of base pairs
from the TSS, upstream, downstream, opfon the“gerie body and interact with the promoter, thanks to the ability of the
DNA to form loops that bring two regions{closet together. TF activity is crucial to determine the state and identity of a
cell and thus to regulate developmental processes and stress responses (Vaquerizas et al., 2009). This activity is
dependent on the chromatin state and the TF expression, post-translational modifications, and interacting partners, which

might be specific to the gonditiomor lineage (Veljkovic and Hansen, 2004).

TF target genes can be pgedicted based on the sequence specificities of the cis-regulatory elements that can be recognised
by the TF ofsinteresty,Lo"identify TF-target genes several challenges have to be addressed: (1) identifying and modelling
(as ‘motifsY), the sequence specificities of TF binding sites, and (2) locating and scoring the potential occurrences of
motifstalofig,cis-regulatory regions, i.e. ‘pattern-matching’ (Aerts, 2012). Since the 1980s, intense research efforts have
been made in this field. For prokaryotes, efficient and performant methods have been obtained (Vuong and Misr, 2011)
while for most of the multicellular eukaryotes there is still a need for further development. The main difficulty for the
latter organisms relies on the length of the cis-regulatory regions, which are longer than in prokaryotes (Hardison and
Taylor, 2012). Because the sequence of the TF-binding sites is highly variable and too short compared to the length of the
regions considered as ‘cis-regulatory’, a genome-wide analysis might identify almost all the genes as potential targets of
the studied TFs. To restrict the width of the ‘cis-regulatory’ regions on which is performed the pattern-matching, ‘cluster’

and ‘phylogenetic’ footprinting methods can be used, as TFs tend (a) to cluster (cis-regulatory regions show intervals
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with a high density of binding sites of the same and/or of different TFs), (b) to bind to sites (or clusters) that are
evolutionary conserved. These methods of footprinting still suffer however from a high number of false positive

predictions of cis-regulatory regions (Aerts, 2012).

In recent years, new experimental strategies to study cis-regulatory elements on a genome-scale have emerged. In
particular, ChIP-chip/seq made it possible to map the binding regions of transcription (co)-factors (Mundade et al., 2014)
as well as to study specific marks and variants of ‘histones’. In eukaryotes, the histones are proteins that associate with
DNA to form the ‘chromatin’. In that structure, DNA is wrapped around a succession of yoyo-shaped histone octamers
(‘'nucleosomes'), which can pile up in a closed and condensed structure which makes the DNA™ fhaccessible to
transcription (co)-factors (Bonev and Cavalli, 2016). Some mechanisms allow unpacking the structuted’depending to a
large extent on histone variants and marks (e.g. covalent modifications of the histone tails) fLawrenee ¢t al., 2016) as
well on methylation of the cytosine, which might be studied by BiSulfite-seq (BS-seq) (Jonesy2012)"The control of the
DNA accessibility is therefore decisive in the regulation of the binding of ¢is-regulatory elements by TFs.
Complementary techniques to ChIP-chip/seq and BS-seq, such as DNAsel-s€q, Assayssfor Transposase-Accessible
Chromatin using Sequencing (ATAC-seq), Micrococcal Nuclease Digestion with deep Sequencing (MNase-seq),
Nucleosome Occupancy and Methylome Sequencing assay (NOMe-Seq), or) Formaldehyde-Assisted Isolation of
Regulatory Elements using Sequencing (FAIRE-seq) have allowed to directly®probe the degree of opening of the DNA
(Meyer and Liu, 2014).

The greater availability of genomic and epigenomic data paved the way for new bioinformatic methods dedicated to the
prediction of TFs binding sites. An expanding number of togls\have been released (Gusmao et al., 2016; Jankowski et al.,
2016; Kumar and Bucher, 2016; X. Chen et al.g2017; Schimidt et al., 2017; Schmidt et al., 2017; Qin and Feng, 2017,
Quang and Xie, 2017; Liu et al., 2017; Li et al, 2019; Behjati Ardakani et al., 2019; Li and Guan, 2019; Keilwagen et
al., 2019). Of particular interest is the ngw foétprinfing approach, called the ‘digital genomic’ footprinting (DGF), which
is based on the property of the TES to protect'the cis-regulatory elements from cleavage by the DNAsel. Contrary to
‘cluster’ and ‘phylogenetic’ footprinting, techniques, the DGF takes into account the chromatin state dynamics and

therefore that of the accessibility 0f the cis-regulatory elements across treatments, growth stages, or cell types and tissues.

However, in plant;speci€s, lofig-established techniques have not been systematically compared to new ones and,
importantly, integrative tools able to combine all these techniques are still lacking (Lai et al., 2019). Therefore, we
developed Wimtrap, @tool to predict condition- or organ-specific cis-regulatory elements and TF gene targets, with a
great flexibility regarding the input data. We used this tool to compare most of the different techniques described above
and to ‘evaluate the benefits of combining them. Accuracy of the predictions was obtained based on ChIP-seq/chip data
and allowed the validation of Wimtrap. We illustrated the use of our tool with an example highlighting the strength of the
condition-specificity of the predictions, taking into consideration TFs that control the late steps of flavonoid biosynthesis.

Wimtrap is implemented as a fully documented R package (https:/github.com/RiviereQuentin/Wimtrap) and Shiny

application (https://github.com/RiviereQuentin/WimtrapWeb). We focused mainly on Arabidopsis thaliana (L.) - the

model species for plant genetics and molecular biology but extended our work to other plant species. Wimtrap works
currently for Arabidopsis thaliana in 10 conditions (organs or growing conditions), Solanum lycopersicum in two

conditions, and Oryza sativa, and Zea mays in one condition.

220z AInp 1L uo Jasn 1107 ap [eA 811ud) VYNNI Aq 8€/££99/560080d/dod/SE0 101 /10p/al01e-20uBApR/dod /WO dno-olwapede//:sdiy woly papeojumoq


https://github.com/RiviereQuentin/Wimtrap
https://github.com/RiviereQuentin/WimtrapWeb

2 Results

2.1  Analysis overview

We developed a machine-learning approach (Figure 1) to predict cis-regulatory elements and TF target genes using
information obtained from motifs of transcription factor binding site (TFBS), DNA sequence, transcript models,
conserved elements and/or epigenetic data. The method is focused on plants, especially on A. thaliana, thefmodel species
for plant genetics and molecular biology, for which data are the most abundant. The different analysegsthat we performed,

as well as our workflow, can be schematically described as follows.

First of all, based on literature search and the query of 7 specialized databases, we retrieved:

- the genomic sequences and the transcript models of A. thaliana, S. lycopersicum,@wnsativa, and Z. mays;

- the motifs and ChIP-chip/seq data for 57 TFs in the seedlings and flowers,of dshaliana, in the ripening fruits of S.
lycopersicum, in the seedlings of O. sativa and in the seedlings of Z. mays;

- 5 genomic maps of cis-regulatory elements (2 in 4. thaliana, 1 in S. [ycoperSicunt, 1 in O. sativa, 1 in Z. mays);

- 5 genomic maps of digital genomic footprints (DGFs) (1 in 4. thaliana“seedlings, 1 in A. thaliana flowers, 1 in S.
lycopersicum seedlings, 1 in O. sativa seedlings, 1 in Z. mays seedlings);

- 42 chromatin feature-peak data (24 in A. thaliana seedlingsp\3 4. thaliana flowers, 3 in S. lycopersicum seedlings, 9

in O. sativa seedlings, 3 in Z. mays seedlings);

Then, these data and information were then int€gratediinto the Wimtrap pipeline, composed of several steps (Figure 1):

Step 1: Motif matches location along ghe\genomes Pattern-matching analyses were carried out with the motifs of the TFs
to obtain the location of the candidatelbinding sites (= the motif matches). Each candidate was scored according to the fit

of the DNA sequence with thefmotif.

Step 2: Motif matches @unotation.®The motif matches were annotated with features characterizing their genomic context.
The distance of tHe candidate binding sites to the closest transcript was calculated using the TSS as reference. The
structure (promotes, coding sequence, ...) overlapped by the candidate binding sites was also determined. Then, the
average sighal orfthe density of peaks/elements of the features related to DNA sequence conservation, DGFs and

chromatin,staté®were computed on intervals of = 10 bp, £ 200 bp, or £500bp around the potential cis-regulatory elements.

Step 3: Motif matches labelling and dataset balancing. The motif matches were labelled as ‘positive’ ( “is. TFBS=1")
when they were validated by available ChIP-chip/seq data, and as ‘negative’ (‘is. TFBS=0"), when not. To avoid an
overrepresentation of the negative candidate binding sites compared to the positive ones, a subset of negative candidate
binding sites was randomly selected so that the composition of the dataset turned to 50% of negative and 50% of positive
motif matches. Balancing a dataset is a classical approach to overcome the tendency of predictive models to categorize all
the instances into the most prevalent class (here, that of the ‘negative’ candidate binding sites) when the minority class

(the ‘positive’ candidate binding sites) is rarely represented (Sotiris Kotsiantis et al., 2006).
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Step 4: Modelling of motif matches classifiers. ‘Decision-rule’ models, made of a collection of regression trees, were
trained by extreme gradient boosting (Chen and Guestrin, 2016). Such models allowed to decide whether a candidate TF
binding site was ‘positive’ or ‘negative’ based on the integrated features. Two kinds of models were built: the TF-specific
ones, based on data from a single TF, and the TF-pooled ones, obtained from all the TFs considered in a given organism
and condition (seedlings of 4. thaliana, flowers of A. thaliana, ripening fruits of S. lycopersicum, seedlings of O. sativa,
or seedlings of Z. mays). The TF-specific models were trained with different sets of features in order to compare the

predictive potential of existing techniques and assess the benefits of an integrative approach.

Step 5: TF binding sites prediction. New motif matches, which were not used in the modelling processfand weredocated
and annotated as described above (steps 1 and 2), were fed to the binary classifiers. Theseqmodels classified the
candidates either as ‘positive’ (‘is. TFBS=1") or ‘negative’ (‘is. TFBS’=0). The first ones were rétained as, the predicted TF

binding sites (TFBSs), while the second ones were filtered out.

Finally, we evaluated Wimtrap. TF-specific models were used to assess the methodsagcutacy, depending on the integrated
features, as well as to perform state-of-the art feature importance analyses, TEspooled models were tested for their
transferability across TFs/conditions/organisms and were applied to a realgworld example of case study. Model accuracies
were calculated by computing the area under the ROC (Receiver Operating Chatacteristic) curve (AUC). For TF-specific
models, we proceeded to the S-cross validation protocol: each TF-specifi¢®dataset was split into 5 sub-datasets. Training
and AUC computation were iterated 5 times, using each time a different sub-dataset for obtaining the ROC curve. For
TF-pooled models, we tested such models on TFs and/or cendition or organism that were not taken into account in the

training.
2.2 Performances of TF-specific models agcordingito the integrated features

Based on the 28 TFs studied by ChIP-seqyingrabidopsis thaliana seedlings, we computed the ROC curves of TF-specific
models trained with different groups of features, taken individually or in combination (Figure 2). These groups of features
were called ‘layers’, as they represented distinct layers of information that could be added to each other’s. The layers are
the following: (1) Motiffoccurrences and scores, (2) Position related to the transcript model, (3) DNA sequence

conservation, (4) Digitalygefiomi¢ footprint (DGF) occurrence and score, and (5) Chromatin state.

Each layer correspends to/a given technique. The 1% layer is related to the ‘cluster’ footprinting; the 2™ to the tendency of
the TFs to Be located on the promoters in proximity to the TSS; the 3", to the ‘phylogenetic’ footprinting; the 4, to the
‘digitalngenomiesfootprinting; and the 5, to the association of TFs with a genomic region characterized by an open state

of the chromatin.

For each layer of features, we also briefly characterized the association between the cis-regulatory elements and the
features. These associations can be visualized in Supplementary figures 1-5, in which Pearson’s correlation between the
features and the ‘is. TFBS’ label of the potential binding sites (equal to 1 when a potential binding site is ‘positive’, and 0

when it is ‘negative’) was plotted.
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2.2.1 Layer 1: Motif occurrence and score. Layer 1 allowed assessing the pattern-matching and the ‘cluster’ footprinting
method as it includes the p-value of the PWM matches and the number of matches co-occurring in the vicinity of the
potential binding sites. Models based solely on pattern-matching (scores of the PWM matches) were associated to an
average AUC of 0.60 (Figure 2C). Integrating the density of PWM matches on windows of 400 bp or 1 000 bp led to an
AUC of 0.66. Features of the layer showed a variable but overall low ability to filter the potential binding sites
(Supplementary figure 1). The p-values of the PWM matches exhibited low predictive levels, except for the TFs NAC50
and NACS2.

2.2.2 Layer 2: Position on the gene. Layer 2 allowed evaluating the rationale behind promoter gcanning. “Models
integrating the results of pattern-matching with the position on the gene (structure and distance to closest transcription
start site) reached on average an AUC of 0.73 (Figure 2C). We found that potential binding sit€s located on the promoter
or the 5’untranslated region (5’UTR) were more likely to be cis-regulatory elements while thes€ located on the intron or
coding sequence were less likely (Supplementary figure 2). The chance for a PWM match to be a’cis-regulatory element
increased while getting upstream closer to the TSS but suddenly dropped at geveral bps@ownstream from the TSS.
Overall, 49% of the cis-regulatory elements were located on the promoter at fpaximum/~— 2 000 bp from the TSS, while
9% were located on the 5S’UTR (Figure 4). The 42% remaining cis-regulagory-clements were distributed as follows: (1)
18% in the gene body, downstream of the 5’UTR (i.e. coding_sequence,®intron, 3°'UTR), (2) 8% in the regions

downstream to the transcript stop site, and (3) 16% in the intergenic regions.

2.2.3 Layer 3: DNA sequence conservation. We integrated two, sets of conserved elements in A. thaliana, from which we
respectively derived the ‘Conserved Non-Coding Sequences:, (¢CNS’) and ‘Phastcons’ datasets. The first dataset was built
by combining the location of non-coding conserved elements predicted by three independent studies (Thomas et al.,
2007; Baxter ef al., 2012; Haudry et al., 2013), which analysed the homeologs in A. thaliana and the orthologs in the
eudicots and the family of the Brassicag€ae. Fhe seécond dataset is composed of scored phylogenetic footprints that have
been identified with the ‘phastCons? tool (Siepel and Haussler, 2005) from the alignment of the coding and non-coding
sequences of ortholog genes belengingyto 63 monocots and eudicots plants species (Tian et al., 2020). Layer 3 is
associated with the ‘phylogeneticffootprinting’ approach. Models combining the results of pattern-matching and sequence
conservation obtained4an ayerage» AUC of 0.81. With the ‘CNS’ dataset, we observed a clear tendency of the cis-
regulatory element§ to be associated with phylogenetic footprints (Supplementary figure 3). However, some differences
across TFs were ‘found./For instance, the binding sites of NAC50 and NAC52 did not tend to be associated with
evolutionarily conserved regions. For CCAl, HAT22, MYB44, HB5, HB7, HB6, and LHY, the cis-regulatory elements
did nofrend tosbe’conserved (cf. 20 bp windows) but were associated with highly conserved surrounding regions (cf. 400
and 1 000"bp windows). With the second set of conserved elements (named ‘Phastcons’), the association between the cis-
regulatory elements and high degrees of conservation of DNA sequence was generally weak (Pearson’s correlation of -

0.11 in average).

2.2.4 Layer 4: Digital genomic footprint occurrence and score. Layer 4 was constructed based on the results of a state-of-
the-art ‘digital genomic footprinting” (DGF) analysis. Models built on the results of pattern-matching and DGF reached
an average AUC of 0.87 (Figure 2C). The cis-regulatory elements were preferentially located in regions of a high density
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of digital genomic footprints (cf. 400 bp and 1 000 bp windows) (Supplementary figure 4). NAC50 and NACS52 cis-

regulatory elements were not associated with digital genomic footprints, by contrast to those of the other TFs.

2.2.5 Layer 5: Chromatin state. The integration of 23 chromatin state-related features to the results of pattern-matching
led to models with an average AUC of 0.91 (Figure 2C). The cis-regulatory elements were found to be associated with
different chromatin states defined by Sequeira-Mendes et al. (2014) and ranked from ‘A’ to ‘I’ according to their degree
of DNA opening. The association was positive with the ‘B’ and ‘D’ chromatin states and negative with the ‘G’, ‘H” and
‘I’ ones. Sequeira-Mendes et al. (2014) observed that the chromatin states ‘B’ and ‘D’ tended to occurgon, intergenic
regions (including promoters and enhancers), the ‘G,” on introns and coding sequences, and the ‘H” and ‘I"jyon the
heterochromatin (Supplementary figure 5). When assessing more in details the individual variables“eharacterizing the
chromatin state, the 8 features the most associated with cis-regulatory elements were, by decre@sing order of association:
the DNase-I hypersensitivity score (DHS — measure of the opening of DNA), the H3Kd4mel histone mark, the
methylation of the cytosine, the nucleosomes density and the H3K27mel, H3K9me2, [ H3K56ac,"H2BuB, and H3K18ac
histone marks. TFs showed overall homogeneous patterns. However, for 4 of thém, severalsimportant features were not
associated to cis-regulatory elements. This was the case of NAC50 and NAGS2, for which a lack of predictivity of the
DHS and H3K56ac could be observed, as well as CCA1 and IBH, for whigh the nucleosomes density, and H3K18ac and

H2BuB histone marks were not predictive of cis-regulatory elements.

For this layer, we also assessed whether the association of the ‘¢hrématin state features with the cis-regulatory elements
depended on the distance to the TSS because differences between the promoters and the enhancers were expected
(Sequeira-Mendes et al., 2014) (Supplementary figure'¢)™Ehere " were 5 chromatin features for which the signal was on
average distinct between positive and negative petential binding sites independently from the distance to the TSS: DHS,
H3K4mel, H3K27mel, and H3K9me3. The remaining features showed little association with the cis-regulatory elements
in the immediate vicinity of the TSS. Onfdistal regions, H2A.Z, H3KS6ac, and H4K5ac, showed strong associations with
binding sites. As for H3K18ac andH3K27me3/ a striking point came from that cis-regulatory elements were associated
with high or low levels dependimgyon whether the regions were distal or proximal to the TSS (< -2500bp for H3K27me3,
< -5000bp for H3K 18ac).

2.2.6. Combinationgof,layers. Fhe combination of the condition-independent layers 1, 2 and 3 allowed us to obtain an

average AUC of (0.84. The combination of the whole set of layers led to an average AUC of 0.92.

2.2.7. Restriction Of the layer 5 to the DHS features only. Finally, we generated ROC curves using only the features
relatedito BNA opening (DHS) to consider the chromatin state. We found that DHS was the feature the most associated
with the(cis-regulatory elements in the layer 5 (Supplementary figure 7). Models based only on pattern-matching and
DHS showed an average AUC of 0.86 (Figure 2D). Adding the sole layer 4 to these models led to an average AUC of
0.88, while adding the layer 4 together with the layers 1, 2, 3 led to an average AUC of 0.91 (Figure 2D).

2.3 Importance of features in the full TF-specific models

We studied the relative importance of the features in the 28 TF-specific models built in A. thaliana seedlings (see “2.1

Analysis overview”) based on the whole set of features (layers 1 to 5) (‘full” TF-specific models). We considered the
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gain, a classical metrics for XGBoost models. The gain of a feature is equal to the sum of the gains at each branch that
uses this feature to operate a split, divided by the sum of the gains of all the features. XGBoost adds new splits on
regression trees depending on the added gain, which reflects the increase of accuracy in a leaf when this leaf is further
split into two new ones (Chen and Guestrin, 2016). The DGF (layer 4), associated to an average gain of 42%, appeared as
the most important feature in the TF-specific models for all the TFs (Figure 3). The other features got in average less than
10% of gain. The most important features among those were, by decreasing order of importance: DHS (layer 5),
H3K4mel (layer 5), PhastCons (layer 3), CNS (layer 3), H2A.Z (layer 5), Number of matches (layer 1) and p-value of the
PWM match score (layer 1). They accounted for a gain of 24% in average. They were followed by the rem@iniag features
of the layer 5 (the cytosine methylation and the histone marks - except H3K4mel), responsible for a total average ‘gain of
34%, and by the features of the layer 2 (position on the gene), which did not bring any gain to the medels;, The absence of
gain associated to the features of the layers 2 indicated that they were redundant with other féatures, most likely with the
histone marks and variants, which can be combined to predict the position of different gefie structures along the genome
(Heyndrickx et al., 2014). We can therefore postulate that such features add similar information when they are integrated
to a model including already features related to DNA opening (such as DHSfor DGF). This probably explains why
removing the histone marks from the full TF-specific models reduced only by0.1thefAUC, from 0.91 to 0.92 (Figure
2D).

Essentially, the analysis of feature importance agreed with that of the¥performances of the TF-specific models according
to the integrated feature, which was presented in the previous section. In fact, the DGF and DHS were the most
determinant features in increasing the accuracy of the sple pattégn-matching but could not explain alone the performances
of the full models (Figure 2D). In addition, there were only*ew noticeable variations across the TF-specific models for
the feature importance. Among them: for som€ THs, DGF was not the most important feature. In PRR7- and PIF3-
models, this was the DHS; in NAC50-model, the, H3K4mel histone mark; and in NAC52-model, the H2A.Z variant. The
p-value of the PWM match was only 3%jing@verage, but it raised to 8, 14 and 10% in the models of GBF3, NAC52 and
NACS50, respectively, except PRRZ; PIF3, NAC50 and NAC52. However, the overall homogeneity of the results observed

for now across the different TES justifies to test the performances of TF-pooled models.

2.4 Transferability€f TEpooled models

To evaluate the generalization of Wimtrap, we trained general models by pooling data related to all TFs but one and
evaluated the performances on the TF that was leftover. We then compared for each TF the performance of the general
model to thejone obtained with its specific model (Figure 4). We applied this approach for each of the selected 28 TFs in
Arabidopsis®seedlings. Performances of the TF-pooled models and of the TF-specific ones were similar, except for

NAC50, NACS2, and IBH1.

We also evaluated the transferability of TF-pooled models across conditions or species. We could build models only from
A. thaliana flowers, from S. lycopersicum ripening fruits, O. sativa seedlings and Z. mays seedlings as we could not find
more than 2 TF ChIP-chip/seq-data for other plant species/condition. In Arabidopsis seedlings, we assessed a TF-pooled
model trained from Arabidopsis flowers, S. lycopersicum ripening fruits, O. sativa seedlings and Z. mays seedlings. The

set of features integrated in the models was restricted to the features of the layers 1-4 in addition to the DHS and the
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methylation of the cytosine. Indeed, all the genomic data were not available both in the training and tested condition-
organism. We extracted the epigenetic data related to Arabidopsis seedlings and used the models obtained from
Arabidopsis flowers, S. [ycopersicum ripening fruit, O. sativa seedlings, and Z. mays seedlings respectively, to predict the
binding sites in Arabidopsis seedlings. This allowed us to reach an average AUC of 0.80 with the first model, 0.86 with
the second one, 0.68 with the third one, and 0.82 with the last one (Figure 5). These were higher values than the average

AUC of 0.60 associated with sole pattern-matching (Figure 2).

As the model obtained from O. sativa showed lower performances than the other models applied to™“Arabidopsis
seedlings, we performed additional analyses to get further insights. We built an extended model,Ybasedeon the
abovementioned features and on 7 different chromatin marks. In rice, the chromatin marks were mere‘important than the
DHS and the DGF. Accordingly, the AUC obtained at predicting cis-regulatory elements of /Fs\in ‘@, sativa seedlings
increased from 0.76 to 0.84 when the chromatin marks were integrated to the features of the layers 1-4, the DHS and the

methylation of the cytosine (Data only presented in text).

2.5  Characterization of targets of MBW TFs involved in the regulation of plantflavonoids

In order to test Wimtrap on a real-world example of application, we carrigd on to identify the gene targets and validate the
pathways that are controlled by TT2, TT8 and TTG1, which constittitesthe, MY B-bHLH-WD40 (MBW) complex and that
control the synthesis and accumulation of secondary metabolités¥i.c. phenylpropanoids) in seeds. While TT8 and TTG1
participate in other MBW complexes that control the accufaulatioft of flavonoids in leaves (e.g. TTG1-TT8-PAP1), TT2
is more specific to seeds, despite recent studies suggestthat TW 24s also controlling heat-stress responses in the vegetative
parts of Arabidopsis (Jacob et al., 2021). The decision to study the TT2-TT8-TTG1 complex is based on our expertise in
phenylpropanoid compounds in plants (Corsoéet al., 2020; Corso et al., 2021; Boutet et al., 2022; Alberghini et al., 2022)
and because the role of this MBW compléx in,controlling phenylpropanoid metabolism in seeds has been experimentally
validate in several studies (see Xu etfal., 2015 for a review). Hence, we regarded it as a relevant case-study to illustrate
how the outputs by Wimtrap can diffeyaccording to the tissue considered. We predicted the gene targets of TT2-TTS-
TTGI in seeds, roots and flowers/of Arabidopsis thaliana. Even though there were no TF-ChIP data in seeds and roots,
we could run our tool insthese organs because we could get DGF and DHS-predictive features and could transfer the TF-
pooled model trainedsfrom seedlings. Using this rationale, 6 additional conditions were also included in our package for
A. thaliana (non-hair partof the roots, heat-shocked seedlings, dark-grown seedlings, dark-grown seedlings exposed to 30
min of light§ dark-grown seedlings exposed to 3h of light, dark-grown seedlings exposed to a long day cycle) and 1, for S.

lycopersicumy(immature fruits).

To perfomm this analysis, we predicted at first the gene targets TT2, TT8 and TTG1. We considered that the gene targets
of a TF are the genes whose the TSS is the closest to a potential binding site predicted as ‘positive’ using Wimtrap. We
determined the best prediction score threshold to distinguish between ‘positive’ and ‘negative’ candidate gene targets

based on the 28 TFs studied in A. thaliana seedlings. This best threshold was 0.86 in average.

The results highlighted a strong impact of the tissue on the type and number of potential TT2, TT8 and TTG1 gene targets
(Figures 6 A and B). In addition, a higher number of potential targets was identified in seeds and roots for TT2 and TTS,
compared to TTG1, while a similar number of targets among the MBW TFs was predicted in flowers (Figure 6A). The
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GO enrichment analyses revealed a higher number of enriched GO terms in seeds compared to roots and flowers (Figure
6B). Finally, we focused on phenylpropanoid-related GO-terms to evaluate whether our predictions could point towards a
more significant association of TT2 with phenylpropanoid metabolism in seeds than in other organs, as expected
according to the literature (Corso et al., 2021). A higher number of enriched GO terms associated to phenylpropanoids
and flavonoids was identified for TT2 compared to TT8 and TTG1, with differences according to the tissue considered in
the analyses (Figure 6C). In the seed, four two, and one phenylpropanoid-GO-term(s) were (was) identified for TT2, TTS,
and TTG1, respectively. In roots, there were less enriched phenylpropanoid-GO-term(s) (or with a higher p-value) than in
seeds for all three TFs. This held true in flowers for TT2 and TT8, while it was the opposite for TTG¥, which had a
higher number of enriched phenylpropanoid GO-terms in flowers than in seeds. Our results agree @ith the role that is

more specific to the seeds of TT2 in the accumulation of phenylpropanoids.

3 Discussion

3.1  An efficient approach to exploit and study genomic features at the locationmef TEbinding sites

The identification of the transcriptional targets of a TF by an approach basedyon patfern-matching represents a major
challenge. An important difficulty consists of building reference datasets. T, date, there is still no consensual method to
build a reference set of binding sites based on ChIP-seq data (Li €tsals,, 2019). The identification of the ChIP-peaks is
dependent on the tool and the parameters that were used. Moregver, ChlP-peaks do not allow to locate with precision the
location of the binding sites and they report only for stdble intéractions (Mundade et al., 2014). Another limitation
inherent to our study comes from the epigenetic datagBue to their scarcity, we integrated data that were not perfectly
fitting with the ChIP-seq data (from seedlings of different'ages, grown in different conditions). In spite of that, the results

obtained with Wimtrap were consistent amongfthe TFs considered.

We could assess in particular: (i) the predictivity of different layers of genomic features, (ii) the influence of the scale of

the considered genomic regions, and (iii) the'géneralization of the models.

3.1.1 Predictivity of layers,ofifeatures. We obtained high performances of models when predicting TFs binding sites in
Arabidopsis seedlings.€Wimftap highlighted the decisiveness of the features based on the DNAsel-seq data (i.e. those
related to the DNASel hypersensitive sites [DHS — open regions of DNA] and the digital genomic footprints [DGF]).
Compared to_theGhistone modifications, the DHS present the important advantage of preserving their predictivity
independently from the distance to the TSS. The high predictive power of the DHS can also be linked to their ability to
identifymboth ‘detive and poised TF binding sites (Zhu ef al., 2015). They might therefore buffer variations related to the

activity'of enhancers and promoters across the integrated data, which were obtained from independent studies.

Despite less predictive than the DHS (included in layer 5) and the DGF (layer 4), the features of the layers 1-3, which are
related to condition-independent features (results of pattern-matching and ‘phylogenetic’ footprinting and position on the
gene) were shown to be also very valuable for significantly improving the performances of pattern-matching. Layers 1-3

are therefore ‘time and cost-effective’ as, contrary to layer 5, they are already available for numerous plant.
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The predictivity of the genomic data might vary according to their quality and/or the approach that was taken to generate
them. This is well illustrated with the layer related to the DNA sequence conservation, in which the dataset ‘Phastcons’
appeared less predictive than the ‘Conserved Elements’ one. Indeed, to allow sensitive detection of conserved elements, it
is important to restrict the comparison to species that diverged relatively recently (Haudry et al., 2013) but the
‘Phastcons’ dataset was computed from a wide set of phylogenetically distant eudicots (Tian et al., 2020). This might
make the identification of the conserved elements on enhancers very difficult as the divergence is an important source of

phenotypic novelties on these cis-regulatory regions (Meireles-Filho and Stark, 2009; Wittkopp and Kalay, 2012).

One advantage of our approach is that it allows the automatic elaboration of decision rules that are morejcomplex than
simply retaining all the PWM matches that are located on a promoter or a conserved element, DHS ogdGF. We found
that the modelling was especially relevant to get good performances at predicting bindinggSites based solely on the
condition-independent features of the layers 1-3. To a lesser extent, we also found as that ourmiethod could improve the

results of digital genomic footprinting by integrating features of the layer 1-3 and 5.

3.1.2 Multi-scale extraction of genomic features. The analysis at different scalessof the genomic regions on which are
located the potential binding sites (on 20bp, 400bp and 1000bp windows),is a characteristic of our method. We obtained
important gains in the prediction of potential of the features related to the digital genomic footprinting, DNA sequence
conservation, number of PWM matches and nucleosome positioning, when“considering the surrounding context of the
potential binding sites and not only their very 20 bp genomic location. Phese improvements might primarily come from
the tendency of the TFs to be densely recruited on cis-regulatosy regions (Aerts, 2012; Pott and Lieb, 2015), which can be
identified from clusters of binding footprints, conservedielements, or homotypic PWM matches. As for the special case of
the nucleosome positioning data, we suggest that,the overlap of a potential binding site with a nucleosome is not
predictive because some nucleosomes can be“easily moved to make accessible cis-regulatory elements (Collings et al.,
2013; T. Zhang et al., 2015). However, ghe defisity'f nucleosomes in the surrounding regions is important as TFs tend to

target loosely packed regions of the£hromatin.

Our approach allows to overéome/some technical limitations. For instance, evolutionarily conserved binding sites cannot
be identified individually but only in clusters due to their short sequences (Haudry et al., 2013). Regarding the digital
genomic footprints gityis Knownfthat they might be distant by more than 20 bp from the actual binding site (Neph et al.,
2012; Gusmao et @l., 2014).

3.1.3 Generalization of the models across TFs and organisms/conditions in plants. The generalizability of the predictive
models) actess TFs and conditions in a given organism opens a wide range of applications. The pre-existence of
ChIP/chip-seq data related to the studied TFs and/or to the studied condition is not necessary. Nevertheless, we must
point that transferring models from a condition to another comes with a cost in terms of performances. This might be
related, among others, to differences in quality between the genomic data obtained in the ‘training’ condition and those
obtained in the ‘studied’ organism-condition. We have also to point out NAC50 and NACS52, for which TF-pooled
models are substantially less performing than the TF-specific ones. NAC50 and NACS52 bind the DNA on sites exhibiting
a particular palindromic motif and might recruit a demethylase that will cause the silencing of the targeted genes (S.

Zhang et al., 2015; Butel et al., 2017; van Rooijen et al., 2020). However, for NAC50 and NAC52 we could still
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demonstrate a positive association with the histone variant H2A.Z, representing a hallmark of cis-regulatory regions

(Sequeira-Mendes et al., 2014).

Regarding the generalization of models across organisms, we obtained encouraging results, even though we need to
remain cautious. When we transferred the models built from S. lycopersicum ripening fruits and Z. mays seedlings to A.
thaliana seedlings, we obtained good performances, although lower than those achieved very by the models built from 4.
thaliana seedlings. On the other hand, we observed that the O. sativa model did not reach high AUC values when applied
to A. thaliana seedlings. This might be related to a relatively low predictivity power of the DHS, DGEfand cytosine
methylation data obtained in O. sativa seedlings. We observed that the performances of prediction of FFBS in Oy sativa
seedlings were significantly enhanced when data about chromatin marks were added to the DHS, DGF and cytosine
methylation. Wimtrap can therefore help to select the best data available for a given organispt and condition. However,
further analyses will be needed to understand the differences of predictivity of features acrossyefganisms and conditions.
This might be due to technical issues or species/condition-specificities in the gene regulationgmechanisms. In any case,
this illustrates the importance of assessing the performances of a model to validate it. It 1ssasgood practice to start with a
model integrating the features of layers 1-3 in addition to the DGF and DHS @f available). If it clearly does not meet the

expected AUC levels, then it is worth searching for additional chromatin state features.

3.2 Anuser-friendly and flexible tools

The user of Wimtrap can easily get TFBS and gene target predictiofis-in any plant species for which genomic data of
layers 1-3 are available and in any condition for which featutesiof'the layer 4 and 5 can be obtained. Our approach can be
fully reproduced with our R package and Shiny interfacciwwith a great flexibility regarding the input data, pattern-
matching algorithm and machine learning technique. Wimtrap can also be used to compare other kinds of genomic
regions than the cis-regulatory elements (efg. transgene/gene, enhancers/promoters, poised enhancers/active enhancers).
In addition, pre-integrated models and, databases allow to immediately run the tools for hundreds of TFs for A. thaliana,
not only in the seedlings and flowefS‘but alsoyn the whole roots, root hairs, seed coats, and under several light treatments;
for S. lycopersicum, not only i'theyripening fruits but also in the immature fruits; and for O. sativa seedlings and Z. mays

seedlings. (Tian et al., 2020).

The performancesgof"Wimtrap depends obviously on the genomic features which are provided to the models and,
therefore on the teols that were used to generate such data. When developing Wimtrap, we mainly focused on its
flexibility i termsgof input data as well as on its user-friendship. We aimed at making easy the building of predictive
modelgafor newmefganism/condition, based on the available data. Here we did not directly confront Wimtrap to existing
methodsibut compared the rationales implemented by a wide range of tools by assessing separately different layers of
features. Other valuable resources can be used to predict TF target genes in plants, such as TEPIC 2 or ConsReg (Schmidt
et al., 2019, p.2; Song et al., 2020). However, TEPIC 2 requires Linux operating systems and ConsReg, expression data,
which might be limiting.

3.3 Examples of application of Wimtrap

The activity and function of many TFs is specific to the plant organ and tissue, or to the condition considered (Franco-

Zorrilla et al., 2014; Song et al., 2020). This is the case for some TFs belonging to the R2R3-MYB/bHLH/WD40 (MBW)
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complex, which act synergistically to control the genes involved in the regulation of the late steps of flavonoid and
proanthocyanidin (PA) biosynthesis and accumulation in seeds. More specifically, the MYB (TT2), bHLH (TT8) and
WDR (TTG1) protein complex is active in Arabidopsis seeds, with TT2 and TT8 that play a major role in the complex
and are the main TFs controlling flavonoid genes (Lepiniec et al., 2006; Xu et al., 2015; Corso et al., 2020).

As an example of use of Wimtrap, we showed how novel insights into the biological functions of components of a TF
complex can be obtained at the organ-level. Compared to roots and flowers, a higher number of enriched GO categories
specific to phenylpropanoid metabolism have been identified for TT2 and TTS8 -target genes in seeds, while no
enrichment was observed for TTG1 targets. Previous works highlighted a major role of TT2 and TT8 insthe regulation of
the flavonoid late biosynthetic genes in seeds (Xu et al., 2015). As for TTGI, while it has beemydémonstrated its
participation to the MBW complex, less information is available about its regulation and functi®hs (Baudty et al., 2004;
Quattrocchio et al., 2006). Hence, a key role for TT2 and TT8 on flavonoid regulation and themdjor fmpact for these TFs
in seeds has been confirmed. The results obtained on TT2, TT8 and TTG1 highlighted d strongdmpact of the organ and/or
the condition on the prediction of TF-target genes (Figure 6). This is an important aSpect of Wiamtrap.

In conclusion, we developed an effective approach to study the specificities of theyplant cis-regulatory elements and made
available a bioinformatic tool to improve the predictions of TF bindingisitesy, which comes with pre-built models for 4.
thaliana, S. lycopersicum, O. sativa, and Z. mays. Prediction ofipotential TF binding sites can also be useful for
comparing TF binding sites of homologous genes, for choosingimutatiomsites, or for inferring potential regulators of co-
regulated genes. One of the strengths of such an approach is that it can retrieve cis-regulatory elements that are
overlooked by ChIP/chip-seq data, as they can only catChystable’interactions (Mundade et al., 2014), while TF binding
events are often transient (Li et al., 2019). The predictionsymight be especially relevant when they are confronted with

expression data (Rister and Desplan, 2010; Li‘ez al., 2019).

In the next future, the advent of new téchnelogies’such as the ChIP-exo/ChIP-nexus and the ATAC-seq will be beneficial.
Peaks of ChIP-exo/ChIP-nexus ar€ nargower than the ChIP-chip/seq data and allow therefore to identify more accurately
the location of binding sitesg{Weleh ez al., 2017). It will help us in particular to better decipher the proportion of TF
binding events that are due to, direct bindings (on primary/alternative motifs) and indirect bindings. As for the ATAC-seq,
it is emerging as a cost-éffectiv€ alternative to the DNAsel-seq (Karabacak Calviello et al., 2019). Relevant data about

new organisms and/or cofiditions will be soon available.

4 Materials & Methods

4.1 Ddta

A. thaliana seedlings and flowers, and S. lycopersicum ripening fruits data were obtained from Arabidopsis RegNet
(Heyndrickx et al., 2014), PlantRegMap/PlantTFDB (Jin ef al., 2017; Tian et al., 2020), PlantDHS (Zhang et al., 2016),
Gene Expression Omnibus (Clough and Barrett, 2016), Ensembl Plants Biomart (Kinsella et al, 2011) databases.

Additional information were retrieved from published articles (Thomas et al., 2007; Gomez-Porras et al., 2007; Brandt et
al., 2012; Baxter et al., 2012; Nuruzzaman et al., 2013; Haudry et al., 2013; Fujisawa et al., 2014; Zhiponova ef al.,
2014; Sequeira-Mendes et al., 2014; Wang et al., 2015; Ye et al., 2017; Gaillochet et al., 2017) (Supplementary tables 1-
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14). The filters that were used to query Ensembl Plants Biomart and Gene Expression Omnibus are described in
Supplementary text S1. For each species considered, we downloaded the genome sequence and protein-coding transcript
models (using the TAIR10 assembly for 4. thaliana, SL3.0 for S. lycopersicum, IRGSP-1.0 for O. sativa L. ssp. Japonica
and Zm-B73-REFERENCE-NAM-5.0 for Zea mays B73). In addition, we obtained 57 TF-ChIP-seq peak files (28
obtained in A. thaliana seedling, 3 in A. thaliana flowers, 5 in S. lycorpersicum ripening fruits, 4 in O. sativa L. ssp.
Japonica seedlings and 17 in Zea mays B73), 5 sets of conserved elements (2 for 4. thaliana, 1 for S. lycopersicum, 1 for
O. sativa L. ssp. Japonica, and 1 for Zea mays B73), 5 sets of DNAsel-seq and BS-seq data (1 for 4. thaliana seedlings, 1
for A. thaliana flowers, 1 for S. Iycopersicum ripening fruits, 1 for O. sativa L. ssp. Japonica seedlingsfandyl for Zea
mays B73 seedlings), 1 partitioning of the genome between 9 categories of chromatin stated (1 for A, #haliana seedlings),
2 sets of H3K4me3-, H3K4me3-, H3K36me3-, H3K27ac-, H3K9ac-, H4K12ac-, H3K27me3-ChlP-seq, data (1 for A.
thaliana seedlings and 1 for O. sativa L. ssp. Japonica seedlings), and 1 set of MNasé-seq, H2A.Z-, H2BuB18-,
H3K4mel-, H3K4me2-, H3K9me2-, H3K27mel-, H3K14ac-, H4K5ac-, H3K18ac-, H3KS6ac-,,H3T3ph-, H4K8ac-, and
H4K16ac-ChlP-seq data (1 for A. thaliana seedlings). Furthermore, we directly collected the motifs of 55 of the 57 TFs,
either as Pseudo Weight Matrix (PWM) or a logo. Details about the source of the datagthe experimental design as well as
the data analysis pipeline are provided in supplementary tables 1-14. In partigulag, for ChIP-seq data, the number of
samples is comprised between 1 and 4 (2.1 in average + 0.95 standard, déwiation) and the FDR, between 107 and 107

(0.04 in average + 0.02 standard deviation).

4.2  Data pre-processing

4.2.1. PWMs

Relevant data were pre-processed to obtain th€ jaspariraw pfm format (Castro-Mondragon ef al., 2022). PWMs could be

obtained: (i) directly from the PlantTFDB database(Jin et al., 2017), (ii) by de-novo discovery analysis of the ChIP-seq
data using peak-motifs (Thomas-Chollieref alg2012), or (iii) by measuring the relative heights of the letters at each
position of a consensus sequence or logo, using the arbitrary total count number of 1000. TFs for which such pre-

processing steps were necessdry to/obtain the PWM are specified in Supplementary tables 1, 4, 6, 9 and 12.

4.2.2. Gene structures

Basic manipulations using the R packages GenomicRanges (Lawrence et al., 2013) and rtracklayer (Lawrence et al.,
2009) were requifed to obtain the location of the TSS, transcription termination sites (TTS), proximal promoters,
promoters,, 5 UTFR, coding sequences (CDS), introns, 3’UTR and downstream regions in the BED format (Kent et al.,
2002). ‘Eor the gene structures, we used as input the text files downloaded from the Ensembl Plants Biomart following

the procedure detailed in Supplementary text 1.

4.2.3. Conserved elements and chromatin states

The conserved non-coding sequences of 4. thaliana identified by Thomas et al. (2007), Baxter et al. (2012) and Haudry
et al. (2013) were merged by union and exported in BED format R using GenomicRanges (Lawrence et al., 2013) and
rtracklayer (Lawrence et al., 2009). The conserved elements of A. thaliana and S. lycopersicum along with their
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phastcons scores were downloaded from PlantRegMap as GTF files and directly used as such. The genome partition into
9 chromatin states defined by Sequeira-Mendes et al. (2014) was encoded in BED files. Each region was annotated in the
‘name’ field by the chromatin state (from ‘A’ to ‘I”’) and in the ‘score’ field by a dot to indicate to Wimtrap to extract a

categorical feature.

4.2.4. ChIP/DNAse/BS/MNase-peaks

In the majority of cases, results of peak-calling analyses could be obtained from Gene Expression Omnibus @f supporting
information of peer-reviewed articles, either in the BED format or in formats that could be easily converted to BED using
R or awk (Aho et al., 1988). If applicable, peaks from replicates were then merged by union and the S¢ores'were summed
on overlapping regions using GenomicRanges (Lawrence er al, 2013) and rtracklayer (Lawrenee e al., 2009) R
packages. In some cases, only data resulting from signal generation analysis were available. Suchgdatayconsisted of UCSC
tracks defining a signal (the fold-change over control) along the genome. These format§ were théywig, the bedGraph and
the bigWig (Kent et al., 2002). To generate BED files with the location and summitsseore,of peaks based on data encoded
in such formats, we applied the sigWin function of the CSAR R package (see,thesedde provide in Supplementary text 2)
(Muifio et al., 2011). The bigWig and bedGraph files needed to be converted to Wig files first, with the bigWigToWig or
bedGraphToWig UCSC program. The wig files allowed the partition of the,gefiome into non-overlapping and scored
genomic regions of equal length and equally spaced (=bins). Bins wege filtered according to a minimum score threshold.
For ChIP-seq data, it was a fold-change of 1, except if this threshéld,resulted in such a high number of bins that it was
impossible to load them into the R session. Then, a more\stringent threshold was considered: the median of the fold-
changes. For cytosine methylation, a ratio of methylated eytosine of minimum 0.2 was considered. Once the bins were
filtered, the scores of the overlapping bins between,replicates were summed between replicates and bins showing a gap
inferior to 30bp were subsequently merged. Bhe resulting intervals were finally annotated with the score at the peak

summit. Data that required pre-processing@ with sigWin are specified in Supplementary tables 3, 5, 8, 11 and 14.

4.2.5. DGFs

The location and scoresfof digital genomic footprints obtained with footprinting2012 (Neph et al., 2012) tool for A.
thaliana seedlings couldb€ dirgctly downloaded in BED format from PlantRegMap (Tian ef al., 2019). Related data are
encoded in BED files. For the A. thaliana flowers and S. lycopersicum ripening fruits, we reproduced the PlantRegMap
analysis pipeline staftifig from the raw sequences of the reads generated by DNAse-seq. The code used to obtain the

DGFs for ASthaliana flowers is provided in Supplementary text 3.

4.3  Identification of candidate TF binding sites

Candidate TF bindings sites were located by genome scanning against the PWMs using the matchPWM function of the
Biostrings R package (Pages ef al., 2019). A 1-bp-step sliding window was moved all along the genome. The length of
the sliding window was set to the length of the considered PWM. At each step, the sequence of the sliding window was
aligned to the PWM. Each nucleotide in the sequence was associated to its weight at its corresponding position in the
PWM and the sum was operated over these weights. To calculate the p-values, we carried on an empirical assessment of

the background probability density of the distribution of the match scores. This could be achieved based on random
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genomic regions due to low prevalence of actual TF binding sites. Sequences of 5 000 bp were thus randomly sampled at
a rate of 200 bp by chromosome and were scanned at each bp on both strands. The resulting match scores were ordered in

the increasing order and associated to their p-value, i.e. the proportion of matches with an equal or superior score.

Our pattern-matching approach was compared to FIMO, a popular matching tool (Grant et al., 2011; Jayaram et al.,
2016). Using the same p-value detection threshold of 107, we found that 75% of the PWM matches detected using
Wimtrap were also discovered by FIMO. Furthermore, a positive correlation of 0.77 (p-value < 2.2 107'%) between the
log;y of the p-values computed by the two methods was obtained (Supplementary figure 9). These onsiderations

indicated the accuracy of our method.

Candidate TF-binding sites were defined as the PWM matches with a p-value equal or higheryto %0~ \his threshold
allowed the detection, for the 28 TFs related to A. thaliana seedlings, the most prevalent'{ psimany’) motif on 2/3 in
average of the cognate ChIP-peaks, which corresponds to previous observations (Heymdrickx et al, 2014)

(Supplementary figures 9 and 10, Supplementary table 15).

4.4 Feature construction

Candidate TF binding sites were annotated with 5 layers of features. The layer® included the p-value of the match score
as well as the number of other homotypic matches, i.e. of matches against the same PWM than that of the candidate
binding site, occurring at + 200 bp and + 500 bp from the centre'of the'eandidate TF binding site. The layer 2 was relative
to the position of the candidate TF binding site on the gene.\It%encompassed the distance to the closest TSS and TTS but
also as many features as there were gene structures. The, structure found at the centre of the considered candidate was
associated to the score of ‘1’°; the other structugés were granted with the score of ‘0’. In the case where several structures
overlapped a same potential TF binding sit€, only ong structure was left with the score of ‘1°, considering the following
rule of preference: Proximal promoter,~Rrefmoter/downstream regions > Coding sequence > 5’ untranslated region > 3’
untranslated region > intron. Laygrs®3-5 included all the other data and were respectively associated to the sequence
conservation, the DGF and thé chromatin state/opening. Categorical features (c.f. the partitioning of the genome of A.
thaliana into 9 functionalg€hromatin states) were extracted by performing ‘dummy variable encoding’ to create as many
variables as there wercieategories and by assigning the value of ‘1’ to the categories overlapped by the center of the
candidate TF binding sites and 0 to the other ones. As for constructing features from ‘numerical’ data (scored genomic
regions) andgoverlapping” data (non-scored genomic regions satisfying a given property) — which represented most of the
data of the layers 355, we calculated the base-pair average of each considered features around the PWM matches, on three
different Seales: on windows of =+ 10 bp, 200 bp and 1 000 bp from the center of the candidate TF binding sites. These
represented respectively the scale of a cis-regulatory element, a ChIP-peak and a promoter. Mathematically, our
procedure of extraction can be described as follows. Let consider the extracted data as an ensemble of n genomic regions
defined each by their location {y;, y,, ..., v, | y = (chromosome, start, end)} and by their scores {x;, x, ..., x,} (x;_ =1
for overlapping features). Let be x, the average score on the / bp-window defined by the region w = (chromosome, start,

end). Considering that {z;, z,, ..., z,/} are the length of the overlap of each region {y,, y,, ..., y,} with w:

_ x; * # z;
“Z l

n
i=1
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The extracted features were scaled between 0 and 1 the features extracted from each TF (to allow the comparison of the

same feature in different experiments, conditions, or organisms).

4.5  Candidate TF binding sites labelling

The candidate binding sites for a given TF were labelled as ‘positive’, i.e. actual active cis-regulatory elements (in a
considered condition), if they were overlapping a ChIP-peak of the TF (in the condition considered). Ghey were
considered as ‘negative’ if they did not. The so-called ‘target’ feature was set to ‘1° for the candidate§ labelled as active
cis-regulatory elements and ‘0’ for the other ones. The length of the ChIP-peaks was limited to +200"bp from the peak

centers as most of the PWM matches were located in this interval (Supplementary table 15).

4.6  Dataset balancing and splitting

Applying the steps described above allowed us to build a master dataset. This master dataset was at first balanced. For
each TF, we randomly selected as many ‘negative’ potential candidate sites than‘there was ‘positive’ ones, using the
sample.int function of the base package in R and removed those from the datasets’ The selected ‘negative’ instance were
kept in the master dataset and the other ones were removed. Balancing a"dataset is a classical approach to overcome the
tendency of binary classifiers to categorize all the instances into“the most prevalent class (here, that of the ‘negative’
potential binding sites) when the minority class (the ‘positive’ potential binding sites) is rarely represented (Sotiris
Kotsiantis et al., 2006). The master dataset was then Splityinte 3*TF-pooled datasets, according to the organism and the
condition: 4. thaliana seedlings, 4. thaliana flowers and Solanum lycopersicum ripening fruits. These datasets were then

subdivided into TF-specific datasets.

4.7  Machine learning

Models were obtained by machingjlearning to predict the label of candidate TF-binding sets. The machine learning step
was preceded by a selection ‘0ffthe features to integrate in the models. This was based on the pairwise correlations
between the features. If two features had a correlation higher than 95%, the feature with the largest mean absolute
correlation with the other features was removed. This feature selection was conducted with the caret R package (Kuhn,

2020).

To select thetalgerithm of machine learning, we trained models based on each of the 28 TF-specific datasets generated
from AN\haliana seedlings data. The performances of the models were estimated using the 5-cross validation strategy:
each TF-specific dataset is cut into 5 smaller datasets of equal size. A model is trained with 4 of the 5 parts while the area
under the ROC curve (AUC) is computed by applying the model on the remaining part. The process is repeated again 4
times so that each of the 5 parts is used for computing the AUC. The final AUC of a model is the mean of the 5 AUCs
thus obtained. The AUCs were calculated with the pROC R package (Robin ez al., 2011).

In the first places, we evaluated algorithms of ‘random forest’, ‘logistic regression’ and ‘gradient boosting’. Gradient

boosting was clearly outcompeting (data not shown). We tested 3 different algorithms of gradient boosting: CatBoost
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(Prokhorenkova ef al., 2019), LightGBM (Ke et al., 2017) and XGBoost (Chen and Guestrin, 2016). The analyses were
implemented with the respective packages in R (Dorogush et al., 2018; Chen et al., 2021; Shi et al., 2021). Following
hyperparameters were set for all three algorithms: (maximum) depth of the tree = 6, learning rate = 0.3, number of
iterations = 100, coefficient at the L2 regularization term of the cost function = 10, proportion of features used at each
split selection = 1, minimum instance in a leaf = 1. Parameters specific to each algorithm were set as follows: for
CatBoost, number of split for numerical values = 64; for lightGBM, maximum number of leaves = 25 and number of
threads = 2; for XGBoost, booster = tree and minimum loss reduction required to make a further partition on leaf node
of the tree = 0. All the other parameters are the default parameters. A mean area under the curve (AUC) of%0.925 was
achieved with CatBoost, and 0.927 with lightGBM and XGBoost as well (Supplementary figure®11). We selected
XGBoost as it is a well-established method since several years (Chen and Guestrin, 2016). XGBoostyis an algorithm
which adds the predictions of an ensemble of regression trees. It builds successively the regression trée, each new tree
being trained to predict the residuals, i.e. the deviation between the predicted values ofsthe actual values, output by the

former tree. Therefore, for a XGBoost model formed of K regression trees:

¥, =o(x;) = ka(xi)
k=1

Where ¥, is the i" prediction, obtained by addition of the outputs of'the K regression trees {fi, f5, ..., f}, based on the

vector of features x;. The regression trees are defined so that the tegulatized objective is minimized:

£@) = YT + ) 0
i k

Whete 2(f) = yT + %/1 [lw]|?

The function is the loss function whichumeasures the difference between 3, the i prediction, and y;, the actual i value
(= 1 if the ith instance is a ‘p@sitive’ candidate TF binding sites, = 0 if is a negative one). T is the number of leaves in the
tree f, A the regularization paratmeter and w is a vector representing all the possible scores that can output f. Q is a

penalty function thataallows ayeiding over-fitting.
4.8  Evaldation strategy

The pexfofmances of the models were assessed by computing the area under the ROC curve (AUC), which is a valid
measure\of the accuracy when computed from balanced datasets. This threshold is A candidate TF binding site is
predicted as ‘positive’ or ‘negative’ according to whether its prediction score (output by a XGBmodel based on its
annotations with the extracted features) is respectively superior or inferior to a certain threshold. The ROC curve plots the
sensitivity and the 1-specifity obtained with increasing prediction score thresholds. The sensitivity is equal to
TP/(TP+FN) and the specificity to TN/(TN+FP), where TP stands for ‘true positive’ — the total number of ‘positive’
candidates predicted as ‘positive’, FN for ‘false negative’ — the total number of ‘positive’ candidates predicted as

‘negative’, TN for ‘true negative’ — the total number of ‘negative’ candidates predicted as ‘negative’, and FP for ‘false
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positive’ — the total number of negative candidate predicted as ‘positive’. Higher is the AUC, more accurate is a model.

An AUC of 1 corresponds to a perfect guess while an AUC of 0.5 corresponds to a random guess.

The performances of the TF-specific models were evaluated as described in the previous section. Models obtained from
TF-pooled models were validated in a different way. Two procedures were possible. In the first case, models were built
with all the TFs of the dataset but one. The TF set aside was then used to compute the AUC. This allowed us to estimate
the generalization of the models across TFs in a given organism/condition. In the second case, models were trained based
on a TF-pooled dataset and were tested on another TF-pooled dataset. This allowed us to study the transferability of the

models from one organism/condition to another.

4.9  Prediction of the targets of the MBW complex

For each of the 28 TFs studied in 4. thaliana seedlings, all the protein-coding genes encgded in the genome of A. thaliana
were annotated with the highest prediction score among their cognate predicted TF-binding sitgs. They were then labelled
as ‘positive’ or ‘negative’ potential gene targets depending on whether their TSS was"the closest or not to an occurrence
of the motif of the TF on ChIP-peaks. The optimal threshold to predict gene targéts®was determined using the coords
function of the pROC R package, based on the ROC curves obtained with the 28 IFs studied by ChIP-seq in A. thaliana

seedlings.

The potential gene targets of the MBW components in Afthaliana flowers were obtained with the TF-pooled model
trained from the 3 TFs studied in A. thaliana flowerspbased on all features of the layers 1 to 4 and on the DHS. For
running predictions in roots and seeds, we transferred to,these organs the TF-pooled model trained from the 28 TFs
studied in 4. thaliana seedlings, based also ondll the'features of the layers 1 to 4 in addition to the DHS (data about other
features of the layer 5 were not available ift flowers, seeds and roots). For TT2 and TT8, we determined the genes whose
the TSS was the closest of an occurrenee oftheigrespective motifs (Jacob ef al., 2021) with a Wimtrap prediction score >
0.86. For TTG1, we determined the gemnes whose the TSS was the closest of 2 neighbouring motifs - 1 G-Box close to 1
AC-Rich- or 1 MYB-motif maximum distance between the 2 motifs = 30bp (Xu et al., 2015) - with both a prediction

scores > 0.86.

5 Data availability,

Wimtrap cahn be downldaded from Github as a classical R package (https://github.com/RiviereQuentin/Wimtrap) or as an

user-friendlypR Shiny interface (https://github.com/RiviereQuentin/ WimtrapWeb). It is fully documented by a manual,

user guidesand, tutorial video (https://www.youtube.com/watch?v=6371{fN7dkak). It allows to reproduce our approach to
build new models for other conditions and/or organisms. The data underlying this article are available on GitHub

(https://github.com/RiviereQuentin/carepat), as well as the R package (https://github.com/RiviereQuentin/Wimtrap) and

R Shiny application (https://github.com/RiviereQuentin/ WimtrapWeb).

Riviere et al.SuppTextS1-3&SuppFigl-11.pdfis available here (temporary link):
https://owncloud.ulb.ac.be/index.php/s/PVGijICtXeTn1Bk
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10 Legends to main figures and tables

Figure 1 Methodology workflow diagram Location, annotation, and labelling of candidaté TE=binding sites. The
candidate binding sites of the TFs included in ChIP-peak results are (i) located by pattern-matching, (ii) labelled as
‘positive’ (‘is. TFBS=1") when they overlap a ChIP-peak in the considered condition, ‘negati¥e’ when not (‘is. TFBS=0)
and (iii) annotated with their position on the closest transcript and with the average signal of the genomic data in their
neighbourhood, on windows of £10bp, £200bp and +500bp. Machine learning: A _bifiaty classifier is trained by extreme
gradient boosting (XGBoosting). The latter implements a supervised learningystrategys where an ensemble of decision
trees models are trained to predict the label of motif matches based en theifymatch p-value and their annotations.
Prediction of TF binding sites: The binary classifier is used to predict the,label of @ new set of motif matches, located and
annotated as described above. The motif matches assigned to ‘is. ELEBS=I by the classifier are those predicted as TF
binding sites. The other motif matches, assigned to ‘is. TFBS=0’, are left over. Position Weight Matrix; TF: Transcription
factor; Chr: Chromosome; bp: base pair; CE: conserved-element;"BEBS:WLF binding site.

Figure 2 Predictivity of the layers of features and selected,combination of features (A) Mean ROC curve and (B)
AUC achieved by internal validation of TF-specific models\that integrate, in addition to the p-values of the matching
score of the PWM matches, the genomic context featuses that belong to the different layers of features. For each
transcription factor, a model is built and evaluatéd@based on’a balanced data set for that factor following the 5-fold cross
validation procedure: the considered data set is,divided into 5 partitions. Among these, 4 are considered to build a model
and 1 is used to assess performances. Thegperation is repeated 5 times, in such a way that each partition is retained only
once for validation purposes. (C, D) Idefa but’considering combination of selected features. PM: Pattern-Matching; DHS:
DNAsel-hypersensitivity; DGF: Digifal Genomi€ Footprint scores. The layer 1 includes the results of pattern-matching.

Figure 3 Importance of the genomic features in the full TF-specific models obtained from transcription factors
studied in seedlings of Arabidopsis thaliana Importance is expressed in terms of gains. Only the features selected in at
least one model are shewn., The features are ordered according to their average importance amongst the models
considered while the TFs_are ordered by hierarchical clustering. For each data, the gains associated to the features
extracted on windews of20bp, 400bp and 1000bp are summed. DGF: Digital genomic footprint; DHS: DNAsel-
hypersensitivity; [CNS: (Conserved non-coding sequence; Nb.: Number; P-val: P-value; Cme: Cytosine (DNA)
methylation; ESS: Wranseription Start Site; TTS: Transcription Termination Site; UTR: Untranslated region.

Figure 4 Comparison of the performance of the TF-specific models with the TF-pooled models For each
transchiptien factor, a model based on the data related to this transcription (TF-specific model) and to the other
transcription factors (general model) are compared. The area under the ROC curve (AUC) is evaluated. The features of all
the layers\are combined to build the models.

Figure 5 Performances of models trained on Arabidopsis seedlings, Arabidopsis flowers, tomato ripening fruits,
rice seedlings, and maize seedlings and evaluated on the 28 transcription factors studied in Arabidopsis seedlings
The area under the ROC curve is reported. In the Arabidopsis flowers model, the features of the layers 1, 2, 3 and 4 are
integrated in addition to the DHS and the methylation of the cytosine while in the tomato ripening fruits model, the
features of the layers 1, 3 are in integrated in addition to the Phastcons, the DHS and the methylation of the cytosine.

Figure 6 Prediction of gene targets of components of the MBW complex and associated pathways (A) Number of
putative targets predicted for TT2, TT8 and TTGI using Wimtrap in seeds, roots and flowers; (B) Number of GO-
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enriched biological-process terms among the putative targets of TT2, TT8 and TTGI in the different organs considered;
(C) Bubble chart representing the phenylpropanoid-related GO terms significantly enriched (FDR < 0.05) in seeds, roots,
and flowers among the TT2, TT8 and TTGI targets predicted Arabidopsis. The GO terms are clustered according to the
TF and the tissue considered. They are represented as circles whose diameter is proportional to the logarithm of their size
(i.e. the total number of genes they annotate in the TAIR10 genome) and whose colour follows a gradient scale related to
the logarithm of their FDR (Fisher’s enrichment test).
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