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Supplementary	Methods	S1	

Genomic DNA library preparation & DNA Binding assays 

Developing secondary xylem of field-grown E. grandis clone TAG0014 (Mondi Tree 

Improvement Research, South Africa) was sampled in KwaMbonambi, South Africa, 
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immediately flash-frozen in the field and stored at -80°C. Genomic DNA was 

extracted using the NucleoSpin Plant Kit (Machery-Nagel). Two minimal adapter-

ligated genomic DNA template samples (herein called E1 and E2) were independently 

prepared for DAP-seq analysis at the University of Pretoria. Additionally, E. grandis 

gDNA was shipped to the University of Toulouse for independent sonication, 

adapter-ligated library preparation and DAP-seq analysis of EgrMYB1 and EgrMYB2 

(E3) or EgrMYB137 (E4). Genomic DNA library preparation, DNA affinity 

purification, library amplification (introduction of indexes) and library pooling were 

all carried out as previously described with minor modifications (Bartlett et al. 2017). 

For protein binding, 300 µl of Magne ® HaloTag ® Beads was transferred to a clean 

1.5 mL tube instead of the prescribed 1 mL. Additionally, a purified HaloTag® 

Standard Protein (Cat. # G4491) (Promega, Madison, USA) or unfused HaloTag 

expressed from an empty pIX-HALO plasmid was introduced as a negative binding 

control. Two PCR cycle points from the same binding reaction (15 & 20 cycles) were 

used following DAP-seq binding assays of each of the E1 and E2 adapter-ligated 

template samples (Table S1). Sequencing was carried out on either an Illumina 

NovaSeq 6000 (PE 150) platform (Novogene Inc., Sacramento, USA) or an Illumina 

HiSeq 4000 (PE150) (GeT-PlaGe, Toulouse, France). Optional QC steps were 

performed only on E3/E4 libraries (Toulouse) to check post-binding qPCR validation 

and pooled libraries size selection, as described in Figure 1. DNA profiles were 

analysed by gel and capillary electrophoresis (using a Fragment Analyzer System®, 

Agilent). qPCRs were performed using 1 µl of DNA templates (2 ng/µl) and non-

ligated gDNA template as negative control. We used A / B primers as described in 

Bartlett et al. (2017). SPRIselect bead-based Double Size Selection (Beckman Coulter, 
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Brea, CA, USA) was performed on pooled DNA libraries as manufacturer's 

instructions using a ratio of 0.85x-0.56x. Before size selection, we eliminated 

libraries with irregular DNA profiles and/or low amplification rate to pool 3 

independent DAP experiments per TF. To achieve an equimolar pooling of replicate 

libraries, we compared two methodologies. For the first one, nucleic acid 

concentration was measured classically by spectroscopy. For the second one, we 

measured exclusively adaptor-ligated gDNA concentration through the integration of 

the 320 bp peaks area by capillary electrophoresis software (Agilent©). 
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Supplementary	Methods	S2	

Machine learning classifier for target gene identification  

 

Fourteen TFs with both DAP-seq data (O’Malley et al. 2016) and TF perturbation data 

following transient induction in protoplasts in the presence of cyloheximide (Brooks 

et al. 2019) were used to obtain TFBS-gene associations and true target gene labels 

(that is, those with evidence of differential expression following perturbation of the 

TF). Either the ampDAP-seq or DAP-seq datasets with the best percentage of reads 

in peaks (FRiP) for each TF, as well as their motif positional weight matrices (PWMs) 

were downloaded from the Plant Cistrome Database (O’Malley et al. 2016). Potential 

gene targets were assigned to the closest DAP-seq peak for each TF using 

ChIPpeakAnno (Zhu et al. 2010) if it fell within 5 kb of the transcription start site 

(TSS). From these low-confidence TF-gene associations, 13,620 positive learning 

examples were identified as those that were differentially expressed in root cells in 

response to perturbation of the corresponding TF (Brooks et al. 2019). Three sets of 

negative learning examples were selected by considering genes that were not 

differentially expressed in root cells in response to TF perturbation: (i) undetected 

genes (UDGs; n = 14,745) with a value of zero TPM in root tissue (Brooks et al. 2019; 

NCBI GEO database accession GSE117857); (ii) lowly expressed genes (LEGs; n = 

11,971) with TPM between 0 and 5 in root tissue and (iii) a random subset of genes 

(RANDOMs; n = 13,620) regardless of their expression levels.  
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A feature matrix was constructed from each negative sample set, using a balanced 

set up (similar number of positive and negative training examples). Twenty-two 

features were extracted from Arabidopsis DAP-seq (O’Malley et al. 2016), DNase-seq 

(Sullivan et al. 2015), conserved noncoding sequence (CNS) (van de Velde et al. 2016) 

and co-expression data across a diverse set of transcriptomes for each TF-gene pair 

(Table S2). For the latter, 2,479 transcriptomes from 33 published Arabidopsis 

experiments (Supplementary dataset D1) were standardised by re-mapping the 

publicly available raw data and calculating TPM gene expression values for 

calculating Pearson and Spearman correlation coefficients between each TF-target 

candidate.  

Raw sequencing files were retrieved from the online repository SRA 

(https://www.ncbi.nlm.nih.gov/sra) using the prefetch function available in the SRA 

toolkit (v2.10.0). All transcriptomes were pre-processed through a pipeline similar to 

Sundell et al. (2017), involving four main steps: (i) quality controls of the reads, ii) 

trimming of the reads, iii) mapping of the reads to reference genome and iv) gene 

expression quantification. Quality controls were performed using FastQC (v0.11.5; 

https://www.bioinformatics.babraham.ac.uk/projects/fastqc/). Low-quality bases 

and Illumina adapters were trimmed using Trimmomatic v0.36 (illuminaclip seed 

mismatches: 2; palindrome clip threshold: 30; simple clip threshold: 10; headcrop: 

10; avgqual: 20) (Bolger et al. 2014). After another round of quality controls using 

FastQC, reads were mapped on the reference genome (Arabidopsis TAIR10) retrieved 

from Phytozome v12 (Goodstein et al. 2012). Mapping was performed with STAR 

(Dobin et al. 2013) excluding reads mapping at multiple positions 

(outFilterMultimapNmax 1). Gene expression (TPM) was then quantified using 
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Stringtie (Pertea et al. 2015) by considering only reads mapping in regions annotated 

as genes in the genome. Quality controls were then performed on TPM values in R. 

Briefly, for each experiment, outlier samples were detected through hierarchical 

clustering and principal component analysis (PCA) using ‘mixomics’ R library 

(Rohart et al. 2017), and excluded from the final expression matrix. 

Features relating to the enrichment and significance of the DAP-seq peaks were 

extracted from the narrowPeak or ChIPpeakAnno output files. Logistic regression 

(LR), support vector machine (SVM), and random forest (RF) classifiers were 

trained, tested, and evaluated for classifying the TF-gene associations as true or false. 

Each feature matrix was split into independent training (80%) and testing (20%) 

subsets and feature values transformed by mean standardization. Five-fold cross-

validation of the training data using the area under the receiver operating 

characteristic curve (AUC-ROC) as a performance metric was used to optimise the 

model parameters, after which test set labels were predicted. For model 

implementation in Eucalyptus, an 11-feature matrix was constructed for similar 

categories of E. grandis data for TFs EgrMYB1, EgrMYB2, EgrMYB122, EgrMYB135 

and EgrMYB137 using the DAP-seq and motif PWM data reported in this study as 

well as published DNase-seq (Brown et al. 2019) and CNS data (van de Velde et al. 

2016) for Eucalyptus. We similarly constructed a TPM matrix of 651 published RNA-

seq samples to calculate the co-expression feature (Supplementary Dataset D2). A 

similar pipeline as for Arabidopsis data was used for reprocessing RNA-seq data from 

Eucalyptus, with mapping to the latest reference genome (Eucalyptus V2.0) 

retrieved from Phytozome v12. Potential TF-target pairs were identified by assigning 
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DAP-seq peaks to gene models using ChIPpeakAnno as before (based on a 5 kb 

binding region around the gene TSS), and the predicted target genes (here defined as 

having a probability ≥ 0.5 from the classifier output) extracted from the RF classifier 

trained and optimised on the Arabidopsis data. 

Identification of SCW-associated transcription factors and structural genes 

in E.	grandis 

Arabidopsis thaliana TFs associated with SCW biosynthesis were compiled from a 

list of 600 literature-supported interactions with SCW structural genes or 

transcription factors (Supplementary Dataset D3). This was originally derived from 

Data sheet 1 in Hussey et al. (2013) and updated. A non-redundant list of the 

implicated TFs was used to identify 86 one-to-one E. grandis orthologs via the 

integrative orthology tools in PLAZA 3.0 (Proost et al. 2015), first by assigning them 

to OrthoMCL gene families, then subjecting them to tree-based orthology, and finally 

to best BLAST hit analysis. This list was supplemented with TFs (that is, those 

annotated with GO term 0003700) associated with SCW processes in Eucalyptus, 

namely 16 TFs that were differentially expressed during tension wood formation in 

E. grandis × E. urophylla (Mizrachi et al. 2015) and 45 TFs occurring in SCW-

enriched co-expression cluster PC3 from Pinard et al. (2019) (Supplementary Dataset 

D4). Structural genes involved in cellulose, hemicellulose and lignin biosynthesis in 

E. grandis were obtained from Myburg et al. (2014) and Carocha et al. (2015). These 

SCW-associated transcription factors and structural genes were used to annotate the 

target genes inferred using DAP-seq-ML (See full set of target genes and peaks in 

Supplementary Dataset D5). 
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In order to investigate the conservation of Eucalyptus MYB downstream targets, we 

compared EgrMYB2 and EgrMYB137 target genes identified by DAPseq-ML with the 

set of genes targeted by their closest orthologs: AtMYB83 in Arabidopsis and 

PtrMYB074 in Populus. We used OrthoVenn3 (at 

https://orthovenn3.bioinfotoolkits.net/) to construct robust genes orthogroups from 

the genomes of Arabidopsis thaliana, Populus trichocarpa, Eucalyptus grandis, 

Medicago truncatula, Cucumis sativa, Beta vulgaris, Ipomoea triloba and Prunus 

persica (Phytozome V13). Each orthogroup enclosed several Arabidopsis, Populus 

and Eucalyptus genes considered to be the closest orthologs. Orthogroups were used 

to compare EgrMYB2 and EgrMYB137 targets in Eucalyptus, with PtrMYB074’s 

targets in Populus and AtMYB83 in Arabidopsis. The comparison of EgrMYB137 

DAP-seq-ML targets with target genes of PtrMYB074 identified by ChIP-seq (Liu et 

al. 2022) and EgrMYB2 DAP-seq-ML targets with AtMYB83 ampDAP-seq target 

genes (O’Malley et al. 2016) is available in Supplementary Datasets D5. 
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Supplementary	Methods	S3	

FT-IR analysis 

Eucalyptus hairy root samples and stems from transgenic poplars were grinded to 

powder, freeze-dried and extractives were removed by successive baths of boiling 

water, 100% ethanol, toluene/ethanol (50/50, v/v) and acetone. Extractive-free 

xylem residues were analysed by Fourier Transformed infra-red spectroscopy using 

an attenuated total reflection (ATR) Nicolet 6700 FT-IR spectrometer (Thermo 

Fisher) equipped with a deuterated-triglycine sulfate (DTGS) detector. The analysis 

was led on 20 p35S:EgrMYB137 Eucalyptus hairy roots independent lines and 8 

independent lines of empty vectors; and 15 p35S:EgrMYB137-EAR poplar samples (3 

independent lines x 5 biological replicates) and 6 empty vectors (3 independent lines 

x 2 biological replicates). Spectra were acquired between 4000 and 400 cm-1 with a 

4 cm-1 resolution and 32 scans per spectrum. For each sample, ten measures were 

performed and a resulting median spectrum of the ten technical replicates was 

calculated. Baseline correction, normalization and offset correction was performed 

using R packages (hyperspectr, prospect and base respectively). Partial Least Square-

Discriminant analysis (PLS-DA) was performed using mixOmics R package (Rohart 

et al. 2017) to compare samples. To allow a unique comparison between poplar and 

Eucalyptus samples using 3D-PLS-DA, we subtracted the median of the empty 

vectors samples to each individual spectrum, either EgrMYB137 samples or empty 

vectors. Sparse-PLSDA was used to identify the 200 most discriminant wavenumbers 

on PC1 and PC2. 
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