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ABSTRACT
Determining where transcription factors (TF) bind in genomes provides insights into which transcriptional
programs are active across organs, tissue types, and environmental conditions. Recent advances in highthroughput profiling of regulatory DNA have yielded large amounts of information about chromatin
accessibility. Interpreting the functional significance of these datasets requires knowledge of which
regulators are likely to bind these regions. This can be achieved by using information about TF binding
preferences, or motifs, to identify TF binding events that are likely to be functional. Although different
approaches exist to map motifs to DNA sequences, a systematic evaluation of these tools in plants is
missing. Here we compare four motif mapping tools widely used in the Arabidopsis research community
and evaluate their performance using chromatin immunoprecipitation datasets for 40 TFs. Downstream
gene regulatory network (GRN) reconstruction was found to be sensitive to the motif mapper used. We
further show that the low recall of FIMO, one of the most frequently used motif mapping tools, can be
overcome by using an Ensemble approach, which combines results from different mapping tools. Several
examples are provided demonstrating how the Ensemble approach extends our view on transcriptional
control for TFs active in different biological processes. Finally, a new protocol is presented to efficiently
derive more complete cell type-specific GRNs through the integrative analysis of open chromatin regions,
known binding site information, and expression datasets.
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INTRODUCTION
Plants are exposed to a wide variety of internal and external signals which need to be correctly processed
to facilitate growth and development and to trigger defense responses against environmental stimuli. An
important mechanism mediating these signal processing pathways is the control of gene expression. Gene
expression is regulated by transcription factors (TFs) which bind to specific, short DNA sequences. The
identification of functional TF binding is an important step in understanding the biological roles of these
regulators. Regulatory links between TFs and target genes together form a gene regulatory network
(GRN), which can be used to understand the dynamics of plant processes, such as diverse cellular
functions, responses to various external stimuli, and organ development (Song et al., 2016; Sparks et al.,
2016; Varala et al., 2018).
An early and important step in the characterization of GRNs is the identification of TF binding preferences,
or motifs, as potential binding locations of a TF in the genome assist in the identification of putative target
genes. Advancements in technologies that profile regulatory DNA have successfully characterized the
binding preferences of plant TFs (reviewed in (Franco-Zorrilla and Solano, 2017). Protein binding
microarrays, a high throughput experimental technique, determine sequence preferences of TFs by
allowing fluorescently labeled proteins to bind to an array of oligonucleotides. Using this technology, TF
binding profiles were determined for 63 Arabidopsis thaliana (Arabidopsis) TFs representing 25 TF
families, while Weirauch and co-workers identified motifs for >1000 TFs across 131 species (FrancoZorrilla et al., 2014; Weirauch et al., 2014). Another in vitro assay, DNA affinity purification sequencing
(DAP-seq), combines in vitro expressed TFs with next-generation sequencing of a genomic DNA library.
Using this technique, binding profiles for 529 TFs in Arabidopsis have been elucidated (O’Malley et al.,
2016). In recent years, numerous TF chromatin immunoprecipitation (ChIP) experiments have been
performed, expanding our knowledge of TF binding in plants (Heyndrickx et al., 2014; Song et al., 2016).
Collectively, these binding profiles offer an interesting resource to study TF binding in the Arabidopsis
genome for over 900 TFs (Kulkarni et al., 2018).
The simplest approach to delineate GRNs from these profiles is by naively mapping the TF motifs to the
nearest gene promoter. However, the high rate of false positives when mapping motifs to a DNA
sequence, especially if the motif is short and degenerate, results in low specificity to identify functional
regulatory events (Baxter et al., 2012). To overcome these issues, additional sources of evidence, such as
gene co-regulation or evolutionary sequence conservation, are frequently used to define functional
binding sites. Based on the hypothesis that a set of co-regulated genes are regulated by a similar cohort
of TFs, identification of over-represented sequences in the promoters of these genes can enrich for
functional true positives (Michael et al., 2008; Vandepoele et al., 2009; Hickman et al., 2017; Kulkarni et
al., 2018). An alternative approach involves filtering potential binding sites using conservation information
over large evolutionary distances. This method assumes that functionally important binding sites will be
under purifying selection, and as such, will be conserved between species. Filtering motif matches using
this metric significantly reduces the false positive rate (Vandepoele et al., 2006; Haudry et al., 2013; Van
de Velde et al., 2014; Burgess et al., 2015; Yu et al., 2015), although it is important to note that not all
functional binding events are evolutionary conserved (Muino et al., 2016).
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Recent advances in the profiling of open chromatin have increased our understanding of regulatory DNA
in Arabidopsis (Zhang et al., 2012; Sullivan et al., 2014; Lu et al., 2017). Combined with cell type-specific
nuclear purification, methods such as Assay for Transposase‐Accessible Chromatin followed by DNA
sequencing (ATAC-Seq) offer unprecedented opportunities to identify cell type‐specific TF networks (Lu
et al., 2017; Maher et al., 2018; Sijacic et al., 2018). Nevertheless, elucidation of TF networks from
chromatin accessibility data requires detailed information about binding sites to map TF-target gene
regulatory interactions.
Based on the importance of motif mapping to find locations of potentially functional TF binding, in this
study we compared four frequently used motif mapping tools and performed a detailed evaluation of
their global performance for 40 TFs in Arabidopsis. We evaluated the similarities and differences between
these tools at a TF level and found that differences in tool sensitivity and specificity affect the delineation
of GRNs. By combining the results from multiple tools in an Ensemble, we were able to improve the
identification of TF-target regulatory interactions in different experimental datasets. Using this Ensemble
approach, we developed a protocol to elucidate cell type-specific GRNs from ATAC-Seq defined accessible
regions offering a more complete view on gene regulation in SAM stem and mesophyll cells in Arabidopsis.

RESULTS
Performance of individual motif mapping tools to identify in vivo binding events
A wide variety of tools are used in the plant research community to map TF motifs in order to study GRNs
(Supplemental Table S1). We selected and evaluated four frequently used tools to map TF motifs in
Arabidopsis: FIMO, Cluster-Buster (CB), matrix-scan (MS), and MOODS (Frith et al., 2003; Turatsinze et al.,
2008; Korhonen et al., 2009; Grant et al., 2011). These tools were used to map a set of 66 motifs
(corresponding to 40 TFs and 19 TF families) onto the Arabidopsis genome (see "Materials and Methods").
The motifs, mainly derived from protein binding microarrays and DAP-Seq, were selected based on the
availability of experimental ChIP-Seq datasets for the profiled TF. The set of TFs included in this analysis
had diverse roles in processes such as cell cycle, flower development, response to light or hormones, and
defense responses. Motif matches (referred to as TF binding sites; TFBSs) reported by the different tools
were evaluated by counting the number of TFBSs confirmed by ChIP-Seq datasets (precision). Recall for
each tool was calculated as the fraction of regions identified by ChIP-Seq that were covered by a motif
match, that is, how many target genes are correctly recovered by motif matches (median values of
performance statistics in Table 1). FIMO produced the lowest number of motif matches (2.4 million
matches versus 19-34 million matches for the other tools) and showed the highest precision among all
tools. The median precision for FIMO is 5%, compared to 2.2-2.4% for the other tools (Figure 1A),
indicating that FIMO reports a higher fraction of functional matches. However, FIMO has low recall as a
result of the tool predicting approximately 10 times fewer matches compared to the other tools (22%
median recall versus 36-48% for the other tools; Figure 1B). Overall, these results suggest that FIMO
misses some real TFBSs based on the ChIP-Seq data, considering all matches. Due to the large variation in
the total number of matches predicted by each tool, we also evaluated the tool performance considering
only the 7000 highest scoring matches (top7000; see "Materials and Methods"). Using this subset of
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matches, the median precision and recall of all tools are similar (Figure 1A and 1B). In order to assess the
false positive rate for each tool, TF motifs were mapped using shuffled promoter sequences of Arabidopsis
genes (see "Materials and Methods"). Due to its stringency, FIMO has the lowest FPR (Figure 1C), while
MOODS, which predicts the highest number of matches, has the highest FPR compared to the other tools.
Together with the above results, this suggests that many of the matches identified by MOODS are false
positives. Overall the FPR for all tools was below 10%.

Evaluation of unique motif matches reveals complementary between mapping tools
For the TFs included in our benchmark, the varying recovery of true positive matches suggests that each
tool performs differently depending on the complexity of the motif (Figure S1). To investigate the
differences between tools further, we compared the motif matches confirmed by ChIP-Seq data for each
tool. To account for the large differences in the number of matches reported by each tool, only the
top7000 matches per tool and per motif were used in this analysis. Conducting pairwise comparisons
between tools reveals that for 12 out of 66 motifs, the TFBSs identified uniquely by CB have high recall
rates (Figure S2). This pattern is retained when unique matches of each tool are determined by comparing
to all matches of the other tools combined (Figure S3). For 65 motifs, the recall of the top7000 matches
uniquely found with CB was larger than zero, making it the only tool to identify functional matches for
98% of all TF motifs considered in this study (Figure 2A). Moreover, for 21 of 65 motifs, between 10-38%
extra functional matches could be found by CB (orange, purple, and pink series; Figure 2B). This result
highlights that CB is able to identify a unique set of functional matches with high ChIP recovery for 32% of
the studied motifs.
Another aspect in which the tools differ is in the length of TFBSs reported. The average motif match,
considering all matches, is 17.73 bp for CB, whereas for other tools it is 13.72 bp (Table 1). In some cases,
the TFBSs identified by CB are longer than the motifs. This difference is due to CB clustering and merging
TFBSs that are located closer than a specified gap parameter, with the default value of this parameter set
to 35 bp. To evaluate if the high recall rate of TFBSs unique to CB is due to the merging of close TFBSs, the
above analysis was repeated with the gap parameter set to 1 bp. As in the previous results (Figure S3), CB
is distinct from the other tools by having high precision and recall for a number of samples located at the
bottom of the heatmap (Figure S4). However, relative to the findings when the default gap parameter was
used, using a 1 bp setting results in the maximum recall reducing from 40% to 25%, potentially due to the
unmerged matches of CB no longer being unique to the tool. Unless specified, all analyses performed with
CB in this study use the default gap parameter value.
Given the observation that the two clusters of tools in Figure S3 capture complementary sets of functional
TFBS in their top-scoring matches, we next explored how these results can be unified into an Ensemble
approach. Comparing the global similarity of unique motif matches reveals that FIMO clusters with
MOODS and MS, while the results from CB are distinct from the other tools (Figure S2 and S3). Due to the
similarity of results from FIMO, MOODS, and MS, only the results from FIMO were selected for the
ensemble. FIMO was selected as it achieved the highest precision of the three tools, with the least number
of motif matches. All matches found by FIMO were combined with a set of quality matches from CB to
overcome the recall problem of FIMO. The top 7000 matches, defined as the optimal number of matches
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to select (Figure S5), were integrated into all matches of FIMO to form the Ensemble set of matches (see
"Materials and Methods").

Ensemble motif mapping yields additional target genes when characterizing gene regulatory
networks from TF perturbation experiments
One of the fields in which motif mapping plays an important role is GRN inference. To validate the
applicability of the Ensemble approach to study GRNs in plants, we compared the regulatory links
predicted from the motif mapping to lists of genes that are differentially expressed after TF perturbation
(DE sets). TFs for which perturbation experiments have been conducted covered a wide range of biological
processes, such as AGL15 in embryogenesis, AP3 and PI in flower development, BES1 in plant growth and
development, FHY3 and PIFs in response to light, WRKY33 in defense response, and EIN3 in response to
ethylene (see "Materials and Methods"). To test the recall of the Ensemble, we investigated whether the
TFBSs corresponding to the perturbed TF were significantly enriched in the promoters of the
corresponding DE gene set (hypergeometric test, FDR corrected p-value≤0.01). Furthermore, the subset
of genes from DE sets containing the correct TFBS were compared with experimental ChIP-Seq data for
that TF to identify bona fide target genes (see "Materials and Methods"). For 9 of the 10 DE sets, a
significant enrichment of TFBSs were found for the DE gene sets using the Ensemble. Out of these 9 sets
of DE genes, the Ensemble showed better recovery of ChIP-confirmed target genes for 5 sets (PIF4,
WRKY33, EIN3, FHY3, and PI) compared to FIMO. For the remaining sets, the rate of recovery was
comparable to FIMO. In total, the Ensemble method identified 41 extra targets for 10 DE sets, out of which
32 (78%) were confirmed using ChIP-Seq datasets for the respective TFs (Table S2). For WRKY33 and PI,
the Ensemble yielded the largest number of additional ChIP-confirmed target genes (16 for WRKY33 and
8 for PI). Moreover, the FIMO matches lacked a significant enrichment of the WRKY33 motif for WRKY33
perturbed genes. The target genes of WRKY33 which were missed by FIMO included ZFAR1/CZF1
(AT2G40140) and ERF1 (AT3G23240), which are both involved in defense response to biotic stimulus
(Table 2). Other examples of target genes detected by Ensemble and missed by FIMO included: HEC1
(AT5G67060) in the PI DE gene set, a well-known TF involved in gynoecium development (Gremski et al.,
2007), and BLH1 (AT2G35940) in the FHY3 DE set, a gene known to be involved in a response to far-red
light (Staneloni et al., 2009).

An improved protocol to identify gene regulatory networks starting from accessible chromatin
regions
The identification of highly accessible open chromatin regions throughout the genome helps to determine
the location of potential regulatory elements. Recent advancements in experimental technologies have
allowed researchers to map open chromatin regions in specific plant cell types (Maher et al., 2018; Sijacic
et al., 2018). However, identifying which TFs are likely to bind these regions, and how they affect gene
expression, is still a major challenge. A recent study used ATAC-Seq to identify transposase hypersensitive
sites (THSs) specific to stem cells of the shoot apical meristem (SAM) and leaf mesophyll cells (Sijacic et
al., 2018). To identify potential TFs that bound to these THSs, Sijacic and co-workers used de novo motif
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finding to identify over-represented motifs in these regions. Motifs found de novo were compared to
known TF motifs to identify potential regulators. The genomic locations of these over-represented motifs,
determined using FIMO, were then assigned to the closest gene to identify potential cell type-specific
target genes of the associated TFs. By selecting TFs showing cell type-specific expression, measured using
high rank ratios (RR) in each cell (see "Materials and Methods"), and that also had at least one de novo
motif assigned to it, Sijacic et al. reported 23 and 128 TFs in SAM stem and leaf mesophyll cells,
respectively.
This traditional pipeline, besides having multiple steps to identify cell type-specific GRNs, is dependent on
de novo motif discovery tools and parameters. Furthermore, linking motifs found de novo with known TFs
can be challenging (Castro-Mondragon et al., 2017). In order to overcome some of these problems, we
developed a novel protocol in which the enrichment of TFBSs was directly compared against a set of 2,132
SAM stem cell and 1,508 mesophyll-specific THSs, to identify putative regulators and targets (see
"Materials and Methods").
Starting from 59 SAM stem cell-specific and 158 mesophyll cell-specific TFs having high RR, we determined
which motifs were significantly enriched in the corresponding cell type THSs using both FIMO and
Ensemble motif mappings (see "Materials and Methods"). The Ensemble approach reported a larger
number of significantly enriched TFBS compared to FIMO in both cell types. Of 59 TF motifs, 29 were
significantly enriched in SAM stem cell-specific THSs for Ensemble mapping files, whereas only 25 motifs
were enriched when FIMO motif mappings were used. Whereas 13 motifs correspond to TFs also reported
in the original study, 16 of the 29 significantly enriched motifs from the Ensemble set corresponded to TFs
that were not described by Sijacic et al. (2018). These TFs include BRC2 from the TCP family, AGL24, AGL27,
AGL31, and AGL70 belonging to the MADS family, IDD15 from the C2H2 family and additional TFs from
the zf-HD and C2C2-Dof families. For mesophyll cells, 55% (87 out of 158) of the motifs were enriched for
mesophyll THS regions using Ensemble motif mappings, whereas for FIMO only 48% (77 out of 158) of the
motifs showed a significant enrichment for THSs. Eleven out of 87 TFs were newly identified TFs enriched
for mesophyll THSs and included DREB2, AT1G33760 and RAP2.4 belonging to the AP2-EREBP family, CCA1
and LCL1 from a MYB-related family, WRKY30 from the WRKY, AT5G50915 from the bHLH, bZIP60 from
the bZIP, SPL13 from the SBP and AT1G14580 from the C2H2 family.
The TFs binding to all enriched motifs identified using the novel protocol in both SAM stem and mesophyll
cells were compared with the previously reported 23 and 128 TFs in the respective cell types (Sijacic et
al., 2018). Results from the Ensemble method showed enrichment for 13 of 23 motifs, whereas FIMO
TFBSs were enriched in 11 of 23 cases. Similarly, for mesophyll cells, 76 and 69 of 128 TF motifs were
found to be enriched using the Ensemble and FIMO, respectively (Supplemental Table S3). Overall, our
one-step protocol identified 116 regulators showing significant TFBS enrichment for THSs and cell typespecific expression, of which 23% (n=27) were not reported in the original study. Reversely, for 62 TFs
reported by Sijacic and co-workers no significant TFBS enrichment was found using our protocol,
suggesting the corresponding motifs do not occur more in the THSs than expected by chance.
To understand how the choice of motif mapping tool affects GRN construction, we investigated the
differences between the Ensemble and FIMO based on the putative target genes they identify. In total,
the Ensemble identified 6,917 targets for 29 significantly enriched motifs in SAM stem cells, whereas FIMO
identified 6,428 targets. To determine whether the extra targets identified using the Ensemble are
potentially functional, we evaluated their gene expression in each cell type. We initially counted how
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many of the targets exhibit a two-fold expression difference (|log2(RR)| > 1) in either of the cell types. Out
of 489 extra targets identified by the Ensemble approach in SAM stem cells, 171 genes (35%) showed
expression and 93 genes (19%) showed cell type-specific expression (-log2(RR) > 1; Supplemental Table
S3). The fraction of Ensemble-unique target genes which are expressed in a cell type-specific manner are
consistent across the different TFs (Figure 3A, TFs labelled blue indicate new regulators). Nine of the cell
type-specific genes show more than 6-fold higher expression in SAM stem cells and therefore probably
correspond to bona fide target genes of the SAM stem GRN (Table 3). Three out of these nine genes
(AT4G11211, AT5G02450, and AT5G13340) lack experimental evidence about their biological function.
The remaining 6 genes are known to be involved in a number of processes based on experimental Gene
Ontology annotations: primary root development (ATHB13), xylem development (KNAT1), response to
cold (DIN10), salt stress and abscisic acid (GASA14), and defense response to bacterium (ERD5, TGA4).
These genes are regulated by TFs such as IDD7, TCP7, ALC, AGL70, DAG2, AGL27, BRC2, JKD, KNAT1,
AGL31, and AGL24 that were both described in the original study or identified here. Interestingly, KNAT1
and TGA4, being TF themselves, are regulated by multiple TFs (IDD7 and JKD regulating KNAT1, ALC and
KNAT1 regulating TGA4), suggesting some new transcriptional cascades in SAM stem cell. (Figure 3B).
For mesophyll cells, 574 of 1,660 new target genes (35%) were expressed in either of the cell types, which
is a similar fraction as reported for SAM stem cells. The percentage of cell type-specific targets identified
using the Ensemble was 24% for mesophyll cells, corresponding to 402 identified targets with higher
expression (-log2(RR) < -1) only in mesophyll cells. Twenty-nine of these genes had more than 6-fold
expression in mesophyll cells (Table 3). The mesophyll cell-specific GRN of highly expressed genes showed
77 interactions between 29 targets and 42 TFs, indicating that some of these new target genes are
regulated by multiple TFs (Figure 3C). Several of these new targets have a role in hormone signaling, such
as AOS, LOX3, and LOX4 reported to be jasmonic acid responsive and RRTF1 involved in ethylene
biosynthesis. Examples of new unknown target genes are AT5G54165 (regulated by BIM1, BIM2, BIM3,
PIF7, UNE10, and bHLH105), AT3G51660 (regulated by TCP2, TCP17, and SPL1), and AT4G12005 (regulated
by ARF7, LRL2, SPL14, CBF1, and CBF4). A complete set of interactions between TFs and target genes in
SAM stem and mesophyll cells predicted using the Ensemble TFBS enrichment protocol are available as a
Cytoscape network session file (Supplemental Data D1).

DISCUSSION
Recent technological developments have made it possible to profile the chromatin state of particular cell
types with high specificity (Maher et al., 2018; Sijacic et al., 2018). This specificity has extended to the
level of single cells, allowing cell-to-cell variability in chromatin accessibility to be assessed. However, the
impact of these studies is dependent on determining the biological relevance of the accessible regions,
particularly if those regions are not located within genes. In addition, as the cost of sequencing decreases
and as long read sequencing technologies improve, the number of available genome sequences will
increase. While methods to annotate genes are relatively mature, methods to annotate non-coding,
regulatory regions are less so. One method of understanding the relevance of accessible chromatin
regions, and of annotating potential regulatory sequences, is to map known TF binding preferences onto
DNA sequences to identify likely locations bound by TFs. While many tools exist to perform this mapping,
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each makes certain biological assumptions, and consequently it can be unclear which tool leads to more
reliable results in a particular situation.
In order to address this problem, we performed a detailed evaluation of motif mapping tools to determine
regulatory relationships in Arabidopsis. Precision and recall were determined for each tool using ChIP-Seq
data to assess true positives, revealing that although vastly different numbers of matches were found for
each tool, the ability to identify sites that are supported experimentally was similar when similarly-sized
subsets of top scoring matches were taken for each tool. FIMO, which is widely used in the plant science
community, gave the best precision within its predicted motif matches, but fails to recover some true
motif matches due to its stringent settings. Using a benchmark dataset consisting of 40 TFs, we observed
that FIMO and CB offer a complementary view on functional TFBSs. We found that when focusing on
top7000 matches, despite having a higher false positive rate than FIMO using default settings, CB
identified a set of unique motif matches, of which 38% were confirmed by ChIP-Seq data. Combining the
results of FIMO and CB in an Ensemble resulted in improved recall relative to FIMO when motif enrichment
of TF perturbed DE gene sets was performed. Overlap of enriched motifs with the ChIP-Seq datasets
revealed that, for 5 of the DE gene set, the Ensemble identified 32 extra functional targets missed by
FIMO. The extra ChIP-confirmed targets were previously found to be involved in processes that the
respective TFs regulate, suggesting that the additional targets are likely to be functional.
Next, we introduced a novel protocol to learn GRNs from accessible open chromatin regions profiled using
cell type-specific ATAC-Seq. Starting from all TFs for which motif information was available, TFBS
enrichment was combined with information about cell type expression to infer GRNs. Both traditional and
our new protocol inherently depend on the availability of TF motifs, which is a limitation. However, the
protocol employed in this study is independent of de novo motif discovery and similarity searches of de
novo found motifs against motif databases, which is an important step in traditional pipelines to learn
regulatory interactions from open chromatin regions (Sullivan et al., 2014; Maher et al., 2018; Sijacic et
al., 2018). Moreover, the protocol not only reduces the number of steps to go from cell type-specific THSs
to GRNs, but also identifies TFs potentially missed due to de novo motif discovery in the previous study by
Sijacic et al. (29 and 87 additional significantly enriched TF motifs in SAM stem cells and leaf mesophyll
cells, respectively). Reversely, 62 TFs described in the original study were not found to be enriched using
our protocol, suggesting there is still room for improvement to learn complete GRNs starting from cell
type accessible regions. In addition to finding new TFs, we observed that the performance of the Ensemble
approach surpassed that of FIMO when used to map motifs as part of the protocol reported here.
Additional enriched TF motifs were identified using the Ensemble, with 4 additional regulators out of 29
total TFs in SAM stem cells and 10 additional TFs out of 87 in mesophyll cells. The new target genes
identified by the Ensemble, comprising 93 and 402 target genes for SAM stem and mesophyll cells,
respectively, were found to be highly expressed in the corresponding cell types, suggesting that the unique
regulators as well as their targets identified by the Ensemble are biologically relevant.
In conclusion, we have shown that an integrative approach, utilizing two complementary motif mapping
tools, results in improved power to detect functional TFBS relative to FIMO, the most frequently used tool.
This approach facilitates more accurate inference of GRNs and will be especially important as chromatin
accessibility data continues to be collected. While motif mapping alone is insufficient to accurately map
functional regulatory interactions, determining likely positions can help direct future experimental work.
A supplemental website offering the Ensemble TFBS mapping results for 1,793 TF motifs corresponding
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to 916 Arabidopsis TFs is available at http://bioinformatics.psb.ugent.be/cig_data/motifmappings_ath/
as a file in BED format.

MATERIALS AND METHODS
Collection of TFBS
The motif collection used for this analysis consisted of 66 Arabidopsis position weight matrices (PWMs)
representing 40 TFs from different sources including CisBP (Weirauch et al., 2014), Franco-Zorilla and coworkers (Franco-Zorrilla et al., 2014), Plant Cistrome Database (O’Malley et al., 2016), and JASPAR 2016
(Mathelier et al., 2015). TFs were assigned to gene families based on the PlnTFDB 3.0 database (PérezRodríguez et al., 2009).

PWM mapping using different tools
Four mapping tools that are widely used in the plant science community were evaluated in this study.
Cluster-Buster (version ‘Compiled on Sep 22 2017’; (Frith et al., 2003)) was run with the '–c' parameter
set to zero, as the other tools do not offer prediction of motif clusters. For FIMO, default parameters were
used (meme version 4.11.4; (Grant et al., 2011)). For MOODS (version 1.9.3; (Korhonen et al., 2009)), a pvalue threshold of <0.0001 was used to enable comparison to FIMO. This threshold was also used for
matrix-scan while all other parameters were set to default (rsa-tools version 2012-05-25; (Turatsinze et
al., 2008)). The command lines for the different tools are:
cbust-linux $PWMfile $seqFile -c 0 -f 1
fimo -o $output $PWMfile $seqFile
moods_dna.py -m $PWMfile -s $seqFile -p $threshold --batch -o $output
matrix-scan -v 1 -matrix_format cb -m $PWMfile -i $seqFile -2str -return limits -return sites -seq_format
fasta -o $output
$threshold was set to 0.0001 (default value for FIMO and matrix-scan)

Extraction of promoter regions
In addition to the TAIR10 Arabidopsis genome annotation, a set of 5,711 non-coding RNAs (ncRNAs)
described by (Liu et al., 2012) were added, resulting in a dataset covering 38,966 genes (Lamesch et al.,
2012). For all genes a promoter region 5000bp upstream of the translation start site and 1000bp
downstream of the translation end site, including introns, was used. If another gene was present upstream
of the gene, the region is cut where this upstream gene starts or ends.

Estimation of recall, precision, and false positive rate
For each TF, all PWM matches from each mapping tool were overlapped with publicly available TF ChIPSeq data (Table S4). BEDTools was used to intersect the BED files, using the ‘-f’ option set to 1 for complete
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overlap (Quinlan, 2014). Precision was calculated as the number of TFBS matches confirmed by ChIP-Seq
divided by the total number of matches. Recall was calculated as the number of ChIP-Seq peaks for the
studied TF that were covered by motif matches, divided by the total number of ChIP-Seq peaks.
To calculate the false positive rate (FPR) of the motif mappers, shuffled promoters (n=38,966) were
generated by shuffling the sequences of the real promoters. The 66 TFBS were mapped to these shuffled
promoters. Following (Jayaram et al., 2016), actual negatives (AN) were calculated for every promoter
and every motif as the length of the promoter divided by the length of motif. The FPR was then calculated
as the number of matches predicted by a specific tool divided by AN. The FPR value for a TFBS is the
average over all promoters.

Selection of optimal number of CB matches to form Ensemble
To define the set of matches of CB to combine with FIMO, we took progressively larger sets of CB matches
and evaluated which set size resulted in the highest F1 score, a metric which combines precision and recall
(Figure S5). An optimal F1 score was observed between 7000 and 9000 matches (Figure S5). Based on this
observation, the top scoring 7000 matches of were selected to keep an optimal balance between precision
and recall for the CB matches.

Enrichment on DE genes after TF perturbation
10 publicly available DE gene sets after TF perturbation were used to determine motif enrichment (Table
S5). We determined, for each TF, the number of DE genes with a proximal TFBS. The significance of this
overlap was determined using the hypergeometric distribution. For each enriched motif, the multiple
testing corrected p-value (or q-value) of enrichment is determined using the Benjamini-Hochberg
correction. Only q-values ≤0.01 were considered significant. For the motifs that are both enriched in the
DE and correspond to the perturbed TF, the subset of genes having that motif were retrieved and
compared with TF ChIP-Seq binding data (denoted ‘ChIP confirmed hits’ in Table 2). The ChIP-Seq data
sets used are the same as discussed in the section, Table S4.

Case study on cell type-specific transposase hypersensitive sites (THSs)
Based on the ATAC-Seq datasets from (Sijacic et al., 2018), we defined a set of THSs for stem cell and
mesophyll cells. Candidate regulators were predicted using the TFBS information present in the mapping
file. We identified a set of specific THSs for both cell types, based on a 2-fold (or higher) difference in the
ratio between the stem cell and mesophyll counts, yielding two region files with 2,132 stem cell THSs and
1,508 mesophyll THSs (Table S2). Using the TFBS mappings from FIMO and Ensemble, the significance of
the overlap between a specific TFBS and a THS region file was assessed. To select the TF motifs for
enrichment analysis, RR for each gene was computed by considering expression ranks from Sijacic et al.
(2018). RR was calculated as the ratio of expression rank in stem cell and expression rank in mesophyll
cell. Genes with -log2(RR) > 1 were called SAM stem cell-specific and -log2(RR) < -1 were called mesophyll
specific genes. After this selection, 59 and 158 TFs for the SAM stem cell and mesophyll cell respectively
were considered for the analysis. These TFs included the TFs reported in Sijacic et al. (2018).
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The THS region file and the mapped TFBSs for a given tool (after running BEDTools merge per TFBS) were
formatted as BED files and the overlap between both files was determined using the BEDTools function
intersectBed with ‘-u’ parameter and the ‘–f’ parameter set to 0.5. As such, we obtained for each THS
region file and each TFBS an observed number of mapped TFBSs overlapping with THSs. To determine the
significance of this observed overlap, the expected amount of overlapping TFBS with the same THS region
file was determined by shuffling the TFBS mapping bed file 1000 times, using shuffleBed with the ‘noOverlapping’ option enabled across the pre-defined promoter regions (described in “Extraction of
promoter regions” section). The overlap with the THS region file was determined for each shuffled file and
the median number of TFBS over all shuffled files was used as a measure for the expected overlap. This
estimation was used to calculate the fold enrichment, defined as the ratio between observed overlap and
expected overlap by chance. An empirical p-value was determined by counting how many times the
expected overlap was bigger than or equal to the observed overlap. Only cases where p-value ≤0.01 were
considered as significant.
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TABLES
Table 1
Mapping
Total
Total Matches
#Bases
Average
tool
Matches
Confirmed
Base Length
CB
26,930,509
1,605,815
477,611,367
17.73
FIMO
2,447,772
232,549
33,849,397
13.83
MOODS
34,338,371
1,956,294
467,805,766
13.62
MS
19,970,225
1,030,288
273,845,141
13.71
Ensemble1
2,837,772
291,794
58,252,718
20.53
1
Ensemble = All matches of FIMO + top 7000 scoring matches of CB

Median
Precision
2.26%
4.91%
2.37%
2.43%
5.04%

Median
Recall
36.14%
22.09%
48.47%
39.32%
23.72%

Table 1. Performance statistics of mapping 66 TF motifs using different motif mapping tools and an
Ensemble approach.

Median F1
Score
4.36%
8.38%
4.49%
4.67%
8.17%
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Table 2
TF

WRKY33

#Extra ChIP
confirmed
targets
16

FHY3

6

PI

8

ChIP confirmed targets

AT3G23240(ERF1), AT1G14350(MYB124), AT1G51700(DOF1), AT2G23320(WRKY15),
AT2G43140, AT2G01940(IDD15), AT2G40140(SZF2), AT3G55980(SZF1),
AT2G36960(TKI1), AT3G55980(SZF1), AT3G27785(MYB118), AT4G11070(WRKY41),
AT4G01250(WRKY22), AT5G56960, AT5G24110(WRKY30), AT5G56960
AT2G35940(BLH1), AT1G13020(EIF4B2), AT1G35460(bHLH80),
AT2G33860(ARF3), AT2G39130, AT5G01780
AT5G67060(HEC1), AT1G08570(ACHT4), AT1G12240(VI2), AT2G19110(HMA4),
AT3G56370, AT3G56370, AT4G01120(bZIP54), AT5G07350(Tudor1)

Table 2. List of ChIP confirmed targets only identified by the Ensemble approach when comparing
enriched TFBSs with perturbed DE gene sets.
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Table 3
Cell type
SAM stem

# targets showing cell
type-specific expression
9

Target genes

AT1G69780 (ATHB13), AT3G30775 (ERD5), AT4G08150
(KNAT1), AT4G11211, AT5G20250 (DIN10), AT5G13340,
AT5G10030 (TGA4), AT5G02450, AT5G14920 (GASA14)
Mesophyll
29
AT1G14580, AT1G17420 (LOX3), AT1G19450, AT1G51090,
AT1G59870 (PDR8), AT1G61890, AT1G72520 (LOX4),
AT1G77760 (NR1), AT2G15020, AT2G26530 (AR781),
AT2G27310, AT2G36990 (SIG6), AT2G39200 (MLO12),
AT3G21670 (NPF6.4), AT3G22060, AT3G24190, AT3G51660,
AT3G51895 (AST12), AT3G54020 (AtIPCS1), AT4G02970
(AT7SL-1), AT4G12005, AT4G21570, AT4G34410 (RRTF1),
AT5G41740, AT5G42650 (AOS), AT5G44070 (ARA8),
AT5G49520 (WRKY48), AT5G49730 (FRO6), AT5G54165
Table 3. List of bona fide targets identified in SAM stem and mesophyll cells using the novel TFBS
enrichment protocol.
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