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Abstract

With the decreasing cost of sequencing and availability of larger numbers of sequenced

genomes, comparative genomics is becoming increasingly attractive to complement experimen-

tal techniques for the task of transcription factor (TF) binding site identification. In this study, we

redesigned BLSSpeller, a motif discovery algorithm, to cope with larger sequence datasets.

BLSSpeller was used to identify novel motifs in Zea mays in a comparative genomics setting

with 16 monocot lineages. We discovered 61 motifs of which 20 matched previously described

motif models in Arabidopsis. In addition, novel, yet uncharacterized motifs were detected, sev-

eral of which are supported by available sequence-based and/or functional data. Instances of the

predicted motifs were enriched around transcription start sites and contained signatures of se-

lection. Moreover, the enrichment of the predicted motif instances in open chromatin and TF

binding sites indicates their functionality, supported by the fact that genes carrying instances of

these motifs were often found to be co-expressed and/or enriched in similar GO functions.

Overall, our study unveiled several novel candidate motifs that might help our understanding of

the genotype to phenotype association in crops.
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1. Introduction

Most of the genetic variation associated with phenotypic variation in
plants is located in non-coding regions.1,2 Hence, uncovering the
functional regulatory signals hidden in non-coding regions is crucial

to improve our understanding of transcriptional regulation from
both fundamental and applied point of view.3–5 Specific cis-
regulatory elements (CRE) are recognized by specific transcription
factors (TFs) and play an important role in regulating the rate and

Graphical Abstract

A phylogenetic tree, promoter sequences and gene family membership of 16 monocot lineages, corresponding to 13 species were used as input to identify con-

served motifs. The genomic positions for each motif were extracted for maize and redundant motifs were filtered. The resulting motifs were validated by compar-

ing them with known motifs, and by using publicly available genomic and functional data.
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timing of gene expression. Maize is one of the world’s most impor-
tant crops, with a well-studied genome and a large body of experi-
mental data on gene regulation already available, including the
experimental identification of TF binding sites,5,6 and the characteri-
zation of active chromatin regions.7,8 However, like for most crop
species, the availability of experimental information is, for techni-
cal7,9,10 and budgetary reasons, limited. Comparing ChIP-seq TF
binding site profiles obtained between a wild strain and a strain car-
rying a mutation in the TF has elucidated binding sites of the studied
TF.11,12 However, those studies are restricted to the profiling of a
handful of TFs in maize.6,13–16 Even one of the most comprehensive
large-scale profiling DAP-seq experiments covered only 104 TFs of
the �2,000 annotated TFs in maize, and focused on leaf tissue only.5

In principle, open chromatin identification methods like ATAC-seq
also allow identifying regions with putative regulatory function, but
with low resolution (non-specific peaks covering hundreds to a thou-
sand bp) and in a condition-dependent way.17

However, experimental information on regulation can be comple-
mented with computational analyses. Comparative genomics to ac-
curately pinpoint the location of functional TF binding sites were
already popular in the pre-genomics era18–21 and have regained sci-
entific interest with the decreasing cost of sequencing and availability
of many sequenced genomes.22–24 Comparative approaches (phylo-
genetic footprinting, phylogenetic shadowing) that search for motifs
that are conserved across genomes have been successfully applied to
accurately identify TF binding sites.25–28 This is particularly true for
plants, where TF binding sites are known to be well-conserved across
closely related but also more distantly related species and in addition
often located in the close neighbourhood of the coding genes.5,7,26

Even though many tools for phylogenetic footprinting have been
developed, they are not designed to cope with the large numbers of
genomes that are currently available. This is unfortunate because
finding a motif conserved in a set of sequences by chance decreases
with the number of homologous sequences in which the motif is
detected and the phylogenetic distances between the sequences in
which the motif was found. So in principle, the more sequences can
be included during motif detection, the more confidence one can gain
in a detected motif. BLSSpeller is a motif detection tool that is unique
in exhaustively exploring the full sequence space.29 The tool also has
been redesigned to be able to handle a larger number of input
sequences in the comparative analysis. In addition it allows, like
many state-of-the-art comparative approaches19,27,30 to account for
the phylogenetic relatedness between the orthologues during its
search for conserved motifs and it is able to discover motifs that are
conserved in only a subset of the used input sequences. By allowing
for an alignment-free search of motifs conserved across species,29 it
can discover binding sites that were relocated during evolution.

BLSSpeller was used to discover novel motifs in Zea mays, several
of which were supported by complementary sequence-based and/or
functional information. Overall, we discovered 20 motifs that per-
fectly matched previously described motif models in Arabidopsis, to-
gether with several yet undescribed motifs generating a useful
resource of novel predictions that can complement results from func-
tional genomics studies.

2. Materials and methods

2.1. Datasets used for motif detection

The reference genomes, the structural annotations for 16 species,
and orthologous gene families (inferred using the PLAZA integrative

method) were downloaded from the PLAZA monocots 4.5.31 The
details about the size of the genome, number of chromosomes, and
annotated genes of the species used in this study are provided in
Supplementary Table S1. Each gene family consists of all homolo-
gous (orthologous and paralogous) genes from all 16 species (41,970
gene families). Gene families with orthologues in less than 3 species
were removed, resulting in a total of 21,727 gene families used for
motif detection.

To reduce the potential number of false positive motifs, we re-
stricted our search to the 1 kb region upstream of the transcription
start site (TSS). For the genes located on the negative strand, the re-
verse complement of the extracted sequence was considered. Low-
complexity and homopolymeric sequences were masked using
RepeatMasker32 prior to performing motif detection.

2.2. BLSSpeller

The core method of our motif detection approach is based on a pre-
vious implementation of BLSSpeller.29 As the original implementa-
tion in MapReduce required a lot of intermediate data storage, it
was limited in the number of sequences that could be used in the
comparative analysis. To overcome this bottleneck and improve its
computational performance, BLSSpeller was reimplemented in
Apache Spark in order to take advantage of parallel, distributed-
memory compute platforms. Compute-intensive parts, e.g., enumer-
ating conserved motifs in a gene family, were implemented in the
Cþþ programming language for efficiency reasons. This reimple-
mentation is 2.3 times faster on average and requires several orders
of magnitude less intermediate data storage (Supplementary Table
S2), allowing it to use more sequence data. Additional functionality
was implemented to identify the location of the conserved motifs in
each species.

Below and in Supplementary Fig. S1, we conceptually summarize
BLSSpeller. For every gene family (Fig. 1a), a generalized suffix tree,
truncated at depth k, is constructed of the promotor sequences of
genes within that gene family. The suffix tree is traversed in a depth-
first manner to exhaustively enumerate all motifs of a pre-specified
length k. The motifs can contain up to a pre-specified number of de-
generate characters from the IUPAC alphabet. To this end, informa-
tion on multiple children of a node in the suffix tree is aggregated.
For example, if a degenerate character R (representing A or G) is in-
troduced, child nodes ‘A’ and ‘G’ are explored and motif occurrences
in both branches are aggregated.

For each length-k motif, the suffix tree reveals in which promoter
sequences an instance of that motif appears (Supplementary Fig.
S1b). The degree of conservation of the motif within the gene family
is expressed by the Branch Length Score (BLS). The BLS takes a value
between 0 (motif occurs only in a single genome) and 1 (motif occurs
in all species/lineages of the gene family). The BLS is derived from
the phylogenetic tree that connects the species/lineages from which
the promoter sequences were derived. Each branch in the tree repre-
sents a different species and/or lineage represented by a different ge-
nomic accession number. The BLS is calculated by finding, in this
phylogenetic tree, the minimum spanning tree that connects the rele-
vant subset of species/lineages and summing the weights of the hori-
zontal branches in that tree. If the motif appears in multiple paralogs
of the same species/lineage, the branch length to that species/lineage
is only accounted for once. If a gene family does not contain a repre-
sentative orthologue in some of the considered species/lineages, we
delete the branches in the tree that correspond to the missing species/
lineages and rescale the branch lengths so that the sum of the weights
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on the branches of the tree again amounts to 1. Within the tree of a
gene family, a higher BLS corresponds to a motif that appears in rela-
tively more species/lineages and/or more distantly related species/lin-
eages. A motif for which the BLS exceeds a predefined BLS threshold
in a gene family is said to be conserved within that gene family. We
use multiple BLS thresholds (i.e., 0.07, 0.13, 0.41, 0.54, 0.65, 0.75,
0.85, and 0.95) (Supplementary Fig. S1b) to also allow the discovery
of motifs that are conserved only in a subset of the species/lineages
and therefore might have a lower absolute BLS.

Subsequently, we calculate the recurrence score (referred to as the
‘confidence score’ in the original publication33) for every motif and
BLS threshold (Supplementary Fig. S1d). The recurrence score is cal-
culated as 1 – (expected recurrence of the motif at the considered
BLS threshold)/(recurrence of the observed motif at the considered
BLS threshold). Here, the recurrence of a motif equals the total num-
ber of gene families in which the motif is conserved. The expected re-
currence of a motif is estimated as the median number of gene
families in which motifs with the same nucleotide content as the ob-
served motif are conserved. A recurrence score of 0.90 for a given
BLS threshold means that the observed motif is conserved (at that
BLS threshold) in 10 times as many gene families than expected.

The recurrence and expected recurrence of a motif are computed
as follows. As described before, we use the suffix tree to exhaustively
enumerate all motifs and we create a binary matrix indicating for
each motif (rows of the matrix) whether it meets a certain BLS
threshold (columns of the matrix). This procedure is repeated for all
gene families (Supplementary Fig. S1c). The matrices of all gene fami-
lies are aggregated into a single matrix, where each matrix element
now corresponds to the recurrence of a certain motif at a certain BLS
threshold. To calculate the expected recurrence of a motif, we group
all motifs with the same nucleotide content and refer to these as a nu-
cleotide content group. We extend this list by adding a count of 0 for
all motif permutations that are not present. Next, per nucleotide con-
tent group and per BLS threshold, the expected recurrence is com-
puted as the median value among all motifs in the nucleotide content
group (Supplementary Fig. S1c). This median value can be 0.

The software can be obtained at https://bitbucket.org/dries_
decap/bls-speller-spark (December 2021, date last accessed).
BLSSpeller was used to discover 8 bp conserved motifs with at most
three degenerate sites in the promoter sequences of 16 monocot line-
ages (obtained from 13 species). Considering the fact that the median
length of experimentally identified cis-elements is 8 bp,34 we opted
for motifs of length 8, as this gives the best balance between detecting
biologically relevant motifs while maintaining computational tracta-
bility. To obtain a set of reliable motifs, we selected motifs with a re-
currence score of at least 0.9 in at least one of the considered BLS
thresholds. This resulted in 1,295 motifs with 2,320,402 instances. It
is this core method that has been evaluated in Supplementary Fig. S4.

2.3. Identifying motif instances in Zea mays

To identify the instances of these motifs in maize, we consider for
each motif the lowest BLS threshold at which the corresponding re-
currence score is 0.9 or higher (Supplementary Fig. S1d). We then
identify all gene families in which this motif has a BLS that meets the
set threshold. The motif instances (genomic locations) in maize are
selected. As such, we obtained 1,292 motifs with at least one instance
in maize (out of 1,295 motifs identified among all species, 3 motifs
have no instances in Z. mays).

Because BLSSpeller is an exhaustive approach, it will output
highly similar motifs that only differ from each other in a limited
number of (degenerate) characters or that have largely overlapping
instances. To reduce the level of redundancy, we removed motifs
with fewer than 20 or more than 3,000 instances—1% of the motifs
with extreme number of instances—as motifs with instances in too
few or too many unique genes are either hard to validate or are likely
correspond to general TF binding sites (25 motifs were removed). To
remove redundancy among the remaining motifs, they were com-
pared in a pairwise manner. The criteria to decide whether two
motifs were sufficiently similar to be considered redundant are (i) the
pairwise alignment distance between the two motifs and (ii) the de-
gree of overlap among the genes that contain instances of these
motifs.

Figure 1. Enriched GO terms (biological process) for the gene sets corresponding to the predicted maize motifs. Each column represents a gene set in maize shar-

ing the indicated motif and each row indicates a biological process that is found enriched amongst the genes in the gene set. The entries indicate the �log 10 P

values of the GO enrichment. Only the five most significantly enriched GO terms are shown for each gene set. The GO terms were grouped into eight groups

based on their biological similarity. The column annotation bar indicates the group membership of each motif as described in ‘Prioritization of potential novel

motifs in Zea mays’.
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To identify the pairwise alignment distance, the motifs were
sorted by their number of degenerate sites (higher to lower) and sub-
jected to an all to all mutual pairwise alignment. The distance be-
tween motifs is defined using the following cost model in the
pairwise alignment: a match score of 0, a mismatch penalty of 1 and
an indel penalty of 1.

The pairwise degree of overlap in genes that contain an instance
of two considered motifs is determined as follows:

Degree of overlap in genes ¼ Ni \ Nj

minðNi; NjÞ
;

where the numerator indicates the number of genes in maize contain-
ing an instance of both motifs i and j, and the denominator indicates
the minimum of the number of genes in maize that contain instances
of motifs i and j, respectively.

Motif ‘i’ is considered redundant if its alignment distance to motif
‘j’ is less than 5 and the degree of overlap in genes is larger than 0.5.
This indicates that the smallest gene set of a motif is contained for at
least 50% in the larger gene set of another motif. The threshold of
smaller than 5 has been chosen based on the distribution of the similar-
ity observed between random motifs with a similar nucleotide compo-
sition as the true motifs. Only 5% of random motifs show a pairwise
distance < 5 (Supplementary Fig. S2a). The threshold on the gene set
overlap was set at 0.5 and reflects a trade-off between stringency and
allowance for a larger than expected overlap between genes
(Supplementary Fig. S2b) due to combinatorial regulation. The redun-
dant motifs are removed from the sorted list of motifs in a greedy man-
ner, hereby keeping for each similar set of motifs the most degenerate
one (as this one contains most if not all the instances of the other mo-
tif). This resulted in 61 non-redundant motifs (referred to as non-
redundant motifs hereafter, Supplementary Appendix S1).

For downstream analyses that were performed at the level of the
motif instances (overlap of motif instances with chromatin regions
and ChIP-seq peaks or when assessing the degree of polymorphism),
overlapping instances (minimum overlap in bp¼5) were removed.
This is done in order to prevent that the same instance would con-
tribute multiple times to the analysis. Overlapping instances were re-
moved as follows: if two motifs contain overlapping instances, we
retain the instance for the motif that covers the highest number of
genes and remove the instances of the other motifs that overlapped
with the selected motif. This resulted in 50,354 non-overlapping
instances for 61 non-redundant motifs.

2.4. Generating random motifs and random instances in

Zea mays

Here we generated a set of random motifs and their instances to be
used in the comparative downstream motif validation analysis. First,
the GC content was inferred from the instances of 61 non-redundant
motifs in maize. Then, 1,000 random 8-bp k-mers were generated us-
ing IUPAC DNA codes with the same GC content with at most three
degenerate sites. Simulating motifs like this ensures that the random
motifs share properties comparable with those of our predicted motifs:
i.e., having the same GC content and at most three degenerate sites.

To identify random maize motif instances, we identified all gene
families in which a given random motif occurs. Like for the predicted
motifs (see Datasets used for motif detection), we only considered
gene families that have sequences of at least three different species (at
least sequences of three species should be included). From the maize
sequences, the random motif instance was extracted irrespective of
the BLS score of that family. Subsequently, on the obtained motif

instances, the same redundancy filtering criteria mentioned above
were applied: random motifs with instances in more than 3,000 or
fewer than 20 different maize genes were removed, and overlapping
instances were filtered as we did for the predicted motifs. Of the
remaining random motifs, 61 random motifs with a pairwise dis-
tance higher than 4 to any of the conserved motifs were randomly se-
lected. In this way, the random motifs underwent the same filtering
criteria as the predicted motifs while being sufficiently different from
any of the predicted motifs.

2.5. Comparing motifs with the Arabidopsis motif

compendium

The Arabidopsis DAP-seq motif compendium was obtained from
O’Malley35 and predicted consensus motifs were compared using the
Tomtom tool from the MEME suite.36 An adjusted P value smaller
than 0.05 was used to determine significant similarity between the
compared motifs.

2.6. Tissue specificity (Tau index)

To calculate the tissue specificity index of a gene, we used expression
datasets profiled in maize from eight different tissues.37 RNA-seq
raw sequencing reads were downloaded from SRA.38 Read quality
was assessed using FastQC.39 Remaining adapters, low-quality bases
(Phred quality score < 20) and reads shorter than 50 bp were filtered
using Trimmomatic.40 The cleaned reads were aligned to the Z.
mays B73 AGPv4 genome assembly41 using the STAR software.42

FeatureCount43 was used to quantify expression as count values us-
ing the annotation (Zea_mays.B73_RefGen_v4.49.gtf) provided by
EnsemblPlants. Only uniquely mapped reads were considered for ex-
pression quantification. The count data were normalized for library
size and gene length differences using TMM normalization imple-
mented in the edgeR package.44 Tissue-specific expression of genes
was assessed by the Tau index.45 The Tau index was calculated as
follows:

Tau ¼
Pn

i¼1ð1� xiÞ
n� 1

xi ¼
xi

max1� i�n xið Þ
;

where xi is the expression of a gene in tissue i and n is the number of
tissues in which expression was profiled. The higher the Tau index,
the more tissue-specific the expression of the gene is.

2.7. GO enrichment

Functional gene annotation for Z. mays B73 AGPv4 was down-
loaded from www.maizegdb.org. GO enrichment, limited to the
‘Biological Process’ ontology, was performed using the topGO pack-
age.46 P values were adjusted by the BH method using the p.adjust
function in R. From the result, the GO terms with more than
1,500 annotated genes or less than 3 significant genes, and adjusted
P value > 0.01 were removed. After filtering redundant GO terms,
the five most significantly enriched GO terms for each cluster are
visualized using the pheatmap function in R.47

2.8. Co-expression analysis

To perform co-expression analysis, we used the datasets that have
been collected and processed by Zhou et al.48 (Supplementary Table
S3). In this study, a comprehensive compilation of RNAseq data
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from studies in maize with more than 20 samples spanning different
genotypes, tissues, and conditions was made. Lowly expressed
(FPKM < 1 in more than 90% of samples), low variance genes,
tRNA, and ribosomal genes were filtered out from each dataset. For
each dataset, the rank matrix was derived from the gene–gene
Pearson correlation matrix calculated on the log2-transformed
FPKM values. The rank matrix was transformed to the mutual rank
(MR) matrix using the following formula:

MRðABÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
rankðA!BÞ � rankðB!AÞ

q
;

where rank (A ! B) is the rank of the correlation of gene B with
gene A as compared with its correlation with all other genes.49 Then
the MR matrix was converted to the probability matrix (P) using:

PðABÞ ¼ e�ðMRðABÞ�1Þ=10:

The P matrix was converted to the co-expression graph after re-
moving P values smaller than 0.05. The connectivity score between
nodes (genes) in each network was calculated using the Katz in-
dex.50,51 The Katz index assesses connectivity of two nodes in a
graph by exploiting the neighbourhood of the nodes. When calculat-
ing the connectivity between two nodes, it considers all paths in the
graph that connect the two nodes, but favours shorter paths by
assigning them a higher weight. Here we considered all the paths
connecting two nodes with a maximum length of three, weighted
according to their path length to calculate the similarity between any
two nodes in each co-expression network. The Katz index can be cal-
culated and normalized for the degree of the connecting genes (nor-
malized Katz index) as follows:

Katz index ¼ a Að Þ þ a2 Að Þ2 þ a3 Að Þ3

normalized Katzij ¼
Katz indexijffiffiffiffiffiffiffiffiffiffiffi

di�dj
p ;

where the ‘A’ is the adjacency matrix, a is a parameter to weight the
order of the neighbours (set to 0.3), and ‘d’ indicates the degree for a
gene ‘i’ and ‘j’. The normalized Katz index ranges between 0 and 1
(highly skewed towards zero). A high value indicates high connectiv-
ity. For the normalized Katz index, ideally a distribution with an ex-
ponential decay is expected for a random gene set. However,
distributions of normalized Katz indexes for gene sets sharing a
random motif are indicative of some residual connectivity in the
co-expression networks which is to be expected, given the large con-
nectivity in the co-expression network (Supplementary Fig. S3).
However, we observe that the majority of pairwise connectivity
scores for random gene sets fall below 0.05. Therefore, we consid-
ered 0.05 as the threshold to distinguish between random and non-
random connectivity (see below).

To assess whether genes that share the same motif in maize were
more connected in each of the co-expression networks than expected
by chance, we first extracted the sets of genes that shared the same mo-
tif. A gene set is here defined as a set of genes that share an instance of
the same motif. Subsequently, all pairwise Katz indices between genes
in a set were assessed and the number of times the Katz index was
above a predefined threshold (0.05) was counted, where 0.05 was de-
fined based on the distribution of the Katz score of random gene sets.
The obtained count was referred to as the gene set score. For each gene
set, 1,000 random gene sets of the same size were obtained by ran-
domly selecting genes from the co-expression network. For each of the

random gene sets, the gene set score was calculated as described above.
The distribution of these gene set scores obtained for the 1,000 ran-
dom sets was used to construct the null distribution, which followed a
normal distribution after log2 transformation. The parameters of this
null distribution were estimated using maximum likelihood. The ccdf
(complementary cumulative distribution function) was used to obtain
the P value of the observed gene set score given null distribution. A
small P value indicates that connectivity between the genes of the gene
set corresponding to a certain predicted motif is significantly higher
than expected by chance. This analysis was performed for each co-
expression network separately.

2.9. Overlap with active chromatin regions and degree

of polymorphism

The ACRs, ChIP-seq peaks, and SNPs were downloaded from the
following sources: 165,913 non-overlapping 500 bp accessible chro-
matin regions (ACRs), integrated over more than 50,000 single cells
were obtained from Marand et al.7; 144,890 non-overlapping TF
binding integrated from a ChIP-seq study covering 104 TFs obtained
from Tu et al.5; SNPs for maize were obtained from Imputed
HapMap 3.2.1 (uplifted to B73 AGPv4).52 For the active chromatin
and ChIP-seq regions (ACRs and ChIP-seq), sequences were selected
that covered up to 1 kb up and downstream of the centre of the ex-
perimental ACR or ChIP seq peak to include the flanking regions.
We subsequently assessed which fraction of the total instances of the
61 motifs overlapped with the sequences contained in a window cen-
tred at a pre-specified position up or downstream of the active chro-
matin and ChIP-seq regions. For the plots of the individual motifs
(Supplementary Figs S8–S12), we performed the same analysis, but
only focusing on the instances of one particular motif.

To assess the fraction of SNPs located at the location of the motif
instances and in their flanking regions, we counted the number of
SNPs in a sliding window of 8 bp that starts at the location of the
motif instance and that moves up to 1 kb up and downstream of mo-
tif instance locations and divided this by the total number of SNPs
occurring in the entire sequences considered for the above-mentioned
analysis. The GenomicRange package53 was used to count the over-
lap between the windows that contained SNPs, ChIP-seq or ACR
regions and the windows containing motifs and the result was visual-
ized using ggplot2.54 The same analyses were performed for both
predicted and random motifs.

3. Results

3.1. BLSSpeller, a comparative method to perform

comparative motif detection

We used BLSSpeller29 to identify conserved motifs in a comparative
genomics setting and validated our predictions by means of publicly
available genomics and functional data. To identify motifs in a com-
parative setting, we obtained from PLAZA31 gene sequences of 16
monocot lineages derived from 13 species, including two lineages of
maize, two lineages of rice, and two lineages of wheat
(Supplementary Table S1). We could include multiple accessions of
the same species as (i) BLSSpeller accounts for the phylogenetic dis-
tance between the input sequences and (ii) for each of these acces-
sions a good genome assembly and annotation was available,
allowing to include each of the accessions in the phylogenetic tree.
BLSSpeller weighs the contribution of each sequence to the motif de-
tection (so it considers the genomes of the accessions as ‘different’
species): sequences that are closer in the tree will contribute less
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information to the motif detection than sequences from more distant
accessions. Genes were grouped into gene families where each gene
family can contain both paralogs and orthologues. BLSSpeller was
used to search in the promoter sequences of gene families with at
least three species for conserved motifs.

Details on BLSSpeller can be found in the Materials and methods.
Briefly, BLSSpeller scores, for all possible motifs of a pre-specified
length (e.g., 8 bp), their degree of conservation within each gene fam-
ily, denoted by the BLS.33 Conceptually, the BLS of a motif expresses
the fraction of promoter sequences in a gene family that contain the
motif, weighted by the relative phylogenetic distance of the lineages
from which they were extracted. When the BLS of a motif within a
gene family exceeds a pre-specified BLS threshold, the motif is said to
be conserved within that gene family. We used different thresholds on
the BLS to also enable the identification of motifs that were conserved
in only a subset of the species of a gene family. Conservation is soft
constrained by allowing for some degeneracy in a motif. The BLS
assigns more relevance to conservation in different species/lineages
(orthologues) than conservation within a species/lineage (paralogs).

To reduce false-positive predictions, an additional selection crite-
rion is imposed: given that biological processes tend to be regulated
by multiple genes, a true motif is more likely to be conserved in mul-
tiple gene families. Therefore, we identified as the more reliable
motifs, those predictions that were conserved within more gene fami-
lies than random motifs of the same length and nucleotide composi-
tion. The degree to which a predicted motif is conserved within more
gene families than a random motif is reflected by its recurrence score
(see Materials and methods) and is computed for multiple BLS
thresholds. Motifs with a recurrence score of 0.9 or higher for any of
the considered BLS thresholds were retained. A recurrence score of
0.9 for a given BLS threshold means that the observed motif is con-
served (at that BLS threshold) within 10 times as many gene families
than expected. This filtering step largely reduced the number of motif
candidates and resulted in a final list of 1,295 motifs.

Supplementary Fig. S4a shows the effect of the filtering based on
the recurrence threshold. It shows that the fraction of retained motifs
after applying the recurrence-based filtering increases with the thresh-
old on the BLS, indicating that motifs with a lower BLS are less likely
to occur significantly more often across families than random motifs
and hence that these motifs are indeed more likely to be spurious.

To investigate the impact of the number of paralogs in a gene fam-
ily on the BLS of the motifs in that family, we plotted per gene family
the number of motifs with a high BLS (> 0.95) as a function of the
average number of paralogs over species within a gene family, before
and after applying the filtering based on the recurrence score thresh-
old (Supplementary Fig. S4, panels b and c). Supplementary Fig. S4b
shows that even though the BLS scheme downweighs the impact of
paralogs, it is not entirely independent of the average number of
paralogs present in gene families as the number of predicted motifs
increases with an increase in the average number of paralogs. This is
to be expected as a higher number of paralogs implies a larger se-
quence space and hence a higher probability of detecting by chance a
conserved motif with a high BLS. As shown in Supplementary Fig.
S4c, recurrence filtering removes many of these likely spurious motifs
detected in motif families with a high average number of paralogs.

3.2. Identifying motifs and instances relevant to Zea

mays

To select from the motifs predicted by BLSSpeller those that are rele-
vant in maize, we assessed for each motif whether gene families exist

that contained a motif instance in the corresponding maize sequen-
ces. This resulted in a final selection of 1,292 motifs and 2,320,402
instances. However, many of these motifs are redundant as for in-
stance the same motif can be recovered with a different level of de-
generacy. Therefore, redundant motifs were removed based on the
degree of similarity between the motifs and the degree to which the
motifs covered similar genes (see Materials and methods). This
resulted in a final list of 61 non-redundant motifs, each of which
with at least 20 instances in different maize genes (Supplementary
Appendix S1). The average GC content of these motif instances was
62% as compared with an average GC content of 45% for the maize
promoter regions. For integration with complementary genomics
data (see below), also redundant motif instances were removed, and
a set of random motifs and instances was generated that has the
same nucleotide content and distribution of the number of instances
in maize as the predicted motifs (see Materials and methods).

3.3. Predicted motifs are associated with processes

known to be conserved across species

Genes with the same motifs are expected to be co-regulated and
hence involved in the same biological processes. To assess whether
the gene sets containing the same motif are indeed functionally simi-
lar, we performed GO enrichment. For each motif, a representative
gene set was compiled by taking for each gene family in which
the motif occurred, the genes of maize that contained an instance of
the considered motif. The gene sets corresponding to 53 out of
the 61 motifs were enriched for at least one biological function (adj.
P value < 0.01) (Fig. 1). For the genes sets corresponding to the
random motifs this was only true for 15 out of the 61 random motifs
(Supplementary Fig. S5). The level of enrichment that was observed
for random motifs is higher than what one would expect intuitively.
This is mostly due to the fact that we followed a rather conservative
approach to simulate the random motifs. We intentionally selected
from random motifs those that mimic the predicted motifs with re-
spect to their GC content and the distribution of number of associ-
ated genes. Enriched GO terms of the representative gene sets related
to hormone and stress response, detoxification, regulation of metab-
olism, secondary metabolites, growth and development, metabolism
and nutrition, macromolecules biogenesis, and DNA conformation
and cell cycle (Fig. 1). Although overall, the gene sets of the different
motifs covered a variety of biological processes, processes related to
‘hormone and stress response’ were most frequently found enriched,
indicating that, as expected, the genes carrying the predicted
motifs are involved in key processes known to be conserved across
species.55–57

3.4. Validation of the predicted maize motifs by

comparing with Arabidopsis motifs

To validate the motifs, we compared the 61 maize motifs with exper-
imentally verified motifs in Arabidopsis thaliana obtained from a
DAP-seq experiment.35 The study of O’Malley et al. provides one of
the most comprehensive compendia of experimentally generated TF
binding sites in plants, covering binding sites for 529 TFs. Our pre-
dicted maize motifs match significantly better to known Arabidopsis
motifs than random motifs. Of the 61 maize motifs, 20 motifs per-
fectly match (adj. P value < 0.05) known Arabidopsis motifs,
whereas the same was true for three random motifs only
(Supplementary Fig. S6). Based on these similarities, the retrieved
motifs cover Arabidopsis binding sites for a diverse set of TFs,
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including members of C2H2, AP2, bHLH, NLP, ERF, ARE, HMG,
and ABI (Supplementary Table S4).

Subsequently, we assessed the functional similarity between our
predicted motifs and their corresponding matching motifs in
Arabidopsis. Hereto, we assumed the function of the Arabidopsis
motif was the same as the function of the TF associated with the mo-
tif (TAIR website). For the maize motifs, the function was inferred
by performing GO enrichment on the representative gene set (set of
genes that share an instance of the same motif) for each of the motifs.
Supplementary Table S4 shows that at least for some motifs, a clear
similarity can be detected between the inferred functions of the pre-
dicted motifs in maize and their matching motifs in Arabidopsis. The
large overlap between our predicted motifs and experimentally vali-
dated motifs supports the relevance of our predictions.

Although for most of the predicted motifs, a unique one to one
match with an Arabidopsis motif was found, the Arabidopsis motif,
NLP_tnt.AtNLP4, shows a high similarity with four different maize
motifs (GCAGCARY, GCAGCAKS, AGCWGCAR, and
BAGCAGCW) (Supplementary Table S4), suggesting these motifs
might still be redundant or might represent binding sites for different
TFs with similar functions in maize. Indeed the genes having an in-
stance of each of the four aforementioned motifs are all enriched in
‘metabolism and development’, consistent with the AtNLP4 function
in Arabidopsis which involved in cell elongation and response to
nitrate.

3.5. Genes sharing instances of the same predicted

motif are co-expressed

Assuming that sharing a motif implies co-regulation and hence co-
expression, we assessed whether maize genes that have instances of a
similar motif also exhibit a similar expression profile. Hereto, we
used a previously published expression compendium of maize,48

comprising 8 developmental stages of the same genotype, 28 tissue-
specific datasets sampled from the same tissue from multiple inbred
lines, 5 tissue-genotype datasets originating from multiple tissues of
specific inbred lines, and 4 datasets from recombinant inbred popula-
tions (see Supplementary Table S3 for details).

To measure similarities in co-expression, we built co-expression
networks. The different studies in the compendium each capture
gene expression associations in different biological contexts. The
compendium is therefore highly unbalanced in the number of match-
ing tissues/conditions. To avoid that the co-expression analysis
would be biased by this unbalance, we built a co-expression network
for the data of each study separately, resulting in 45 co-expression
networks. To assess whether sets of genes that share instances of the
same motif were also co-expressed, we measured the degree to which
they were connected in each of the 45 co-expression networks (see
Materials and methods). The results show that for the majority of
the gene sets sharing a motif, the genes are significantly more con-
nected than random gene sets of the same size (Fig. 2 and
Supplementary Fig. S7). This observation further corroborates the
functionality of our predicted motifs.

The degree to which the co-regulated gene sets displayed a con-
nectivity in the co-expression network increased with the number of
samples in the dataset for which the co-expression network was built
and with the type of samples that were profiled: In contrast to net-
works derived from tissue profiling experiments, recombinant inbred
line (RIL) networks did not capture strong connectivity between the
genes sharing a motif, despite the fact that they were derived from
experiments with relatively many samples (Fig. 2).

Like comparing with known motifs, the co-expression analysis
showed that some motifs might either be variants of one true binding
site or represent binding sites of closely related TFs. For example,
gene sets with instances of respectively the motif ATWTATAG or
ATATATAG in their promoter regions are connected in the same
co-expression networks (Fig. 2). This high connectivity in the
same co-expression networks indicates that those motifs probably
represent the same binding site and should have been merged
into a single motif. Similar observations were made for the motifs
[AGCWAGCW, TGCAWGCA], [GCTRGCTR, SCTAGCTA],
[CRCATGCA, TKCATGSA, ACATGSAT], and [GCTGCTKS,
GCAGCAKS].

3.6. Tissue-specific genes have a larger number of

predicted motifs

The timing, level, and tissue-specificity of gene expression depends
on the presence of CREs that recruit specific TFs in response to tissue
demands.58 We investigated whether an association exists between
the degree to which a maize gene displays a tissue specific expression
pattern and the number of motifs that were predicted to have an in-
stance in the promoter of the gene. To assess the level of tissue-
specific expression of a gene, we used RNA-seq expression data from
eight different tissues profiled in maize B73 line.37 Tissue-specific ex-
pression was measured using the Tau index45 (Materials and meth-
ods). Figure 3a shows that in general, the more a gene has instances
of different motifs, the higher the gene’s degree of tissue-specific ex-
pression (higher Tau index). This observation is in line with litera-
ture, indicating that tissue-specific genes have evolved numerous
unique binding sites during evolution and that the combinatorial
effects of several binding sites may be critical to provide the proper
response to developmental, condition, and tissues-specific
demands.59,60 Unlike the predicted motifs, for random motifs no re-
lationship between the number of instances of different motifs and
the degree of tissue-specific expression (Tau index) was observed
(Fig. 3c).

3.7. Location of the predicted motif instances is biased

towards the TSS

The region in the close vicinity of the TSS is known to play a central
role as binding site for TFs.61 Therefore, the specific positional rela-
tionship between TF binding sites and the TSS has widely been used
to predict the validity of TF binding sites.62–64 To validate the motifs
predicted by BLSSpeller, we assessed whether the instances of our
predicted motifs in maize were more frequently located around the
TSS site than instances of random motifs. Figure 3b shows that this
is indeed the case, as predicted motifs are highly enriched in regions
close to the TSS, while random motifs are evenly distributed across
the 1 kb upstream region (Fig. 3d). This enrichment towards the TSS
has been observed for most of the predicted motifs (Supplementary
Figs S8–S12). This result further supports the biological validity of
our motif predictions in maize.

3.8. Predicted motif instances overlap with open

chromatin regions and TF binding sites

To further validate our predicted motifs, we assessed to what extent
instances of the predicted motifs were occurring more frequently
than expected by chance in nucleosome-depleted regions and/or in
regions known to functionally bind TFs. Hereto, we used the data
from a study that profiled ACRs in maize at single-cell resolution
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using more than 50,000 cells from six organs using scATAC-seq,7

and a comprehensive ChIP-seq study in maize that profiled the puta-
tive DNA binding sites for 104 TFs in leaf tissue.5

Figure 4a and b shows that a significant overlap exists between
our predicted motif instances and respectively the nucleosome-
depleted regions and ChIP-bound regions. Both panels show that our
predicted motif instances occur more frequently in the peaks of the
ACRs and ChIP-seq data than random motif instances. For ACRs,
also the random motif instances are enriched near the centres of the
experimentally identified ACRs, but not as extreme as what we ob-
serve for the predicted motif instances. The random motifs were gen-
erated to have sequence properties similar to the ones of the
predicted motifs. Because ACRs have a high GC content,7 the enrich-
ment of random motif instances near the centre of the ACR peaks
indicates that the enrichment of the predicted motif instances in the
ACRs is partially the result of their GC content. In contrast to what
is observed for the ACR peaks, random motif instances are depleted
in the proximity of the ChIP-seq binding sites. These observations
further confirm the relevance of our predicted motifs.

The same overlap between the predicted motif instances and ac-
tive chromatin regions and TF binding regions (ACRs and ChIP-seq
binding sites), but then for each motif separately, can be seen in
Supplementary Figs S8–S12. The results show that for the majority
of the predicted motifs, a trend similar to the one displayed in Fig. 4

is observed. The trend observed in Fig. 4a and b is therefore not
driven by the pattern of only a few predicted motifs.

3.9. Predicted motifs are under selection

True binding sites tend not to tolerate mutations that interfere with
their functionality. To further validate whether this was also true for
the predicted motifs we compared, the frequency with which these
predicted motifs accumulated SNPs in their binding sites and flank-
ing regions (1 kb up and downstream of the locations of the pre-
dicted motif instances). Figure 4c shows that the regions centred
around the predicted motif instances are more depleted in SNPs than
the regions centred around random motif instances. Supplementary
Figs S8–S12 show the same pattern at the level of the individual
motifs. The results presented in Supplementary Figs S8–S12 clearly
show that some motifs are under clear selective constraints and there-
fore likely functionally relevant (motifs 1, 4, 5, 8, 9, 10, and 11).

Overall, the degree of polymorphism in the regions flanking the
random motif instances was lower than in the regions centred
around the random motif instances (Fig. 4c) and drops faster than
what was observed for the regions flanking the predicted motif
instances. Repeating the analysis using different sets of random
motifs showed that this pattern was robust. In general, this decrease
in polymorphism for regions flanking of predicted and random motif
instances can be explained by the fact that moving away from motifs

Figure 2. Connectivity of gene sets sharing the same predicted motif in the co-expression networks. Rows display the different motifs for which a gene set is con-

sidered. Columns display the different experimental conditions for which a co-expression network was constructed (sorted by sample size). Entries indicate the –

log 10 P values of observing the same connectivity in a co-expression network by chance as was observed for the gene sets that share the same predicted motif.

The coloured annotation bar on columns indicates the type of experimental dataset, and the top annotation bar indicates the sample size of each experimental

dataset. The row annotation bar indicates the group membership of each motif described in ‘Prioritization of potential novel motifs in Zea mays’. The two arrows

on the right indicates the two similar motifs (ATWTATAG and ATATATAG) with the same connectivity behaviour.
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(predicted and random) that are located in intergenic regions, in-
crease the chance of reaching genic regions. In those genic regions, a
higher level of selective constraint and hence higher conservation and
less polymorphism is expected.65,66 In principle, both negative and
positive selection may play a role in explaining the observed lower
rate of decrease in polymorphism for flanking regions of predicted
motifs than for flanking regions of random motifs. In case of deleteri-
ous mutations in motif regions, negative selection indirectly increases
the chance of surviving the SNPs in flanking regions by purging
sequences having deleterious mutations in motif regions. Under this
scenario, a fitness trade-off might exist between selecting sequences
with a suboptimal SNP in the flanking regions versus sequences with
deleterious SNP in the predicted binding site: the potential

suboptimal effect of SNPs in regions flanking a true binding site can
be offset by the beneficial effect of not having a deleterious SNP at
the position of a true functional motif. Alternatively, some neutral
and suboptimal SNPs in flanking regions would be selected for due
to their linkage to beneficial SNPs within the true motif regions (i.e.,
positive selection). Such compensatory and linkage effects cannot be
achieved for random motifs and hence they tolerate fewer SNPs in
their flanking regions, which are likely to include some genic regions.
Although both mechanisms of respectively negative and positive se-
lection could explain the relatively lower depletion of SNPs in the
flanking regions of predicted than of random motifs, the contribution
of the negative selection is expected to be much higher as mutations
with beneficial effects are rare. Overall, the strong depletion of SNP

Figure 3. Tissue specificity of the expression of gene sets carrying instances of the predicted motifs in maize and position of the predicted motifs relative to the

TSS. Panels (a) (predicted motifs) and (c) (random motifs) show how the tissue specificity of gene expression (Tau index) is associated with the number of motifs

that have at least one instance in the gene. X-axis: Tau index, y-axis: number of unique (non-redundant) motifs. Panels (b) and (d) show the positions in maize of

the motif instances relative to the TSS for respectively the predicted and random motifs. X-axis: distance from the TSS, y-axis: number of motif instances (61

non-redundant motifs) per 8 bp bins across 1,000 bp upstream of the TSS.
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close to the predicted motif instances suggests that both natural and
artificial selection has resulted in the fixation of variants in the pre-
dicted motifs in individuals with favourable phenotypes.

3.10. Prioritization of potential novel motifs in Zea mays

Supplementary Figs S8–S12 show the results of the aforementioned
genomic and functional assessments at the level of the individual
motifs. Overall, most motifs seem to be supported by at least one ge-
nomic and/or functional line of evidence or feature. For several pre-
dicted motifs, the inferred function based on GO enrichment of the
genes sets representative for the motif in maize corresponds to the
function of the matching motif-TF pair in Arabidopsis: predicted
maize motifs corresponding to gene sets enriched in hormone and
stress response, matched the Arabidopsis motifs of known master
regulators of response to hormones and stress in plants i.e., C2C2,
bHLH34, NLP4, TGA4, ERF13, ABI3, and MYB74 (Supplementary
Figs S8–S12). Likewise, motifs of gene sets enriched in growth and
development showed high similarity with the motifs of several main
players in plant development ERF6, AREB3 bZIP42, GATA20, and
ZIM. One predicted motif of which the target gene set was enriched
in DNA conformation and cell cycle showed a high similar to the
Arabidopsis motif of TBP3 (ARCCCTAG) (Supplementary Fig. S8,
motif 1). TBP3 encodes a telomeric DNA binding protein and
belongs to single Myb histone gene family, of which the members
preferentially bind to double-stranded telomeric repeats.67

However, not all predicted motifs could be clearly associated with
known TF binding sites in Arabidopsis. To prioritize the most reli-
able motif predictions, we used additional genomics and functional
data to support our findings.

According to their shared supporting features, five groups of pre-
dicted motifs were distinguished. The first group of motifs show a
high similarity to known Arabidopsis motifs and are particularly
strongly supported by all levels of genomic evidence (Supplementary
Fig. S8): compared with their flanking regions and random motif
instances, the location of the predicted motif instances in this group

is strongly centred around the TSS, is depleted for polymorphisms,
and shows overlap with active chromatin and ChIP-seq bound
regions. These motifs occur in genes that tend to be broadly
expressed in many tissues (lower Tau index) and that are enriched in
processes that are widely conserved across species such as ‘DNA con-
formation and cell cycle’, ‘Metabolism and nutrition’, and
‘Regulation of metabolism’ (Supplementary Fig. S8). The more uni-
form expression behaviour across conditions of these genes might ex-
plain why their mutual correlation and hence also connectivity in the
co-expression network is more difficult to capture (as their expres-
sion might not sufficiently vary across conditions). Figure 5a shows a
representative motif from this group of motifs.

Motifs belonging to group 2 also show a high similarity to
Arabidopsis motifs and are particularly well supported by the func-
tional evidence and by the enrichment of their motif instances upstream
of the TSS (Supplementary Fig. S9). Because their target genes show
high variability in expression across conditions (high Tau index), they
also show relatively high connectivity in the co-expression networks,
representative of several different conditions. Their target genes are
highly enriched for ‘secondary metabolites’, ‘hormone and stress re-
sponse’, and ‘growth and development’, processes for which a high
level of polymorphism between individuals has been described.68,69

The overlap between motif instances and SNPs confirms that indeed
the motifs in this group tend to be associated with a rather high level of
polymorphism (an increase rather than a depletion of SNPs at the motif
position). Such a high level of polymorphism could be associated with
natural and artificial selection in maize which benefits from heterosis
and is associated with increased fitness. If functionally divergent alleles
enable adaptation to different environments, spatially heterogeneous
natural selection (balancing selection) might maintain locus-specific
polymorphism.70 This is in line with the fact that genes in this group
are enriched for ‘secondary metabolites’, and ‘hormone and stress re-
sponse’ processes of which are responsible for adaptation and are un-
der more relaxed purifying selection or under stronger diversifying
selection.68,71–73 In addition, the less clear support provided by
the overlap between motif instances and active chromatin regions

Figure 4. Overlap between the location of the predicted motif instances and respectively ACR, ChIP-seq binding locations and SNPs in maize. (a) Fraction of re-

spectively the predicted and random motif instances that overlap with ACRs and their flanking regions. To include flanking regions, the sequences were extended

1 kb up and downstream of the centre of the open chromatin region. (b) Fraction of respectively the predicted and random motif instances and the ChIP-seq corre-

sponding binding sites of 104 TFs. The ChIP-seq binding sites are extended 1 kb up and downstream of the centre of the binding peak to include flanking regions.

(c) Fraction of SNPs that overlap with the location of a motif instance and their surroundings. To include flanking regions, the sequences were extended 1 kb up

and downstream of the centre of the location of motif instances of respectively the predicted and random motifs.
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(ACR and ChIP-seq) can be due to the mismatch between the conditions
in which the chromatin profiling experiments were performed and the
conditions under which the genes carrying the motifs of this group are
expressed, which are as shown in Supplementary Fig. S9 rather tissue spe-
cific. A representative motif of this group is shown in Fig. 5b.

The third group represents potentially novel motifs that show no
match with a corresponding Arabidopsis motif (insignificant P value
and presence of strong mismatch in at least one position)
(Supplementary Fig. S10), but that are well supported by genomic and/
or functional assessments. Motifs in this group were sorted based on
their Tau index (from least to most tissue specific, Supplementary Fig.
S10). Also here, we observe—similar to what we noticed for motifs of
groups 1 and 2—that the higher the tissue specificity of the expression
of the genes carrying the motif, the more the genes show connectivity
in the corresponding tissue-specific co-expression networks and the
less they were supported by ACR, ChIP-seq, and SNP evidence. A rep-
resentative motif of this group is shown in Fig. 5c.

Motifs belonging to group 4 (Supplementary Fig. S11) and group
5 (Supplementary Fig. S12) are less clearly supported by additional
evidence. Even though the genes carrying these motifs show enrich-
ment in a certain GO function (groups 4 and 5) and that motifs of
group 4 (Supplementary Fig. S11) in addition to this, show similarity
to known Arabidopsis motifs, we could not find any support for
these predictions through the genomics or expression-based evidence
(low connectivity in the co-expression network).

4. Discussion

With the increasing availability of sequenced genomes, comparative
analyses to identify TF binding sites are an attractive alternative to
complement tedious experimental approaches. In this work, we pre-
sent BLSSpeller, an exhaustive, alignment-free search for motifs con-
served in orthologous sequences of related species. We applied
BLSSpeller to identify motifs in Z. mays by using a comparative ge-
nomics approach using 16 monocot lineages (obtained from 13
species).

Overall, we observed that despite the high ‘AT’ content of plant
promoters, the motifs identified by BLSSpeller are enriched in ‘GC’.
This is in line with previous studies in plants which also observed
that regions in which TF binding sites occur are GC enriched i.e.,
open chromatin regions7,74 or experimentally identified binding
sites.5

Complementing the predictions with publicly available comple-
mentary data sources allowed pinpointing several promising motif
candidates in Z. mays. Overall, we identified several motifs, motifs
with a match to known motifs in Arabidopsis, but also novel motif
candidates that were supported by additional genomic assessments:
the location of the instances of these predicted motifs are occurring
more frequently than expected by chance in the regions upstream of
the TSS, in active chromatin regions and/or ChIP-seq bound regions.
In addition, the instances of these motifs tend to be depleted of SNPs,
consistent with the action of purifying selection. Also, functional

Figure 5. Representative motifs for each group. (a) Group 1: representative of predicted motifs that show a high similarity with a corresponding Arabidopsis motif and that

are well-supported by genomic assessments; (b) Group 2: representative of predicted motifs that show a high similarity with a corresponding Arabidopsis motif and that are

well-supported by functional evidence; (c) Group 3: novel motifs that do not show any similarity with Arabidopsis motifs, but that are supported by genomics and/or func-

tional evidence. For each row: left panel: most similar Arabidopsis motif (top) and predicted motif (bottom); middle panels: overlap between the motif instances (predicted:

red and random: blue) and respectively ACRs, ChIP-seq binding sites, the occurrence of SNPs, and distance from the TSS; right panel: from top to bottom: tissue specificity

distribution (Tau index), connectivity in co-expression networks, and GO enrichment for genes having at least one instance of the predicted motif under consideration (A color

version of this figure appears in the online version of this article.).
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assessment could support the motifs: genes that share instances of
the same predicted motifs are enriched in similar GO functions and
tend to be more often co-expressed than random gene sets (display-
ing connectivity in the co-expression networks). We observed that
there was an inverse relationship between the levels to which pre-
dicted motifs were supported by the functional versus the genomic
assessments. Genes that were functionally well supported by expres-
sion analysis tended to display a more tissue-specific expression and
were therefore less supported by the chromatin binding assays con-
ducted under one specific condition. In contrast, processes that were
ubiquitously expressed and not condition dependent were less sup-
ported by expression connectivity, but well supported by the avail-
able chromatin accessibility data. This indicates that the chromatin
accessibility landscape varies largely between conditions and is likely
a major factor in contributing to tissue-specific expression. It also
shows that expression connectivity can more easily be captured for
processes that are variably expressed across conditions.

In summary, we show that BLSSpeller, a high-performance motif
discovery tool, can successfully be used to predict novel motifs in a
comparative setting. Combining such predictions with available ge-
nomics and functional data allowed further elucidating transcrip-
tional regulation in Z. mays. Although their impact requires further
characterization, the provided motifs offer a large and valuable
source for further investigation.
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