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Summary 

The field of molecular biology has been revolutionized thanks to progress in sequencing 

technologies, resulting in the availability of an increasingly large number of omics datasets. As 

a result, the analysis and interpretation of big data created new challenges in animal and plant 

research communities. Various types of data are being produced to answer biological questions, 

for example (epi)genomics, transcriptomics, proteomics, and metabolomics data. Given the 

high availability of omics data sets and prior molecular information, processing these data with 

a single statistical model seems promising for obtaining useful insights concerning the 

biological process under consideration. However, due to the inherent noise of the underlying 

technologies that are used to generate high-throughput data, data interpretation requires vast 

biological expertise on top of methods that can efficiently process those data. Moreover, when 

analyzing a novel dataset, the findings from previous studies must be considered, since each 

dataset may convey unique information. The combination of novel and earlier data sets provides 

a more comprehensive understanding of the biology underlying the process of interest. To this 

end, we distinguish between two types of integrative approaches: (1) exploratory data analysis 

(post-analysis integration), and (2) model-based data integration. 

Exploratory data analysis refers to an intuitive way of first analyzing each omics dataset 

separately, and then combining the resulting key features. The limitation of exploratory data 

analysis is that crosstalk between molecular entities at different molecular layers cannot 

properly be explored. 

Model-based data integration is applicable if all layers of information can be captured in a single 

model. In our setting, we make use of methods that rely on a network model to represent and 

interpret different data sources. Network-based approaches have become popular in the field of 

system biology, since these methods allow for an intuitive way to integrate and interpret large-

scale data sets. The application of network-based methods in this thesis can be classified into 

two categories: i) methods that infer networks from omics data to visualize/represent the data 

as gene-gene interaction network (e.g., coexpression networks); ii) methods that use the inferred 

gene-gene interaction network to drive the analysis. By mapping omics data on the inferred 

network prior, the molecular mechanism that drives the phenotype of interest can be revealed. 
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In this thesis, we apply integrative approaches in plant system biology in the context of different 

collaborative studies in order to solve outstanding biological problems.  

In the first collaborative case study, we assess how different expression, epigenetic regulation, 

and functional constraints are associated with the fate of genes that underwent a whole genome 

duplication in sacred lotus (Nelumbo nucifera). For this study, dedicated expression and 

methylation data in lotus were available. These data were analyzed and their results were 

complemented with network-based analyses to study the behavior of genes of different 

duplication origins. We found that, after a whole genome duplication, genes that returned to a 

single copy state show the highest levels and breadth of expression, gene body methylation, and 

intron numbers. On the other hand, long-retained duplicates exhibit the lowest methylation in 

gene flanking regions and the highest degrees of protein-protein interactions and protein 

lengths. Our results highlight the impact of different functional constraints on gene fate and 

duplicate divergence, following a single whole genome duplication in lotus. 

In a second case study, we used an integrative approach to systematically study brassinosteroid 

signaling in Arabidopsis thaliana using mutant lines. The mutant lines were identified through 

a genetic screening process, including a line carrying a loss-of-function mutation in the BRI1 

gene along three activation-tag suppressor lines. By using subnetwork inference methods in 

order to combine molecular prior information on gene-gene interactions with routine genomics 

analysis, we gained valuable insight into the studied process. Our results showed that network-

based methods can provide a clear global picture of the molecular mechanisms underlying 

brassinosteroid signaling.  

In the final chapter, we identify functional cis-regulatory elements by supplementing a 

computational method, BLSSpeller, with an integrative approach. BLSSpeller is a 

computational method to predict cis-regulatory elements by incorporating information from 

closely related species. On top of redesigning BLSSpeller to cope with larger datasets, we 

showed how a multi-omics approach can be applied to comprehensively complement the 

prediction results in order to extract the most reliable predictions. The results of this analysis 

are useful to infer gene functions and to complement gene regulatory networks in maize. 

  



 

Nederlandstalige samenvatting 

Dankzij de vooruitgang in de ontwikkeling van sequentietechnologieën is het domein van de 

moleculaire biologie hervormd, met als gevolg een immer groeiend aantal omics datasets. 

Hierdoor werden de analyse en de interpretatie van big data de nieuwe uitdagingen in het 

onderzoek rond plant en dier. Er worden verschillende soorten data geproduceerd om 

biologische vragen te beantwoorden, bijvoorbeeld (epi)genomische, transcriptomische, 

proteomische en metabolische data. Gezien de grote hoeveelheid omics-datasets en reeds 

gekende moleculaire informatie, lijkt het interessant om al deze data te verwerken met één enkel 

statistisch model, om zo tot nuttige inzichten te komen over het betreffende biologisch proces. 

Door de inherente ruis van de onderliggende technologieën, vereist de interpretatie van deze 

data enerzijds een enorme biologische expertise en anderzijds methoden die deze data efficiënt 

kunnen verwerken. Bovendien moeten bij het analyseren van een nieuwe dataset de 

bevindingen uit eerdere studies ook in overweging genomen worden, omdat elke dataset unieke 

informatie kan overbrengen. De combinatie van nieuwe en eerdere datasets biedt een bredere 

kijk op het onderliggende biologisch proces. Hiertoe onderscheiden we twee integratieve 

aanpakken: (1) verkennende data-analyse (integratie-na-analyse), en (2) data-integratie 

gebaseerd op een model.  

De verkennende data-analyse, is een intuïtieve manier waar elke omics-dataset eerst 

afzonderlijk geanalyseerd wordt, waarna vervolgens de resulterende bevindingen 

gecombineerd worden. De beperking van deze aanpak is dat eventuele crosstalk tussen de 

moleculaire entiteiten in de verschillende moleculaire niveaus moeilijk te onderzoeken is. 

De data-integratie gebaseerd op een model, kan gebruikt worden indien er een gepast model is 

waarin alle lagen informatie bevat kunnen worden. In onze setting steunen we op een 

netwerkmodel om verschillende databronnen weer te geven en te interpreteren. 

Netwerkgebaseerde modellen zijn erg populair in de systeembiologie, omdat deze toelaten om 

grootschalige datasets op een intuïtieve manier te integreren en te interpreteren. In dit 

proefschrift onderscheiden we twee categorieën van e toepassingen van netwerkgebaseerde 

modellen: i) methodes die netwerken opstellen op basis van omics-data, hier worden de data 

gevisualiseerd/gerepresenteerd door gen-gen-interacties (bijv. een coexpressienetwerk); ii) 

methodes waarin een gen-gen-interactienetwerk de analyse aandrijft. Hier wordt nieuwe data 
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afgebeeld op een gekend netwerk, waardoor het onderliggende moleculaire mechanisme 

onthuld wordt. 

In dit proefschrift passen we integratieve aanpakken toe in de systeembiologie, dit doen we in 

de context van verschillende wetenschappelijke samenwerkingen, met als doel openstaande 

biologische problemen op te lossen. 

In de eerste casestudy beoordelen we hoe afwijkende expressie, epigenetische regulering en 

functionele beperking geassocieerd worden met de bestemming van genen na een volledige 

genoomduplicatie in heilige lotus (Indische lotus; Nelumbo nucifera). Voor deze studie was er 

specifiek expressie- en methyleringsdata beschikbaar. Deze data werden geanalyseerd en de 

resultaten werden vervolgens aangevuld met netwerkgebaseerde analyses om het gedrag van 

genen met verschillende duplicatieorigines te onderzoeken. We ontdekten dat, genen die na een 

volledige genoomduplicatie terugkeerden naar enkelvoudige kopieën de hoogste niveaus en 

breedte van expressie, genlichaammethylering en intronengetallen tonen. Anderzijds, vertonen 

de blijvende duplicaten de laagste methylering in regio’s grenzend aan genen en de hoogste 

graad van proteïne-proteïne-interacties en proteïnelengte. Onze resultaten benadrukken het 

effect van verschillende functionele beperkingen op de bestemming van genen en dubbele 

divergentie, na een enkele volledige genoomduplicatie in lotus. 

In de tweede casestudy gebruikten we een integratieve aanpak om systematisch de 

brassinosteroïdesignalering in zandraket (Arabidopsis thaliana) te bestuderen met behulp van 

gemuteerde lijnen. De gemuteerde lijnen werden geïdentificeerd met genetische screening, en 

bevatten een lijn die een verlies-van-functieverandering in het gen BRI1 droeg langs drie 

activatie-label-onderdrukkingslijnen. Met behulp van  netwerkgebaseerde  methodes, 

verkregen we waardevolle inzichten in het onderzochte proces door gekende moleculaire 

informatie op gen-gen-interacties te combineren met een klassieke genomische analyse. Onze 

resultaten toonden aan dat netwerkgebaseerde methoden een duidelijk beeld kunnen geven van 

de moleculaire mechanismen die brassinosteroïdesignalering aandrijven. 

In de laatste casestudy identificeren we functionele cis-regulerende elementen door een 

computationele methode, BLSSpeller, aan te vullen met een integratieve aanpak. BLSSpeller is 

een computationele methode om cis-regulerende elementen te voorspellen door informatie van 

nauw verwante soorten in rekening te nemen. Naast het herontwerpen van BLSSpeller om 

grotere datasets te kunnen verwerken, toonden we aan hoe een multi-omics aanpak de 

voorspellingsresultaten kan complementeren om zo de betrouwbaarste voorspellingen te 

verkrijgen. De resultaten van deze analyse zijn nuttig om genfuncties te bepalen en om 

genregulerende netwerken voor mais (Zea mays) aan te vullen.
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Introduction and background 

“The best and most beautiful things in the world cannot be seen or even touched — they 

must be felt with the heart” 

- Helen Keller 

 

1.1 Introduction 

In the last decade, biology has increasingly become data-driven. Large datasets generated by 

high-throughput technologies which containing information on various omics layers such as 

(epi)genomics, transcriptomics, proteomics, and metabolomics have been submitted to the 

public domain (Figure 1.1). The availability of such large-scale datasets brought new challenges 

to the scientific community in data processing, correction, and interpretation perspective. As 

more data become available, the integration of these datasets provides a holistic view of 

complex biological systems and of the interplay between different components of those 

systems. Methods to integrate omics data and prior molecular knowledge can be subdivided 

into exploratory data analysis and model-based data integration [1]. Different integrative 

methods rely on the use of a network model to represent different information sources. 

In this thesis, we tried to answer a diverse set of fundamental research questions in plant biology 

by integrating different sources of omics datasets and prior information. Below we first 

introduce some general biological concepts. Subsequently, we provide an overview of the omics 

data sources that are used in the thesis, and finally, we describe why network-based methods 

offer an ideal approach to represent the prior molecular information and omics datasets in the 

integrative approaches.  
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 Figure 1.1 Large-scale datasets at different omics levels are becoming available that provide 

information on the structure, quantification, and modification of molecular entities at different omics 

levels. Examples of advanced technologies to produce omics data are shown next to each omics level.  

 

1.2 Basic biological concepts used in the thesis 

All the genetic information encoded in DNA consists of a four-letter code: A, T, C, G; standing 

for Adenine, Thymine, Cytosine, and Guanine, respectively. These are the nucleotide bases of 

DNA and their combination encodes all the information necessary to perform required 

biological functions during growth, development, and in response to internal and external 

signals. In order to translate the code to biological function, the code has to be transcribed into 

messenger RNA (mRNA) by the transcription machinery. Subsequently, the translation 

machinery, the ribosome, can read the mRNA and turn it into proteins. The genetic code in 

mRNA molecules is read in triplets, each representing a code for a single amino acid. Finally, 

chains of amino acids form proteins which play many critical roles in the cells and translate the 

genetic codes to phenotypes (Figure 1.2). 
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Figure 1.2 Simplified picture of complex processes by which the genetic information stored in DNA is 

translated into RNA and then RNA is translated into proteins as the functional agents in the cell. 

 

Changes to the genetic code (mutation) can potentially lead to changes in proteins being 

produced and thus to distinct phenotypes. Although the majority of the mutations are either 

neutral or deleterious, they are a great source of phenotype variation that is at the heart of 

evolution and adaptation in response to environmental changes. In the plant genomics 

community, quite some effort has been invested in identifying and predicting the relationship 

between the genetic code and phenotype of the plant as understanding this relationship 

facilitates phenotypic engineering, a process in which the genomic information is altered to 

obtain traits desired by human needs. High-throughput technology has boosted our 

understanding of information flow from the genetic code to phenotypes. In the next section, we 

give an overview of the different types of omics data and the online resources containing these 

data in model plants.  

1.3 Sources of large-scale omics datasets 

The entire genome of an organism can be sequenced in less than a single day thanks to 

massively parallel sequencing technologies, so-called next-generation sequencing (NGS). We 

will refer interested readers to the history of NGS development and its connection to the 

traditional Sanger sequencing [2-5]. Eventually, NGS platforms generate millions of small 

fragments of (c)DNA, so-called short reads. Piecing together this fragmented information to 

recover the original information contained in the molecules provided to the sequencing 
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machines, is referred to as the assembly process. To this end, short reads are mapped to a 

reference genome, if this is available [6]. Alternatively, the reads can be assembled without 

prior genome information using de novo assembly methods [7]. NGS can be applied to sequence 

the entire genome or transcriptome, or constrained to target regions of interest. For example, 

active chromatin regions can be captured using ChIP-seq or ATAC-seq protocols and subjected 

to sequencing [8].  

Availability of cost-efficient NGS technologies and highly efficient software to process the data 

obtained from NGS machines, along with rapid development and enormous progress in other 

omics fields to profile proteins and metabolites have made it possible to obtain large-scale 

molecular data within a tissue, and more recently even at single cell level [9]. Data at different 

molecular levels can be generated using those technologies. The profiling of genomes, RNA, 

metabolites, proteins, and epigenetic marks on DNA or histones is referred to as respectively 

genomic, transcriptomic, metabolomic, proteomic, and epigenetic profiling. Processing those 

data to extract meaningful and unbiased biological results requires specialized bioinformatics 

expertise (Figure 1.3). Many methods and tools have been specifically developed to analyze 

each type of high-throughput data as it is not trivial handle to the biological and technical noise 

that goes together with the generation of omics data [10, 11]. Below we will review the most 

commonly available large-scale and high-throughput omics data types for plant species.   

  

Figure 1.3 The Figure shows how information from different omics sources can be used to increase our 

fundamental understanding of plant responses. Such understanding can pave the way for 

biotechnological programs that focus on improving crop performance, quality, or response to stress. 

Sources [12-16] 
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1.3.1 Genomics data 

Each organism has unique genomic information that differs from the genomic information of 

other individuals of the same species by differences in single nucleotide polymorphisms (SNP), 

indels (insertion or deletion), copy number variations, chromatin rearrangements, etc. 

Identifying those differences within and between species is the focus of genomics studies as it 

can explain differences in observed phenotypes. To facilitate uncovering those differences, 

more than 600 plant reference genomes have been sequenced and made available in public 

repositories [17]. Availability of the reference genome would facilitate generating and 

processing other high-throughput data at the DNA level (genomics data). Genomics data are 

generated to characterize the content, structure, organization, and dynamics of DNA. Using the 

genomics data and genome sequence, hidden information such as functional regions can be 

uncovered [18]; adaptive responses that took place during evolution (natural selection) can be 

reconstructed [19]; and the adaptive behavior of an organism in response to environmental 

constraints or artificial selection can be predicted [20]. Furthermore, within-species and cross-

species comparisons and comparative genomics can establish which genes are common to all 

plants or specific to a particular species, or they can even determine differences at the single 

nucleotide level [21, 22]. For example, the difference in a single nucleotide in the regulatory 

region in the DNA sequence can change the binding site of a transcription factor (TF). As a 

result, individuals with a different nucleotide in that position might undergo different regulation 

of a specific biological process [23]. Besides cultivars, remarkable progress in NGS 

technologies has enabled the characterization of wild types and landraces to study the genomes 

among a large number of diverse individuals. Regarding crop improvement, genome 

information can facilitate exploring new genes and traits for potential application in breeding 

and biotechnological programs. Those resources can be used in advanced crop improvement 

programs for making critical decisions, i.e., genomics selection or identifying the candidate 

regions for targeted gene editing [24]. Many tools and databases have been developed for 

visualizing, mining, and analyzing plant genomics data such as Ensembl Plants [25], PLAZA 

[26], Phytozome [27], and many more.  

1.3.2 Epigenetics data 

Epigenetics aims at studying the reversible modifications on the DNA without altering the 

underlying DNA sequence. Such modifications include for instance DNA methylation, histone 

modifications, chromatin accessibility, and transcription factor (TF) binding sites [28, 29]. 

Epigenetic modifications influence the accessibility of chromatin to the transcriptional 

machinery and hence result in transcriptional activation or gene silencing. Hence, epigenetics 

data is advancing our understanding of gene expression regulation and complement expression 

data. The levels of epigenetic features (e.g., the level of DNA methylation and chromatin 

accessibility) can be measured using NGS technologies by capturing the regions of interest, 

followed by sequencing [30-32]. Below different types of epigenetics data are described in more 

detail. 



1-6                                                                                                                                               CHAPTER 1 

1.3.2.1 DNA methylation 

DNA methylation occurs at the 5ʹ position of cytosine which is conserved in plants and 

mammals. This methylation can be profiled using Bisulfite sequencing (BS-seq) or other 

advanced NGS-based methods [33]. Plant DNA methylation is a dynamic process mediated by 

methylating and demethylating enzymes and regulatory factors, occurs in cytosine sequence 

contexts: CG, CHG, and CHH (H represents A, T or C), mostly in heterochromatin regions [34]. 

DNA methylation is the main player in transposon silencing, gene expression regulation, 

chromosome interactions, and genome stability [35]. As a result, the DNA methylation state is 

crucial for development and environmental stress responses and can serve as environmental 

memory for plants to adapt to environmental changes [36-38].  

1.3.2.2 Chromatin accessibility  

The structure of DNA at the chromatin level is highly dynamic and this property influences the 

interaction of the transcriptional machinery with binding regions on the DNA. The chromatin 

accessibility landscape can be profiled to determine the active regions of the DNA to which 

nuclear macromolecules or TFs can bind. The genome-wide chromatin accessibility landscape 

can be quantified by enzymatically (DNase I, MNase, Tn5 transposase) or chemically 

(Formaldehyde) fragmenting the genome and isolating either the accessible or protected 

locations which are subsequently sequenced [31]. ATAC-seq is one of the commonly used 

methods for profiling accessible chromatin. It uses a hyperactive Tn5 transposase to insert 

Illumina sequencing adaptors into accessible chromatin regions. Publicly available ATAC-seq 

data provide a great resource to locate putative TF binding sites [39].  

1.3.2.3 TF binding sites 

Chromatin immunoprecipitation (ChIP-seq) assays are powerful methods to capture and 

sequence the DNA binding sites of a specific TF at the genome level (ChIP-seq). Unlike open 

chromatin assays, ChIP-seq can locate TF binding sites with higher resolution. To rapidly and 

inexpensively interrogate large numbers of TFs, DNA affinity purification sequencing (DAP-

seq) was introduced that uses in-vitro-expressed TF to interrogate naked gDNA fragments to 

establish binding locations (peaks) and sequence motifs [40]. DAP-seq has been successfully 

applied to uncover the regulatory binding landscape of several plant species [40-44]. However, 

like other high-throughput methods, ChIP-seq and DAP-seq come with technical limitations 

including limited capacity to detect the binding sites of poorly expressed proteins (TF), and the 

dependence on the availability of specific antibody against the TF. Despite those limitations, 

ChIP-seq and DAP-seq have become indispensable tools for studying gene regulation and 

epigenetics. 

1.3.3 Transcriptome data 

NGS technologies can also be applied to profile the expression level of genes by determining 

the amount of RNA that is produced in a specific tissue or cell. The amount of RNA is used as 
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a proxy of the levels of proteins present in a cell. Hence, determining the differences in gene 

expression between individuals can help explain differences in observed phenotypes. 

Transcriptome analysis is commonly used to study the adaptive behavior of plants to 

environmental or developmental signals. In addition, it has been widely used to annotate 

reference genomes. If accompanied by genomics data, the transcriptomics data will provide 

valuable information to link changes in gene expression to genomic changes (aka eQTL 

mapping) [45, 46]. Two high-throughput methods coexist to quantify the amount of (m)RNA 

transcribed for every gene in the genome: microarrays and RNA-seq. Microarray is a 

hybridization-based approach for high-throughput expression analysis that only profiles 

predefined genes through probe hybridization. Specifically, a microarray is a laboratory tool 

that consists of a collection of microscope probes attached on a solid surface. In the 

hybridization step, strands (stranded cDNA) with the complement sequence of the probe will 

bind to the corresponding probe. Hybridization can be detected by linking probes with 

fluorescent or radioactive labels to be quantified. Although microarrays are increasingly being 

replaced by RNA-seq, it was commonly used for transcriptome profiling due to its cost 

efficiency and its standardization for model organisms, such as Arabidopsis. In addition, large-

scale microarray databases that have been produced over the years are still being used in meta-

analyses and comparative studies. Overall, it is considered an accurate, cost-effective, sensitive, 

and reliable technique, especially under high sample size conditions. 

RNA-seq has emerged as an alternative method to profile gene expression which is very similar 

to genome sequencing and allows for full sequencing of the whole transcriptome [47]. Briefly, 

by breaking the cDNA into fragments, the nucleotide content of each fragment, i.e., sequencing 

reads, can be determined using next-generation sequencing machines. After prepossessing and 

quality filtering, the reads are mapped to the corresponding reference genome for gene 

expression quantification. Compared to microarrays, RNA-seq identifies more modulated 

protein-coding genes, allows for detecting splice variants, and non-coding transcripts, and 

provides a wider quantitative range of expression level changes [48, 49]. Due to the drop in cost 

and other advantages, it has become the standard and preferred technology over microarrays 

for gene expression profiling. 

1.4 Represent biological information as a network  

Powerful and scalable technologies enabled the generation of genome-wide datasets in 

genomics, epigenetics, metagenomics, proteomics, metabolomics, from which the interaction 

among molecular entities can be inferred [50-52]. Interaction information is typically 

represented as a graph or biological network consisting of nodes and edges. A network is a 

collection of nodes linked by edges. In the biological context, nodes represent molecular entities 

(genes, transcripts, proteins, metabolites, etc.), while edges represent pairwise relations 

(physical interaction, similarity in function or expression, activation or suppression, etc.) 

between the entities represented by the nodes. A set of attributes or features can be associated 
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with nodes or edges in the network to provide extra information. Some important terminologies 

related to network analysis used in this thesis are explained below. 

1.4.1 Exploiting networks 

In a directed network, the edges are valid only in one direction (direction from the source node 

to target node) while in an undirected network the direction is valid both ways (source and 

target nodes are interchangeable). In a weighted network, a confidence score (weight) is 

associated with each edge reflecting the degree of dependency between source and target (to 

what extent they are functionally dependent), or the degree of confidence on the inferred edge 

using prediction methods (e.g., consistency in detection or prediction from different methods 

or datasets). In contrast, the edges in an unweighted network are binary. This reflects that there 

is no reason to believe one interaction is stronger or more reliable than other edges. In some 

cases, the weighted network is converted to an unweighted one for computational convenience 

(this is also true for directed and undirected networks). Negative weights (e.g., derived from a 

negative correlation between the expression profiles of two genes) are normally converted to 

positive weights as popular network algorithms expect positive values as edge weights. For the 

sake of simplicity, we simplified networks by filtering self-loops and multiple edges between 

two nodes. 

Neighbors (first-order neighbors) refer to two nodes in the network that are connected by at 

least one edge. Second-order neighbors consist of all nodes that are connected to the node of 

interest by one intermediate node. Similarly, higher-order neighbors (third-order, fourth-order, 

etc.) are defined by the number of intermediate nodes needed to connect the two nodes under 

consideration. A path is a sequence of edges which joins a source to a target node. Length of a 

path is the number of edges in the path that are needed to reach the target node from the source 

node. A network is connected if for each node at least one path exists to any of the other nodes 

in the network; otherwise, the network is disconnected and consists of a set of sub-networks or 

connected components. The degree of a node is the number of edges connecting that node to 

its adjacent nodes. In a directed graph, the outdegree is the number of edges leaving the node 

of interest, while the indegree is the number of incoming edges ending at the node of interest. 

A hub is a node with a high degree. A network can be represented as an adjacency matrix, i.e., 

square matrix with binary entries (or edges weights) indicating whether an edge exists between 

nodes in row ‘i’ and column ‘j’. The adjacency matrix is the algebraic representation of a graph 

and can easily be used to extract structural information.  

1.4.2 Homogeneous biological networks 

Different types of biological networks exist that capture interactions at different molecular 

layers. Homogeneous networks typically capture one specific level of information. For 

instance, protein interaction networks correspond to interactions among proteins, regulatory 

networks contain interactions between TFs and their targets, metabolic networks represent 
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interactions between metabolites and enzymes, and coexpression networks represent mutual 

similarity in expression profiles between genes (Figure 1.4).  

 

 

 

Figure 1.4 Examples of biological networks. Nodes represent biological units, and edges represent the 

type of connection among nodes. An edge can be directed, and its associated weight indicates its 

reliability. Regulatory networks are an example of directed networks that represent the flow of signals 

from TFs to targets. Protein interaction networks are often undirected and indicate the physical 

interaction among proteins. Coexpression networks are inferred from expression data with undirected 

edges. Metabolic networks are more complex including directed, undirected, activator, and suppressor 

edges. 

1.4.2.1 Gene regulatory networks 

Gene regulation is a complex process in which TFs bind to the regulatory regions of their target 

genes. These regulatory regions or TF binding sites are non-coding genomic regions that are 

either located in the vicinity of the target genes (cis-regulatory elements) or many kilobases 

away from their target genes (distal regulatory elements). Next to transcriptional regulation, 

many additional processes such as phosphorylation, and other protein modifications such as 

carbonylation, glycosylation, and S-nitrosylation affect signaling [53, 54]. These different 

regulatory mechanisms do not act independently. The crosstalk between these mechanisms 

forms an interconnected regulatory system that senses and integrates endogenous and 

environmental signals and converts them into altered gene expression. The complex regulatory 
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connections from regulators to their target genes can be summarized in a gene regulatory 

network.  

PlantTFDB (http://planttfdb.cbi.pku.edu.cn/) provides a comprehensive, high-quality resource 

for both plant transcription factors (TFs) and their targets for 165 plant species. It includes: (i) 

a set of high-quality, non-redundant TF binding motifs derived from experiments; (ii) multiple 

types of regulatory elements identified from high-throughput sequencing data; and (iii) 

regulatory interactions curated from the literature and inferred by combining TF binding motifs 

and regulatory elements [55, 56].  

1.4.2.2 Protein interaction network 

Understanding protein interactions is crucial to unveiling the mechanisms underlying plant 

response to internal and external signals. The protein interaction network is a graph 

representation of the physical binding of proteins to each other in the cells derived from protein 

binding assays [57, 58]. The edges in the protein interaction network can represent stable 

(formed in protein complexes) or transient (to make protein modifications) bindings [59]. 

Unlike stable interactions, transient or dynamic interactions are more challenging to identify by 

experimental or computational methods [60]. Protein interactions can be directed or undirected, 

with the majority of them being indirect. Protein interaction networks have only been 

experimentally assessed for model species such as Arabidopsis, and even for those model 

species, only a subset of the protein interactions has been characterized experimentally [61]. 

Most interactions are extrapolations of interactions from other model organisms (interologs) 

[62, 63]. For instance, Geisler-Lee et al. [64] identified 19,979 interactions for 3617 proteins in 

Arabidopsis thaliana by aligning with S. cerevisiae, Caenorhabditis elegans, Drosophila 

melanogaster, and Homo sapiens. In addition, protein interactions are often biased toward well-

studied genes, which often have high numbers of associated functional annotations 

(“multifunctional”) [65]. Therefore, the protein interaction networks from public databases 

such as String [66] must be used and interpreted with care, especially for non-model plant 

species.  

1.4.2.3 Metabolic network 

A metabolic network comprises enzymes and metabolites as nodes and chemical reactions 

between nodes as edges which represents the most important physiological and biochemical 

processes in a cell [67]. Unlike protein interactions, the majority of metabolic interactions are 

directed, starting from precursors to intermediate and end-point metabolites. As metabolites 

represent the endpoint of gene-environment interactions, metabolic interactions are considered 

the most reliable source of interactions between molecular entities. Hence, metabolic networks 

are at the heart of system biology methods and have been extensively used to complement, 

validate, and interpret different omics datasets [68-70]. Upon genome sequencing, 

reconstructing the metabolic network of the sequenced genome is common practice in all 

organisms. This is because metabolic reactions are highly conserved among species and the 

http://planttfdb.cbi.pku.edu.cn/
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available information can be extrapolated to a newly sequenced genome [71, 72]. However, this 

extrapolation is only possible for highly conserved metabolic processes, which only cover a 

small set of genes. Identifying lineage and species-specific metabolic processes, and changes 

in the rate and levels of metabolites in response to internal and external signals is a challenge. 

As a result, a metabolic network covers relatively fewer genes than a network derived from the 

transcriptome and proteome [73]. Several databases and tools have been developed for 

metabolic pathway analysis in plants such as KEGG [67], Plant Metabolic Network or PMN 

[71], MetaCyc [74], and MapMan [75].  

1.4.2.4 Gene coexpression network 

Gene coexpression networks are inferred from gene expression measurements using microarray 

or RNA-seq data. Each gene is represented by its expression profile (a vector containing the 

expression of the gene in many different samples, genotypes, or conditions). Subsequently, the 

pairwise similarity between these gene expression vectors is determined. In the simplest form, 

the similarity is calculated using the absolute value of the pairwise Pearson correlation 

coefficient. Those pairwise gene-gene similarities are converted into an undirected network, 

after filtering the weak correlations. The resulting network consists of edges with associated 

correlation values greater than a user-specified cutoff. In this network, nodes correspond to 

genes and edges represent the mutual similarity in expression profiles between the connected 

nodes. Many improvements have been proposed to avoid hard-thresholding [76], to alleviate 

the impact of outliers [77], and to reduce the number of false associations [78]. Taken together, 

the choice of an appropriate similarity measure and some careful preprocessing of the 

expression data is the key to constructing a reliable coexpression network [79, 80]. Like other 

networks, statistical machine learning methods can be applied to coexpression networks to 

associate genes of unknown function with biological processes, prioritize candidate genes, infer 

gene regulatory interactions, and to compare properties of the gene groups in the network. 

Similarly, a coexpression network can be used for clustering nodes into groups such that nodes 

belonging to the same group are functionally related and share common properties. For most 

plant species, coexpression networks have been constructed and sorted in repositories such as 

PlaNet [81], ATTED-II [82], and AraNet [83].  

1.4.3 Heterogeneous interaction network 

Each homogeneous biological network is derived from their cognate experimental data sources 

to capture interactions at a specific molecular layer. Unfortunately, such experimental 

approaches are limited in their breadth and resolution for technical and budgetary reasons, 

which makes the inferred biological networks incomplete [30, 84, 85]. Integrating different data 

sources can increase the breadth and depth of these homogeneous networks [86, 87]. For 

instance, coexpression information can be used to support inferred protein interactions [88] or 

to infer TF target relation [89]. Alternatively, different levels of biological networks can be 

combined into a single heterogeneous interaction network. In the word of Aristotele: the whole 
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is greater than the sum of its parts, indeed an interaction network built from different 

information layers can better explain systematic mechanisms that control complex traits, and it 

can predict the behavior of biological systems with higher precision [87, 90, 91]. However, 

constructing interaction networks is not trivial. To this end, interactions from different 

experiments performed in different conditions are typically combined. This often results in 

networks that are over-connected but at the same time incomplete and may not accurately 

represent the ‘biological truth’. Therefore, sophisticated biological knowledge and advanced 

computational methods are required to extract relevant information from such noisy networks 

[89]. 

1.5 Integrative analysis in plants systems biology 

As mentioned before, the increase in high-throughput sequencing data from different layers and 

availability of prior molecular information allowed researchers to move from studying the 

cellular response at a single omics level toward exploring the behavior of an entire system at 

different molecular layers (DNA, RNA, proteins, etc.) (Figure 1.3). However, integrating the 

heterogeneous prior molecular information and the data generated from high-throughput 

techniques requires systematic approaches, which is proven to be a difficult task [92]. Advanced 

and well-defined methods are needed to ensure accurate large-scale data analysis and extract 

meaningful results by integrating multiple types of quantitative and qualitative molecular data. 

Two classes of approaches for multi-omics data analysis are relevant to this dissertation: i) 

exploratory data analysis (post-analysis data integration), and ii) model-based data integration 

(Figure 1.5). 

The exploratory data analysis refers to an intuitive way of first analyzing each omics dataset in 

isolation, and then stitching the key feature results together in a post-processing step, to search 

for patterns that are supported by all complementary datasets. More specifically, it aims to find 

the underlying relationship between datasets in a descriptive manner or to predict a certain 

response using one or more explanatory datasets [93]. Approaches based on the aforementioned 

sequential analysis depend on in-depth biological insight. New candidate genes involved in 

complex phenotypes can be introduced using exploratory data analysis approaches and can be 

provided to wet-laboratory researchers for further investigation [94]. Prioritizing candidate 

genes and suggesting the mechanism of a gene’s effect on a particular phenotype requires 

knowledge from literature and system-level information of all molecular entities. For example, 

transcriptome, proteome, and metabolome data have been explored to identify stage-specific 

biomarkers for biological processes in several plant species [95-98].  

Exploring prior molecular knowledge, omics datasets, and phylogenetic data is also a common 

approach. For example, De Smet et al [99] associated gene function with gene copy number 

state by exploring sequence information and expression datasets. Similar studies have explored 

the combination of molecular prior information, sequencing, expression, and epigenetics data 

to provide deeper insight into genes function and uncover genetic components that shaped 

observed evolutionary patterns in plants [100-103].  
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Figure 1.5 Principal differences between exploratory data analysis (left) and model-based data 

integration (right). In the exploratory data analysis, each dataset is analyzed in isolation, and conclusions 

are made based on collective information from different levels. In model-based data integration, data 

are integrated into a single model, typically a network, to be explored at once. Source [73]. 

 

Although it is possible to explore each omics dataset separately, the crosstalk between the 

molecular entities at different molecular layers cannot be properly assessed by analyzing each 

dataset in isolation [104]. Model-based integration methods are algorithmically more 

complicated but can only be applied if all layers of information can be captured in a single 

appropriate model. Different integrative methods rely on the use of a network model to 

represent different information sources. This is because networks provide an intuitive way to 

represent biological information and molecular interactions. Networks can be used or explored 

with graph-based algorithms and mathematical models that have been developed or adopted 

from other domains [105]. The way a network is used largely depends on the research question 

at hand. Their applications are widespread, ranging from inferring gene or protein function 

through the guilt by association principle [106]; predicting interactions among biological units 

[107]; prioritization of gene lists [108], and inference of active subnetworks that could best 

explain the observed phenotype of interest in a specific experiment [17]. Because of their 

popularity, we will review some network-based methods that are used in plant systems biology 

studies.  
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A very popular approach is the representation of single omics data as a network to identify 

functional relationships between molecular entities. This is achieved by assuming that genes 

associated or interacting in a network are more likely to share function. This process is known 

as guilt by association (GBA) which relies on module inference. GBA has been widely used in 

biology to assign a function to unknown genes [109, 110]. Practically, GBA can also be used to 

prioritize genes that control phenotypes of economic importance, such as tolerance to 

environmental stress and resistance to disease using information available on known genes 

[111, 112].  

With the rapid accumulation of large expression data for many plant species, coexpression 

network analysis is one of the most popular methods to detect gene modules that show high 

transcriptional coordination across a variety of experimental conditions [79]. Coexpression 

analysis has been successfully applied to infer transcriptional regulatory networks for nitrogen 

metabolism [113], to identify and associate new genes to metabolic pathways [114], to transfer 

gene functional annotation from model plants to non-model plants using comparative 

coexpression analysis across plant species with homology information [115], and to prioritize 

candidate SNP-associated genes [116].  

Gene regulatory networks (GRN) are another popular and powerful tool that reflects a blueprint 

of the molecular interactions underlying plant responses. GRN has been employed to identify 

new regulatory connections for metabolic pathways [117] or in response to environmental and 

intrinsic signals [118, 119].  

Despite being powerful, protein interaction networks (PIN) are less characterized compared to 

gene regulatory networks and coexpression networks, due to the limited availability of cost-

effective and statistically powerful methods for characterizing protein functions and 

interactions in plants [120].  

However, network-based methods that rely solely on a single level of information and that do 

not use any additional information have a poor performance to prioritize genes for a specific 

trait or biological process [121, 122]. This is because the network is treated as a static reference, 

which does not reflect the dynamic nature of molecular networks [111]. In addition, the 

association between GBA and some biological network properties, e.g., a “scale-free” degree 

distribution is not well explored [121]. In some cases, prediction performance could be 

attributed entirely to node degree effects [65]. However, networks constructed from single 

omics data are helpful in assessing the quality of other networks, and the performance of 

computational methods, by assuming that a high-quality network or computational results 

should map well onto known gene function information and other molecular information [121, 

123]. 

 

Studies that integrate more than one level of information go a step beyond. A pioneer algorithm 

for this class is ENDEAVOUR [124] which calculates gene-wise statistics from heterogeneous 

genome-wide data sources (including molecular interactions) and ranks genes according to their 

similarity to known genes involved in the biological process under analysis. For example, 



INTRODUCTION                                                                                                                                      1-15 

Lysenko et al. (2013) identify candidate virulence genes in the fungus Fusarium graminearum 

by integrating gene coexpression, protein-protein interactions, and sequence similarity [125].  

1.6 Network-based omics data interpretation 

Networks derived from publicly available molecular interaction data (PIN, GRN, GCN, etc.) 

are often used as a scaffold or roadmap to interpret an in-house generated omics dataset. This 

application is referred to as network-based data interpretation [90, 108]. Analysis of omics 

data reveals a list of genes (or other biological entities) of which the behavior or state is 

significantly altered between individuals or conditions, e.g., a list of genes that are differentially 

expressed, genes with different copy number states, differentially methylated genes, etc. 

Although gene lists identify entities that are activated or inhibited, the direct casual and 

functional associations between the entities in the gene list and the observed phenotype cannot 

be established [89, 126]. Mapping the gene list on a network prior can help to systematically 

explain how listed genes interact to drive the phenotype of interest and recover the unobserved 

mechanisms at upstream or intermediate molecular levels [69, 73]. By leveraging candidate 

genes with known interaction information, spuriously identified candidate genes can be 

removed as they will not be part of the subnetworks. In addition, genes relevant to the process 

of interest that were not measured due to technical limitations or their biological properties, are 

indirectly identified by being part of a connected subnetwork to which also many of the 

candidate genes belong. Hence, these subnetworks reflect the pathways of relevance triggered 

by the studied process. This is of particular importance for complex traits such as plant response 

to stress in which many genes with small effects interact in a complex system to drive the 

response [112]. The advantage of subnetwork analysis is that the backbone interaction network 

used to drive the analysis contains next to well-annotated connections between genes also less 

well-documented edges, derived from the large body of publicly available omics datasets. This 

allows to also assigning genes without GO annotation to a process of which their neighbors 

involved. It is also possible to infer causality relationships by identifying the upstream programs 

of the modules to describe the cause of observed changes in molecular entities behavior.  

Advanced methods have been developed to overlay the omics data on the interaction scaffold. 

Some clustering-based methods search for subnetworks in the weighted interaction network 

using (multi)omics data. The weight on the edges can be derived from either the node properties 

(such as expression, copy number, etc.) or from the structure of the graph. The former uses node 

features and assigns a higher weight to the edges that connect nodes sharing common features. 

For example, an edge between two genes that have a similar copy number or mutation state 

between different individuals gets a high weight. Examples of those methods include 

iOmicsPASS [127], and SteinerNet [128]. The weight of an edge can also be derived from the 

structure of the graph. Two nodes are more similar and hence will be assigned a higher weight 

if they are structurally close. Examples of algorithms that incorporate the structure of the 

network to assign weight to the edges of the interaction network are nuChart [129] and SNF 

[106]. Ignoring the edge directionality and treating the interaction network as an undirected 
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graph is the main limitation of those methods. PheNetic [90] is unique as it can incorporate both 

the weights and the directionalities of the edges. In PheNetic, candidate genes identified through 

an omics study are mapped on the interaction network, and subsequently, the algorithm searches 

for subnetworks that connect as many candidate genes as possible using the least number of 

edges. The edge weights can be derived from both features on the nodes (coming from omics 

data) and the structure of the graph. Features on the nodes allow for integrating data from a 

specific omics study with the network scaffold [127, 128], while the structure of the network is 

handy to alleviate the effect of hubs in the downstream analysis (Figure 1.6) [90, 108, 130]. 

Network-based interpretation is powerful but also comes with certain assumptions. Casting the 

data in a way they can be modeled together is not trivial and also not feasible for each 

application. Other limitations of network-based methods are discussed in the last chapter.  

 

 

Figure 1.6 The flow of mapping candidate genes resulting from an omics study on the interaction 

network. First, relevant datasets are collected, processed, and converted to molecular networks at 

different molecular layers. Then, the molecular networks from different sources are combined in an 

integrated interaction network. The gene list containing candidate genes from an omics study is mapped 

on the interaction network.  

 

1.7 Integrate sequence data with other omics data 

As the amount of generated sequence data grows, new biological questions can be answered by 

mining thousands of genomic datasets that span different technological platforms, genotypes, 

tissues, and developmental stages (Curtis Huttenhower, Oliver Hofmann, 2010). Due to its 
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complexity, gene regulation is a good candidate to be investigated by such large-scale datasets. 

Upon binding of the TFs to cis-regulatory elements (CREs), the expression of the target genes 

can be activated or repressed in response to developmental and environmental signals. 

However, each gene can be regulated by multiple TFs and each TF can target thousands of 

downstream genes which form a complex system of regulatory networks. Uncovering the 

details of this regulatory network and CREs identification is essential for understanding the cell 

response to the internal and external stimuli and can facilitate synthetic biology and metabolic 

engineering [131, 132]. Integrating omics datasets with other molecular data to identify 

transcriptional regulatory mechanisms is an active research subject [133]. The pioneering 

algorithms to integrate molecular information and omics datasets to infer transcriptional 

regulation are GRAM [131], DISTILLER [134], SEREND [135], DeMAND [136], SIRENE 

[137], and GeneXPress [126]. We refer interested readers to reviews on integrative methods to 

infer gene regulatory interaction [89, 132]. 

Discovering TF binding motifs is a key step in inferring gene regulatory networks [43, 138, 

139]. The most reliable way to discover binding sites is through experimental approaches [40, 

140]. Charting the entire regulatory landscape is becoming a routine practice thanks to the 

recent progress in genomics. This includes experimental high-throughput approaches to 

characterize the binding sites for a specific cluster of TFs through ChIP-seq and DAP-seq, open 

(accessible) chromatin regions through DNase-seq and ATAC-seq, chromatin interacting sites 

using Hi-C, and epigenetic marks such as DNA methylation and histone modification [30-32, 

40, 141].  

Unfortunately, such experimental approaches are limited in their breadth and resolution for 

technical and budgetary reasons [30, 31, 40]. In addition, because the data generation process 

is noisy and assumptions are made during data analysis, the final binding regions cannot be 

located exactly but often cover hundreds to a thousand bp. In addition, for non-model 

organisms, the application of the experimental approaches is limited by the lack of genome 

information [30, 141]. Computational approaches can complement experimental approaches in 

order to validate or to pinpoint the accurate location of the experimentally identified TF binding 

sites. Phylogenetic footprinting is a comparative approach that integrates information from 

closely related species to overcome spurious predictions in binding site identification [142]. 

Functional binding sites should be well conserved in closely related species as most mutations 

in functionally important regions mostly interfere with their functionality and would be pruned 

through selective pressure over the time [18]. Therefore, conserved regions in the homologs 

from closely related species can be candidate binding sites. Among the tools for phylogenetic 

footprinting, BLSSpeller is unique in the sense that it explores the full sequence space and 

allows for alignment-free search by easing the constraint that a binding site must be well aligned 

[143]. The computational prediction can be integrated with a wide range of genomics and 

functional molecular data to identify the best candidates for further investigation.  
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1.8 Research goals and outline 

This dissertation is a compilation of collaborative research papers in which we applied 

integrative analyses to answer biological questions on specific plant systems. We specifically 

focus on combining expression data with other information sources. We hereby made use of 

both exploratory data analysis and network-based approaches. 

Chapter 2 studies the fate of genes following an ancient whole gene duplication (WGD) in 

sacred lotus. Lotus is the only species that experienced a single WGD after diverging from the 

basal-most angiosperm, Amborella, and for which a well-assembled genome is available. We 

studied the expression, epigenetic regulation, and functional constraints that shape gene fates 

following a WGD. This is important to provide deeper insight into genes function as gene 

function is not independent of gene copy number state. In addition to standard genomics 

analysis, a network-based method was adopted to explore and compare the behavior of genes 

with different duplication states in more detail. More specifically, we tested the gene balance 

hypothesis (GBH) on the network. The GBH states that the fate of duplicates in transcription 

factors or kinases after WGD is largely shaped by their hub-like properties in the network and 

those genes can only be retained or deleted together with their “interactors”. This hypothesis 

was tested in the physical interaction network inferred from Arabidopsis. We also classified 

duplicate gene pairs based on their properties in the coexpression network and linked the 

expression divergence of these gene pairs with their divergence in sequence and function. 

  

In chapter 3 we employed an Arabidopsis mutant line carrying a loss-of-function mutation in 

the BRI1 gene (involved in brassinosteroid (BR) signaling pathway) along with three activation-

tag suppressor lines that were able to partially revert the BRI1 mutant phenotype (dwarf) to a 

wild-type phenotype. The “activation tagging” falls into the inserted DNA category that 

involves generating random genomic insertions of a transgene that contains transcriptional 

enhancers capable of increasing the expression of nearby genes. Mutants are powerful in 

functional genomics to study the function of genes. However, assessing the function of every 

gene through mutations is not possible due to the existence of gene homologs which create 

functional redundancy and difficulty in technical processes in developing mutant lines. Hence, 

a systematic approach is required to understand the components of the process of interest, here 

BR signaling, using information on the mutant lines. Using an integrative approach, in which 

the expression data of the four BR signaling mutant lines and the wild-type was combined with 

the prior molecular network could identify a more holistic view on BR signaling and its 

crosstalk with other hormones signaling. A weighting system based on expression data was 

adopted to make the interaction network specific to the conditions used in the study. The results 

demonstrate the advantage of using network-based analysis over the traditional methods such 

as differential expression and GO enrichment analysis. Differential expression analysis of one 

mutant compared to the wild-type could explain part of the observed phenotype only. 
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Chapter 4 shows how regulatory regions can be predicted using sequence information from 

closely related species and how datasets from different omics levels can be employed to validate 

the results. First, BLSSpeller was redesigned to enable the analysis of larger datasets. Then, it 

was used to identify conserved motifs in Zea mays in a comparative genomics setting. 

Combining predictions with available genomics and functional data allowed further elucidating 

transcriptional regulation in Zea mays.  
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Distinct Expression and Methylation Patterns for Genes with Different 

Fates following a Single Whole-Genome Duplication in Flowering 

Plants  

“Believing as I do in evolution, I merely believe that it is the method by which God created, 

and is still creating, life on earth’ 

- Rachel Carson 

 

Flowering plant genomes are characterized by large variations of genome size and level of 

ploidy, which is mostly driven by gene duplication. Interestingly, the fate of duplicated regions 

(loss, neofunctionalization, subfunctionalization) is not independent of their genetic 

characteristic and their function. One of the well-known hypotheses is the gene (dosage) 

balance hypothesis (GBH) which suggests that altering the stoichiometric balance of members 

of macromolecular complexes results in dosage-dependent phenotypes. Hence, preserving the 

balance by retaining every single gene in the complex is required and genes in complexes can 

only be deleted together with their ‘interactors’. In line with this hypothesis, multiple studies 

showed that genes with retained copies following a WGD event are enriched for regulatory and 

signaling functions whereas single-copy genes are associated with housekeeping functions. 

Describing the difference in functional constraints on expression, epigenetic regulation, and 

behavior in biological networks that shape the fate of genes after WGD can shed light on the 

function of genes and the biological processes they involved. The study described below is a 

collaborative effort with CAS Key Laboratory of Aquatic Botany and Watershed Ecology, 

Wuhan Botanical Garden. In the framework of the study, the candidate performed the quality-

control on the expression data, preprocessed the data for analysis, performed the expression and 

network analysis, and contributed to the writing of the paper. The candidate was not involved 

in the experimental design, the wet-lab data generation, and the genome analysis. Page 2-29 

includes an overview of the contributions of all authors. 
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Abstract 

For most sequenced flowering plants, multiple whole-genome duplications (WGDs) are found. 

Duplicated genes following WGD often have different fates that can quickly disappear again, 

be retained for long(er) periods, or subsequently undergo small-scale duplications. However, 

how different expression, epigenetic regulation, and functional constraints are associated with 

these different gene fates following a WGD still requires further investigation due to 

successive WGDs in angiosperms complicating the gene trajectories. In this study, we 

investigate lotus (Nelumbo nucifera), an angiosperm with a single WGD during the K–pg 

boundary. Based on improved intraspecific-synteny identification by a chromosome-level 

assembly, transcriptome, and bisulfite sequencing, we explore not only the fundamental 

distinctions in genomic features, expression, and methylation patterns of genes with different 

fates after a WGD but also the factors that shape post-WGD expression divergence and 

expression bias between duplicates. We found that after a WGD genes that returned to single 

copies show the highest levels and breadth of expression, gene body methylation, and intron 

numbers, whereas the long-retained duplicates exhibit the highest degrees of protein–protein 
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interactions and protein lengths and the lowest methylation in gene flanking regions. For those 

long-retained duplicate pairs, the degree of expression divergence correlates with their 

sequence divergence, degree in protein–protein interactions, and expression level, whereas 

their biases in expression level reflecting subgenome dominance are associated with the bias 

of subgenome fractionation. Overall, our study on the paleopolyploid nature of lotus highlights 

the impact of different functional constraints on gene fate and duplicate divergence following 

a single WGD in plant. 

2.1 Introduction 

Gene duplication is one of the most important drivers of eukaryotic evolution. Indeed, by 

increasing the amount of raw genetic material on which evolution can work, gene duplication 

generates the genetic redundancy through which processes such as subfunctionalization and 

neofunctionalization can create functional novelty [2-7]. Apart from small-scale gene 

duplication (SSD), also whole-genome duplication (WGD), whereby thousands of novel genes 

are created at once, has been frequently observed during evolution, especially in flowering 

plants [8-11]. Interestingly, the fate of genes duplicated through such large-scale duplication 

(LSD) events often seems to be different from that of genes duplicated in small-scale events, 

and previous studies have shown that the chance of survival and maintenance of genes 

duplicated in a WGD is very much dependent on their function. On the one hand, despite 

repeated WGDs in angiosperms, many genes were found that convergently revert to single-

copy status, and in Arabidopsis, they exhibit more constitutive and higher expression than 

duplicate genes in general and are enriched in housekeeping functions [12, 13]. One 

explanation is that the deletion of duplicates is needed to prevent copies with dominant-

negative mutations, which might interfere with the correct functioning of the wild type copy 

[12, 13]. On the other hand, there are those genes that are retained in excess following WGD 

for a longer time. For these retained duplicate genes, gene balance hypothesis (GBH) states 

that maintaining stoichiometric balance is crucial, and genes can only be deleted together with 

their “interactors” where losing or further duplication of part of the network or complex is 

detrimental because the stoichiometry is challenged [14-18]. Genes that underwent SSDs, such 

as tandemly duplicated genes, in contrast were found to be selected for either increased gene 

dosage or rapid gene turnover in order to confer lineage-specific adaptation because they are 

mostly insensitive to dosage imbalance [3, 19]. Although these theories explain how different 

mechanisms that potentially affect gene fate after WGD, we still do not know the difference in 

functional constraints including quantifiable features such as expression, epigenetic regulation, 

and protein–protein interactions (PPIs) imposed on those genes with different fates after a 

WGD (single-copy, WGD, and SSD genes). 

Studies including a recent investigation on WGDs across plants including 134 sequenced 

angiosperms suggest that after diverging from the extant basal-most angiosperm (Amborella), 

only lotus and seagrass (Zostera marina) experienced a single WGD (4x), whereas the other 

angiosperms experienced at least a genome triplication (6x) or sequential WGDs [20]. 
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However, the scaffold-level genome assembly of seagrass provides limited information on 

synteny to study the gene fates after its WGD [21]. Case studies of recently released genomes 

also show that columbine, Liriodendron and water lily experienced a single WGD [22-24]. 

Therefore, the genome of sacred lotus (Nelumbo nucifera Gaertn.) is one of the few 

angiosperms carrying a well-retained intraspecific synteny reflecting only a single ancient 

WGD coincided with the K–pg boundary [25-28]. Because of its relatively simple and ancient 

WGD history, lotus genome facilitates comparing genes with different fates (duplication status) 

following a single WGD. In addition, because long-retained duplicate pairs descending from 

the same WGD event can be easily tracked in species such as lotus, the (functional) factors, 

including dosage-balance constraint, that shape the expression pattern divergence of duplicate 

gene pairs can also be well investigated. Yet, in Arabidopsis, poplar, soybean, tomato, or maize, 

the fact that multiple different rounds of WGDs occurred makes it difficult to study the fate of 

the most ancient duplicates [29-31]. Other than divergence in expression pattern, many 

duplicate pairs might have bias in expression level [32]. Often, this expression bias between the 

two copies is associated with subgenome dominance which is a phenomenon that was initially 

defined in allopolyploid cotton and later in other (presumed) paleo-allopolyploids: copies 

residing in one less fractionated (LF; parental) subgenome tend to show higher expression than 

those in the other (parental) subgenome [33-40]. 
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Figure 2.1 Circos plot of lotus genome assembly. From inside to outside rings: (I) size (Mb) of the 

assembly for each chromosome; (II) density distribution of genes; (III) density distribution of sRNA - 

TEs; (IV) density distribution of sRNA + TEs; (V) dot plot of nucleotide diversity of CDS for each gene; 

(VI) methylation level of genes and flanking regions; (VII) gene expression level (log-transformed 

FPKM value); and (VIII) syntenic paralogs are linked by colored lines. 

 

Therefore, understanding the mechanisms such as epigenetic regulation and subgenome 

dominance underlying the divergence in expression pattern and level after a WGD in lotus will 

improve our understanding of how a duplicate pair diverges in function. To better address the 

questions as mentioned above, we build an improved genome assembly of the lotus var. “China 

Antique” by PacBio long-read sequencing and scaffolding using high-throughput chromosome 

conformation capture (Hi-C). This can optimally identify the genomic relics from both ancient 

SSD and WGD events. Complementing this chromosome-level assembly with further whole-

genome bisulfite (methylation) sequencing, RNA-seq, and genome resequencing data, not 
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only allow us to study the mechanisms, such as expression and epigenetic regulation that 

coordinate and maintain the functional integrity of genes displaying different evolutionary 

fates, but also provide further insight into the genetic mechanisms that create functional 

divergence of duplicates retained after a WGD. 

2.2 Results 

2.2.1 A chromosome-level assembly of lotus 

Based on newly generated data, we obtained an improved assembly and annotation of the lotus 

genome. Combining PacBio Sequel subreads (11.9 G; 1,330,739 subreads with a mean length 

of 8.8 kb and N50 of 12.7 kb) with previously published Illumina paired-end (PE) reads (94.2 

Gb) [25], resulted in a hybrid assembly, containing contigs with an N50 length of 484.3 kb. 

This assembly is about 12.5 times the length of previously assembled contigs (v2013) (N50 

38.8 kb) (Figure S2.1). The final 4,709 contigs cover about 807.6 Mb. Using genome-wide HI-

C, overall, 4,248 contigs (799.7 Mb) were anchored and ordered into eight different 

pseudomolecules (chromosomes) (Figure 2.2). Further optimization of the assembly by gap 

filling and polishing (error correction using accurate Illumina reads) resulted in a final 

assembly consisting of eight pseudochromosomes (813.2 Mb) and 456 unanchored contigs (8.0 

Mb) (Figure 2.1 and Table S2.1). 

The newly assembled genome contains 58.5% repetitive sequences, of which 48.7% of the total 

assembly consists of known transposable elements (TEs) and 9.1% of unknown repeats (Figure 

2.1 and Table S2.2). Gene annotation based on a repeat-masked genome yielded a total of 

32,124 protein-coding genes (Figure 2.1). The accuracy of the new assembly was assessed by 

a previous single-nucleotide polymorphism (SNP)-based linkage map of lotus [41]. The 

majority of uniquely mapped SNP markers from a given linkage group aligned within the same 

pseudochromosome in the new assembly, whereas in the old assembly these markers showed a 

partitioned and mosaic distribution over different megascaffolds (v2013) (Figure S2.3). To 

assess the completeness of the assembly, we investigated to what extent the 1,440 plant 

conserved gene set of BUSCO was recovered: 94.6% (1,362) of the gene set was completely 

retrieved, 3.1% (44) was partially retrieved, and 2.3% (34) was “missing.” This shows that our 

assembly is the most complete lotus assembly to date when comparing to the other lotus 

assemblies (Table S2.3) (Gui et al. 2018). This is supported by the fact that the number of 

syntenic orthologs, for instance in relation to monocots, is substantially higher in our new 

assembly than in an older version: 5,421 Brachypodium distachyon genes and 5,922 rice genes 

showed a collinear relationship in the new assembly, whereas in the old assembly the numbers 

were 3,690 and 4,040, respectively (v2013) (Figure S2.4). Comparing eudicot genomes from 

the Plant Genome Duplication Database (PGDD) and our lotus assembly to both B. distachyon 

and rice learns that both the new and old assemblies of lotus share more collinear orthologs 

with the two monocot genomes than the other eudicots (Figure S2.4). Although lotus and the 

other eudicots in the PGDD together form a sister group to monocots, the genome architecture 

https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
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(at least considering synteny) of lotus seems to resemble that of monocots most, probably 

because most eudicots present in the PGDD have undergone at least one triplication or further 

rounds of WGDs subsequent to eudicot radiation (Ming et al. 2013). 

2.2.2 Classification of single-copy and duplicated lotus genes 

To define different classes of lotus duplicates [42, 43], first, within-species syntenic blocks 

were identified (see Materials and Methods). Such blocks, showing conservation in gene 

content and order, and thus potentially representing remnants of a WGD, were found across all 

chromosomes (Figure 2.1 and Table S2.4). Comparison of peaks in 4dTv (4-fold degenerate 

site transversion) distances which represent age distributions formed by the divergence of 

syntenic duplicates (4dTv median 0.158) and divergence of orthologs between lotus and 

Macadamia ternifolia (the other sequenced Proteales species) (4dTv median 0.405) suggests 

that most syntenic duplicates (WGD) have been derived from a duplication event after the split 

between Macadamia and lotus (Mann–Whitney U test, P < 0.01) (Figure S2.5). 

Next to 2,353 orphan genes (defined as genes in lotus that have no homolog in any other 

considered plant species), we identified 29,771 genes with homologs in other species (non- 

orphan genes) (Table S2.5). Among these lotus genes, so-called dispersed duplicates are the 

most abundant (13,235), followed by duplicates resulting from WGD (referred to WGD) 

(9,482), tandemly duplicated genes (2,622), single-copy genes (2,261), proximal duplicated 

genes (1,566), and finally duplicates that underwent both WGD and tandem duplication 

(WGD&TD) (605), as classified by MCscanX (Figure S2.6A and Table S2.5,). Orphan genes 

are mostly either single-copy (62.14%) dispersed duplicates (33.81%) (Figure S2.6B and Table 

S2.5). The above-defined gene groups were used to further study how the fate of genes, for 

instance after WGD, correlates with functional constraints, reflected by PPIs, gene expression, 

and epigenetic and sequence properties. Lotus-specific orphan genes were analyzed separately.  

2.2.3 Single-copy genes and WGD-derived duplicates of lotus show conservation in 

copy number in related taxa 

Here, we estimated the extent to which dosage sensitivity (copy number conservation) of lotus 

genes depends on their duplication status. Hereto, we first grouped lotus genes according to 

their duplication status in lotus (as defined above, “single-copy genes,” “WGD,” “tandem 

duplicates,” and others) and subsequently assessed whether the orthologs of these lotus genes 

retained the same copy number status in two related eudicot species, namely M. ternifolia and 

Vitis vinifera. Macadamia was chosen because it is the sequenced Proteales species that is 

closest to lotus, whereas Vitis, with only one eudicot genome triplication, was also chosen 

because of its relatively conserved genome architecture compared with the other core eudicots 

[44]. To assess the variation in copy number across the studied species, we used the coefficient 

of variation (CV). The average copy number among the three species (as shown in the violin 

plot) varies largely among the genes of different duplication status, and therefore standard 

https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
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deviation cannot serve to assess the variation in this case (Figure 2.2A). Single-copy genes 

(grouped according to their single-copy status in lotus) have a median of the average copy 

number among the three species close to one, indicating that, for genes grouped as single-copy 

in lotus, there is a general strong selection against gene redundancy in the related species as 

well (Figure 2.2A).  

 

Figure 2.2 Violin plots of expression, functional, and genomic features of genes from different gene 

groups (based on duplication status). (A) The average copy number of orthologs. (B) Coefficient of 

variation (CV) of copy number among taxa. (C) Ratio of orthologs as “angio-singles.” (D) The mean of 

log-transformed FPKM. (E) The ratio of silent genes. (F) Tissue specificity index (based on Tau index). 

(G) The average portion of the deleted genic sequence in tropical lotus comparing to the reference genome 

(ratio of deletion). (H) Nucleotide diversity (π). (I) Length of the genic region. (J) Exon number. (K) The 

number of protein–protein interactions inferred from the closest orthologs in Arabidopsis. (L) CDS length. 

Black line: median; gray line: quantile. 

 

For genes classified as lotus WGD-derived duplicates, a median of the average copy number 

between 1 and 2 was found, suggesting that genes belonging to this group also tend to display 

a limited level of gene redundancy in the three studied taxa (Figure 2.2A). Interestingly, 

dispersed and WGD-derived duplicates show, after single-copy genes, respectively the second 

and the third-lowest CV for variation in copy number, and therefore presumably exhibit higher 

dosage sensitivity than local duplicates (tandem, proximal, and WGD&TD) (Kruskal–Wallis 

test, all P values < 0.01) (Figure 2.2B). This is in line with the GBH, which states that WGD-

derived duplicates are more dosage-sensitive or more strict in preserving their copy numbers 

than local duplicates [19, 45]. For the group of the dispersed duplicates, the interpretation is 
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less trivial as these genes contain WGD-derived duplicates that lost collinearity, local 

duplicates that lost “proximity” to other duplicates, transposed duplicates, or “angiosperm-

conserved single-copy genes” (“angio-singles”) that were created by earlier preangiosperm 

duplications but stopped duplicating during angiosperm radiation. By examining the proportion 

of “angio-singles” in each of the studied gene groups using annotations described in a previous 

publication [12], we found that next to the group of single-copy genes, the group of dispersed 

duplicates contains the second-highest enrichment of “angio-singles” (Figure 2.2C). Greater 

4dTv distances between the most similar dispersed duplicates than between corresponding 

orthologs (Nelumbo vs. Amborella) (Kruskal–Wallis test, all P values < 0.01) (Figure S2.7) 

suggest that “angio-singles” in dispersed duplicates were mostly created by early duplications 

prior to angiosperm radiation. As those early duplicates stopped duplicating during angiosperm 

radiation, they were classified as so-called single-copy genes in angiosperms. This explains 

why the group of dispersed duplicates also shows a low CV in copy number. 

2.2.4 Single-copy genes and WGD-derived duplicate genes have high expression level 

and breadth 

To understand why single-copy genes and WGD-derived duplicates are more highly 

constrained in copy number, we compared the level and breadth of gene expression for the 

above-defined gene groups. This is because genes expressed at higher levels tend to be under 

stronger selective pressure [46-49]. Average gene expression levels (log-transformed FPKMs), 

observed in 41 samples representing a variety of tissue-types, varied substantially among the 

studied gene groups. Single-copy genes showed on average the highest expression level 

(Kruskal–Wallis test, all P values < 0.01) (Figure 2.2D and Table S2.6). This result is consistent 

with a previous finding in Arabidopsis showing that the angiosperm-conserved single-copy 

genes generally show higher expression than duplicated genes [12]. This larger expression 

ubiquity also implies that single-copy genes are more likely involved in housekeeping 

functions than genes belonging to the other groups. When focusing on the duplicated genes, 

genes retained after WGD show on average a significantly higher expression level than genes 

from groups representing other types of duplicates (Kruskal–Wallis test, all P values < 0.01) 

(Figure 2.2D). Because essential genes are found to be highly expressed in Arabidopsis and 

other plants [50], this suggests that both single-copy and WGD-derived duplicates might 

constitute the more essential genes in lotus. Therefore, the strong purifying selection from 

gene essentiality of these two groups of genes might play an important role in constraining 

their dosage sensitivity (copy number change among taxa). 

Further, we found that in lotus the largest gene group, namely the dispersed duplicates, 

possesses the highest ratio of silent genes (genes that are not expressed in any of the 

investigated samples) (9.61%), followed by proximal duplicates (9.20%) and tandem 

duplicates (7.29%), whereas genes resulting from WGD&TD (2.81%), from WGD (1.15%) 

and single-copy genes (1.42%) display much lower ratios of silent genes (Figure 2.2E). This 

https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
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explains that even though dispersed duplicates contain a large portion of “angiosperm-

conserved single-copy genes,” they do not show a higher expression level than duplicates 

retained from WGD because they also contain a substantial number of silent (likely 

pseudogenized) duplicate genes. We further showed that compared with the expressed 

dispersed duplicates, the silent dispersed duplicates generally have younger ages (measured by 

4dTv), lower number of introns, smaller protein length, and lower selective pressure, 

suggesting that they might be recent retrotransposed duplicates (Figure S2.8). Overall, these 

comparisons further confirm that losing function by gene silencing is not a random 

phenomenon and that single-copy genes and duplicates retained after a WGD are the least likely 

to be silenced. 

Moreover, using the Tau index to measure expression specificity across different lotus tissues, 

we revealed that single-copy genes (mean Tau index of 0.38) show the lowest expression 

specificity of all gene groups (Kruskal–Wallis test, all P-values < 0.01). In addition, WGD 

duplicates (mean Tau index 0.45) exhibit significantly lower expression specificity than other 

types of duplicates (Kruskal–Wallis test, all P val- ues < 0.01) (Figure 2.2F). Both single-copy 

genes and genes retained from a WGD tend to have a wider “expression breadth” than small-

scale duplicates, and hence their expression might be essential in most tissues as is supported 

by findings in Arabidopsis [50]. By showing higher expression level and breadth, both single-

copy genes and WGD-derived genes might expose themselves to stronger purifying selection. 

This is supported by lotus genome resequencing data that show significantly lower ratios of 

sequence deletion and nucleotide diversity (π) for single-copy genes and WGD-derived 

duplicates than for small-scale duplicates (Kruskal–Wallis test, all P values < 0.01) (Figure 

2.2G and H). 

2.2.5 Differences in expression might be associated with differences in methylation 

level and TE distribution 

 Most cis-regulatory elements reside in gene flanking regions, which play profound roles in 

gene regulation. Given the impact of epigenetic regulation on gene expression, we assessed 

whether the above-mentioned differences in expression among different gene groups could be 

associated with differences in methylation level on gene flanking regions [51-53]. Hereto, we 

used methylation data obtained from leaf, petal, stamen petaloid, and stamen. Cytosine 

methylation levels at CG, CHG, and CHH sites along the gene (upstream, genic and 

downstream region) generally display a curved “W” shape with the lowest methylation level 

being observed close to the gene start and stop sites; Note that similar “W”-like shapes were 

observed when using an alternative definition of flanking regions (see Materials and Methods) 

(Figure 2.3 and Figures S2.9 and S2.10). These patterns in which the lowest methylation level 

is observed near the flanking regions agree with the finding that methylation can inhibit the 

binding of RNA polymerase II and transcriptional initiation [51]. Among CG, CHG, and CHH 

sites, the methylation level is the strongest at CG (mean ML = 0.458) (Figure 2.3A). The 

https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
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average methylation level in flanking regions (promoters and downstream regions) of genes 

retained after a WGD is significantly lower than the methylation levels of genes belonging to 

other groups, indicating that duplicates retained after a WGD are transcriptionally less 

repressed by methylation in flanking regions. This is displayed in figure 2.3 for methylation 

levels observed in leaf. Similar figures were obtained for the methylation data obtained from 

other tissues (Figure S2.9 and S2.10). This average lower methylation level in flanking regions 

for genes that were retained after a WGD is in line with their relatively higher expression level 

and breadth. In contrast, the higher expression level and breadth of single-copy genes as 

compared with genes from other groups seem not to be associated with relatively lower 

methylation levels of flanking regions: single-copy genes display a higher methylation level 

in their promoters than genes belonging to the other groups (Kruskal–Wallis test, P values < 

0.01). 

In plants, (24-nt) RNA-directed DNA methylation is frequent in regions containing TEs, likely 

because most TEs need to be silenced to reduce TE activity and maintain genome stability. 

Hence, we assessed the degree to which differences in methylation level in gene flanking 

regions can be associated with the presence of TEs, including both TEs with 24-nt small 

(interfering) RNA (sRNA TE) and those without (sRNA TE) [54] (see Materials and Methods). 

Interestingly, the differences in TE density, especially of sRNA TEs, between the different 

gene groups resembles the distribution pattern of the overall CG and CHG methylation levels, 

where the gene group representing duplicates retained after a WGD shows the lowest average 

TE density in gene flanking regions and concomitantly also the lowest average methylation 

levels in these flanking regions (Figure S2.11).  

Unlike gene flanking regions, the methylation level along the gene body (gene region) seems 

to be more related to differences in gene expression among the different gene groups. Whereas 

gene flanking DNA methylation is generally believed to repress gene expression [55-57], we 

found that higher gene body methylation level tends to occur in the gene groups with higher 

expression level and breadth, that is, single-copy and WGD duplicates. Interestingly, we found 

that for the group of single-copy genes, on average, the higher methylation level in the gene 

body seems to correlate with their greater gene length and exon number (Kruskal–Wallis test, 

all P values < 0.01) (Figure 2.2I and J). The fact that introns often contain TEs which are often 

associated with higher methylation levels might explain why single-copy genes also display 

the highest TE density in their gene body (Kruskal–Wallis test, all P values < 0.01) (Figure 2.3 

and Table S2.6) [58, 59]. 

https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
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Figure 2.3 Differences in average CG, CHG, and CHH methylation level (ML) in lotus leaf along the gene and 

flanking regions among different gene groups based on the duplication status. (A–C) Methylation of all annotated 

genes. (D–F) Methylation of the genes with RNA-seq evidence. 

 

2.2.6 WGD-derived duplicates are constrained by gene dosage balance 

The evolutionary fate of duplicates is often explained employing the GBH: Genes with 

regulatory or signaling functions such as transcription factors or kinases will largely impact the 

regulatory network after a duplication because of their hub-like properties. Such duplicates are 

preferentially retained because the loss of one copy might disrupt many genes to which they 

directly or indirectly connect [18, 60]. If gene balance plays a role in the preferential retention 

of duplicates after a WGD, this should be reflected in the topological properties of these WGD 
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duplicates [17]. To assess the effect of gene balance, we analyzed the topological properties of 

genes belonging to each of the studied gene groups in the physical interaction network. As 

27,458 out of 32,124 lotus genes (85.5%) can have the closest ortholog to corresponding 

Arabidopsis genes, the protein–protein interactome map from the “Arabidopsis Interactome 

Map” was used as a scaffold for the lotus (PPI) network (see Materials and Methods) 

(Arabidopsis Interactome Mapping Consortium 2011). We found that indeed genes retained 

after a WGD show the highest average number of PPIs (mean PPIs 1.31) (Kruskal–Wallis test, 

all P values < 0.01), whereas genes belonging to the other groups only differ marginally in the 

number of PPIs in which they tend to be involved (Figure 2.2K). Even though the analyses 

above suggest that, based on their relatively high expression level and breadth, single-copy 

genes are likely to be the more essential genes, these single-copy genes are not involved in 

more PPIs than genes from other groups. It appears that single-copy genes tend to immediately 

return to their single-copy status after a WGD because little dosage-balance constraint is 

imposed by the interaction network and a strong selection against gene redundancy is present 

[12]. Larger protein length for genes is often found to be associated with the possibility of 

increased interfacing with different interactors [61, 62]. Intriguingly, we also found that genes 

retained from a WGD have the largest average coding sequences (CDS) or protein length 

(Kruskal–Wallis test, all P values < 0.01), whereas genes retained after SSDs show a 

comparably smaller protein length, which further supports the stronger constraint of dosage 

balance on genes retained from a WGD (Figure 2.2L). 

For the different groups of genes, we also assessed the bias in which genes are retained 

following duplication by calculating their Gene Ontology (GO) enrichment (K–S test with P 

value < 0.01). We showed that the top 30 most significantly enriched GO terms for gene groups 

with different duplication status have no overlapping functionalities (GO terms) (Figure S2.12). 

In line with the GBH, we observed that genes retained after a WGD are mostly enriched in 

biological terms relating to protein phosphorylation and regulation of transcription (Figure 

S2.12). In addition, we found that duplicates from the lotus WGD were significantly enriched 

in genes related to trehalose biosynthesis, polyamine biosynthesis, xylem, and phloem 

development (Figure S2.12). These duplications might have contributed to unique features of 

lotus: Because both trehalose and polyamine (metabolites) help plants to survive in stresses 

such as drought and cold [63-65], the unique longevity of lotus seeds and their survival during 

K–pg boundary might have benefited from the duplication of these biosynthesis genes. Also, 

the well-developed aerenchyma in stem and rhizome of lotus might have benefited from the 

duplication of genes related to xylem and phloem [66]. In contrast, small-scale duplicates 

(groups of tandem and proximal duplicates) are mostly enriched in metabolic processes, 

whereas genes resulting from a combination of WGD&TD are enriched in transport processes 

(Figure S2.12). Thus, both the PPI network and GO functional enrichment analyses suggest 

that gene-balance-driven selection determines the retention of duplicates after a WGD. 

 

https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
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2.2.7 Orphan genes in lotus display unique properties  

Orphan genes, comprising 7.32% of all lotus genes, are either single-copy genes or form 

dispersed duplicates, suggesting they are either not retained after lotus WGD or appeared after 

the lotus WGD (Figure S2.6A and B). They show a much lower average expression level, an 

elevated ratio of silent genes, and a higher expression specificity than genes with homology to 

known proteins (nonorphan genes) (Kruskal–Wallis test, P values of all pairwise comparisons 

<0.01) (Figure 2.2D–F). The relatively higher average π and the ratio of sequence deletion of 

orphan genes suggest that they are under more relaxed selection than genes from other groups 

(Figure 2.2G and H). Moreover, they have on average a shorter CDS, a shorter gene length 

and the lowest number of exons, implying that they are shorter and have a less complex gene 

structure (Figure 2.2I, J, and L). Additionally, orphan genes only display small differences in 

ML and TE density between their flanking regions and gene bodies (Figure 2.3 and Figure 

S2.9). Meanwhile, with much higher ML and TE density in gene flanking regions than non-

orphan genes, it is more likely that most dispersed orphan genes were created by transposed 

duplications mediated by TEs (Figure 2.3 and Figure S2.11). Hence, as orphan genes exhibit 

features that reflect their relatively weaker functional relevancy, especially weak expression 

and rapid sequence turnover within lotus populations, than all nonorphan genes, they were not 

used to study the fate of genes after a WGD. 

2.2.8 WGD-derived duplicates that have diverged in function 

WGD-derived duplicates can subfunctionalize and/or neofunctionalize due to changes in the 

protein-coding domain, or because of regulatory changes causing divergence of expression. 

Here, we focused on the latter phenomenon and assessed the degree to which duplicate pairs 

retained from a WGD diverged in gene expression behavior. Hereto, we relied on the 

interconnectivity score calculated based on the coexpression network [67] (Figure 2.4A). 

Based on the interconnectivity score, duplicates retained after a WGD were subdivided into 

five groups: Gene duplicates belonging to group A (connectivity > 0.5 with a P value < 0.01) 

tend to share many neighbors in the coexpression network and are unlikely to have 

subfunctionalized or neofunctionalized. The degree of connectivity gradually decreases for 

duplicates belonging to groups B and C but still is larger than what can be expected by chance, 

given the local connectivity of the duplicate pairs under study. In contrast, duplicate pairs 

belonging to group D share no coexpressed neighbors and the absence of shared neighbors is 

significant given the local connectivity of the genes in a pair (connectivity < 0.15 and P value > 

0.99). These genes diverged in expression pattern are more likely to have subfunctionalized or 

neofunctionalized (Figure 2.4A). Genes belonging to group E (with connectivity < 0.15 and 

0.99 > x > 0.1) show detectable connectivity in the coexpression network but this connectivity 

is not higher than what can be expected by chance. As for these gene pairs, it is difficult to 

decide whether they share coexpression neighbors, they were not considered for further 

analyses. 

https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
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Figure 2.4 Violin plots of expression, functional, methylation, and evolutionary features of WGD-

derived duplicate genes with different levels of expression divergence (group A, group B, group C, and 

group D). (A) Connectivity score. (B) dN, nonsynonymous mutation. (C) dS, synonymous mutation. (D) 

The number of protein–protein interactions inferred from the closest orthologs in Arabidopsis. (E) The 

mean of log-transformed FPKM. (F) Tissue specificity index (based on Tau index). (G–I) r (correlation 

coefficient) of CG methylation levels in tissues between duplicates for gene body (G), upstream (H), and 

downstream region (I). Black line: median; gray line: quantile. 

 

To compare the degree of functional constraint on duplicates with different levels of expression 

divergence, we further assessed sequence and expression related characteristics for gene pairs 

belonging to each of the different groups (excluding group E). In line with the observed 

increase in expression divergence, also both the number of nonsynonymous substitutions (dN) 

and the number of synonymous substitutions (dS) in group A (the group with duplicates that 

display the most conserved expression behavior) are significantly lower than those in group D 

(the group most diverged in expression behavior) (Kruskal–Wallis test, all P values < 0.05), 

which further shows a gradual increase from group A to group D (Figure 2.4B and C). Thus, 

duplicate pairs that show little expression divergence tend to retain their sequence similarity 

(especially groups A and B). This indicates that these genes are conserved and under higher 

functional constraint which might be related to a relatively stronger dosage balance. We indeed 

also observed that duplicates that displayed the largest sequence and expression conservation 
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(group A) are also more frequently interacting in the PPI network than duplicates that display 

the most divergent expression behavior (group D) (as assessed by the degree of the duplicate 

genes in the PPI network) (Kruskal–Wallis test, all P values < 0.01), and accordingly a gradual 

decrease from group A to group D was observed, which seems in line with a previous study on 

WGD-derived duplicates and small-scale duplicates in Arabidopsis, tomato, and maize (Figure 

2.4D) [29]. Moreover, both the average gene expression level and expression breadth 

(expressed as the opposite of the Tau index) in group A are significantly higher than group D 

(Kruskal–Wallis test, all P value < 0.01), which also exhibit a gradual change from group A to 

group D (Figure 2.4E and F). This indicates that duplicate pairs more conserved in their 

expression behavior are involved in more generic functions, whereas as expected, the 

duplicates more divergent in expression behavior tend to have more specialized functions. The 

small difference of tissue specificity (Tau index) between group A and group B might indicate 

they are both still under strong functional constraints (Kruskal–Wallis test, all P value 0.141). 

However, we did not observe that the degree of expression divergence between duplicated gene 

pairs belonging to different groups exhibits any significant association with overall methylation 

level (in tissues) or TE density (Figures S2.13–S2.15). This suggests that the gradual increase 

in gene expression level of duplicates from group D (less conserved in expression behavior) to 

group A (most conserved in expression behavior) is not related to a decline in methylation level. 

Because the methylation level of a gene can change in different tissues, we also calculated how 

the methylation pattern between duplicates is different in a well-defined region of the gene 

(gene body, upstream or downstream) by using correlation coefficient (r). A gene’s methylation 

pattern is here defined as the variable of methylation levels in the four tissues on a defined 

region of the gene (see Materials and Methods). This analysis was performed for CG, CHG, 

and CHH methylation, and for each genic region separately. We found that duplicates belonging 

to group A (the group most conserved in expression behavior) display significantly more 

correlated CG methylation patterns in their genic region (with the highest r) than those of group 

D (Kruskal–Wallis test, all P value < 0.01), with a gradual decline from group A to group D 

(Figure 2.4G). This trend was not visible for the CHG nor CHH sites in upstream and 

downstream regions of duplicates (Figure 2.4H and I and Figure S2.16A–F). This suggests that 

the level to which CG methylation occurs in different tissues tends to be more conserved for 

duplicates that are more conserved in expression behavior. Subfunctionalized genes tend to 

display more differences in CG methylation level across tissues in their genic regions. 

The duplicates with the most conserved expression behavior (group A) are enriched in GO terms 

related to protein translation (ribosome) and regulation of transcription, both functions which 

are known to be dosage-sensitive (Figure S2.17) [30, 68]. In contrast, the duplicates that are 

most diverged in expression (group D) are mainly enriched in transport mechanisms (e.g., 

transmembrane transport, spermine biosynthetic process, and anion transport), which are not 

typical dosage-sensitive functions. As a reference, we also analyzed duplicates from the 

Arabidopsis K–pg boundary WGD (At-b) and the recent WGD (At-a) with a similar strategy 

(using a similar grouping based on their degree of expression divergence) (Figure S2.18). In line 

https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
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with our results in lotus, also here GO terms related to ribosome synthesis and regulation of 

transcription and biological processes are enriched in the groups representing the genes that 

displayed the least expression divergence after duplication (respectively group A of At-b and 

At-a) (Figures S2.19 and S2.20). For the duplicates from At-b (group D) that diverged most in 

expression, GO terms related to response to chemicals, hormone, and stimulus were most 

enriched, whereas for the diverged genes of At-a (group A) enriched, GO terms related to 

membrane, transferase activity, and oligopeptide transporter activity (Figures S2.19 and S2.20). 

This analysis shows that both in lotus and Arabidopsis duplicates that display the least 

expression divergent are related to dosage-sensitive functions, whereas the duplicated most 

divergent in expression (subfunctionalized) tend to have lineage-specific functions. For 

example, group D in lotus was enriched in “circadian regulation of calcium ion oscillation.” 

This enrichment could be associated with the presence of four lotus genes (namely, Nn-CRY1 

a, b and Nn-CRY2 a, b) being homologous to respectively Arabidopsis Cryptochrome 1 (CRY1) 

and Cryptochrome 2 (CRY2) (Figure 2.4A and Figures S2.17 and S2.21). Although CRY1 is a 

flavin-type blue-light photoreceptor, participating in blue-light induced stomatal opening and 

thermomorphogenesis, CRY2 is a blue/UV-A photoreceptor controlling flowering time and 

cotyledon expansion [69-71]. Therefore, these four circadian rhythm related genes that 

underwent post-WGD subfunctionalization might be associated with the lineage-specific 

adoption of lotus-specific characteristics related to the rigorous rhythm of flower opening and 

closure. 

2.2.9 Subgenome dominance and fractionation 

Subgenome dominance is a phenomenon in polyploids, particularly allopolyploids, in which 

genes are preferentially lost from one parental subgenome and for which the genes that are 

retained on this parental subgenome are also expressed at lower levels than their corresponding 

copies on the alternative parental subgenome [72]. Here, we wanted to assess whether we could 

find evidence for subgenome dominance in lotus. For most syntenic blocks, there are many 

more non-anchor genes (singlets) than anchor genes (collinear genes), suggesting that there has 

been extensive gene loss and genome rearrangement after the lotus WGD (Figure 2.5A). Most 

of the syntenic genome fragments are different in the degree to which gene duplicates are 

retained (retention of gene numbers), and all pairs of the syntenic regions are different in length 

(Figure 2.5A). Only 19 out of the 130 syntenic regions with at least six ancestral genes are 

significantly biased in gene retention (v2 test, P < 0.05), rendering it is difficult to partition 

syntenic genomic fragments based on the significance of gene retention (Table 2.S7). Hence, 

to study subgenome dominance, we instead grouped the detected syntenic genomic fragments 

into two groups based on their number of retained ancestral genes and length of the syntenic 

fragments: We distinguished a group of respectively the LF and the more fractionated (MF) 

regions (Figure 2.5A). Duplicated genes of which one copy has an FPKM that is twice as high 

as that of the alternative copy were identified. The copy with the higher FPKM was referred to 

as the dominant copy. Interestingly, LF fragments always have a higher ratio of copies with 

https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
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dominant gene expression (mean 34.49%, SD 1.16%) than MF fragments (mean 29.97%, SD 

1.16%). This subgenome dominance can be congruently observed for all 41 surveyed RNA-

seq samples obtained from different tissues (Figure 2.5B). In addition, by investigating the CG, 

CHG, and CHH methylation and the ratio of sRNA TE and sRNA TE in both genic and flanking 

regions, we found that methylation level and TE density are significantly lower in the LF 

fragments than in the more fragmented ones (Mann–Whitney U test, all P-value < 0.01). This 

association between subgenome dominance and differential methylation might underly the 

expression bias between the two copies (Figure 2.5C–H and Figures S2.23 and S2.24). Next, 

we wondered whether the association between subgenome dominance and differential 

methylation would still hold if we would focus on the subgroups of genes that are respectively 

more or less subfunctionalized (where the level of subfunctionalization is proxied by the degree 

to which the duplicates diverged in expression behavior, see above). We noticed in the analysis 

performed above that duplicate pairs with more conserved expression behavior across tissues 

(group A) tend to have mutually more similar patterns of CG methylation levels on gene body 

across tissues than duplicates with more divergent expression behavior (group D). Because of 

the aforementioned observation, we would expect that duplicates with more conserved 

expression behavior would possibly display a smaller difference in methylation level between 

the MF and LF regions than the duplicates with more divergent expression behavior (group D), 

that is, group A might be less likely show subgenome dominance. However, the (most) 

subfunctionalized duplicate pairs (group D) do not show any remarkable differences in 

methylation level as compared with pairs from the other groups (Figures S2.25–S2.30). This 

indicates that subgenome dominance is likely a phenomenon that acts independently from 

subfunctionalization (as defined in this work). 

 

https://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaa105#supplementary-data
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Figure 2.5 Subgenome fractionation and dominance in lotus. (A) Differences in the number of singlets 

(noncollinear) genes across 130 pairs of duplicate syntenic blocks. (B) The ratios of dominant copies in 

collinear genes between LF blocks and MF blocks across 41 RNA-seq samples. (C–H) Differences in average 

CG, CHG, and CHH methylation level in leaf along gene and flanking regions between duplicates that belong 

to LF blocks and MF blocks. (C–E) Methylation of all annotated genes. (F–H) Methylation of the genes 

with RNA-seq evidence. 

2.3 Discussion 

Since WGD is frequent and common during plant evolution [8, 27, 73], understanding how 

different genes evolve after a WGD is important for evolutionary biology. In this study, we 
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updated the assembly and annotation of the lotus var. “China Antique” genome by using long-

read sequencing data and HI-C. This updated reference assembly largely improved the 

detection of collinearity to the other species, as well as within genome collinearity (relics of 

WGD). Notably, we performed integrative methylation and expression analyses which, when 

combined with all relevant genomic analyses, provide a unique opportunity to study how 

functional constraints and dosage balance may determine the fate of genes after a single round 

of WGD. We observed that single-copy genes display the highest expression level and breadth 

and do not show a hub-like behavior by having few protein interactors. In line with a previous 

study, also in lotus single-copy genes maintain their single-copy status regardless of a WGD 

because there appears to be a strong selection against gene redundancy [12, 13, 74]. The 

observed differences in expression behavior and the observed functional bias among duplicates 

after the WGD in lotus are in line with the GBH [14-18]. Duplicates retained after a WGD are 

on average more highly expressed, show a functional bias toward conservative functions shared 

among plant lineages such as gene transcription and signaling, have the highest number of PPIs, 

and are the greatest in CDS length by having the longest proteins potentially providing more 

interface(s) for interacting proteins. However, in keeping with previous studies, local duplicates 

in lotus show lower and more condition-dependent expression and are enriched in lineage-

specific functions such as metabolism, disease-resistance, and other dosage-insensitive 

functions [31, 37, 75, 76]. 

The above observations are further supported by evolutionary patterns observed at the 

sequence level (nucleotide diversity and the ratio of sequence deletion in gene coding regions). 

Single-copy genes show the highest sequence conservation which is consistent with studies in 

Arabidopsis [12]. In addition, WGD duplicates exhibit relatively higher sequence conservation 

than local duplicates, agreeing with what has been observed in Arabidopsis, rice, and Populus 

[28, 31]. The degree to which genes display sequence conservation seems to be correlated to 

their expression breath rather than to their expression level. Genes that have been retained 

following multiple ways of duplications such as TD and WGD have been suggested to have 

undergone strong selection for higher dosage [77]. For instance, in lotus, the expansion of the 

LPR1/2 gene by TD and WGD resulted in adaptation to a low-phosphate aquatic environment 

[25]. Other examples of multiple duplication events in certain gene families in Arabidopsis 

and Brassica have been associated with increased immunity [78]. Interestingly, among all 

locally duplicated genes detected in our study, genes that underwent both “WGD&TD” show 

significantly higher average expression levels, lower methylation levels, and lower TE 

densities in promoters than proximal and tandem duplicates. This suggests that also in lotus, 

genes that underwent both WGD and tandem duplication are selected for the higher overall 

gene products not only through multiple duplication events but also by other mechanisms such 

as transcriptional and epigenetic regulation. 

Notably, we could show that the relatively higher expression level of genes retained after WGD 

might be associated with a differential epigenetic regulation. Cytosine methylation in genic and 
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flanking regions affects gene expression [55]. We observed that indeed genes that were retained 

after a WGD showed decreased methylation levels in gene flanking regions as compared with 

other gene groups explaining their higher expression level. In addition, as was observed in other 

studies, increased methylation was associated with a higher presence of TEs [55-57, 79-81]. In 

contrast to what is generally expected for flanking region methylation to repress gene 

expression, we found that lotus single-copy genes which are the most abundantly expressed 

were also the most abundantly methylated in their gene bodies. This has also been observed in 

rice (Wang Y, Wang X, et al. 2013). So in lotus, it appears that gene body methylation of single-

copy genes seems to induce expression rather than repressing it [82-84]. In lotus, the observed 

gene body methylation pattern of single-copy genes is also associated with the presence of TEs. 

The abundant methylation on the gene bodies (genic regions) for single-copy genes could be 

associated with a similar TE distribution and the presence of abundant introns, indicating that 

methylation is involved in silencing TEs. Alternatively, it has been shown that gene body 

methylation can enhance splicing accuracy by improving the distinction of exon–intron 

boundaries [51, 52]. This might be particularly relevant in maintaining the functional integrity 

of single-copy genes, given their high intron number [51, 52]. However, future functional and 

genetic studies on TEs and introns of single-copy genes are necessary to support these 

hypotheses. 

Lotus orphan genes were treated separately in the current study because of their evolutionary 

transience. The lotus WGD occurred 66 Ma after the split with its closest sequenced relative, 

Macadamia, about 111 Ma [25, 85]. Their low expression level, high expression specificity, 

and high methylation level imply that orphan genes tend to be transcriptionally repressed to 

avoid producing nonfunctional peptides (proteins) and that they are not required in most tissues 

or organs. Their small protein size, gene length, and exon number are consistent with 

observations in Drosophila and Arabidopsis [86-88]. Although their high nucleotide diversity 

suggests relatively low functional importance, their functionality cannot be excluded [89, 90]. 

Given that long-retained duplicates from a WGD are important genetic material for plant 

innovation and evolution, our current study further focused on how those retained duplicates 

diverge in expression pattern and level across different lotus tissues. Whereas maintaining 

gene balance plays right after WGD, subfunctionalization and neofunctionalization explain 

the long-term evolution of duplicates retained from WGD [3, 14, 30, 91-93]. In lotus, WGD 

duplicates displayed a continuous spectrum of expression divergence where some duplicates 

share largely the same coexpression partners, whereas other duplicates display a completely 

distinct expression pattern. Lotus duplicates that display lower expression divergence tend to 

correspond to the hubs of PPI networks, have relatively longer protein and gene lengths, 

display higher average expression levels and breadth, more similar pattern of changeof CG 

methylation in gene bodies across different tissues between duplicate pairs, relatively low 

pairwise amino acid sequence divergence and low nucleotide diversity, which all support they 

are under a stronger gene balance constraints [16]. Many of these observations are in 
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accordance with studies in, for instance, Arabidopsis, maize, and tomato [29]. Yet, in contrast 

to lotus, these plants underwent sequential rounds of WGDs which makes it difficult to study 

the fate of the most ancient duplicates. Hence, the fact that the same findings made in these 

other species are also observed in lotus indicates that they are truly associated with the fate of 

ancient duplicates. Subgenome dominance can be an important source of bias in expression 

level between duplicated gene pairs retained from a WGD and can result in significant 

differences in gene retention (content), the intensity of TE insertion, methylation, and 

population-level polymorphisms between subgenomes [34, 40, 85, 94, 95]. Depending on the 

studied species, the level of subgenome fractionation that occurs after a WGD can be 

significantly different, ranging from extensive fractionation in, for example, monkeyflower 

(WGD estimated at 140 Ma), maize (11.9 Ma), Brassica (13–17 Ma), Arabidopsis (40 Ma), 

and cotton (60 Ma) [34, 40, 85, 94, 95] to little sub-genome fractionation in, for example, 

soybean (5–13 Ma), banana (65 Ma), and poplar (8 Ma) fractionation [95, 96]. In our study, 

about 14.6% of syntenic block pairs in lotus show significant bias in fractionation, a level 

which is in between the fraction observed in the paleoautopolyploid soybean (5.4%) and the 

paleoallopolyploid maize (31%) [95]. The LF blocks show on average about 4.52% more 

(expression) dominant copies than the MF blocks, which is a difference that is higher than 

what is observed in soybean (0–1%) but lower than in maize (~10%) [95]. As the extent of 

biases in lotus (66 Ma) is between a paleoautopolyploid and a paleoallopolyploid, likely, its 

two ancestral parental genomes had already diverged to some extent before the formation of 

ancient polyploid. So far, lotus shows evidence of one of the oldest appearances of subgenome 

dominance among the above-mentioned plant genomes. 

2.4 Materials and Methods 

2.4.1 Plant material, PacBio Sequel, and Hi-C sequencing 

Sacred lotus ‘China Antique’ was grown and collected from Wuhan Botanical Garden of the 

Chinese Academy of Sciences. DNA from young leaves of ‘China Antique’ was extracted using 

Plant DNA Isolation Reagent (Tiangen, China). Two DNA libraries (insert sizes of 10,123 bp 

and 10,157 bp, respectively) were constructed according to the PacBio library preparation 

protocol and sequenced on a PacBio Sequel platform (Pacific Biosciences, USA) at Annoroad 

Genomics (Beijing, China). Subreads with quality score under 0.8 were discarded. The HI-C 

DNA library of ‘China Antique’ was prepared at Annoroad Genomics (Beijing, China) under a 

previously published protocol [97]. Briefly, nuclear DNA of young lotus leaves was cross-

linked inside the tissue cell sample. Then, the extracted DNA was digested with the restriction 

enzyme (HindIII/MboI). Biotinylation was tagged at the sticky ends of the digested DNA 

fragments, and then mutually ligated at random after dilution. The library of condensed, 

sheared, and biotinylated DNA fragments were prepared for paired-end (PE) sequencing with 

150 bp reads on Illumina HiSeq platform. 



FINDING EVOLUTIONARY PATTERNS IN OMICS DATA                                                                 2-23 

2.4.2 Chromosome-level assembly 

All contigs were assembled using PacBio and Illumina reads. SparseAssembler was applied to 

assemble Illumina PE reads of lotus ‘China Antique’ into short but accurate Illumina contigs 

[98, 99]. These Illumina contigs and PacBio Sequel reads were co-assembled into longer 

contigs with the hybrid assembly tool DBG2OLC [100]. Errors in these hybrid contigs were 

further polished with all Illumina PE reads using BWA-MEM and Pilon 2.10 [101, 102]. The 

HI-C sequencing reads were mapped on the ‘China Antique’ hybrid assembly contigs using 

BWA-MEM [101]. Finally, the chromosome-level scaffolding of these contigs were performed 

with LACHESIS [103]. Additional gaps in pseudochromosomes were filled with PacBio 

subreads using Jelly and polished with Illumina reads using Pilon 2.10 [104]. 

2.4.3 Repeat annotation 

Repeats including transposable elements on the new ‘China Antique’ assembly were annotated 

following a previously published protocol [105]. Generally, MITEs (miniature inverted repeat 

transposable elements) were predicted using MITE-Hunter under default settings [106]. The 

most abundant plant TEs (transposable elements), LTRs (long terminal repeat retrotransposons) 

were collected, false-positives were filtered, and redundancy was reduced using LTR-harvest, 

LTR-digest and the Perl scripts provided by the protocol ‘Repeat Library Construction-

Advanced’ (http://weatherby.genetics.utah.edu/MAKER/wiki/index.php) [107, 108]. Other 

repeats were collected by RepeatModeler (http://www.repeatmasker.org). Gene fragments in all 

collected repeats were excluded by searching against all plant protein sequences from Plant 

Plaza 4.0 [109]. After collecting and building the lotus repeat database, the genome was further 

annotated using RepeatMasker (http://www.repeatmasker.org). 

2.4.4 Gene annotation 

Protein-coding genes on the ‘China Antique’ assembly were annotated based on (1) RNA-seq 

mapping, (2) protein homology searches and (3) ab initio prediction. For gene prediction with 

transcriptional evidence, 41 publicly available RNA-seq data from leaf, petioles, rhizome, root 

and apical bud of lotus were downloaded from NCBI SRA database and mapped on the genome 

using HISAT2-StringTie pipeline [110, 111]. Transcript coordinates from different RNA-seq 

samples were further merged using TACO [112]. Coding region of transcripts were annotated 

using Transdecoder (https://github.com/TransDecoder). Homology-based gene prediction was 

performed using GeMoMa with genome sequences and gene coordinates from Arabidopsis 

thaliana, Carica papaya, Vitis vinifera, Macadamia ternifolia (Proteales) and Brachypodium 

distachyon as input [109, 113, 114]. Ab initio gene prediction was performed using Braker2 

which took in intron hints from transcript coordinates of RNA-seq based assemblies [115]. The 

final consensus gene annotations were produced by EVidenceModeler with weights of ‘RNA-

seq > gene homology > ab initio’ [116]. Gene ontology annotations were further performed 

using the 'non-redundant' database of plants via BLAST2GO with default settings [117]. The 

http://weatherby.genetics.utah.edu/MAKER/wiki/index.php
http://www.repeatmasker.org/
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lotus interactome was inferred using PPI data from Arabidopsis by top BLAST hit (best 

homologs) (Arabidopsis Interactome Mapping Consortium) [118]. 

2.4.5 Validation of genome assembly 

Accuracy and structural completeness of the new genome assembly were assessed using (1) 

previously published SNP markers from genetic linkage groups, (2) ratio of genome collinearity 

with other species and (3) conserved single copy genes of plant from BUSCO. For comparison, 

SNP markers from a high density lotus genetic map from a previous study were downloaded 

and mapped onto the new and old ‘China Antique’ assemblies [41] using bowtie allowing no 

mismatch other than SNP site [119]. Collinearity between the genetic map and the genome 

assembly was anchored by SNP markers. Distributions of SNP markers on genome assemblies 

were inspected by bar plots, and collinearity was visualized by dot plots. To assess the genome 

architecture using genome collinearity, we searched homologous genomic blocks in genomes 

of two monocots, Oryza sativa (rice) and Brachypodium distachyon, against the new (v2018) 

and old (v2013) ‘China Antique’ assemblies using MCScanX [120]. First, potential anchors 

between the two genomes were identified using BLASTP (E <1e−5). Then, MCscanX found 

all orthologous syntenies with at least six anchor points. For further comparisons, orthologous 

syntenies between other eudicots species and the two monocot representatives were 

downloaded from Plant Genome Duplication Database [121]. To assess the completeness of the 

gene regions in the assembly, 1440 conserved plant single copy genes as benchmark were 

searched using BUSCO v2 [122]. 

2.4.6 Classification of genes by duplication status 

Duplicated genes in extant genomes typically originated through different duplication events. 

Depending on the size of the genomic regions involved in the duplication event, a distinction is 

made between small (SSD) and large-scale duplications (LSD). LSD can be maintained as 

syntenies which likely are retained from WGD. Within SSD, a distinction is made between local 

(tandem and proximal duplication) versus dispersed duplications [17, 43]. Tandem duplicates 

lead to a cluster of two or more consecutive paralogous sequences while proximal having one 

or a few intervening genes. Dispersed duplicates are mainly unclassified duplicates. Genes that 

underwent both WGD and tandem duplications often exist, which we refer to as ‘WGD&TD’ 

[123, 124]. 

To identify ancient genome duplication of lotus, homologs were first identified by all-against-

all BLASTP for syntenic anchors (E <1e−5). Intra-specific syntenic blocks were identified with 

same approach as the one used for the identification of orthologous synteny described above 

using MCscanX [120]. To identify WGDs, raw 4dTv (the number of transversion 4-fold 

degenerative sites) of all syntenic paralogous pairs were calculated and further corrected for 

possible multiple transversions at the same site based on a previous method [125]. A histogram 

of 4dTv for all syntenic paralogs was plotted with a bin size of 0.01. To classify syntenic blocks 

according to WGDs, the median of 4dTv of each syntenic block were used. Syntenic blocks 
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with less than six duplicate pairs with valid 4dTv after correction were classified as syntenies 

of uncertain origin. Other divergence parameters including dS or Ks (synonymous substitution 

rate), dN or Ka (nonsynonymous substitution rate) and dN/dS for all syntenic paralogs were 

calculated using codeML from PAML package [126]. Further, 4dTv of orthologous divergence 

were also plotted in histograms. For the fragmented genome assembly Macadamia ternifolia, 

orthologous pairs were predicted using OrthoMCL [127, 128]. The chronological order of 

WGDs and species split (Nelumbo versus Macademia) were confirmed by Mann-Whitney U 

test based on rate calibrated 4dTv. 

 Single copy genes and genes of other duplication status including those originating from 

dispersed duplication, tandem duplication and proximal duplication events, WGD&TD were 

also detected by MCscanX [120]. All lotus genes without homology to other sequenced species 

were defined as orphan genes, while the rest was regarded as non-orphan genes whose ancestral 

proteins appeared at least before the split of lotus and Macademia (111 mya). The family 

Nelombonaceae (in Proteales) is a species-poor clade with only two closely related Nelumbo 

species. To obtain lotus orphan genes, Macadamia ternifolia (the other only sequenced 

Proteales genome) and PlantPlaza 3.0 database were used in phylostratigraphic analyses [129]. 

The groups of genes of different duplication status were used for subsequent comparative 

analyses. As most orphan genes are evolutionarily transient, they were analyzed separately 

[129]. 

To explore the dosage sensitivity for our studied groups (subdivided as described above), we 

defined for each lotus gene its orthologs in Macademia and Vitis vinifera using OrthoMCL [127, 

128]. For each gene we calculated the average copy number of its orthologs in the three taxa. 

For each lotus gene, its coefficient of variation (C.V.) in the number of copies observed in the 

three species was used to estimate the dosage sensitive. For each of the gene groups studied, 

the average copy number and C.V. were reported. 

2.4.7 Nucleotide diversity and ratio of sequence deletion of lotus genes 

Illumina re-sequencing data from 18 Asian lotus individuals including rhizome lotus, flower 

lotus, seed lotus, wild lotus, and Thai lotus were downloaded from NCBI (Supplementary Data) 

[130]. Illumina reads were mapped to the new ‘China Antique’ assembly using BWA-mem 

[101]. Mapped files were processed by Picard (https://broadinstitute.github.io/picard/). The 

SNP variants were called by HaplotypeCaller of GATK 3.7 with further hard filtering of ‘QD < 

2 || FS > 60 || MQ < 30’ [131]. Nucleotide diversity (π) of each CDS from each annotated gene 

was estimated using Popgenome [132] in R. The ratio of sequence deletion for each gene is 

calculated by the ratio of InDel length in each CDS. A Mann-Whitney U test or (non-parametric) 

Kruskal-Wallis test was applied to compare average π and average ratio of sequence deletion 

of gene CDS between (among) different gene groups in Graphpad PRISM 7. 
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2.4.8 Expression analysis 

All 41 RNA-seq samples used for gene annotation were also used for expression analyses. The 

average expression level per gene for each gene group showing different fates after the lotus 

WGD was estimated by the average log-transformed FPKM values of the genes in a group. 

Tissue specific expression was assessed by the Tau index [133] To define ‘tissue’ we clustered 

the 41 samples using the log transformed FPKM data (Euclidean distance). Samples clustered 

in 8 distinct tissue groups: leaf, petiole, apical, rhizome internode, root, rhizome (later 

swelling), rhizome (middle swelling), rhizome (stolon). The Tau index was calculated as 

follows: 

𝑇𝑎𝑢 =
∑ (1−𝑥�̂�)𝑛

𝑖=1

𝑛−1
; 

where 𝑥 =
𝑥𝑖

𝑚𝑎𝑥1≤𝑖≤𝑛(𝑥𝑖)
 and 𝑥𝑖is the expression for tissue i. 

To build the coexpression network, the genes with an expression value in at least in 2 samples 

were retained (28578 are present in the network with 480849 edges). The ‘rank of correlation 

coefficient’ (Obayashi and Kinoshita, 2009) was used to determine the degree of pairwise 

coexpression. To calculate the rank-based correlation the gene-gene Pearson correlation matrix 

derived from the log2-transformed FPKM values was transformed into a rank matrix. For every 

gene-gene combination, the Mutual Rank score was calculated using the following formula: 

𝑀𝑅(𝐴𝐵) = √𝑟𝑎𝑛𝑘(𝐴→𝐵) ∗ 𝑟𝑎𝑛𝑘(𝐵→𝐴) 

where Rank(A →B) is the rank of the correlation of gene B with gene A as compared to its 

correlation with all other genes [134]. Smaller MR scores correspond to a higher degree of 

pairwise correlation between two genes and can be converted to a network edge weight using 

the following formula 

𝑤𝑒𝑖𝑔ℎ𝑡(𝐴→𝐵) = 𝑒−(𝑀𝑅(𝐴→𝐵)−1) 10⁄
 

guaranteeing that the range of edge weights in the coexpression network scales between 0 and 

1. A small value (one) was added to the FPKM values prior to the log transformation in order 

to avoid having undefined values of the rank-based correlation for zero values. 

2.4.9 Grouping WGD genes based on their expression behavior 

Post-WGD duplicate pairs were subdivided into groups based on their expression divergence. 

To assess the degree to which duplicate pairs diverged in expression, we used an 

interconnectivity score [67]. The interconnectivity between a pair of duplicated genes assesses 

the degree to which two duplicate genes share neighbors in the coexpression network. The 

higher the connectivity score, the more the duplicates are assumed to share the same expression 

profile. 
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𝐶𝑁(𝑖, 𝑗) =
𝑁(𝑖) ∩ 𝑁(𝑗)

√𝑁(𝑖) ∗ 𝑁(𝑗)
 

where N(i) and N(j) describe the number of neighbors that are located at most three edges 

distance of respectively the nodes i and j in the duplicate pair (i, j). The number of shared 

neighbors between the genes of the duplicate pair is normalized by the total number of 

neighbors of the two genes in the duplicate pair. 

In addition, we determined for each duplicate gene pair whether the number of shared neighbors 

that contributed to the connectivity measure is statistically significant using the hypergeometric 

test: for every duplicate pair, the number of up to third order neighbors for one gene NA was 

determined and used to calculate the chance of a success p = Na/N where N is the total number 

of genes in the genome. The number of third order neighbors for the second gene in the pair (B) 

was used as the number of trials and the number of neighbors shared between A and B was 

considered the number of successes. Using this parameters, the cumulative mass function was 

calculated to calculate the p-value i.e., observing the same number of shared neighbors between 

two genes just by chance. Based on the combination of the hypergeometric P value and the 

connectivity score the duplicates were subdivided in 5 groups: group A with connectivity >0.5 

and p-value <0.01, group B with connectivity 0.5>x>0.3 and p-value <0.01, group C with 

0.3>x>0.15 and p-value <0.01, group D with connectivity <0.15 and p-value >0.99 and group 

E with connectivity <0.15 and 0.99>x>0.1. Group E contains the genes that show a certain but 

insignificant connectivity. This category was not retained for further analysis. Duplicate genes 

that belong to Group A, B and C share coexpressed neighbors (more for groupA >B>C) and 

they share more neighbors in the coexpression network than can be expected by chance given 

the local connectivity of the genes in the pair. Genes belonging to group D show a significant 

low to no connectivity in the coexpression network. 

2.4.10 Comparisons of different gene features 

Genomic traits including the length of the CDS, the number of exons and the gene length were 

directly obtained from the lotus genome annotation. Given that there is currently no protein 

interactome map for lotus, for those lotus genes displaying homology to Arabidopsis genes, 

their number of PPIs were inferred from the closest homolog in Arabidopsis (Arabidopsis 

Interactome Mapping Consortium, 2011) [118]. Genomic traits (CDS length, gene length, exon 

number) and evolutionary parameters (dN, dS, dN/dS, π) were summarized and compared 

between different genes of different groups using (non-parametric) Kruskal-Wallis test in 

Graphpad PRISM 7. 

2.4.11 sRNA+ Transposable Element (TE), sRNA−TE and methylation level analyses of 

gene duplicates 

To test whether TE insertion and methylation level differences might contribute to duplicate 

gene expression difference, firstly, small RNAs of ‘China Antique’ were mapped to the genome 



2-28                                                                                                                                              CHAPTER 2 

using bowtie with zero tolerance of mismatch [26]. Only uniquely mapped sRNAs were used 

to define TEs [34]. TEs were classified into sRNA+ TEs and sRNA-TEs based on whether there 

was any sRNA aligning to them. Gene flanking regions (± 5 kb) and gene bodies (translation 

start to translation stop site) were analyzed using sliding window. The overlapping region(s) 

between flanking region and the neighboring gene body were excluded from flanking region 

analyses. For each gene, a 100-bp sliding window with 10-bp step of each 5′ and 3′ flanking 

region and the 40 evenly divided windows of gene body (from translation start site to translation 

stop site) was used [135]. For each sliding window, the proportion of the sequence being 

composed by sRNA+ TE or sRNA-TEs was calculated. The average proportion in each sliding 

window was calculated for each gene group under investigation. These averaged proportions 

were then used to estimate the TE density in the flanking regions and gene body of different 

gene groups. Meanwhile, whole genome methylation was analyzed based on bisulfite 

sequencing (BS-seq) on young leaves from a wild lotus (Khabarovsk, Russia), flanking region 

was evenly divided into 100 50-bp windows, and the gene body (from translation start site to 

translation stop site) was evenly divided into 40 windows [135]. We included both exon and 

intron for methylation level of gene body because pre-mRNAs, being transcribed from DNA, 

contain introns. Methylation level including CG, CHG and CHH sites of different gene groups 

was estimated using BS-Seeker2 and cgmaptools for each window [136, 137]. 

2.4.12 Subgenome fractionation and dominance 

Subgenome fractionation bias was analyzed as outlined previously [96.]. Numbers of collinear 

genes and non-collinear genes for pairs of syntenic blocks were tested for significant 

fractionation bias (χ2 Test). Differences in TE ratio and methylation between collinear genes in 

less fractionated (LF) and more fractionated (MF) syntenic blocks were analyzed with the same 

approach described above. Subgenome fractionation bias is often associated with subgenome 

dominance. To test subgenome dominance, all 41 RNA-seq samples were used. For each RNA-

seq sample, the dominant copy was defined as the one showing an expression that was more 

than two fold higher than the expression level of the alternative copy (FPKM). Further, for each 

RNA-seq sample, the ratios of dominant copies in LFs and MFs were summarized and 

compared. 

Author contributions 

T.S., K.M., Y.V.d.P., Q.W., and J.C. conceptualized the study; T.S., R.S.R., and K.M. performed 

the methodology; T.S., H.L., Y.Z., and Z.L. performed the investigation; T.S. and R.S.R. 

performed the formal analysis; T.S. wrote the original draft; K.M., Y.V.d.P., M.W., P.F.G., and 

J.C. reviewed and edited the manuscript; Q.W., Y.V.d.P., K.M., and J.C. supervised the study. 

 

 



FINDING EVOLUTIONARY PATTERNS IN OMICS DATA                                                                 2-29 

Supplementary Data: Supplementary data are available at: 
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Genome-wide expression and network analyses of mutants in key brassinosteroid 

signaling genes 

“Biology is the study of the complex things in the Universe. Physics is the study of the simple ones” 

-Richard Dawkins 

 

The brassinosteroids (BRs) are a class of plant hormones regulating plant growth and 

development. Mutants are powerful in functional genomics to study gene function. Also the 

function of genes involved in BR biosynthesis and signaling has been established by developing 

mutant lines. Mutants that are defective in either BR biosynthesis or signaling show dwarfism. 

However, assessing the function of every gene through mutations is not feasible because of the 

existence of gene homologs which create functional redundancy and because of the technical 

difficulty of generating mutant lines. Better exploiting already existing data can help inferring 

the function of genes which have not yet been explored. In the present chapter, we present a 

computational approach to overlay the in-house data with already existing knowledge in order 

to understand the components of the BR signaling. We show how network-based integration of 

expression data with prior information can offer a comprehensive overview of the crosstalk 

between BR and other hormone signaling. The candidate analyzed the phenotypic and 

expression data, performed the network analyses, and analyzed the results from a biological 

perspective. The candidate summarized the results of the study in a coherent story. The 

candidate was not involved in the experimental design or in the wet-lab data generation. Page 

3-23 includes an overview of the contributions of all authors. 
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Abstract 

Background 

Brassinosteroid (BR) signaling regulates plant growth and development in concert with other 

signaling pathways. Although many genes have been identified that play a role in BR signaling, 

the biological and functional consequences of disrupting those key BR genes still require 

detailed investigation. Here we performed phenotypic and transcriptomic comparisons of A. 

thaliana lines carrying a loss-of-function mutation in BRI1 gene, bri1-5, that exhibits a dwarf 

phenotype and its three activation-tag suppressor lines that were able to partially revert the bri1-

5 mutant phenotype to a WS2 phenotype, namely bri1-5/bri1-1D, bri1-5/brs1-1D, and bri1-

5/bak1-1D. Of the three investigated bri1-5 suppressors, bri1-5/bak1-1D was the most effective 

suppressor at the transcriptional level. All three bri1-5 suppressors showed altered expression 

of the genes in the abscisic acid (ABA signaling) pathway, indicating that ABA likely 

contributes to the partial recovery of the wild-type phenotype in these bri1-5 suppressors. 

Network analysis revealed crosstalk between BR and other phytohormone signaling pathways, 

suggesting that interference with one hormone signaling pathway affects other hormone 

signaling pathways. In addition, differential expression analysis suggested the existence of a 

strong negative feedback from BR signaling on BR biosynthesis and also predicted that BRS1, 

rather than being directly involved in signaling, might be responsible for providing an optimal 

environment for the interaction between BRI1 and its ligand. Our study provides insights into 

the molecular mechanisms and functions of key brassinosteroid (BR) signaling genes, 

especially BRS1. 

3.1 Background  

Brassinosteroids (BRs) are essential plant hormones, regulating multiple processes amongst 

which plant growth, flowering, senescence, and seed germination [2]. BR biosynthetic and 

signaling mutants display aberrant morphological phenotypes such as dwarfism, reduced 

fertility, impaired photomorphogenesis, and altered vascular development [3, 4]. Whereas the 

phenotypes of mutants in BR biosynthetic genes can be rescued by the application of exogenous 

BRs, this is not the case for strains carrying mutations in genes responsible for BR signal 
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perception and transduction. Hence, these latter strains are referred to as BR insensitive (bri) 

mutants [2, 4]. In the BR signaling pathway (Figure 3.1), BRs are perceived by membrane-

localized leucine-rich-repeat-receptor kinase BRI1 or by the BRI1-like homologs, BRL1 and 

BRL3 [5, 6]. After binding to BRs, BRI1 and its co-receptor BRI1-Associated Receptor Kinase 

1 (BAK1) phosphorylate each other. This results in triggering a cytoplasmic 

phosphorylation/dephosphorylation signaling cascade which deactivates the GSK3-like kinase 

BRASSINOSTEROID INSENSITIVE 2 (BIN2) through dephosphorylating [7, 8]. Upon BIN2 

deactivation, the downstream transcription factors, BRASSINAZOLE-RESISTANT1 (BZR1) 

and BR-INSENSITIVE-EMS-SUPPRESSOR1 (BES1) are dephosphorylated by PP2A 

(PHOSPHATASE 2A). This results in their disassociation from 14-3-3 proteins, causing them 

to get activated and regulating a range of downstream genes involved in various aspects of plant 

growth and development [9-11]. In the absence of BRs, BIN2 is active (phosphorylated) and it 

prevents the activation of BZR1 and BES1. Because BRI1 is the core receptor of BRs, mutants 

of BRI1 have been used as genetic background to identify suppressors, i.e., other genes that 

when mutated, suppress the bri1 phenotype and thus may play a role in BR signaling. For 

example, the function of BZR1 has been unveiled by using the null allele of BRI, bri1-116 [12]. 

The weak mutant of bri1, bri1-5, can be rescued by overexpression of BAK1 and BRI 

Suppressor 1 (BRS1) [4, 13]. BRS1 is a secreted member of the serine carboxypeptidase (SCP) 

family [4]. The fact that overexpression of BRS1 can suppress two weak BRI1 extracellular 

domain mutants, bri1-5 and bri1-9, but not the strong cytoplasmic domain mutant bri1-1, 

implies that BRS1, unlike the downstream genes, BZR1 or BES1, may function upstream of the 

BR signaling pathway or in a close regulatory relationship with BRI1 [4]. Moreover, three of 

the five overexpressed BRS1’s homologs amongst which ECS1 (Extra Carpels and Seeds 1) can 

also partially suppress the phenotype of the bri1-5 mutant observed in leaves. Overexpression 

of BRS1’s homologs also increase the number of carpels and seeds, confirming the role of BRS1 

and its homologs in the BR signaling [14]. Yet, the detailed mechanism of how BRS1 potentially 

interacts with other BR genes in order to maintain balance in BR signaling is still unknown. 

Some genes involved in BR signaling are also involved in other processes, such as stress 

response, and can act independently of the presence of BRs. Several studies found that bes1-

1D and bzr1-1D backgrounds are not responsive to exogenous BRs, suggesting that BES1 and 

BZRI have also other functions than BR signaling [15, 16]. In another study, BAK1 was found 

to work together with Flagellin-Sensitive 2 (FLS2) during pathogen defense programmed cell 

death independently of BR signaling [15, 17-19]. In addition, SERK1 and SERK2, the 

homologs of BAK1 play a role in male microsporogenesis, also independently of BR signaling 

[20]. Some bri1 mutants show in addition to reduced growth, an increased stress-tolerance, 

further confirming the complexity and dosage sensitivity of BR signaling and regulation [21, 

22]. Transcriptomic studies and network analysis have been shown to be effective in uncovering 

the expression and biological consequences of gene mutants, and have successfully been 

applied to study several BR genes such as BRI1 and BES1 [23]. Therefore, in the present study, 
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we applied a similar strategy to elucidate the role of BRI1, BAK1, and BRS1 in 

regulating/restoring the response to BRs and/or in other functions independent of BR signaling. 

 

Figure 3.1 Schematic overview of the BR signaling cascade and the results of this study. The figure 

provides a simplified scheme of BR signaling based on [6, 7]. The genes studied in this work are 

indicated by a yellow star. Binding of BRs to the BRI1/BAK1 receptor triggers the 

phosphorylation/dephosphorylation signaling cascade that leads to the deactivation (dephosphorylation) 

of BIN2. The effects of BIN2 and BZR1/BES1 on BR-biosynthesis genes are depicted. The overlap 

between stress-response and BR response genes and the dual effect of BZR1/BES1 on stress response 

genes is also shown. The question marks indicate missing links that have been suggested based on the 

result of the present study. The hypothetical inferred role for BRS1 in providing a better condition for 

BRI/BAK1/BR binding by generating a more acidic environment is shown on the top right-hand side. 

The compensatory pathway resulting in the over-expressing expression of PP2C mediated by ABA is 

shown on the left-hand side. (Created with BioRender.com) 
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3.2 Results 

3.2.1 bri1-5/bak1-1D, bri1-5/brs1-1D and bri1-5/bri1-1D partially reconstitute bri1-5 

gene expression 

To better understand the molecular mechanisms of key BR signaling genes, we performed a 

phenotypic screening and expression analysis of bri1-5 and its three activation-tag suppressors 

along with their corresponding wild-type, WS2. Two suppressor strains bri1-5/bak1-1D and 

bri1-5/brs-1D were obtained from [13]. An additional bri1-5/bri1-1D mutant was generated in 

the framework of the current study (see Methods). Sequencing the BRI1 flanking region from 

the suppressor bri1-5/bri1-1D showed that the activation tag was inserted 534 bp downstream 

of the BRI1 gene (Supplementary Figure 3.1-A). All suppressor mutants were shown to indeed 

overexpress the activation tagged gene as confirmed by Real-Time qPCR (RT-qPCR) (Table 

S3.1). Phenotypically, all bri1-5 suppressors (bri1-5/bak1-1D, bri1-5/brs1-1D, and bri1-5/bri1-

1D) lines displayed larger seedlings than the bri1-5 mutant, but still significantly smaller than 

the WS2 (Figure 3.2). Of all suppressor mutants, the bri1-5/bak1-1D line best approximated the 

growth phenotype of the WS2, and its larger seedling seemed to be mainly the effect of its larger 

root length and to a lower extent of its larger hypocotyl length (both of which were significantly 

larger than the bri1-5 mutant). The contribution of the epidermal cell length in recovering the 

bri1-5 is marginal in the bri1-5/bak1-1D (line with the largest seeding) but seems much more 

pronounced in the bri1-5/brs1-1D (Figure 3.2, Supplementary Figure 1: B-F). This indicates 

that in the bri1-5/brs1-1D mechanisms other than those in the bri1-5/bak1-1D line play a role 

in alleviating the bri1-5 phenotype.  

 

 

Figure 3.2 Root, hypocotyl, and epidermal cell length at seedling stage of plants used for expression 

profiling. Root (A), hypocotyl (B), and epidermal cell length (C) of WS2, bri1-5, bri1-5/brs1-1D, bri1-

5/bak1-1D, and bri1-5/bri1-1D, measured 7 days after germination. For the root and hypocotyl length, 

the boxplot shows the distribution of data for 40 plants. For cell length, the bar represents the 95% 

confidence interval for the mean and the square indicates the location of the mean. Groups (different 
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plant lines) were statistically compared by ANOVA and Tukey tests. Groups are ranked based on their 

significance level where “a” represents the group with the highest mean and “d” the group with the 

lowest mean. Groups with different letters are significantly different.  

To gain insight into which pathways in each of the studied lines were responsible for recovering 

the bri1-5 growth phenotype to wild-type level, we performed gene expression analysis. All 

suppressor lines, together with the wild-type (WS2) and the bri1-5 background were sampled 

at a 7-day seedling stage (whole seedling including hypocotyl and root). To assess the 

reproducibility of the expression analysis, we measured the extent to which the expression 

profiles of replicate samples were similar using Principal Component Analysis (PCA): PCA 

indeed showed that the largest fraction of the variation in gene expression between the samples 

could be assigned to differences in genetic background and not to differences between replicates 

of the same genetic background, confirming the reproducibility (Figure S3.2). In addition, 

microarray results were confirmed using RT-qPCR for a randomly selected set of differentially 

expressed genes (Figure S3.3). 

 

We determined for each mutant line its differential expression versus the same common 

reference i.e., the expression state in WS2, resulting in a total of 1413 differentially expressed 

genes (Additional file1). The Venn diagram represented in Figure 3.3 shows to what extent the 

different lines share the same differentially expressed genes (aberrantly expressed versus the 

WS2 control). Figure 3.3 and the scatter-plots in Figure S3.4 (A-C) show that of all suppressor 

lines, bri1-5/bak1-1D could restore the largest number of genes that were affected in expression 

in bri1-5 (about two-thirds of the genes that were differentially expressed in bri1-5 were no 

longer differentially expressed in bri1-5/bak1-1D). This is in line with its observed phenotypic 

behavior as indeed bri1-5/bak1-1D seems to also phenotypically best compensate for the bri1-

5 mutation.  

 

The Venn diagram in Figure 3.3 also shows that the bri1-5/brs1-1D and bri1-5/bri1-1D lines 

share the largest fraction of similarly affected genes. The latter is also illustrated in Figure S3.4 

panel D-F which shows that from all pairwise comparisons between suppressor lines, the level 

of differential expression relative to the mutant bri1-5 is most correlated between the suppressor 

lines bri1-5/brs1-1D and bri1-5/bri1-1D (i.e., R2 = 0.20). This suggests a similar role for BRI1 

and BRS1 in the BR signaling pathway. Note that in Figure S3.4 D-F, rather than performing a 

direct correlation analysis of the expression between two mutant lines, we performed 

correlation analysis with the expression of each mutant line relative to the same reference 

(expression in bri1-5). In this way, the correlation analysis is driven by the expression of the 

genes that change their expression relative to bri1-5. Although this results in lower correlation 

values than when directly comparing the expression values of the mutant lines, it better reflects 

the consistency between mutant lines in restoring genes affected in the bri1-5 mutant. 
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Figure 3.3 Differentially expressed genes (DEGs relative to WS2) being compared between bri1-5 and 

its three suppressors. Group A (restored genes, 270 genes): genes differentially expressed in the bri1-5 

mutant but no longer in at least two of the suppressor lines; Group B (compensatory genes, 178 genes): 

genes that are differentially expressed in at least two suppressors but not in bri1-5; Group C (genes that 

were not restored, 371 genes): Genes that are aberrantly expressed in bri1-5 and at least two of the 

suppressor lines. Group D (333 genes), E (167), and F (94 genes) contain genes that are exclusively 

differentially expressed in respectively the bri1-5/brs1-1D, bri1-5/bri1-1D, and bri1-5/bak1-1D 

suppressor lines. The “core” below the number indicates the most reliable set for the group. The total 

number of potentially interesting genes is 1430.  

 

To confirm the extent to which the different suppressor strains molecularly restore the defects 

in the bri1-5 mutation, we compiled a list of marker genes representative of downstream 

pathways affected by BR signaling (Additional file 2). This consisted of 233 marker genes that 

were according to literature regulated by BR signaling (genes that became up or down-regulated 

upon treatment with exogenous BRs or by overexpressing the BR signaling genes). Of those 

marker genes, only those that were significantly affected in the bri1-5 line were retained in 

order to identify the mutant line that best suppresses the bri1-5 mutation (96 marker genes). 

Figure 3.4 and Figure S3.5 show how the expression of these genes is, as compared to WS2 

affected in the bri1-5 mutant and how some of those genes got restored in the suppressor 

mutants. These results confirm what we observed based on the global expression analysis, i.e., 

that the bri1-5/bak1-1D restored the bri1-5 affected marker genes to the largest extent, and that 
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molecularly the bri1-5/brs1-1D and bri1-5/bri1-1D mutant tend to behave more similarly in 

restoring the same marker genes.  

 

Figure 3.4 Expression behavior of marker genes representative of downstream BR signaling pathways. 

Column BR treatment: colors indicate whether a gene was reported to be up (red) or down (blue) 

regulated according to literature upon treatment with exogenous BRs or in a line containing a gain-of-

function mutation in a BR signaling gene. Genes were only selected as representative for downstream 

BR signaling if the up/down regulation of their expression was confirmed by at least 5 independent 

references and also affected in the bri1-5 line of our study (compared to WS2). Columns bri1-5, bri1-

5/bri1-1D, bri1-5/brs1-1D, bri1-5/bak1-1 indicate whether the genes were found to be up or down-

regulated compared to WS2 according to our expression data. Color scale indicates whether a gene is 

up-regulated (red), down-regulated (blue), or not differentially expressed (white). A * indicates that the 

adjusted p-value < 0.05. 

3.2.2 Identifying compensatory and restoring pathways 
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Pathway analysis (see Methods) unveiled the pathways overrepresented amongst the 

differentially expressed gene sets in each of the mutant lines. Figure S3.6-S8 and Table S3.2 

show a number of pathways that are differentially expressed in both bri1-5 and all of the 

suppressor lines. These represent the pathways that are responsible for the aberrant growth 

phenotype in the bri1-5 mutant and that could not entirely be restored or compensated for in 

the suppressor lines. Among others, pathways related to cell wall synthesis (cell wall cellulose 

synthesis), protein and lipid metabolism can explain the residual discrepancy between the WS2 

growth phenotype and the suppressors.  

We assumed that if the suppressor strains alleviate the phenotype of the bri1-5 mutant, they 

could do so because they either restore the pathways disrupted in the bri1-5 mutant to wild-type 

levels or they induce genes that compensate for the bri1-5 affected pathways. Both mechanisms 

are reflected in the expression data. Processes that are aberrantly expressed in the bri1-5 mutant, 

but not in any of the suppressor lines, represent pathways that are restored to WS2 levels in all 

suppressor lines. This seems to be the case for some genes related to cytochrome P450 oxidase 

(Table S3.2). The fact that they are restored (or not significantly affected) in any of the 

suppressors indicates they might be essential for the recovery of the WS2 phenotype. 

Interestingly, the genes related to “glutathione S transferases” (Figure S3.7, Table S3.2) are 

largely down-regulated in the bri1-5 mutant, restored to normal in bri1-5/bri1-1D and bri1-

5/bak1-1D and up-regulated as compared to WS2 levels in the bri1-5/brs1-1D suppressor, 

indicating that some overcompensation is needed for this pathway in the bri1-5/brs1-1D 

background in order to restore the bri1-5 phenotype. In addition, ABA-related metabolism 

(Figure S3.8 and Table S3.2) seems to have been affected by all suppressors, but at least not to 

a significant level in the bri1-5 mutant. Therefore, ABA signaling seems to represent a 

compensatory pathway, i.e., a pathway that needs to be triggered in the suppressor strains in 

order to restore the bri1-5 affected pathways and phenotype. 

As less than 5000 genes can be mapped using pathway analysis, we performed a more elaborate 

analysis using a network-based approach. Network analysis provides an intuitive way of 

combining expression data with prior information on known molecular interactions or already 

available functional data [24, 25]. This approach first maps candidate genes, that are identified 

through expression analysis, on an integrated molecular interaction network. Then, it identifies 

subnetworks that connect as many candidate genes as possible [25]. By leveraging candidate 

genes identified through expression analysis with known interaction information, spuriously 

identified candidate genes can be removed as they will not be part of the subnetworks. In 

addition, genes relevant to the process of interest that are themselves not regulated at the level 

of expression are indirectly identified by being part of a connected component/subnetwork to 

which also many of the candidate genes belong. Such an integrated analysis provides a more 

comprehensive view of the process of interest. Here, we applied such an integrated network-

based strategy to gain a more in-depth insight into the molecular mechanisms through which 

the suppressor lines can restore the bri1-5 phenotype to WS2 levels. To perform this network 

analysis, we started from the gene sets depicted in Figure 3.3.  
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3.2.3 Involvement of hormone signaling in alleviating the bri1-5 phenotype 

To study the interaction between non-restored, restored, and compensatory pathways in more 

depth, we combined the following gene sets for network analysis (see Figure 3.3): i) genes that 

were most likely restored in the suppressors (genes of group A i.e., the genes with altered 

expression in the bri1-5 mutant, but restored to WS2 level in at least 2 suppressors), ii) genes 

that were compensatory in most of the suppressors (genes of group B i.e., the genes not 

differentially expressed in the bri1-5 mutant, but differentially expressed in at least two 

suppressor strains) and iii) genes altered in the bri1-5 mutant that most likely were not restored 

in the suppressors (genes of group C i.e., the genes, differentially expressed in the bri1-5 mutant 

and at least two of the suppressor strains). This combined set of genes (789 genes) is referred 

to as the set of seed genes or the genes we want to maximally connect on the interaction 

network. 

Network analysis (see Material and Methods) identified 8 sub-networks (Figure 3.5) containing 

the set of seed genes that could be connected through the interaction network. These 

subnetworks contain not only seed genes, but also connector genes. These are genes that are 

not differentially expressed themselves, but that are still recovered by the network analysis, 

because of their high connectivity with seed genes. As they are needed to connect seed genes 

in the network, they are most likely involved in the same processes as the seed genes. The 

subnetworks were annotated based on their enrichment in known GO functions (being enriched 

in respectively negative regulation of ABA, response to auxin, fatty acid metabolism process, 

developmental process, oligopeptide transport, response to ROS, BR homeostasis, and ethylene 

activated signaling (Figure 3.5)). This indicates that these are the pathways that contribute to 

alleviating bri1-5 signaling deficiency in the suppressor strains.  

In-depth analysis shows that the subnetwork enriched in ABA signaling (Figure 3.5, 

subnetwork 1) contains several known negative regulators of ABA signaling: HAI1, HAB1 

ABI1, ABI2, and PP2CA acted as compensatory genes: these were are up-regulated in at least 2 

bri1-5 suppressor lines compared to wild-type, but were not affected in the bri1-5 mutant (HAI1 

and HAB1 being significantly up-regulated in all suppressor mutants; ABI1, ABI2, PP2CA, 

being significantly up-regulated in two suppressors, see Figure S3.9); In addition, HAI2 was 

affected in the bri1-5 line, but could not be restored in at least two suppressors (non-restored 

gene), and HAB2 was identified as a connector node.  

Interestingly, several targets of the ABA signaling pathway (DTX50, HVA22D, PUB19, 

COR15B, next to HAI1, HAB1) were identified as differentially expressed in all three 

suppressors (identified based on a GO enrichment of the core of group B, but not in bri1-5). 

This indicates that ABA signaling has indeed been affected in the suppressor strains to 

compensate for the bri1-5 signaling deficiency. Of these, DTX50, HVA22D, PUB19, COR15B 

could not be connected by PheNetic on the interaction network, implying they are either not 

annotated in the interaction network (COR15B) or quite distantly located from each other in the 

network.  
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Figure 3.5 Subnetworks resulting from network analysis. Subnetworks identified by PheNetic 

representing different pathways that were identified by mapping and connecting the genes of group A 

(restored genes), B (compensatory genes), and C (not restored genes) on the interaction network. Node 

color: dark green, dark red, and dark blue indicate the core genes of groups A, B, and C, respectively. 

Likewise, the light green, light red, and light blue correspond to the non-core genes in groups A, B and 

C, respectively. Connector genes that were not identified as differentially expressed, but identified by 

PheNetic on the paths that connect the differentially expressed genes are shown in gray. Edge color: 

regulatory edges are shown in green, metabolic edges in red and protein-protein edges are shown in blue 

color.  

 

The aforementioned negative regulators of ABA signaling in subnetwork 1 belong to the protein 

phosphatase 2C (PP2C) gene family which has nine members in total (HAI2, HAB2, HAB1, 

HAI3, PP2CA, ABI1, AHG1, ABI2, AHI1). PP2C is known to indirectly repress ABI5, the main 

activator of ABA signaling [26]. PP2C is also known to repress BIN2 activity [7, 8]: as BIN2 

activates ABI5 by phosphorylating SnRKs [7, 8], repressing ABA signaling by PP2C via 
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blocking SnRKs phosphorylation seems to compensate for the deficiency in BRI1 mediated 

signaling (Figure 3.1). The subnetwork enriched in ABA signaling (network 1) also contains 

members of the PYR/PYL/RCAR family as connector genes (RCAR5, RCAR6, RCAR7, 

RCAR10, RCAR14, PYL8). The PYR/PYL/RCAR family constitutes the receptor of ABA 

signaling and promotes the activation of SnRKs by repressing PP2C [16, 27]. The fact that the 

SnRKs (SnRK2.5) and PYR/PYL/RCAR genes were identified as connector genes implies that 

they are likely involved in the pathways that connect the affected, restored, and compensatory 

genes of subnetwork 1. They are most likely not primarily regulated at the expression level, 

given their role in phosphorylation-mediated signaling [8, 28]. This explains why they were 

detected as connector genes and not retrieved by differential expression analysis.  

We could not find any link in the literature to explain how PP2C can be up-regulated by BR 

signaling in order to repress ABA signaling. It seems that there exist some missing links 

between BZR1/BES1 (or downstream TFs) and the PP2C gene family. By partially recovering 

BR signaling in the suppressor lines, one would expect that PP2C gene expression levels restore 

to WS2 expression level. However, they appear to become up-regulated in suppressors, 

indicating that further compensatory repression of the ABA signaling is required in order to 

restore the bri1-5 phenotype. 

Other than the ABA subnetwork, subnetworks related to other signaling processes like auxin 

signaling (subnetwork 2), ROS signaling (subnetwork 6), and ethylene signaling (subnetwork 

8) were also detected. It is well known that crosstalk between these phytohormone signaling 

pathways exists [29, 30]. Hence interfering with one pathway e.g., ABA signaling through BR 

signaling might affect other phytohormone pathways as well. Based on the pathway analysis 

using MapMan and the network analysis we can conclude that ABA signaling is mostly a 

compensatory pathway (genes indicated in red color in Figure 3.5 represent compensatory 

genes), whereas auxin, ethylene, and ROS signaling pathways are at least partially restored to 

the WS2 level (genes indicated in green color in Figure 3.5 represent restored genes). However, 

restoring those pathways to the WS2 level seems to also depend on the presence of at least some 

compensatory genes (genes indicated in red color in Figure 3.5 represent compensatory genes). 

The remaining subnetworks are enriched for fatty acid metabolism (subnetwork 3), 

developmental processes (subnetwork 4), and oligopeptide transport (subnetwork 5) confirming 

that all suppressors could partially restore some affected primary metabolic pathways. This is 

in line with the MapMan results and the recovered phenotypes.  

3.2.4 Negative feedback of BR signaling on BR biosynthesis: 

The network result shows that the BR biosynthesis (subnetwork 7) is not well recovered in any 

of the suppressors. This subnetwork contains 4 genes (CYP90C1, CYP90B1/DWF4, CYP85A2, 

CYP90A1/DWF3) that are differentially expressed in the bri1-5 lines and all of the suppressors. 

Those genes, belonging to the cytochrome P450 superfamily play a role in BR biosynthesis by 

converting the sterol “campesterol” to BRs [31]. CYP708A3, another BR biosynthesis gene was 
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found to be differentially expressed in all suppressors and the bri1-5 mutant (Figure 3.6). 

However, as this gene was not present in the interaction network, it was missed by the network 

analysis. Unlike the four aforementioned cytochrome P450 genes, the molecular function of the 

CYP708A3 gene is still unknown. Interestingly it shows an expression pattern that is 

anticorrelated to that of the other cytochrome P450 genes (Figure 3.6). This result along with 

the fact that CYP708A3 is known to be up-regulated by exogenous brassinolide (BL) treatment 

[32, 33] suggests it acts as an inhibitor of BRs biosynthesis.  

The fact that the expression of BR biosynthetic genes is affected by mutations in BR signaling 

genes points towards the existence of negative feedback of BR signaling on BR biosynthesis. 

If indeed negative feedback exists between BR signaling and biosynthesis, this feedback should 

be reflected in quantitative differences in overexpression of the BR signaling and biosynthesis 

genes in the bri1-5 and suppressor mutants. The better the signaling can be restored in the 

suppressors (as reflected by the phenotype), the less we expect the expression of the BR 

biosynthesis to be aberrant. We indeed found that the expression of the BR-biosynthesis genes 

(CYP90C1, CYP90A1, CYP85A2, CYP90B1, CYP708A3) are less affected in the strains that 

better mimic the wild-type phenotype (see Figure 3.6, the best suppressor of bri1-5, bri1-

5/bak1-D, shows the lowest expression change of the biosynthesis genes). This further supports 

the existence of negative feedback from BR regulation on BR biosynthesis: a more sustained 

BR signaling results in decreased BR biosynthesis, whereas suboptimal BR signaling is 

compensated for by higher transcriptional activity of BR biosynthetic genes.  

 

 

 

Figure 3.6 Comparing the mean expression values of BR-biosynthesis genes in the bri1-5 mutant and 

suppressor lines. For each line (WS2, bri1-5, and suppressors) the average log2 expression values of 
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gene expression across replicates are given for the indicated BRs biosynthesis genes. The squares 

indicate the location of the mean and bars show the 95 percent confidence interval for the mean. The 

main BR-biosynthesis genes are affected in the bri1-5 mutant and all suppressors. However, the plots 

show that BR-biosynthesis genes are less affected in the line (bri1-5/bak1-1D) that best suppresses the 

bri1-5 phenotype. Pairwise comparisons between the average values were performed using Tukey’s post 

hoc test. Groups are ranked based on their significance mean where “a” represents the group with the 

highest mean and “d” the group with the lowest mean. Groups indicated with different letters are 

significantly different. 

3.2.5 Link between stress response and BR signaling 

Next, we analyzed the genes that were uniquely altered in each of the suppressors, i.e., the 

suppressor-specific compensatory genes (genes of group D, group E, and group F, respectively). 

Based on GO analysis we mainly found stress related processes to be overrepresented in each 

of the groups. Genes involved in these stress related processes seem to be scattered over the 

interaction network as they could not be recovered as well delineated subnetworks, indicating 

that different stress-related genes are induced in the different lines. According to the literature, 

there is crosstalk between BR signaling and signaling by other hormones in response to stress, 

especially via ABA and auxin signaling [29]. In the absence of BRs (or low amounts of BRs), 

BIN2, affects ABA and auxin signaling, resulting in the induction of stress response genes [7, 

8, 16]. On the other hand, some stress-response genes are known to be targets of BZR1 and 

BES1 [8, 16] (Figure 3.1), indicating that also when BRs levels are high, stress response genes 

can be activated. These observations show that balanced BRs levels are needed for normal 

growth and that deviation from the optimal levels (either too high or too low) would activate 

stress response mechanisms. We observed that by partially recovering bri1-5 signaling 

deficiency by suppressor lines, the transcript level of some stress-response genes is restored to 

normal, but other stress-response genes become induced (Additional file 3: GO enrichment for 

genes exclusively differentially expressed in each suppressor, “GO_only_bri1-5”, 

“GO_only_bri1-1D”, “GO_only_bak1-1D”, “GO_only_brs1-1D”). This observation is in line 

with this complex effect of BRs and BR signaling on stress response pathways. 

3.2.6 Iron Ion homeostasis, ferroxidase, and glutathione transferase activity are 

identified as compensatory mechanisms unique to the bri1-5/brs1-1d suppressor 

Unlike for BRI1 and BAK1, much less is known about the role of BRS1 in BR signaling. 

Therefore, we had a closer look at genes of group D which are exclusively differentially 

expressed in bri1-5/brs1-1D mutant and hence comprise compensatory pathways specific for 

bri1-5/brs1-1D. GO enrichment showed that the genes of this group (group D, 333 genes) are 

not only overrepresented in stress related processes (see above) but also in glutathione 

transferase (up-regulated), (Figure 3.7). This overrepresentation in glutathione transferase is in 

line with the MapMan results. These results showed how in the bri1-5/brs1-1D mutant the 

expression of the glutathione transferase was not only restored as compared to the other 
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suppressor lines, but even overcompensated as compared to WS2 levels (Figure S3.7). We also 

found that several members of the CCAAT-binding factor complex (CBC) (NFYA2, NFYA3, 

NFYA6, NFYA10) were uniquely up-regulated in bri1-1D/brs1-1D (Figure 3.7 and Figure S3.9). 

Members of this complex have been associated with the control of iron homeostasis in Candida 

Glabrata [34]. In addition, iron ion homeostasis/ferroxidase activity was also found to be down-

regulated, specifically in the bri1-5/brs1-1D. In the ferroxidase reaction, four H+ are used to 

catalyzes the oxidization of Fe2+ to Fe3+, repressing this reaction results in the accumulation of 

H+ which can be transported to the apoplast via plasma-membrane pumping mediated by 

ATPase (H+-ATPase transporters) [35]. Accordingly, we also found that the main inhibitor of 

H+-ATPase transporters, CBC1, was significantly down-regulated in bri1-5/brs1-1D (fold 

change -1.7, adj p-value 8.36e-06), but not in the other suppressors. This implies that H+-

ATPase transporters are more active in bri1-5/brs1-1D to export H+ from cytosol into apoplast, 

making the apoplast more acidic (Figure 3.1). In line with this hypothesis, the up-regulated 

glutathione transferase activity in the brs1-1D mutant (Figure S3.9) might be essential to 

compensate for the more acidic environment in the bri1-5/brs1-1D and would be required for 

maintaining redox homeostasis. In addition, we hypothesize that the observed acidification 

could generate a cellular environment that improves BRI1-BRs binding or BRI1-BAK1 

dimerization and hence contribute to restoring the bri1-5 mutant phenotype.  
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Figure 3.7 GO enrichment for differentially expressed genes (DEGs) exclusively in bri1-5/brs1-1D 

compared to WS2. The over-represented GO terms and DEG are shown on the x-axis and left-side y-

axis, respectively. The green color shows the corresponding gene is present in the indicated GO term 

and white means it is not; “DE score” reflects the degree of log fold changes (differential expression 

compared to WS2); “Regulation” represents down (blue) and up (red) regulation for the corresponding 

gene. The small bottom heat map shows the significant over-representation value for GO terms based 

on the p-value in the hypergeometric test. 

 

3.3 Discussion 

In this study, we explored the alteration of gene expression in BR signaling mutants to better 

understand BR signaling and the functions of key BR genes.  

3.3.1 Crosstalk between BR signaling, other hormone signaling pathways, and primary 

metabolites 
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Our analysis identified ABA signaling as a mainly compensatory pathway, and signaling 

pathways related to ethylene, auxin, and ROS, as pathways involved in partially restoring the 

bri1-5 expression phenotype to WS2 levels. It is also obvious that restoring pathways can 

depend on the presence of compensatory genes in the same pathway. The crosstalk between BR 

signaling and signaling by ABA observed in our study is in line with the literature [36]. The 

serine-threonine kinases SnRK2.2 is the main positive regulator of ABA signaling by regulating 

key TFs such as SLAC1, KAT1 [37, 38]. PHOSPHATASE 2C (PP2C) represses the SnRK2.2 

by blocking its phosphorylation mediated by BIN2 (Figure 3.1). In the presence of ABA, the 

complex of PYR/PYL/RCAR inactivates the PP2C by blocking its substrate’s entry [39]. The 

activated SnRK2 phosphorylate ABI5 leads to the activation of downstream ABA-dependent 

mechanisms. In the absence of BRs (or BR signaling deficiency like bri1-5), SnRK2.3 can 

mimic the presence of ABA in triggering ABA signaling, once it is phosphorylated by BIN2 

[26]. This means that repressing ABA signaling (repressing SnRK2) can compensate for the 

BR signaling deficiency. In line with our result, a recent study showed that overexpression of 

ABI1 or ABI2, which encodes the negative regulator of ABA signaling could promote BR 

signaling [36]. Network analysis suggested that all bri1-5 suppressor strains suppressed the 

ABA signaling (SnRKs) through up-regulating its negative regulator, PP2C (Figure 3.1).  

Links between BR signaling and auxin we observed are also supported by literature and in line 

with the observed phenotype of the bri1-5 mutant. ARFs (auxin response factors) are 

transcription factors that affect root and shoot elongation [30]. In the presence of BRs, BZR1 

and BES1 enhance the DNA-binding activity of the auxin response factors ARF6 and ARF7 to 

promote auxin response [40, 41]. This explains why the suppressor strains restore auxin-related 

pathways. However, it remains unclear whether the observed restored auxin signaling was the 

result of the activation of BZR1/BES1 or whether the suppressors employed other pathways to 

restore the auxin signaling. On the other hand, at low concentrations of BRs, BIN2 enhances 

the DNA-binding activity of the auxin response factors ARF2, ARF7, and ARF19 through 

phosphorylation. This results in growth and root elongation in the absence of BRs [38, 42]. 

Hence, optimal plant growth and development regulated by auxin signaling requires a balanced 

level of BR signaling. Like with ABA and auxin, crosstalk between BRs and respectively 

ethylene and cytokinin has also been reported [29].  

BR signaling controls development and growth by regulating metabolic processes such as fatty 

acid metabolism. For example, exogenous BR treatment was shown to promote leaf senescence, 

likely via the alteration of fatty acid composition in Pisum sativum [43]. Exogenous BR 

treatment would increase the content of free fatty acids and decrease the content of fatty acids 

bound to galactolipids [43]. Similar studies showed the effect of exogenous BR on fatty acid 

composition under salt [44] and drought [45] stress. As expected, fatty acid metabolism 

(subnetwork 3) and developmental processes (subnetwork 4) have been partially restored by 

bri1-5 suppressor lines, supporting the impact of BR signaling on the development, and the 

composition of fatty acids. 
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Transcription factors, regulators, oligopeptides, and proteins are an essential part of BR and 

other signaling pathways. Previous studies showed that BR treatment increases the protein 

levels in the nuclei of hypocotyl cells [12, 46]. Transport of transcription factors and regulators 

to the nucleus is essential to regulate gene expression by BR signaling as a downstream effect 

[47]. This is in line with our results: oligopeptide transport (subnetwork 5) is affected in the 

bri1-5 mutant and is partially restored by suppressor lines.  

3.3.2 Negative feedback between BR signaling and BR biosynthesis 

In addition, our results provide evidence for negative feedback between BR signaling and BR 

biosynthesis. This hypothesis was already made by Noguchi et al. [3] who explained the 

observed accumulation of BR precursors in bri1 mutants by the presence of a negative effect of 

the BR signaling proteins BZR1/BES1 on the BR-biosynthesis pathway. Although it cannot be 

excluded that the previously reported accumulation of BR precursors in bri1-5 mutants results 

from the inability of the mutant lines to use available BRs, our observation in BR signaling 

mutants suggests that aberrant regulation of BR biosynthesis can also contribute to the 

accumulation of BRs precursors: it seems that non-aberrant BR signaling is required for 

homeostasis of appropriate levels of endogenous BRs. Our results also show that the level of 

negative feedback depends on the degree to which the suppressor could compensate for the 

phenotypic difference between the bri1-5 and WS2. The better the defects in BR signaling were 

alleviated (as reflected by the phenotype), the less pronounced the observed effects on the BR 

biosynthetic genes. This observation also supports the hypothesis made by Gruszka et al [7] 

that BIN2 would regulate BR-biosynthesis through phosphorylating CESTA, a transcription 

factor that regulates BR-biosynthesis (Figure 3.1). 

3.3.3 BR signaling and stress response 

Because BR signaling regulates response to a wide spectrum of stresses [16], it is not 

unexpected we observed that stress response genes were affected in the mutants that interfered 

with BR signaling. At the low level of BRs (or BR signaling deficiency e.g., bri1-5) the 

activated SnRK2 by BIN2 mimics the presence of ABA, activates ABI5, and finally regulates 

stress response genes (Figure 3.1). In the presence of BRs, BZR1/BES1 inhibits ABI5 and can 

terminate the ABA signaling. On the other hand, BZR1/BES1 can regulate the expression of 

stress response independent of ABA (Figure 3.1). Therefore, some stress response genes are 

regulated by BIN2 at low levels of BRs through ABA signaling, while other stresses are 

controlled by BZR1/BES1 at high levels of BRs independent of ABA signaling. We observed 

that by partially recovering bri1-5 signaling deficiency in bri1-5 suppressor strains, the 

transcript level of some stress-response genes is restored to normal, but other stress-response 

genes become induced. The need for optimal BR homeostasis might also explain why some 

gain-of-function mutants (e.g., bes1-D) described in the literature or why treatment with 

exogenous BR give rises to a phenotypic response that is worse than the one observed in the 

bri1-5 mutant (shorter root) [48]. This further confirms that an appropriate balance in BR 



PheNetic                                                                                                                                                   3-19 

signaling is essential to guarantee coherent cross-talk between hormones signaling networks 

and any aberration of this optimal level leads to activation of stress response genes.  

In addition, there is evidence that BAK1 plays a role in regulating stress-response pathways 

independently from BR signaling [17]. Since BAK1 usually works as a coreceptor and serves 

to promote cross-phosphorylation leading to downstream signaling, the existence of other 

stress-sensor receptors interacting with BAK1 cannot be excluded. 

3.3.4 Acidification possibly involved in providing an optimal environment for BRI1 

and ligand binding 

Our analysis of the genes/pathways that are uniquely involved in the bri1-5/brs1-1D suppressor 

line to compensate for the bri1-5 mutant showed that BRS1 seems involved in the acidification 

of the apoplast environment. We hypothesize that this acidification could contribute to an 

improved BRI1-BRs binding or BRI1-BAK1 dimerization and hence restoration of the bri1-5 

mutant phenotype. In vitro studies have indeed shown that BRs preferentially bind to BRI1 in 

an acidic cell wall environment (pH < 5) [27, 49]. It has also been suggested that changing the 

pH environment by endocytosis of BRI1 from the plasma membrane into the cytosol reduces 

the affinity of BRI1 to BRs and would terminate BR signaling [27]. The same ligand-receptor 

mechanism has been reported in animal cells [50]. In addition, acidification of the apoplast is 

the major requirement for increasing cell wall extensibility, which controls cell extension and 

can also be a compensatory pathway in brs1-1D [51]. This is confirmed by the phenotypic 

analysis which shows that indeed the bri1-5/brs1-1D line at least partially restores the 

epidermal cell length (Figure 3.2). These observations support that the brs1-1D mutant can 

restore BR signaling by creating an acidic environment and providing the optimal conditions 

for either BRI1-ligand binding or BRI1-BAK1 dimerization along with improving cell wall 

extensibility. This might also explain the very similar genome-wide expression impact of brs1-

1D and bri1-1D and explains why overexpression of BRS1 can suppress two weak BRI1 

extracellular domain mutants, bri1-5 and bri1-9, but not the strong cytoplasmic domain mutant 

bri1-1. 

The bri1-5/brs1-1D suppressor line also induces glutathione transferase activity which is 

necessary for redox homeostasis. This link between BR and redox signaling is in line with the 

literature [52]. An oxidative environment induces BZR1 activity and promotes the interaction 

of BZR1 with downstream TFs, ARF6, and PIF4 [52]. Since a loss-of-function mutant of BRS1 

shows no obvious phenotype, [4] but its gain-of-function mutant does and partially restores 

bri1-5 signal deficiency, it can be suggested that BRS1 does not have a regulatory role and only 

provides a better condition for triggering the BR signaling by making the apoplast environment 

more acidic.  
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3.4 Conclusions 

In this study, we performed expression, pathway, and network analysis to provide more insight 

into the BR signaling by taking advantage of the availability of mutants for keys genes in BR 

signaling. Our results suggest that ABA signaling plays a significant role in alleviating the bri1-

5 dwarf phenotype. The fact that also other phytohormone signaling pathways are restored to 

the wild-type expression level in all bri1-5 suppressors confirms the crosstalk between BR and 

other phytohormone signalings. The negative feedback from BR signaling on BR biosynthesis 

was also confirmed by quantitative evidence. In addition, a new indirect role for BRS1 in BR 

signaling was suggested. 

 

3.5 Methods 

3.5.1 Expression profiling experiment and differential expression analysis 

The two activation tagging suppressors of bri1-5, bri1-5/bak1-1D, and bri1-5/brs1-1D were 

obtained from our previous study [13]. An additional activation tagging suppressor line bri1-

5/bri1-1D was generated in this study as previously described [4]. Wild-type (WS2), the loss-

of-function BR mutant (bri1-5), and its three suppressor mutants (bri1-5/brs1-1D, bri1-5/bak1-

1D, bri1-5/bri1-1D) were grown at 22°C in a long-day condition (16 h of light and 8 h of dark) 

in a greenhouse for seven days. All mutants were generated from the WS2 ecotype background. 

Microarray analysis of all genotypes was performed with three biological replicates. Total RNA 

of 7-day whole seedlings was isolated, labeled, and hybridized with an Arabidopsis ATH1 

genome array according to the Affymetrix instructions. Scanning of the array was performed 

using the Agilent GeneArray Scanner. The data are available in GEO (GSE70843). The CEL 

files were preprocessed using the AFFY package (background correction, quantile 

normalization, and probe value summarization (RMA normalization)) [53]. The 

arrayQualityMetrics package was used to check the quality of the normalized expression values 

[54]. All samples passed the quality check. Non-unique probe sets were removed, and the 

expression value of genes was calculated as the average of the expression measured by the 

probe sets that covered the gene. The consistency between replicate samples was assessed using 

PCA. Differential expression was calculated by comparing the samples of the mutated lines 

with those obtained from the wild-type (WS2) using the Limma package [55]. To define 

differentially expressed genes, the absolute fold change and false discovery rate (FDR) 

threshold were set at 1.5 and 0.05, respectively resulting in a total of 1413 differentially 

expressed genes. Further, eight differentially expressed genes were randomly selected and 

confirmed by RT-qPCR following standard protocol with three biological and three technical 

repeats [56]. The primers used for qPCR are presented in Table S3.3. Pathway enrichment 

analysis was carried out using the MapMan software [57] and GO enrichment was performed 

using TAIR GO enrichment [58]. 
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3.5.2 Phenotypic analysis 

The phenotypic impact of suppressor lines was evaluated through the measurement of the root, 

hypocotyl, and epidermal cell length on the 7-day old seedlings. The root and hypocotyl lengths 

were measured on 40 plants and hypocotyl epidermal cells were scanned using the electron 

microscope (SEM) on samples taken from 3 random plants for each line. The mean of epidermal 

cell length per image was determined using Fiji software [59]. Statistical analysis was 

performed using One-way ANOVA followed by Tukey's multiple comparisons in R [60].  

3.5.3 Retrieving BR-responsive genes 

We performed a literature study to compile a list of “high-confidence” BR-responsive genes, 

i.e., genes regulated by exogenous BR treatment or in a line containing a gain-of-function 

mutation in a BR signaling gene with consistent transcriptional response from at least five 

references [32, 33, 61-69]. A full list of marker genes together with the references in which they 

were found and an indication of their expression behavior upon addition of external BRs (or 

gain of mutation in BR signaling genes) is given in supplementary file (Additional file 2). The 

intersection of the genes that were differentially expressed in the bri1-5 mutant line with the 

list of “high-confidence” BR-responsive genes was used to evaluate the consistency between 

the expression data of our study and literature and to determine which suppressor best restored 

the expression of those genes to WS2 level. 

3.5.4 Network analysis 

A high confidence Arabidopsis interaction network was compiled from the following sources: 

64185 FunTFBS regulatory interactions were obtained from PlantRegMap [55], 96827 protein-

protein interactions from AtPIN [70] and 34003 metabolic interactions from KEGG [71]. This 

resulted in a final number of 182748 interactions between 21263 unique genes. In this integrated 

network, nodes represented genes and edges the interactions between the genes.  

To perform network analysis with PheNetic [25] network edges need to be weighted. The 

weight is derived from the log2 fold change (logFC) expression of a gene as indicated below. 

To each gene, we assigned as logFC, the highest value that was observed for this gene across 

the assessed mutant lines as compared to WS2. To assign a p-value to this logFC, we empirically 

estimated the distribution of the observed max logFC for all genes. As we expected that most 

of the genes would not change their expression this is an estimate of the null distribution. The 

mean (μ) and standard deviation (σ) of this distribution was estimated empirically using 

maximum likelihood implemented in the MASS package [72]. Using the values of the mean 

and the standard deviation each gene was assigned a significance score (gene-score) based on 

a two-tailed T-test which reflects the degree to which the gene has been affected as compared 

to other genes as follows [25]: 

gene_score = abs(1 − 2 ∗ ϕ(μ,σ)max(logFC)) 
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The edge weight between a source (S) and target (T) nodes was derived by the product of the S 

gene-score and T gene-score. 

This weighted interaction network was used together with the seed gene list (list of differentially 

expressed genes) in PheNetic [24, 25]. PheNetic aims at connecting as many genes as possible 

from the seed list on the interaction network in the most parsimonious way (using the least 

number of edges). By enforcing such a parsimonious solution, PheNetic detects subnetworks 

in which genes from the seed list are closely connected. Such connected components can be 

viewed as proxies of pathways. The PheNetic expression subcommand was run in the 

downstream mode with the following parameters: min cost: 0.1; max cost: 5; step size: log scale 

between max and min cost with 28 steps; path-length=4; k-best paths: 50; for all other 

parameters the default values were used. For each edge cost, the highest-scoring subnetwork 

was selected. Furthermore, the Jaccard index of all the subnetworks with the same edge cost 

was computed. For each cost, the subnetwork is rejected if it has a low stability score (i.e., 

Jaccard index smaller than 0.5) or if it is too large (more than 500 interactions). The final 

subnetworks are then the union of all the “best subnetworks” for each edge penalty that passed 

the stability and size requirements.  

3.5.5 Gene groups used for network analysis 

The gene groups used for network analysis were derived from the Venn diagram displayed in Figure 3.3. 

To perform network analysis, we defined respectively restoring genes (group A, genes with altered 

expression in the bri1-5 mutant, but restored to WS2 level in at least 2 suppressors), compensatory genes 

(group B, (genes not differentially expressed in the bri1-5 mutant, but differentially expressed in at least 

two suppressor strains), non-restored genes (group C, genes that differentially expressed in the bri1-5 

mutant and at least two of the suppressor strains) and genes that are uniquely affected in respectively 

the bri1-5/brs1-1D (group D), the bri1-5/bak1-1D (group F), and the bri1-5/bri-1D (group E) 

(Additional file 1).  

To study the interaction between restored, compensatory, and non-restored genes, we combined 

the genes of groups A, B, and C (789 genes) to perform network analysis. Each group consists 

of its core genes. The core of group A (restored genes) consists of 118 genes that are restored 

to the wild-type state by all suppressors. The core of group B (compensatory genes) consists of 

23 genes, i.e., genes that were significantly differentially expressed in all three bri1-5 

suppressors, but not in bri1-5 mutant. The core of group C (non-restored genes) consists of 149 

genes that are affected in bri1-5 mutant but not restored by any suppressors. However, as the 

size of the gene sets is dependent on the choice of an arbitrary threshold, we assumed that some 

of the genes belonging to the processes represented by these core gene sets were found to be 

significantly differentially expressed in two of the three lines only (and slightly below the 

threshold in the third). That is why we extended the core gene sets with the genes that were 

differentially expressed in at least two lines, rather than in all three of them. Extended gene sets 

A, B and C were subsequently combined to study the interaction between the restored, 

compensatory, and non-restored genes. 
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BLSSpeller to discover novel regulatory motifs in maize 

“Nothing in biology makes sense except in the light of evolution” 

-Theodosius Dobzhansky  

 

Plants need to quickly respond to internal and environmental changes. Understanding gene 

regulation is key to understanding the genotype-phenotype relation. The signals for gene 

expression regulation are clusters of DNA binding sites recognized by transcription factors 

(TFs) hidden in non-coding regions. Identifying the location of the functional TF binding sites, 

which are short and degenerate, can contribute to our understanding of gene regulation and are 

relevant for applications of e.g. genome editing in which mutations are introduced to obtain a 

desired phenotype. In the chapter below we describe a study in which we adapted  BLSSpeller, 

a comparative approach to identify TF binding sites and applied it to identify motifs in Zea 

mays. The candidate preprocessed the data for BLSSpeller, implemented additional steps for 

redundancy filtering, performed the validation analyses, contributed to the visualization, and 

summarized the results in a coherent story. Page 4-22 includes an overview of the contributions 

of all authors. 
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Abstract 

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

genomes, comparative genomics methods are becoming increasingly attractive to complement 

experimental techniques for the task of transcription factor 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 species. We discovered 61 motifs of which 20 matched previously 

described motif models in Arabidopsis. In addition, novel, yet uncharacterized motifs were 

detected, several 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 
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signatures of positive selection. Moreover, the enrichment of the predicted motif instances in 

open chromatin and transcription factor binding sites indicates their functionality, supported by 

the fact that genes carrying instances of these motifs were often found to be coexpressed 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. 

 

4.1 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 a 

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 timing of gene expression. Maize is one of the world’s most important crops, with a 

well-studied genome and a large body of experimental data on gene regulation already 

available, including the experimental identification of transcription factor binding sites [5, 6], 

and the characterization of active chromatin regions [7, 8]. However, like for most crop species, 

the availability of experimental information is, for technical [7, 9, 10] and budgetary reasons, 

limited. Comparing ChIP-seq TF binding site profiles obtained between a wild strain and a 

strain carrying 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 ~2000 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 thousand bp) and in a condition-dependent way [17]. 

However, experimental information on regulation can be complemented with computational 

analyses. Comparative genomics methods to accurately pinpoint the location of functional TF 

binding sites were already popular in the pre-genomics era [18-21] and have regained scientific 

interest with the decreasing cost of sequencing and availability of many sequenced genomes 

[22-24]. This is particularly true for plants, where TF binding sites are known to be well-

conserved across closely related species and often located in the close neighbourhood of the 

coding genes [5, 7, 25]. Comparative approaches have been successfully applied to identify 

transcription factor binding sites in many organisms [25-28].  

Even though many tools for phylogenetic footprinting have been developed, they are not 

designed to cope with the large volumes of the data that are currently available. BLSSpeller is 

a unique approach that exhaustively explores the full sequence space [29]. It allows, like many 

state-of-the-art comparative approaches [19, 27, 30] to account for the phylogenetic relatedness 

between the orthologs during its search for conserved motifs. In addition, by allowing for an 

alignment-free search of motifs conserved across species [29], it can discover binding sites that 
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were relocated during evolution. In order to include a larger number of sequences in the 

comparative analysis, BLSSpeller was redesigned. This ability increases its statistical power 

and reduces spurious predictions.  

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 perfectly matched previously described motif models in Arabidopsis, together with 

several yet undescribed motifs generating a useful resource of novel predictions that can 

complement results from functional genomics studies. 

4.2 Results 

We used BLSSpeller [29] 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 comparative setting, we obtained from PLAZA [31] gene sequences of 16 

monocot species, including maize (Table S4-1). Genes were grouped into gene families where 

each gene family can contain both paralogs and orthologs. BLSSpeller was used to search in 

the promoter sequences of gene families with at least 3 species for conserved motifs. 

Details on BLSSpeller can be found in the materials and methods. Briefly, BLSSpeller scores, 

for all possible motifs of a prespecified length (e.g., 8 bp), their degree of conservation within 

each gene family, denoted by the Branch Length Score (BLS) [32]. Conceptually, the BLS of a 

motif expresses the fraction of promoter sequences in a gene family that contain the motif, 

weighted by their relative phylogenetic distance. When the BLS of a motif within a gene family 

exceeds a prespecified 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 (orthologs) than conservation within a species (paralogs). 

To reduce false-positive predictions, an additional selection criterion is imposed: given that 

biological processes tend to be regulated by multiple genes, a true motif is more likely to be 

conserved in multiple gene families. Therefore, we identified as the more reliable motifs, those 

predictions that were conserved within more gene families than random motifs of the same 

length and nucleotide composition. 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 conserved (at that BLS threshold) 

within ten times as many gene families than expected. This filtering step largely reduced the 

number of motif candidates and resulted in a final list of 1295 motifs.  

Figure S4-1-a 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 
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threshold 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 family 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 threshold (Figure S4-1, panels b and c). 

Figure S4-1-b 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 sequence space and hence a 

higher probability of detecting by chance a conserved motif with a high BLS. As shown in 

Figure S41-c, recurrence filtering removes many of these likely spurious motifs detected in 

motif families with a high average number of paralogs. 

 

4.2.1 Identifying motifs and instances relevant to zea mays 

To select from the motifs predicted by BLSSpeller those that are relevant in maize, we assessed 

for each motif whether gene families exist that contained a motif instance in the corresponding 

maize sequences. This resulted in a final selection of 1292 motifs and 2,320,402 instances. 

However, many of these motifs are redundant as for instance the same motif can be recovered 

with a different level of degeneracy. 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 (Appendix S1). The average GC 

content of these motif instances was 62% as compared to 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). 
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Figure 4.1 Enriched GO terms (Biological Process) for the gene sets corresponding to the predicted 

maize motifs. Each column represents a gene set in maize sharing 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 -log10 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. 

4.2.2 Predicted motifs are associated with processes known to be conserved across 

species 

Genes with the same motifs are expected to be coregulated and hence involved in the same 

biological processes. To assess whether the gene sets containing the same motif are indeed 

functionally similar, 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) (Figure 4-1). 

For the genes sets corresponding to the random motifs this was only true for 15 out of the 61 

random motifs (Figure S4-2). Enriched GO terms of the representative gene sets related to 

hormone and stress response, detoxification, regulation of metabolism, secondary metabolites, 

growth and development, metabolism and nutrition, macromolecules biogenesis, and DNA 

conformation and cell cycle (Figure 4-1). 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 [33-35].  

4.2.3 Validation of the predicted maize motifs by comparing with Arabidopsis motifs 

To validate the motifs, we compared the 61 maize motifs with experimentally verified motifs 

in A. thaliana obtained from a DAP-seq experiment [36]. The study of O’Malley et al. provides 
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one of the most comprehensive compendia of experimentally generated TF binding sites in 

plants, covering binding sites for 529 TFs. Our predicted maize motifs match significantly 

better to known Arabidopsis motifs than random motifs. Of the 61 maize motifs, 20 motifs 

perfectly match (q-value < 0.05) known Arabidopsis motifs, whereas the same was true for 3 

random motifs only (Figure S4-3). Based on these similarities, the retrieved motifs cover 

Arabidopsis binding sites for a diverse set of transcription factors, including members of C2H2, 

AP2, bHLH, NLP, ERF, ARE, HMG, ABI (Table S4-2).  

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 motif (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. Table S4-2 shows that at least for some motifs, a clear similarity can be detected between 

the inferred functions of the predicted motifs in maize and their matching motifs in Arabidopsis. 

The large overlap between our predicted motifs and experimentally validated 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 4 different 

maize motifs (GCAGCARY, GCAGCAKS, AGCWGCAR, BAGCAGCW) (Table S4-2), 

suggesting these motifs might still be redundant or might represent binding sites for different 

TFs with similar functions in maize. Indeed the maize genes having an instance of each of the 

4 aforementioned motifs are enriched in “metabolism and development”, consistent with the 

AtNLP4 function in Arabidopsis which involved in cell elongation and response to nitrate.  

4.2.4 Genes sharing instances of the same predicted motif are coexpressed 

Assuming that sharing a motif implies coregulation and hence coexpression, 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 [37], 

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 populations 

(see Table S4-3 for details).  

To measure similarities in coexpression, we built coexpression 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 matching tissues/conditions. 

To avoid that the coexpression analysis would be biased by this unbalance, we built a 

coexpression network for the data of each study separately, resulting in 45 coexpression 

networks. To assess whether sets of genes that share instances of the same motif were also 

coexpressed, we measured the degree to which they were connected in each of the 45 

coexpression networks (see Materials and Methods). The results show that for the majority of 



4-8                                                                                                                                              CHAPTER 4 

the gene sets sharing a motif, the genes are significantly more connected than random gene sets 

of the same size (Figure 4-2, Figure S4-4). This observation further corroborates the 

functionality of our predicted motifs.  

The degree to which the coregulated gene sets displayed a connectivity in the coexpression 

network increased with the number of samples in the dataset for which the coexpression 

network was built and with the type of samples that were profiled: In contrast to networks 

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 (Figure 4-2).  

 

 

Figure 4.2 Connectivity of gene sets sharing the same predicted motif in the coexpression networks. 

Rows display the different motifs for which a gene set is considered. Columns display the different 

experimental conditions for which a coexpression network was constructed (sorted by sample size). 

Entries indicate the -log10 p-values of observing the same connectivity in a coexpression network by 

chance as was observed for the gene sets that share the same predicted motif. The colored annotation 

bar indicates the type of experimental dataset, and the top annotation bar indicates the sample size of 

each experimental dataset. 
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Like comparing with known motifs, the coexpression 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 coexpression networks (Figure 4-2). This high 

connectivity in the same coexpression 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], [GCTGCTKS, GCAGCAKS]. 

4.2.5 Tissue-specific genes have a larger number of predicted motifs 

The timing, level, and tissue-specificity of gene expression depends on the presence of cis 

regulatory elements that recruit specific transcription factors in response to tissue demands [38]. 

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 instance in the promoter of the gene. To assess the level of tissue-specific expression 

of a gene, we used RNA-seq expression data from 8 different tissues profiled in maize B73 line 

[39]. Tissue specific expression was measured using the Tau index [40] (Materials and 

Methods). Figure 4-3-a shows that in general, the more a gene has instances of different motifs, 

the higher the gene’s degree of tissue-specific expression (higher Tau index). This observation 

is in line with literature 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 [41, 42]. Unlike the predicted motifs, for random motifs no relationship between the 

number of instances of different motifs and the degree of tissue specific expression (Tau index) 

was observed (Figure 4-3-c). 
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Figure 4.3 Position of the predicted motifs relative to the TSS and tissue specificity of the expression 

of gene sets carrying instances of the predicted motifs in maize. Panels a and c 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: Tua index, y-axis: number of unique (non-redundant) motifs. Panels b and 

d show the association between the positions of the motif instances in maize and the location of the TSS 

for respectively the predicted and the random motifs. x-axis: distance from the TSS; y-axis: number of 

motif instances (61 non-redundant motifs) per 8-bp bins across 1000 bp upstream of TSS. 

4.2.6 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 [43]. Therefore, the specific positional relationship between transcription factor binding 

sites and the TSS has widely been used to predict the validity of transcription factor binding 

sites [44-46]. 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 
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instances of random motifs. Figure 4-3-b and d, show that this is indeed the case, further 

supporting the biological validity of our motif predictions in maize. 

 

 

Figure 4.4 Overlap between the location of the predicted motif instances and respectively ACR, ChIP-

seq binding locations and SNPs in maize. (a): Fraction of respectively the predicted and random motif 

instances that overlap with accessible chromatin regions and their flanking regions. To include flanking 

regions, the sequences were extended 1 kb up- and 1 kb downstream of the center of the open chromatin 

region. (b): Fraction of respectively the predicted and random motif instances and the ChIP-seq 

corresponding binding sites of 104 TFs. The ChIP-seq binding sites are extended 1 kb up and 

downstream of the center 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 1 kb downstream of the center of the location of motif instances 

of respectively the predicted and random motifs. 

 

4.2.7 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 accessible chromatin regions (ACR) in maize at single-cell resolution using more 

than 50,000 cells from 6 organs using scATAC-seq [7], and a comprehensive ChIP-seq study in 

maize that profiled the putative DNA binding sites for 104 TFs in leaf tissue [5]. 

Figure 4-4 a-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 centers of the experimentally identified ACRs, but not as extreme as what we observe for 

the predicted motif instances. The random motifs were generated to have sequence properties 
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similar to the ones of the predicted motifs. Because ACRs have a high GC content [7], the 

enrichment of random motif instances near the center 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 active chromatin regions and TF 

binding regions (ACRs and ChIP-seq binding sites), but then for each motif separately, can be 

seen in Figures S4-5-9. The results show that for the majority of the predicted motifs, a trend 

similar to the one displayed in Figure 4-4 is observed. The trend observed in Figure 4-4 a-b is 

therefore not driven by the pattern of only a few predicted motifs. 

4.2.8 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 flanking regions (1-

kb up- and downstream of the locations of the predicted motif instances). Figure 4-4-c shows 

that the regions centered around the predicted motif instances are more depleted in SNPs than 

the regions centered around random motif instances. Figures S4-5-9 show the same pattern at 

the level of the individual motifs. The results presented in Figures S4-5-9 clearly show that 

most motifs are under selective constraints and therefore likely functionally relevant. 

The degree of polymorphism in the regions flanking the random motif instances was lower than 

in the regions centered around the random motif instances (Figure 4-4-c) 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. This decrease in 

polymorphism for regions flanking random motif instances can be explained by the fact that 

moving away from a random motif instance (intergenic region) increases the chance to reach a 

genic region for which a higher level of selective constraint and hence higher conservation is 

expected [47, 48]. The fact that this rate of decrease in polymorphism is lower for the predicted 

motifs might be the result of linkage of the flanking regions with beneficial SNPs within the 

motifs. In other words, it suggests the existence of a fitness trade-off for an individual between 

gaining a deleterious SNP in the flanking region versus a deleterious SNP in the predicted 

binding site: the potential deleterious effect of SNPs in regions flanking a true binding site can 

be offset by the beneficial effect of not having a SNP at the position of a true functional motif. 

Such compensatory effect cannot be achieved for random motifs and hence they tolerate fewer 

SNPs in their flanking regions, which are more likely to be genic regions. Overall, the strong 

depletion of SNP close to the predicted motif instances suggests that both natural and artificial 

selection has resulted in the fixation of variants in the predicted motifs in individuals with 

favorable phenotypes.  
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4.2.9 Prioritization of potential novel motifs in zea mays 

Supplementary Figures S4-5-9 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 genomic and/or functional line of evidence or feature. For several predicted 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, MYB74 (Figures S4-5-9). 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, 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) (Figure S4-5, motif 1). 

TBP3 encodes a telomeric DNA binding protein and belongs to Single Myb Histone (SMH) 

gene family, of which the members preferentially bind to double-stranded telomeric repeats 

[49]. 

However, not all predicted motifs could be clearly associated with known TF binding sites in 

Arabidopsis. To prioritize the most reliable motif predictions, we used additional genomics and 

functional data to support our findings. 

According to their shared supporting features, 5 groups of predicted 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 (Figure S4-5): compared to 

their flanking regions and random motif instances, the location of the predicted motif instances 

in this group is strongly centered 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 conformation and cell cycle”, 

“Metabolism and nutrition”, and “Regulation of metabolism” (Figure S4-5). The more uniform 

expression behavior across conditions of these genes might explain why their mutual 

correlation and hence also connectivity in the coexpression network is more difficult to capture 

(as their expression might not sufficiently vary across conditions). Figure 4-5-a 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 functional evidence and by the enrichment of their motif 

instances upstream of the TSS (Figure S4-6). Because their target genes show high variability 

in expression across conditions (high Tau index), they also show relatively high connectivity in 

the coexpression networks, representative of several different conditions. Their target genes are 

highly enriched for “secondary metabolites”, “hormone and stress response” and “growth and 

development”, processes for which a high level of polymorphism between individuals has been 

described [50, 51]. The overlap between motif instances and SNPs confirms that indeed the 
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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 [52]. This is in line with the fact that genes in this group are 

enriched for “secondary metabolites”, and “hormone and stress response” processes of which 

are responsible for adaptation and are under more relaxed purifying selection or under stronger 

diversifying selection [50, 53-55]. In addition, the less clear support provided by the overlap 

between motif instances and active chromatin regions (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 Figure S4-6 rather tissue-specific. A representative motif of this group is shown 

in Figure 4-5-b.  

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) (Figure S4-7), 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, 

Figure S4-7). 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 coexpression networks and the 

less they were supported by ACR, ChIP-seq, SNP evidence. A representative motif of this group 

is shown in Figure 4-5-c. 

Motifs belonging to group 4 (Figure S4-8) and group 5 (Figure S4-9) are less clearly supported 

by additional evidence. Even though the genes carrying these motifs show enrichment in a 

certain GO function (groups 4 and 5) and that motifs of group 4 (Figure S4-8) 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 

coexpression network).  
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Figure 4.5 Representative motifs for each group. a) group 1: motifs that show a high similarity to known 

Arabidopsis motifs, with instances on non-tissue specific genes in maize, and that are strongly supported 

by all levels of genomic evidence; b) group 2: group of motifs similar to Arabidopsis motifs, with 

instances in tissue-specific genes in maize, and strongly supported by functional evidence; c) group 3: 

novel motifs that do not show any similarity with Arabidopsis motifs, but supported by genomics and/or 

functional 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 accessible chromatin regions (ACRs), ChIP-seq binding sites, the occurrence of SNPs, and 

distance from TSS; Right panel: from top to bottom tissue specificity distribution (Tau index), 

connectivity in coexpression networks, and GO enrichment for genes having at least one instance of the 

predicted motif under consideration.  

 

4.3 Discussion 

With the increasing availability of sequenced genomes, comparative analyses to identify 

transcription factor binding sites are an attractive alternative to complement tedious 

experimental approaches. In this work, we present BLSSpeller, an exhaustive alignment-free 

search for motifs conserved in orthologous sequences of related species. We applied BLSSpeller 

to identify motifs in Zea mays by using a comparative genomics approach using sixteen 

monocot 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 
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observed that regions in which transcription factor binding sites occur are GC enriched i.e., 

open chromatin regions [7, 56] or experimentally identified binding sites [5]. 

Complementing the predictions with publicly available complementary data sources allowed 

pinpointing several promising motif candidates in Zea mays. Overall, we identified several 

motifs, both 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 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 assessments 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 

coexpressed than random gene sets (displaying connectivity in the coexpression networks). We 

observed that there was an inverse relationship between the level to which predicted motifs 

were supported by the functional versus the genomic assessments. Genes that were functionally 

well supported by expression analysis tended to display a more tissue-specific expression and 

were therefore less supported by the large, but condition-dependent chromatin binding assays. 

In contrast, processes that were ubiquitously expressed and not condition dependent were less 

supported by expression connectivity but well supported by the available 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 and 

that expression connectivity is easier to capture for processes that are variably expressed across 

conditions.  

So, summarizing we showed that BLSSpeller, a high performant alignment for motif detection 

procedure, can successfully be used to predict novel motifs in a comparative way. Combining 

such predictions with available genomics and functional data allowed further elucidating 

transcriptional regulation in Zea mays. Although their impact requires further characterization, 

the provided motifs offer a large and valuable source for further investigation. 

4.4 Materials and Methods 

4.4.1 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 Table S4-1. Each gene family consists of 

all homologous (orthologous and paralogous) genes from all 16 species (41,970 gene families). 

Gene families with orthologs in less than 3 species were removed, resulting in a total of 21,727 

gene families used for motif detection. 

Motif detection was performed on 1 kb upstream of the transcription start site (TSS). For the 

genes located on the negative strand, the reverse complement of the extracted sequence was 
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considered. Low-complexity and homopolymeric sequences were masked using RepeatMasker 

[57] prior to performing motif detection.  

4.4.2 BLSSpeller to perform Phylogenetic Footprinting 

The original implementation of BLSSpeller [29] was limited to only few species. To improve 

its computational performance and enable the analysis of larger datasets, BLSSpeller was 

reimplemented in Apache Spark in order to take advantage of parallel, distributed-memory 

compute platforms. Compute-intensive parts, e.g., enumerating conserved motifs in a gene 

family, were implemented in the C++ programming language for efficiency reasons. Additional 

functionality was implemented to pinpoint the location of the conserved motifs in each species.  

Below and in Figure S4-10, we summarize the key steps of BLSSpeller. For every gene family 

(Figure S4-10-a), 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 prespecified length k. The motifs can contain up to a 

prespecified number of degenerate characters from the IUPAC alphabet. To this end, 

information on multiple children of a node in the suffix tree is aggregated. For example, if a 

degenerate character R (representing A or G) is introduced, 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 (and hence: 

species) an instance of that motif appears (Figure S4-10-b). 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 species) and 1 (motif occurs in all species of the 

gene family). It is calculated by finding, in the phylogenetic species tree, the minimum spanning 

tree that connects the relevant subset of species and summing the weights of the horizontal 

branches in that tree. If the motif appears in multiple paralogs of the same species, the branch 

length to that species is only accounted for once. If a gene family does not contain a 

representative ortholog in each of the considered species, we delete the branches in the species 

tree corresponding to the missing species and rescale the branch lengths so that the sum of the 

weights 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 relatively more species and/or more distantly related 

species. 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) (Figure S4-10-b) to also allow the discovery of motifs that are 

conserved only in a subset of the species and might have a relatively lower BLS score.  

Subsequently, we calculate the recurrence score (referred to as the ‘confidence score’ in the 

original publication [32]) for every motif and BLS threshold (Figure S4-10-d). The recurrence 

score is calculated 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 number of gene families in which the motif is conserved. 

The expected recurrence of a motif is estimated as the median number of gene families in which 
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motifs with the same nucleotide content as the observed 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 ten 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 (Figure S4-10-c). The 

matrices of all gene families 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 nucleotide content group. We extend this list by adding a count of 0 for all 

motif permutations that are not present. Next, per nucleotide content group and per BLS 

threshold, the expected recurrence is computed as the median value among all motifs in the 

nucleotide content group (Figure S4-10-c). This median value can be 0. 

The software can be obtained at https://bitbucket.org/dries_decap/bls-speller-spark. BLSSpeller 

was used to discover 8-bp conserved motifs with at most 3 degenerate sites in the promoter 

sequences of 16 monocot species. Considering the fact that the median length of experimentally 

identified cis-elements is 8-bp [58], we opted for motifs of length 8, as this gives the best 

balance between detecting biologically relevant motifs while maintaining computational 

tractability. To obtain a set of reliable motifs we selected motifs with a recurrence score of at 

least 0.9 in at least one of the considered BLS thresholds. This resulted in 1295 different motifs 

with 2,320,402 instances.  

4.4.3 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 recurrence score is 0.9 or higher (Figure S4-10-d). We 

then identify all gene families in which this motif has a BLS that meets the said threshold. The 

motif instances (genomic locations) in maize are selected. As such, we obtained 1292 motifs 

with at least one instance in maize. 

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 3000 instances (25 motifs were removed) 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. To remove redundancy among the remaining motifs, they were compared 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 

degree of overlap among the genes that contain instances of these motifs.  

To identify the pairwise alignment distance, the motifs were sorted by their number of 

degenerate sites (higher to lower) and subjected to an all to all mutual pairwise alignment. The 
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distance between 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 =  
𝐺𝑖 ∩ Gj

min(𝑁𝑖, 𝑁𝑗)
   

where the numerator indicates the number of genes in maize containing 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 redundant motifs are 

removed from the sorted list of motifs in a greedy manner, 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 

motif). This resulted in 61 non-redundant motifs (referred to as non-redundant motifs hereafter, 

Appendix 1).  

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 bp = 5) were removed. This is 

done in order to prevent that the same instance would contribute multiple times to the analysis. 

Overlapping instances were removed 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. 

4.4.4 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, 1000 random 8-bp k-mers were generated using IUPAC DNA codes with the 

same GC content with at most 3 degenerate sites. Simulating motifs like this ensures that the random 

motifs share properties comparable to 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 3 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 3000 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 distance of higher than 4 to 

any of the conserved motifs were randomly selected. In this way, the random motifs underwent the 
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same filtering criteria as the predicted motifs while being sufficiently different from any of the 

predicted motifs. 

4.4.5 Comparing motifs with the Arabidopsis motif compendium 

The Arabidopsis DAP-seq motif compendium was obtained from O’Malley [36] and predicted 

consensus motifs were compared using the Tomtom tool from the MEME suite [59]. An 

adjusted p-value smaller than 0.05 was used to determine significant similarity between the 

compared motifs.  

4.4.6 Tissue specificity (Tau Index) 

To calculate the tissue specificity index of a gene, we used expression datasets profiled in maize 

from 8 different tissues [39]. RNA-seq raw sequencing reads were downloaded from SRA [60]. 

Read quality was assessed using FastQC [61]. Remaining adapters, low-quality bases (Phred 

quality score < 20) and reads shorter than 50 bp were filtered using Trimmomatic [62]. The 

cleaned reads were aligned to the Zea mays B73 AGPv4 genome assembly [63] using the STAR 

software [64]. FeatureCount [65] was used to quantify expression as count values using the 

annotation (Zea_mays.B73_RefGen_v4.49.gtf) provided by EnsemblPlants. Only uniquely 

mapped reads were considered for expression quantification. The count data were normalized 

for library size and gene length differences using TMM normalization implemented in the 

edgeR package [66]. Tissue-specific expression of genes was assessed by the Tau index [40]. 

The Tau index was calculated as follows: 

𝑇𝑎𝑢 =  
∑ (1−𝑥𝑖)𝑛

𝑖=1

𝑛−1
  

𝑥𝑖 =
𝑥𝑖

𝑚𝑎𝑥1≤𝑖≤𝑛(𝑥𝑖)
 

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.  

4.4.7 GO enrichment 

Functional gene annotation for Zea mays B73 AGPv4 was downloaded from 

www.maizegdb.org. GO enrichment, limited to the “Biological Process” ontology, was 

performed using the topGO package [67]. P-values were adjusted by the BH method using the 

p.adjust function in R. From the result, the GO terms with more than 1500 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 pheatamap function in R [68]. 

4.4.8 Coexpression analysis 

http://www.maizegdb.org/
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To perform coexpression analysis, we used the datasets that have been collected and processed 

by [37] (Table S4-3). In this study, a comprehensive compilation of RNAseq data 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: 

𝑀𝑅(𝐴𝐵) = √𝑟𝑎𝑛𝑘(𝐴→𝐵) ∗ 𝑟𝑎𝑛𝑘(𝐵→𝐴) 

where rank (A →B) is the rank of the correlation of gene B with gene A as compared to its 

correlation with all other genes [69]. Then the MR matrix was converted to the probability 

matrix (P) using: 

𝑃(𝐴𝐵) = 𝑒−(𝑀𝑅(𝐴𝐵)−1) 10⁄  

The P matrix was converted to the coexpression graph after removing p-values smaller than 

0.05. The connectivity score between nodes (genes) in each network was calculated using the 

Katz index [70]. The Katz index assesses connectivity of two nodes in a graph by exploiting 

the neighborhood of the nodes. When calculating the connectivity between two nodes, it 

considers all paths in the graph that connect the two nodes, but favors 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 coexpression network. The Katz index can be calculated and normalized for 

the degree of the connecting genes (normalized Katz index) as follows: 

𝐾𝑎𝑡𝑧_𝑖𝑛𝑑𝑒𝑥 =   𝛼𝐴 +  𝛼2𝐴 +   𝛼3𝐴 

𝑛𝑜𝑚𝑎𝑙𝑖𝑧𝑒𝑑_𝐾𝑎𝑡𝑧𝑖𝑗 =  
𝐾𝑎𝑡𝑧_𝑖𝑛𝑑𝑒𝑥𝑖𝑗

√𝑑𝑖 ∗ 𝑑𝑗

 

Where the “A” is the adjacency matrix, alpha is a parameter to weight the order of the neighbors 

(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 toward zero). A high value indicates high connectivity. 

For the normalized Katz index ideally a distribution with an exponential 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 coexpression networks which 

is to be expected, given the large connectivity in the coexpression network (Figure S4-11). 

However, we observe that the majority of pairwise connectivity scores for random gene sets 

fall below 0.05. Therefore, we considered 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 

coexpression networks than expected by chance, we first extracted the sets of genes that shared 

the same motif. A gene set is here defined as a set of genes that share an instance of the same 

motif. Subsequently, all pairwise Katz scores between genes in a set were assessed and the 
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number of times the Katz score was above a predefined threshold (0.05) was counted, where 

0.05 was defined 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, 1000 random gene sets of the 

same size were obtained by randomly selecting genes from the coexpression 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 1000 random 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 coexpression network separately.  

4.4.9 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 chromatin regions, integrated over more than 50000 single 

cells were obtained from [7]; 144,890 non-overlapping TF binding integrated from a ChIP-seq 

study covering 104 TFs obtained from [5]; SNPs for maize were obtained from Imputed 

HapMap 3.2.1 (uplifted to B73 AGPv4) [71]; For the active chromatin and ChIP-seq regions 

(ACRs and ChIP-seq), sequences were selected that covered up to 1kb up and downstream of 

the center of the experimental 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 centered at a prespecified position up or downstream of the 

active chromatin and ChIP-seq regions. For the plots of the individual motifs (Figure S4-5-9) 

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 1kb up and downstream of motif instance locations 

and divided this by the total number of SNPs occurring in the entire sequences considered for 

the above-mentioned analysis. The GenomicRange package [72] was used to count the overlap 

between the windows that contained SNPs, ChIP-seq or ACR regions and the windows 

containing motifs and the result was visualized using ggplot2 [73]. The same analyses were 

performed for both predicted and random motifs.  

 

Author contributions 

Supervision, K.M. and J.F.; Method development D.D., J.F. Formal analyses and 

visualization, R.S.R.; Validation, application, R.S.R.; K.M; Writing - Original Draft, R.S.R, 

D.D, J.F and K.M; Writing – Review and Editing, R.S.R, D.D, J.F. and K.M; Funding 

Acquisition, K.M. and J.F. 

 



BLSSpeller                                                                                                                                                4-23 

References 

 

1. Miculan M, Nelissen H, Ben MH, Marroni F, Inze D, Pe ME, Dell'Acqua M: A forward 

genetics approach integrating genome-wide association study and expression quantitative 

trait locus mapping to dissect leaf development in maize (Zea mays). The Plant journal: for 

cell and molecular biology 2021, 107:1056-1071. 

2. Wallace JG, Bradbury PJ, Zhang N, Gibon Y, Stitt M, Buckler ES: Association mapping across 

numerous traits reveals patterns of functional variation in maize. PLoS genetics 2014, 

10:e1004845. 

3. Cherry TJ, Yang MG, Harmin DA, Tao P, Timms AE, Bauwens M, Allikmets R, Jones EM, 

Chen R, De Baere E: Mapping the cis-regulatory architecture of the human retina reveals 

noncoding genetic variation in disease. Proceedings of the National Academy of Sciences 

2020, 117:9001-9012. 

4. Salvi S, Sponza G, Morgante M, Tomes D, Niu X, Fengler KA, Meeley R, Ananiev EV, 

Svitashev S, Bruggemann E: Conserved noncoding genomic sequences associated with a 

flowering-time quantitative trait locus in maize. Proceedings of the National Academy of 

Sciences 2007, 104:11376-11381. 

5. Tu X, Mejía-Guerra MK, Franco JAV, Tzeng D, Chu P-Y, Shen W, Wei Y, Dai X, Li P, Buckler 

ES: Reconstructing the maize leaf regulatory network using ChIP-seq data of 104 

transcription factors. Nature communications 2020, 11:1-13. 

6. Eveland AL, Goldshmidt A, Pautler M, Morohashi K, Liseron-Monfils C, Lewis MW, Kumari 

S, Hiraga S, Yang F, Unger-Wallace E: Regulatory modules controlling maize inflorescence 

architecture. Genome research 2014, 24:431-443. 

7. Marand AP, Chen Z, Gallavotti A, Schmitz RJ: A cis-regulatory atlas in maize at single-cell 

resolution. Cell 2021, 184:3041-3055. e3021. 

8. Ricci WA, Lu Z, Ji L, Marand AP, Ethridge CL, Murphy NG, Noshay JM, Galli M, Mejía-

Guerra MK, Colomé-Tatché M: Widespread long-range cis-regulatory elements in the maize 

genome. Nature plants 2019, 5:1237-1249. 

9. Bartlett A, O'Malley RC, Huang S-sC, Galli M, Nery JR, Gallavotti A, Ecker JR: Mapping 

genome-wide transcription-factor binding sites using DAP-seq. Nature protocols 2017, 

12:1659-1672. 

10. Gerstein MB, Kundaje A, Hariharan M, Landt SG, Yan K-K, Cheng C, Mu XJ, Khurana E, 

Rozowsky J, Alexander R: Architecture of the human regulatory network derived from 

ENCODE data. Nature 2012, 489:91-100. 

11. Johnson DS, Mortazavi A, Myers RM, Wold B: Genome-wide mapping of in vivo protein-

DNA interactions. Science 2007, 316:1497-1502. 

12. Kheradpour P, Kellis M: Systematic discovery and characterization of regulatory motifs in 

ENCODE TF binding experiments. Nucleic acids research 2014, 42:2976-2987. 

13. Bolduc N, Yilmaz A, Mejia-Guerra MK, Morohashi K, O'Connor D, Grotewold E, Hake S: 

Unraveling the KNOTTED1 regulatory network in maize meristems. Genes & development 

2012, 26:1685-1690. 

14. Li C, Yue Y, Chen H, Qi W, Song R: The ZmbZIP22 transcription factor regulates 27-kD γ-

zein gene transcription during maize endosperm development. The Plant Cell 2018, 

30:2402-2424. 

15. Pautler M, Eveland AL, LaRue T, Yang F, Weeks R, Lunde C, Je BI, Meeley R, Komatsu M, 

Vollbrecht E: FASCIATED EAR4 encodes a bZIP transcription factor that regulates shoot 

meristem size in maize. The Plant Cell 2015, 27:104-120. 

16. Yang H, Liu X, Xin M, Du J, Hu Z, Peng H, Rossi V, Sun Q, Ni Z, Yao Y: Genome-wide 

mapping of targets of maize histone deacetylase HDA101 reveals its function and 

regulatory mechanism during seed development. The Plant Cell 2016, 28:629-645. 

17. Yocca AE, Edger PP: Current status and future perspectives on the evolution of cis-

regulatory elements in plants. Current opinion in plant biology 2022, 65:102139. 



4-24                                                                                                                                              CHAPTER 4 

18. Monsieurs P, Thijs G, Fadda AA, De Keersmaecker SC, Vanderleyden J, De Moor B, Marchal 

K: More robust detection of motifs in coexpressed genes by using phylogenetic 

information. BMC bioinformatics 2006, 7:1-15. 

19. Blanchette M, Tompa M: FootPrinter: a program designed for phylogenetic footprinting. 

Nucleic acids research 2003, 31:3840-3842. 

20. Cliften P, Sudarsanam P, Desikan A, Fulton L, Fulton B, Majors J, Waterston R, Cohen BA, 

Johnston M: Finding functional features in Saccharomyces genomes by phylogenetic 

footprinting. science 2003, 301:71-76. 

21. Blanchette M, Tompa M: Discovery of regulatory elements by a computational method for 

phylogenetic footprinting. Genome research 2002, 12:739-748. 

22. Wei H, Liu J, Guo Q, Pan L, Chai S, Cheng Y, Ruan M, Ye Q, Wang R, Yao Z: Genomic 

organization and comparative phylogenic analysis of NBS-LRR resistance gene family in 

Solanum pimpinellifolium and Arabidopsis thaliana. Evolutionary Bioinformatics 2020, 

16:1176934320911055. 

23. Hou L, Xie J, Wu Y, Wang J, Duan A, Ao Y, Liu X, Yu X, Yan H, Perreault J: Identification of 

11 candidate structured noncoding RNA motifs in humans by comparative genomics. BMC 

genomics 2021, 22:1-14. 

24. Taboada-Castro H, Castro-Mondragón JA, Aguilar-Vera A, Hernández-Álvarez AJ, van Helden 

J, Encarnación-Guevara S: RhizoBindingSites, a Database of DNA-Binding Motifs in 

Nitrogen-Fixing Bacteria Inferred Using a Footprint Discovery Approach. Frontiers in 

Microbiology 2020, 11. 

25. Rombauts S, Florquin K, Lescot M, Marchal K, Rouzé P, Van de Peer Y: Computational 

approaches to identify promoters and cis-regulatory elements in plant genomes. Plant 

physiology 2003, 132:1162-1176. 

26. Blanchette M: Computation and analysis of genomic multi-sequence alignments. Annu Rev 

Genomics Hum Genet 2007, 8:193-213. 

27. Aerts S: Computational strategies for the genome-wide identification of cis-regulatory 

elements and transcriptional targets. Current topics in developmental biology 2012, 98:121-

145. 

28. Fickett JW, Wasserman WW: Discovery and modeling of transcriptional regulatory regions. 

Current Opinion in Biotechnology 2000, 11:19-24. 

29. De Witte D, Van de Velde J, Decap D, Van Bel M, Audenaert P, Demeester P, Dhoedt B, 

Vandepoele K, Fostier J: BLSSpeller: exhaustive comparative discovery of conserved cis-

regulatory elements. Bioinformatics 2015, 31:3758-3766. 

30. Carmack CS, McCue LA, Newberg LA, Lawrence CE: PhyloScan: identification of 

transcription factor binding sites using cross-species evidence. Algorithms for Molecular 

Biology 2007, 2:1-17. 

31. Van Bel M, Diels T, Vancaester E, Kreft L, Botzki A, Van de Peer Y, Coppens F, Vandepoele K: 

PLAZA 4.0: an integrative resource for functional, evolutionary and comparative plant 

genomics. Nucleic acids research 2018, 46:D1190-D1196. 

32. Stark A, Lin MF, Kheradpour P, Pedersen JS, Parts L, Carlson JW, Crosby MA, Rasmussen MD, 

Roy S, Deoras AN: Discovery of functional elements in 12 Drosophila genomes using 

evolutionary signatures. Nature 2007, 450:219-232. 

33. Berens ML, Berry HM, Mine A, Argueso CT, Tsuda K: Evolution of hormone signaling 

networks in plant defense. Annual Review of Phytopathology 2017, 55:401-425. 

34. Katsir L, Chung HS, Koo AJ, Howe GA: Jasmonate signaling: a conserved mechanism of 

hormone sensing. Current opinion in plant biology 2008, 11:428-435. 

35. Chater C, Kamisugi Y, Movahedi M, Fleming A, Cuming AC, Gray JE, Beerling DJ: 

Regulatory mechanism controlling stomatal behavior conserved across 400 million years 

of land plant evolution. Current Biology 2011, 21:1025-1029. 

36. O’Malley RC, Huang S-sC, Song L, Lewsey MG, Bartlett A, Nery JR, Galli M, Gallavotti A, 

Ecker JR: Cistrome and epicistrome features shape the regulatory DNA landscape. Cell 

2016, 165:1280-1292. 



BLSSpeller                                                                                                                                                4-25 

37. Zhou P, Li Z, Magnusson E, Gomez Cano F, Crisp PA, Noshay JM, Grotewold E, Hirsch CN, 

Briggs SP, Springer NM: Meta gene regulatory networks in maize highlight functionally 

relevant regulatory interactions. The Plant Cell 2020, 32:1377-1396. 

38. Kaufmann K, Pajoro A, Angenent GC: Regulation of transcription in plants: mechanisms 

controlling developmental switches. Nature Reviews Genetics 2010, 11:830-842. 

39. Kremling KA, Chen S-Y, Su M-H, Lepak NK, Romay MC, Swarts KL, Lu F, Lorant A, 

Bradbury PJ, Buckler ES: Dysregulation of expression correlates with rare-allele burden 

and fitness loss in maize. Nature 2018, 555:520-523. 

40. Yanai I, Benjamin H, Shmoish M, Chalifa-Caspi V, Shklar M, Ophir R, Bar-Even A, Horn-

Saban S, Safran M, Domany E: Genome-wide midrange transcription profiles reveal 

expression level relationships in human tissue specification. Bioinformatics 2005, 21:650-

659. 

41. Vanneste S, Coppens F, Lee E, Donner TJ, Xie Z, Van Isterdael G, Dhondt S, De Winter F, De 

Rybel B, Vuylsteke M: Developmental regulation of CYCA2s contributes to tissue‐specific 

proliferation in Arabidopsis. The EMBO journal 2011, 30:3430-3441. 

42. Siefers N, Dang KK, Kumimoto RW, Bynum IV WE, Tayrose G, Holt III BF: Tissue-specific 

expression patterns of Arabidopsis NF-Y transcription factors suggest potential for 

extensive combinatorial complexity. Plant physiology 2009, 149:625-641. 

43. Quandt K, Frech K, Karas H, Wingender E, Werner T: Matlnd and Matlnspector: new fast 

and versatile tools for detection of consensus matches in nucleotide sequence data. Nucleic 

acids research 1995, 23:4878-4884. 

44. Worsley-Hunt R, Bernard V, Wasserman WW: Identification of cis-regulatory sequence 

variations in individual genome sequences. Genome medicine 2011, 3:1-14. 

45. Ma S, Shah S, Bohnert HJ, Snyder M, Dinesh-Kumar SP: Incorporating motif analysis into 

gene co-expression networks reveals novel modular expression pattern and new signaling 

pathways. PLoS genetics 2013, 9:e1003840. 

46. Tabach Y, Brosh R, Buganim Y, Reiner A, Zuk O, Yitzhaky A, Koudritsky M, Rotter V, Domany 

E: Wide-scale analysis of human functional transcription factor binding reveals a strong 

bias towards the transcription start site. PloS one 2007, 2:e807. 

47. Clark RM, Schweikert G, Toomajian C, Ossowski S, Zeller G, Shinn P, Warthmann N, Hu TT, 

Fu G, Hinds DA: Common sequence polymorphisms shaping genetic diversity in 

Arabidopsis thaliana. science 2007, 317:338-342. 

48. Tatarinova TV, Chekalin E, Nikolsky Y, Bruskin S, Chebotarov D, McNally KL, Alexandrov N: 

Nucleotide diversity analysis highlights functionally important genomic regions. Scientific 

reports 2016, 6:1-12. 

49. Procházková Schrumpfová P, Vychodilová I, Dvořáčková M, Majerská J, Dokládal L, Schořová 

Š, Fajkus J: Telomere repeat binding proteins are functional components of A rabidopsis 

telomeres and interact with telomerase. The Plant Journal 2014, 77:770-781. 

50. Warren AS, Anandakrishnan R, Zhang L: Functional bias in molecular evolution rate of 

Arabidopsis thaliana. BMC evolutionary biology 2010, 10:1-10. 

51. Andolfatto P, Wong KM, Bachtrog D: Effective population size and the efficacy of selection 

on the X chromosomes of two closely related Drosophila species. Genome biology and 

evolution 2011, 3:114-128. 

52. Lee C-R, Mitchell-Olds T: Environmental adaptation contributes to gene polymorphism 

across the Arabidopsis thaliana genome. Molecular biology and evolution 2012, 29:3721-

3728. 

53. Zhou J, Lemos B, Dopman EB, Hartl DL: Copy-number variation: the balance between gene 

dosage and expression in Drosophila melanogaster. Genome Biology and Evolution 2011, 

3:1014-1024. 

54. Shi T, Rahmani RS, Gugger PF, Wang M, Li H, Zhang Y, Li Z, Wang Q, Van de Peer Y, Marchal 

K: Distinct expression and methylation patterns for genes with different fates following a 

single whole-genome duplication in flowering plants. Molecular biology and evolution 2020, 

37:2394-2413. 

55. Schuster-Böckler B, Conrad D, Bateman A: Dosage sensitivity shapes the evolution of copy-

number varied regions. PloS one 2010, 5:e9474. 



4-26                                                                                                                                              CHAPTER 4 

56. Morton T, Petricka J, Corcoran DL, Li S, Winter CM, Carda A, Benfey PN, Ohler U, Megraw 

M: Paired-end analysis of transcription start sites in Arabidopsis reveals plant-specific 

promoter signatures. The Plant Cell 2014, 26:2746-2760. 

57. Chen N: Using Repeat Masker to identify repetitive elements in genomic sequences. Current 

protocols in bioinformatics 2004, 5:4.10. 11-14.10. 14. 

58. Reineke AR, Bornberg-Bauer E, Gu J: Evolutionary divergence and limits of conserved non-

coding sequence detection in plant genomes. Nucleic acids research 2011, 39:6029-6043. 

59. Gupta S, Stamatoyannopoulos JA, Bailey TL, Noble WS: Quantifying similarity between 

motifs. Genome biology 2007, 8:1-9. 

60. Leinonen R, Sugawara H, Shumway M, Collaboration INSD: The sequence read archive. 

Nucleic acids research 2010, 39:D19-D21. 

61. Andrews S: FastQC: a quality control tool for high throughput sequence data. 2010. 2017. 

62. Bolger AM, Lohse M, Usadel B: Trimmomatic: a flexible trimmer for Illumina sequence 

data. Bioinformatics 2014, 30:2114-2120. 

63. Jiao Y, Peluso P, Shi J, Liang T, Stitzer MC, Wang B, Campbell MS, Stein JC, Wei X, Chin C-

S: Improved maize reference genome with single-molecule technologies. Nature 2017, 

546:524-527. 

64. Dobin A, Davis CA, Schlesinger F, Drenkow J, Zaleski C, Jha S, Batut P, Chaisson M, Gingeras 

TR: STAR: ultrafast universal RNA-seq aligner. Bioinformatics 2013, 29:15-21. 

65. Liao Y, Smyth GK, Shi W: featureCounts: an efficient general purpose program for 

assigning sequence reads to genomic features. Bioinformatics 2014, 30:923-930. 

66. Robinson MD, McCarthy DJ, Smyth GK: edgeR: a Bioconductor package for differential 

expression analysis of digital gene expression data. Bioinformatics 2010, 26:139-140. 

67. Alexa A, Rahnenfuhrer J: topGO: enrichment analysis for gene ontology. R package version 

2010, 2:2010. 

68. Team RC: R: A language and environment for statistical computing. 2013. 

69. Obayashi T, Hayashi S, Saeki M, Ohta H, Kinoshita K: ATTED-II provides coexpressed gene 

networks for Arabidopsis. Nucleic acids research 2009, 37:D987-D991. 

70. Bonchi F, Esfandiar P, Gleich DF, Greif C, Lakshmanan LV: Fast matrix computations for 

pairwise and columnwise commute times and Katz scores. Internet Mathematics 2012, 8:73-

112. 

71. Bukowski R, Guo X, Lu Y, Zou C, He B, Rong Z, Wang B, Xu D, Yang B, Xie C: Construction 

of the third-generation Zea mays haplotype map. Gigascience 2018, 7:gix134. 

72. Lawrence M, Huber W, Pages H, Aboyoun P, Carlson M, Gentleman R, Morgan MT, Carey VJ: 

Software for computing and annotating genomic ranges. PLoS computational biology 2013, 

9:e1003118. 

73. Wickham H: ggplot2. Wiley Interdisciplinary Reviews: Computational Statistics 2011, 3:180-

185. 

 



 

 

“One of the main concerns of philosophy is to warn people against jumping to 

conclusions” 

- Jostein Gaarder 

 

5.1 General Conclusions and Future Perspectives 

Advances in omics technologies (i.e., (epi)genomics, transcriptomics, proteomics, and 

metabolomics) have shifted the main bottleneck in biology from data collection to data analysis 

and interpretation. New biological questions can be answered by mining thousands of genomic 

datasets that span different technological platforms, genotypes, tissues, and developmental 

stages. However, due to their inherent data differences, analyzing and integrating multiple-

omics datasets will remain an ongoing challenge for years to come. Continuous efforts to 

develop new methods in order to combine available datasets with novel datasets are required. 

The ultimate goal of integrative studies is to associate the genetic code to phenotypes such as 

gene expression, or gene function in general, using information contained in different molecular 

layers. In this dissertation, we have contributed in the following way to reach this goal: 

 Associate gene function with evolutionary patterns using multi-omics data: In the 

first study, we collaborated on a project that aimed at systematically exploring the 

association between functional divergence and copy number state using different omics 

datasets. We performed integrative methylation and expression analyses combined with 

relevant genomic analyses to study how functional constraints and dosage balance 

determine the fate of genes after a single round of WGD. This helps uncovering genetic 

mechanisms that create functional divergence and adaptation after a WGD.  

 Inferring gene function by integrating expression data with prior information: In 

the second collaborative study, an integrative network-based approach was used to shed 

more light on the BR signaling pathway and its crosstalk with other hormone signaling 

pathways. To this end, available information at different molecular levels (protein-

protein, regulatory, and metabolic interactions) was integrated into an interaction 

network in Arabidopsis. Subsequently, we mapped the gene list resulting from the 
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expression analysis on the interaction network by applying a network-based method. 

This allowed showing how biological entities are interacting in the BR related pathways 

to drive the observed mutant phenotype. Furthermore, a new function for less 

characterized genes was proposed to be investigated by future studies. 

 Identifying functional regulatory elements using a comparative approach and 

omics datasets: In the final part, we turned our attention to integrating omics datasets 

to the cis-regulatory element identification problem. In a comparative genomic setting 

using sequence information of related species as input to BLSSpeller, the upstream 

sequence of genes was explored to identify candidate cis-regulatory elements in maize. 

We took advantage of the availability of large-scale omics datasets to validate our 

predictions. In addition, a multi-step filtering approach was applied to classify the 

predictions, based on the genomic and functional behavior of their corresponding 

genomic regions and nearby genes. The predicted motifs will be a valuable resource of 

novel cis-regulatory elements that can complement results from functional genomics 

studies. In particular, the improved version of the BLSSpeller and our integrative 

guidelines can be applied to extend gene regulatory networks in other plant species. 

 

5.2 Pitfalls of integrative approaches 

The advantages and benefits of using integrative methods have been described in the 

introduction and the presented papers. In the following section, I highlight based on my personal 

experience some limitations and room for future improvement of the use of integrative 

approaches in plant system biology. 

5.2.1 Lack of diverse and relevant prior information for non-model species 

A critical step in network-based approaches is conceptualization and capturing relevant prior 

knowledge by reviewing the available literature and searching for omics-based resources. The 

most important factors to account for, when including a dataset to build an omics derived prior 

network, are whether relevant sample types are available, whether biological and/or technical 

replicates are available that proof  data reproducibility. As a result, only a subset of the available 

datasets passes the minimal quality control criteria one envisages in an integrative network 

inference effort. Moreover, because of financial constraints, omics datasets (with both good 

quality and large sample size) for non-model crops species are much sparser than for model 

plants. For example, comprehensive datasets from (epi)genomic, transcriptomic, proteomic, 

and metabolomic profiling experiments are available for Arabidopsis, but lack for non-model 

plants. This lack of sufficient omics and meta-data for non-model plant species is one of the 

main barriers to use integrative, and then particularly network-based approaches in these 

organisms. In addition, often the most relevant prior information for a question at hand is not 

available. For instance, the most relevant prior information to explain the underlying regulatory 

mechanisms behind the differentially expressed genes is the protein abundance of TFs under 
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relevant conditions. When available, these data often come at a limited time resolution (limited 

number of sampled time points), and often with a poor correlation (r ~ 0.3) between transcript-

protein level [1-3], As such, interactions between signaling proteins and targets are difficult to 

infer from transcriptome and proteome profiling data, and one has to rely on experimentally 

identified protein interaction and/or regulatory interactions. Such data are available for well-

defined model organisms only and limited to profiling a restricted set of molecular entities 

under limited conditions. Furthermore, with the reduced cost of sequencing, reference genomes 

are continuously improved, but much less attention is paid to the updating of the associated 

molecular interaction networks, as this depends on much more tedious experimental 

approaches.  

5.2.2 Limitation of biological networks for inferences 

Ideally, a network that represents biological truth would contain all edges relevant to a particular 

condition of interest, but in reality, the interaction networks inferred from omics data contain 

both false positives, condition irrelevant, and missing edges. Therefore, the application of 

networks in genomics is more challenging than in other fields such as social or engineering 

fields. The most straightforward application of networks can be assigning labels to unlabeled 

nodes based on knowledge of other nodes in the network (guilt by association). For example, 

Facebook can correctly predict and suggest friends for a new user, based on connections in the 

networks of friends. However, in biological networks uncertainty on the edges (mostly 

predicted or inferred from model organisms) and an overabundance of unlabeled nodes make 

this inference challenging. For example, one may try to infer the function of a gene without 

annotation based on information on its neighbors. However, if only for a small portion of genes 

the function has been established experimentally, the predicted outcomes from a guilt by 

association approach might be unreliable. 

The use of graph-based methods for interpreting in-house generated gene lists from omics data 

depends even more on the reliability of the underlying interaction scaffold used to drive the 

analysis. Because most graph-based algorithms perform poorly on over-connected networks, 

one needs to find, when designing a prior interaction scaffold, a good trade-off between being 

comprehensive, yet not including too many false positive interactions. Also, when considering 

interactions derived from different molecular omics data, one needs to ensure that the inferred 

edges are used in an independent way, e.g., interactions derived from one layer might have been 

used to adjust and correct other layers [4]. For instance, GO annotation has been widely used 

to correct other biological networks (e.g., coexpression networks) leading to an artificially high 

correlation between biological networks [5]. 

Propagation-based methods [6, 7] are popular graph-based analysis methods that can be used 

to perform a topology-based weighting of a graph or to prioritize genes. The similarity scores 

between any two nodes is used to assess the relative impact of one node on the other node in 

the graph [8]. To measure the similarity, it is desired to consider the number of paths connecting 

two nodes and the length of the path without getting lost in the large space of the graph. 
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Therefore, often local propagation is performed (e.g., random walk with restart). The advantage 

of such an approach is that the impact of hubs in the network is automatically downweighed as 

hubs might affect many neighboring nodes but only with a relatively low impact [7]. However, 

when dealing with a heterogeneous graph, the use of propagation-based methods might not 

always capture correctly the biological flow of information. For instance, the connectivity in a 

protein interaction (PI) network is different from the connectivity in a TF-target network. PI 

often comes in connected components (particularly when measured with pull down 

experiments), whereas TF-target interactions show a directed and sparser connectivity. 

However, the biological signal through this TF-target relation is not weaker than the signal in 

the PI network, but might not be captured by a propagation-based method. This might explain 

why applying network-propagation methods to prioritize candidate genes for stress response on 

plant biological data (Arabidopsis and maize) did not provide satisfying results.  

5.2.3 Statistical validation of the network-based approaches 

Classical statistical or machine-learning methods have their own underlying assumptions that 

need to be verified. Network-based methods are no exception as they are based on statistical or 

machine-learning methods. However, a large number of variables or sample space make the 

validation of these assumptions and correction for multiple testing almost impossible [9, 10]. 

As a result, network-based approaches are prone to high rates of false positives (spurious 

predictions). In addition, the complex integrative approaches are often not well understood by 

users and the output resulting from these approaches is not sufficiently critically evaluated by 

the users. This may result in misinterpretation and in the generation of false negative and 

positive predictions, which significantly impact reproducibility, and adversely affect scientific 

progress in the field. On top of that, the lack of well-defined ‘gold standard’ pipelines for 

integrative approaches allows investigators to play with parameters and models (subjective 

model and parameter selection) until non-significant results become significant (p-hacking) 

[10]. More interpretable algorithms with a solid statistical basis and a gold-standard guideline 

are desirable to extract unbiased results from network-based approaches and multiple testing 

issues should ideally be addressed. However, the lack of gold standard data often obviates the 

benchmarking and parameter optimization.  

5.2.4 Pitfalls when constructing coexpression networks 

How a coexpression network is constructed considerably affects the success of the downstream 

analysis. Choosing the right combination of the biological datasets used to construct a network 

is crucial. For example, constructing a coexpression network from heterogeneous expression 

profiling experiments that differ largely in sample size is challenging. When considering each 

dataset separately for constructing condition (or study) specific networks, it is often difficult to 

determine a cutoff on edge reliability that is common to all datasets, as for instance, the degree 

of correlation is not comparable between datasets of different sizes. A correlation value of 0.2 

for instance, has more chance to represent a true association in a network derived from a study 
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with a large sample size than from a smaller sized study. The approach to construct coexpression 

networks used in this thesis (mutual rank) can deal at least partially with an imbalanced sample 

size. In practice, we observed that the used approach (mutual rank) resulted in networks with a 

comparable number of edges, irrespective of the size of the datasets from which they were 

constructed (ranging from 20 to > 1000 samples). Therefore, using z-score based or mutual 

rank-based approaches is highly recommended when constructing coexpression networks from 

datasets that are heterogeneous in size. This forces the two nodes to be at the nearest neighbors 

of each other in contrast to using a simple correlation method that requires one of them belongs 

to the nearest neighbors of the other. The limitation of those approaches, however, is that less 

likely to produce high-degree (hub) nodes which is a common property of the biological 

network and reflects the TF and target relationship. Using very strict cutoff results in a network 

with many connected components which makes the network useless as a connected network is 

required for most network analysis methods.  

5.2.5 Measuring similarity between groups of genes in a biological network 

We adopted a method to explore the neighborhood (up to third-order neighbor) of nodes in a 

network in order to assign a high topological similarity score to nodes that are connected by 

many neighbors. The approach, based on the Katz index (described in chapter 4) turned out to 

be very useful in providing a trade-off between only considering direct links in a network or 

considering the entire local network topology (e.g., with random walks with restart) which are 

more sensitive to hubs and not suitable for large networks. The Katz index-based approach used 

in chapter 4 (motif project) is an extension of the employed method to cluster duplicate pairs 

on the coexpression network described in chapter 2, with a parameter (alpha: the likelihood of 

effectiveness of a single edge) to weigh neighboring nodes based on their order (first to higher 

orders neighbors). A length “t” path, then, has a likelihood αt of being effective. Although this 

method is powerful for undirected networks with few hub nodes such as coexpression and 

protein interaction networks, it may not return reasonable results for sparse (metabolic) or 

directed networks with many hub nodes (regulatory networks). Therefore, the type and structure 

of the network must be considered in selecting the most appropriate method for measuring the 

similarity between groups of genes in the biological networks. For instance, in a metabolic 

network, two genes that are involved in the same biological process (biologically close to each 

other) might be connected by several intermediate genes (structurally far from each other), 

indicating the structure has a different meaning in different biological networks.  
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5.3 Future prospective for each investigated biological question and conclusion 

5.3.1 What can be improved to improve studying the fate of genes after gene 

duplication? 

When studying the fate of genes after WGD we observed that a higher expression level of the 

genes retained after WGD is associated with lower methylation in their flanking regions, 

pointing towards the role of the gene flanking methylation in regulating expression levels. 

However, the higher expression level of single copy genes could not be explained by the 

methylation of the gene flanking regions. Rather it was associated with a high gene body 

methylation. Increasing evidence supports that in contrast to the induced repression of gene 

expression by the methylation of flanking regions, gene body methylation would induce gene 

expression [11]. We also noticed that the higher gene body methylation of single copy genes 

was associated with the presence of TE and repeats elements. A high methylation of TE and 

repeat elements is required to silence the TE movement and to maintain the integrity of the gene 

structure and function and makes the hypothesis on the ability of gene body methylation in 

inducing gene expression less likely, mostly because the molecular mechanisms of this 

phenomenon is less clear. Studying other epigenetic modifications, such as histone modification 

marks will be essential to understanding the role of epigenetic regulation in shaping the 

evolutionary fate of genes following gene duplication. In addition, moving beyond 

transcriptomic data and exploring the abundance of proteins and metabolites is key to studying 

the dosage-balance constraints of duplicate genes. This is particularly true because of the 

limitation that comes with the use of the short read sequencing data. Differences in gene length 

and level of sequence divergence among groups of genes with different fates (single-copy, 

WGD, etc.), might influence the expression results. Although the effect of differences in gene 

length on the observed number of mapped reads is removed by normalizing the read counts by 

the gene length, aks FPKM, this normalization is not perfect: observing one read for a gene 

with 1kb length is not necessarily the same as ten reads for a gene with 10 kb length [12]. In 

addition, the higher the sequence conservation between paralogs (duplicated genes), the more 

ambiguous the correct mapping of the reads to these duplicates gene becomes, which may also 

affect the conclusions related to expression divergence. Repeating those analyses at the 

transcript level using long-read sequencing data can remove those biases in future studies.        

In addition, the role of expression divergence during subfunctionalization of duplicate copies 

can be further studied at the cis-regulatory divergence level by using information from closely 

related species. Incorporating sequence, expression, and methylation information from closely 

related species will enhance the power and accuracy to detect the cis-regulatory divergences 

that have shaped the expression divergence (subfunctionalization) between duplicate copies. 

BLSSpeller which has been introduced in the fourth chapter can in principle be redesigned to 

identify subfunctionalization (motif divergence) during evolution. This potential is reflected in 

the findings of the second and the fourth chapters which show that tissue-specific genes are 

associated with a higher copy number (chapter 2) and a higher number of unique motifs in their 
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upstream regions (Chapter 4). This is consistent with the fact that a higher copy number state 

relaxes the selection pressure and allows for regulatory divergence and eventually a higher 

tissue specificity [13]. 

 

5.3.2 Future prospective and follow-up study to validate the hypothesis made for BR 

signaling 

Although some interesting results have been revealed by our integrative analysis, our study is 

limited to transcriptome analysis, whereas BR signaling is likely regulated to a large extent at 

the post-transcriptional level (i.e., phosphorylation). By using network analysis, we can 

partially deal with this missing information, but this approach is limited by the incompleteness 

of the interaction network. Hence, more extensive validation studies are required to confirm our 

hypotheses. Besides, this study mainly focuses on the suppressor lines of bri1-5. Future work 

by adding enhancer lines such as bri1-5/bri1-1, bri1-5/brs1-1, and bri1-5/bak1-1 or by studying 

the effect of suppressors, not only in the BRI1 as a loss-of-function background, but also using 

double or triple mutants of multiple genes of the BRI1 gene family and/or BRI1-like genes [14] 

could be interesting to further elucidate the mechanism of BRI signaling. In addition, future 

research by scRNA-seq of bri1-5 suppressor mutants across different time points of hypocotyl 

growth would be key to elucidating the detailed mechanisms of BR signaling at the level of cell 

types [15, 16]. The limitations and pitfalls of network-based methods that have been described 

are also relevant to our BR signaling study.  

5.3.3 Limitations and future extensions of BLSSpeller  

The performance of BLSSpeller is determined by the number of related species included in the 

study and the quality of the orthologous gene family membership. All genes are grouped in 

gene families where each species can contribute more than one sequence (paralogs) to a gene 

family. All the paralogs are represented by a single node in the phylogenetic tree, meaning the 

presence of a motif in only one paralog is enough to call the motif conserved in that species 

regardless of the number of paralogs that gene has for that species. In other words, more 

paralogs imply more sequence space on which a motif can be detected. Although the BLS and 

recurrence score filtering down-weight the impact of the number of paralogs, there is room for 

improvement by incorporating all paralogs in the phylogenetic tree. This can be achieved by 

considering gene family-specific phylogenetic trees, and taking into account the duplications 

and speciation events in such trees. The latter might be particularly important to account for the 

difference between duplicates that occurred before or after speciation. When assuming that 

subfunctionalization of the promoter sequences is going hand in hand with subfunctionalization 

at protein level, BLSSpeller could be used with a gene tree to identify subfunctionalization. 

This would ideally require that the score function is adapted as such that motif sequences of 

genes that are close on the tree contribute relatively less to the motif model than motif hits in 
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more distantly related sequences, but at the same time that closely related sequences are 

penalized more if do not contain the motif than distantly related sequences on the gene tree. 

Adapting the scoring function as such is not trivial however as a motif is absence or presence 

is not clearly defined. Therefore the same could be achieved pragmatically by simply 

postprocessing the results of BLsspeller, run with a gene tree.  

Another limitation is related to the rescaling of the phylogenetic tree in order to detect motifs 

that occur in smaller gene families with missing species. This step comes at the expense of 

finding potentially more spurious motifs as it is relatively easier to find a random motif being 

conserved in a smaller number of species. Dealing with the imbalance in the number of 

orthologs in gene families can be investigated in future studies. Relaxing the predefined motif 

length can also improve the results and capture motifs with different lengths as this is a 

characteristic of the known motifs. It should also be noted that the motifs are only predictive of 

TF binding sites and inferring the corresponding TF to each motif is difficult as multiple TFs 

from similar families can bind to similar motifs. Those TFs may additively or synergistically 

regulate target genes or may act in a redundant manner to mitigate the effects of perturbation 

caused by genetic variations. Therefore, inferring transcriptional interactions from motifs, even 

for experimentally identified CRE, is still a challenging task.  

5.3.4 Extend and modify the input for motif discovery 

Although the considered upstream region (1 kb) is the region with the strongest signals for cis-

regulatory elements, a substantial portion of regulatory elements does not reside in this region. 

A larger upstream region up to a few kb and/or different non-coding regions relevant to gene 

regulation (e.g., 3’ and introns) ficationmotif identi rbe considered fo could . However, in the 

BLSSpellerof  current version , the  functionscoring   (BLS) on the  elyrmerelies 

the length of the sequence under . Therefore, presence/absence of the motif in the sequence

. Using more hit is found by chanceprobability that a motif consideration could influence the 

sequence space will therefore give rise to more spurious hits as the statistics are no longer 

umfiltering criteri dThe second impose correct.   (recurrence score) partially  compensates for

in but this issue an istically sound waystat ndarbitrary a . Considering the sequence length in 

the scoring system would therefore further improve the performance of the algorithm and 

allows to include larger regulatory regions, including downstream of 3’ regions. 

intronsIt has been shown that , intragenic regions, enhance the expression of their respective 

genes [17]. Therefore, considering introns allows us to discover the regions of regulation that 

reside in those non-coding regions. However, introns play an essential role in alternative 

splicing, mRNA-stability and therefore can contain RNA genes, such as snoRNAs, long non-

coding RNAs (lncRNAs), miRNAs, and small-interfering RNAs (siRNAs) [18].  These can be 

conserved relatively more and over longer distances (higher signal to noise region) than 

regulatory motifs (of TFs) and therefore might obviate finding the smaller and less conserved 

regulatory motifs in the same intergenic regions. Therefore, regions containing RNA genes 
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should be masked prior to perform a motif search and it should be taken care of that no flanking 

coding regions are still present in the input set.     

If the chromatin accessible regions are available for considered species, considering only those 

accessible regions can avoid finding spurious hits, but might come at the expense of missing 

tissue-specific motifs (as chromatin accessibility data are condition specific and only available 

for particular conditions), as has been discussed in chapter 4.  
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Supplementary data for chapter 2 are attached but are available online at:   

https://academic.oup.com/mbe/article/37/8/2394/5826357?login=true#supplementary-

data 

 

6.1 Genome-wide expression and network analyses of mutants in key 

brassinosteroid signaling genes 

Complete supplementary data for chapter 3 are available online at: 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC8220701/ 

 

 
 

Figure S3.1: The T-DNA insertion site for bri1-1D (A), and microscopic images of 7-day old 

hypocotyl cells for WS2 (B), bri1-5 (C), bri1-5/bak1-1D (D), bri1-5/bri1-1D (E), bri1-5/brs1-1D (F). 

 

 

https://academic.oup.com/mbe/article/37/8/2394/5826357?login=true#supplementary-data
https://academic.oup.com/mbe/article/37/8/2394/5826357?login=true#supplementary-data
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Figure S3.2: PCA plot for assessing the reproducibility of the gene expression dataset. Samples taken 

from the same genotype are represented in the same color. The plot indicates high consistency between 

replicate samples as they are located close to each other when plotted on the first and second principal 

components. 
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Figure S3.3: RT-qPCR results for relative expression of selected genes and their corresponding values 

from microarray analysis. The values represent the log2 of relative expression (sample1/sample2). Rows 

indicate gene names and columns show the comparison between the indicated lines. Columns with pink 

header represent the RT-qPCR values, and columns with yellow header are microarray measurements. 

The red color on the heatmap indicates that the gene has been up-regulated in sample1 as compared to 

sample2, while blue indicates down-regulation.  
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Figure S3.4. Comparing genome-wide expression impact between bri1-5 suppressor lines. Panel A-C: 

Scatter plots display the log2 mean expression difference between each suppressor and bri1-5 (Y-axis) 

versus the log2 mean expression difference of WS2 and bri1-5 (X-axis). A value around zero on the Y-

axis and a non-zero value on the X-axis means that a gene that was affected in the bri1-5 mutant is not 

restored by the suppressor line displayed in the subplot title. A positive regression slope indicates that 

genes that are affected in the bri1-5 versus WS2, have been restored to WS2 level by the suppressor line 

displayed on the subplot title. So it indicates that the aberrant expression observed in the bri1-5 with the 

WS2 as a reference is restored for in the suppressor mutant. Hence, a stronger positive regression 

indicates that the suppressor mutant better approximates the WS2 and hence better compensates for the 

bri1-5 phenotype. Panels D-F indicate to what extent the same genes were affected in the bri1-5 

suppressors lines (bri1-5/bri1-1D, bri1-5/brs1-1D, and bri1-5/bak1-1D) using the bri1-5 as a common 

reference. A higher positive correlation (or regression slope) indicates that similar genes are affected by 

each pair of compared mutant lines. 
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Figure S3.5: Heatmap of expression of the marker genes that up/down regulation of their expression 

was confirmed by at least 5 independent references and also affected in the bri1-5 line of our study. For 

each line, the row-scaled normalized expression data of the 3 biological replicates are shown as adjacent 

columns. In each row the gradient red color indicates the higher expression for the gene compared to 

other samples while blue indicates the lower expression. 
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Figure S3.6: Pathway analysis (MapMan metabolism) showing for each mutant line the expression 

changes compared to WS2. Panel A: bri1-5, Panel B: bri1-5/bri1-1D, Panel C: bri1-5/brs1-1D, Panel 

D: bri1-5/bak1-1D. 
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Figure S3.7: Pathway analysis (MapMan: large enzyme families) showing for each mutant line the 

expression changes compared to WS2. Panel A: bri1-5, Panel B: bri1-5/bri1-1D, Panel C: bri1-5/brs1-

1D, Panel D: bri1-5/bak1-1D. 
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Figure S3.8: Pathway analysis (MapMan: gene regulation) showing for each mutant line the expression 

changes compared to WS2. Panel A: bri1-5, Panel B: bri1-5/bri1-1D, Panel C: bri1-5/brs1-1D, Panel 

D: bri1-5/bak1-1D. 
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Figure S3.9: Expression pattern in each mutant line of genes related to ABA signaling, Glutathione 

metabolism, and ion related hemostasis as discussed in the main text. Mutant lines are represented in 

the x-axis. The y-axis indicates the log2 normalized expression value of the gene.  

 

 

 

Table S3.1. RT-qPCR test of log-fold change (log-FC) of the genes that are overexpressed by activation-

tagging in the suppressors at the 7 days seedling stage. 

 Log-FC (RT-qPCR) Log-FC (microarray) 

BAK1 (bri1-5/bak1-1D vs. bri1-5) 3.576 1.611 

BRI1 (bri1-5/bri1-1D vs. bri1-5) 1.847 0.911 

BRS1 (bri1-5/brs1-1D vs. bri1-5) 2.388 5.386 
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Table S3.2: Summary of the most significant results obtained by MapMan pathway analysis 

(metabolism, regulation and, large-enzyme families overview). Left column: enriched pathways; entries 

provide for each line the degree to which the pathway is enriched. P-values are FDR corrected using 

Benjamini-Hochberg).  

 bri1-5 
bri1-5/bri1-

1D 
bri1-5/brs1-1D 

bri1-

5/brak1-D 

RNA regulation of transcription 1e-20 1e-20 9.10e-14 1e-20 

Protein degradation 6.77e-7 1.45e-9 7.46-3 6.17e-10 

Protein post-ranslational 

modification 
1.02e-4 5.46e-3 7.06e-2 3.13e-3 

Amino acid metabolism 2.13e-2 2.71e-3 1.34e-3 1.39-5 

Cell wall 2.01e-12 1.25e-11 5.97e-7 2.25e-2 

Mitochondrial electron 

transport- / ATP synthesis 
1.48e-8 3.63e-6 1.14e-5 2.69e-8 

Lipid metabolism- FA synthesis 

and FA elongation 
1.423-3 3.69e-3 2.04e-3 7.79e-7 

Secondary metabolism- sulfur-

containing 
4.30e-3 1.17e-5 7.17e-2 2.63e-5 

Cell wall- cell wall proteins 

(AGPs) 
7.26e-9 7.16e-9 8.64e-9 9.83e-4 

PS- light reaction 1.07e-8 1e-20 1.36e-11 1.56e-2 

Cell wall- cellulose synthesis 9.30e-2 1.67e-3 4.63e-4 9.01e-2 

Abscisic acid (ABA) metabolism 0.28 3.25e-2 7.11e-2 4.53e-5 

Cytochrome P450 3.35e-4 0.87 0.72 0.34 

Glutathione S transferases 

8.87e-4 (down-

regulated 

genes) 

0.12 

2.48e-6 (up-

regulated 

genes) 

0.41 
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Table S3.3. Designed primers for RT-qPCR. 

Gene name 
Gene 

symbol 
Forward primer Reverse primer 

Actin 
ACT 

TCAGATGCCCAGAAGTCTTGTTC

C 
CCGTACAGATCCTTCCTGATATCC 

AT1G20510 OPCL1 TCAAATCCAGTCCTCGCCTT TCGTTCCTCGTCCATAAGCA 

AT1G80840 WRKY4

0 
AGGGATCAAATCAGCCCTCC GAGCTACTCTCCGACACTCC 

AT2G30070 KT1 TGGAACCCGCGTATAGTCTC ACACCTCCAAGTGAAACCCA 

AT3G30180 BR6OX2 GAAAGGACTTGTTGCCGGTT CAACGAGCCTCTCATTAGCC 

AT3G49580 LSU1 TTAAGTTGTGGCAGCGAACG AGAGCATGCGATCGTGATAGT 

AT4G01250 WRKY2

2 
TCTTTGTCGGATACGGTGGT AGAGATCAAAACTCGCCGGA 

AT4G11280 ACS6 TTTCGTCACAAACGCAGCAT GGTTATCTCAGCGTGCCTTG 

AT4G13420 HAK5 GACCGAGATTACGGCAGAGA CGCAAGTGCTTTGTCTCCTT 

AT4G31550 WRKY1

1 

CCACCGTCTAGTGTAACACTCGA

T 

TGCAACGGAGCAGAAGCAAGGA

A 

AT5G54490 PMP1 TTGCAAAGGGTTCGAGCTTC TATCGAACATCGTCGTCCGT 
 
AT4G3343

0  

 

BAK1 AGACTGGGTGAAAGGGTTGT TAGCTGCTCCACTTCTTCGT 

 
AT4G3940

0  

 

BRI1 TTTGCACGACCCCAAGAAAG TGTGGTGAAGGAAAGCAAGC 

 
AT4G3061

0  

 

BRS1 TCACGGTGGAGAGAGTTTCC CGTTGGGGTGTAAATGCTGT 

https://www.arabidopsis.org/servlets/TairObject?id=127207&type=locus
https://www.arabidopsis.org/servlets/TairObject?id=127207&type=locus
https://www.arabidopsis.org/servlets/TairObject?id=26531&type=locus
https://www.arabidopsis.org/servlets/TairObject?id=26531&type=locus
https://www.arabidopsis.org/servlets/TairObject?id=127117&type=locus
https://www.arabidopsis.org/servlets/TairObject?id=127117&type=locus
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6.2 BLSSpeller to discover novel regulatory motifs in maize  

 

 

Figure S4.1: Distribution of fraction of motifs retained after applying recurrence filtering for 

different BLS thresholds (a); the number of motifs per gene family obtained at the highest BLS 

threshold (0.95) as a function of the number of paralogs in the gene family before (b) and after (c) 

applying the recurrence threshold (0.9). Panel (a) shows that after applying the recurrence filtering, 

no motifs were retained with a low BLS (low BLS thresholds 0.07 and 0.13) and that the fraction of 

motifs retained after applying the recurrence threshold increases with the BLS. Panels (b) and (c) show 

how the recurrence filtering penalizes the motifs detected in gene families with a high number of 

paralogs. The number of motifs with a high BLS increases with the number of paralogs in a gene family 

(b). This is to be expected as a higher number of paralogs implies a larger search space and hence also 

a higher probability of finding a highly conserved motif by chance. However, many of these motifs are 

filtered because of a low recurrence score, indicating that they were indeed likely spurious (c). The 

dashed line in each panel shows the regression line fitted to predict values on the y-axis based on values 

on the x-axis.   
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Figure S4.2: Enriched GO terms (Biological Process) for the gene sets corresponding to the 

random maize motifs. Each column represents a gene set sharing the corresponding random motif in 

maize and each column indicates a specific biological process. The entries indicate the -log10 p-values 

of the GO enrichment. Only the five most significantly enriched GO terms are shown. Unlike predicted 

motifs, only 15 gene sets sharing a random motif were enriched for at least one biological process 
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Figure S4.3. Comparison of the predicted and random motifs with DAP-seq motifs in 

Arabidopsis. Similarities were calculated with Tomtom [1]. The corrected similarity p-value (q-value) 

with the closest DAP-seq motifs for predicted (blue) and random motifs (red) are shown.  
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Figure S4.4: Connectivity of gene sets sharing the same random motifs in the coexpression 

networks. Rows display the different motifs for which a gene set is considered. Columns display the 

different experimental conditions for which a coexpression network was constructed (sorted by sample 

size). Entries indicate the -log10 p-values of observing the same connectivity in a coexpression network 

by chance as was observed for the gene sets that share the same random motif. The colored annotation 

bar indicates the type of experimental dataset, and the top annotation bar indicates the sample size in the 

log scale of each experimental dataset. 
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Figure S4.5: Overview of the genomic and functional assessments for predicted motifs that show 

a high similarity with a corresponding Arabidopsis motif and that are well supported by genomic 

assessments. Each row represents the results for a motif: left panel: the predicted motif is the bottom 

motif, and the top motif is the Arabidopsis motif most similar to the predicted motif. The yellow star 

indicates that the inferred function of the predicted motif is similar to the known function of the TF 

binding the Arabidopsis motif matching the predicted motif (no visual mismatch). Middle panels: show 

for the predicted motifs (indicated in red) and the random motifs (blue) the genomic assessments: i) the 

overlap between the motif instances with open chromatin regions (ACRs) and their surrounding 

sequences ii) the overlap between motif instances and ChIP-seq TF binding sites and their up-

downstream regions, iii) fraction of SNPs occurring in the motif instances and in their up-downstream 

regions and iv) distance of the location of the motif instances from the TSS. Right panel: shows for the 

predicted motifs the functional assessments: shows for the genes in Zea mays that contain at least one 

instance of the considered motif i) the distribution of the tissue specificity of their expression (Tau 

index), ii) their connectivity in coexpression networks representative of different tissues, and iii) their 

GO enrichment. Motifs are sorted based on the Tau index of their gene sets (showing the genes with the 

lowest tissue-specific expression first).  

 



A - 10                                                                                                                                         APPENDIX 2 



SUPPLEMENTARY OF CHAPTER 4                                                                                                   B - 11                                                                                                                          

 

Figure S4.6: Overview of the results for predicted motifs that show a high similarity with a 

corresponding Arabidopsis motif and that are well supported by functional evidence. Legend is 

the same as Fig S5. 
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Figure S4.7: Overview of the results for predicted motifs that show no similarity with any of the 

Arabidopsis motifs described in the study of O’Malley et al 2016, but which are supported by 

genomic and/or functional assessments. These are promising novel motif predictions. Legend is the 

same as Fig S5. 
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Figure Figure S4.8: Overview of the results for predicted motifs that show a high similarity with 

Arabidopsis motifs, but of which the instances are not supported by any of the genomics nor by 

the expression support. These likely represent spurious motifs despite the match in Arabidopsis. 

Legend as in Fig S5. 
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Figure Figure S4.9: Overview of the results for predicted motifs that no significant similarity 

with any of the Arabidopsis motifs and which are not supported by any of the genomic 

assessments nor by the functional assessments. These might represent spurious motifs. Legend as in 

Fig S5. 
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Figure S4-10: BLSSpeller workflow: Panel a: BLSSpeller requires as input gene families, consisting 

of related orthologs and paralogs obtained from a preselected set of species. The heatmap below the 

phylogenetic tree indicates that each species can contribute zero, one, or more genes to each gene family. 

Panel b: BLSSpeller will then search for motifs conserved in the upstream sequences of the genes 

belonging to a particular gene family. Hereto, for each length-k motif, it finds in which promoter 

sequences (and hence: species) an instance of that motif appears. Here, two motifs are highlighted in 

green and red. The degree of conservation of the motif within the gene family is expressed by the Branch 

Length Score (BLS). It is calculated by finding, in the phylogenetic species tree, the minimum spanning 

tree that connects the relevant subset of species and summing the weights of the horizontal branches in 

that tree. If the motif appears in multiple paralogs of the same species, the branch length to that species 

is accounted for only once. If a gene family does not contain a representative ortholog in each of the 

considered species, we delete the branches in the species tree corresponding to the missing species and 
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rescale the branch lengths so that the sum of the weights on the branches of the tree again amounts to 1 

The branch lengths relevant to respectively motif a and b are indicated in red and green. Dashed lines 

indicate omitted branch lengths. A motif for which the BLS exceeds a predefined BLS threshold in a 

gene family is said to be conserved in that gene family. We use multiple BLS thresholds (i.e., T = 0.07, 

0.13, 0.41, 0.54, 0.65, 0.75, 0.85 and 0.95). Panel c: calculation of the recurrence and expected 

recurrence of a motif. For each gene family, a binary matrix is constructed where rows represent motifs 

and columns indicate whether the motif meets the indicated predefined BLS threshold. The matrices of 

all gene families are aggregated into a single matrix, where each matrix element now corresponds to the 

frequency (F) with which a certain motif was found conserved at a certain BLS threshold across gene 

families or said otherwise recurs across gene families. To calculate the expected recurrence of a motif, 

we group all motifs with the same nucleotide content and refer to these as a “nucleotide content group”. 

We extend this list by adding a count of 0 for all motif permutations that are not present. Next, per 

nucleotide content group and per BLS threshold, the expected recurrence is computed as the median 

value among all motifs in the nucleotide content group. Panel d: filter motifs on a recurrence score. 

Motifs that meet the predefined recurrence score (0.9) are retained and their positions in gene families 

with a BLS higher than minimum required BLS are extracted for each species. The minimum required 

BLS for motif a is 0.65 while motif b does not meet the recurrence sore of 0.9 at any of the considered 

BLS thresholds. 
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Figure S4.11: Distribution of the pairwise connectivity scores (normalized Katz index) derived for 

a representative coexpression network (n18a, see Table S3) for gene pairs that share a predicted 

motif (left) and gene pairs that share a random motif (right). For both plots, the same number of 

gene pairs was used to make the distributions comparable. The vertical red line indicates the threshold 

of 0.05 used in this study. The majority of the normalized Katz indices of gene pairs with random motifs 

fall below 0.05 with a strong peak at zero. The y axis is capped at 300.   

 

Table S4.1: Details of monocot species used in this study. General characteristics of the genomes used 

in the comparative approach.  

Id Scientific name Total 

number 

of genes 

Number 

of Chr 

(2n) 

Genome 

size 

Reference to the genome sequence 

bdi Brachypodium 

distachyon 

34,310 10 355 Mb 

 

https://pubmed.ncbi.nlm.nih.gov/20148030/ 

cam Cenchrus americanus 38,579 14 1.7 Gb https://pubmed.ncbi.nlm.nih.gov/28922347/ 

hvu Hordeum vulgare 43,050 14 4.98 Gb https://pubmed.ncbi.nlm.nih.gov/23075845/ 

obr Oryza brachyantha 34,155 24 260 Mb https://pubmed.ncbi.nlm.nih.gov/23518283/ 

osa Oryza sativa ssp. 

japonica 
42,189 24 400 Mb https://pubmed.ncbi.nlm.nih.gov/16100779/ 

osaindica Oryza sativa ssp. 

indica 

38,714 24 400 Mb https://pubmed.ncbi.nlm.nih.gov/16100779/ 

oth Oropetium 

thomaeum 

28,446 18 244 Mb https://pubmed.ncbi.nlm.nih.gov/26560029/ 

ped Phyllostachys edulis 31,987 48 2.05 Gb https://pubmed.ncbi.nlm.nih.gov/23435089/ 

sbi Sorghum bicolor 34,211 20 730 Mb https://pubmed.ncbi.nlm.nih.gov/19189423/ 

sit Setaria italica 34,584 18 423 Mb https://pubmed.ncbi.nlm.nih.gov/22580950/ 

ssp Saccharum 

spontaneum 

83,826 40 2.56-Gbp https://pubmed.ncbi.nlm.nih.gov/30297971/ 

tae Triticum aestivum 107,891 42 17 Gb https://pubmed.ncbi.nlm.nih.gov/25035500/ 

ttu Triticum turgidum 63,993 28 10.45 Gb https://pubmed.ncbi.nlm.nih.gov/30962619/ 

zjn Zoysia japonica ssp. 

nagirizaki 

59,271 40 334 Mb https://pubmed.ncbi.nlm.nih.gov/26975196/ 

zma Zea mays B73 44,474 20 3.2 Gb https://pubmed.ncbi.nlm.nih.gov/19965430/ 

Zma-ph207 Zea mays PH207 40,557 20 2.1 Gb https://pubmed.ncbi.nlm.nih.gov/27803309/ 
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Table S4.2: Functional similarity between the predicted motifs and their matching counterparts in 

Arabidopsis. The numbers on the left indicate the motif ID as assigned in Fig S5-9. Highlighted in 

yellow are the motifs for which a clear functional similarity could be detected between the maize and 

the Arabidopsis counterparts. 

Num Predicted 

motif 

Arabidopsis motif Function in Arabidopsis GO enriched in Zea 

mays 

adjusted p-

values 

53 TTTGAAAA C2H2_tnt.At2g41835 stress response glutamate receptor 

signaling pathway 

4.3152e-06 

5 CCGCCKCC AP2EREBP_tnt.SHN3 ethylene responsive protein-DNA complex 

assembly 

1.4384e-07 

3 CACGTGTC bHLH_tnt.bHLH34_col_m1 stress response regulation of abscisic 

acid signaling 

5.394e-11 

16 GCAGCARY NLP_tnt.AtNLP4 nitrate-responsive response to karrikin  0.0025 

7 CCACCGCC AP2EREBP_tnt.AT3G57600 response to drought no enrichment - 
 

21 GCAGCAKS NLP_tnt.AtNLP4 nitrate-responsive regulation of 

developmental growth  

0.00073718 

4 GGCGGCGS AP2EREBP_tnt.ERF10 ethylene response no enrichment - 
 

13 CACGTGGC bZIP_tnt.AREB3 ABA responsive response to heat  0.0186459 

13 GACGTGGC bZIP_tnt.bZIP44 seed germination response to light 

stimulus 

4.36015e-05 

6 CCACGTCA bZIP_tnt.bZIP43 protein binding protein-DNA complex 

assembly 

3.596e-18 

22 AGCWGCAR NLP_tnt.AtNLP4 nitrate-responsive regulation of 

developmental growth  

2.9421818181

8182e-06 

8 CGYCGCCR AP2EREBP_tnt.ERF6 ethylene response  monocarboxylic acid 

transport  

6.3e-07

 0.002

0677 

11 CGGYGGYG AP2EREBP_tnt.RAP21 ethylene response nucleosome 

organization  

0.0052142 

19 CGRCGACG Trihelix_tnt.AT3G58630 protein binding   no enrichment 

 

- 

14 ACGTGGCG bZIP_tnt.ABI5_colamp_v3b ABA signaling regulation of cellular 

amino acid metabolism  

0.00085405 

9 GCGGCRGC AP2EREBP_tnt.CRF4 ethylene response ethylene-activated 

signaling pathway  

0.00157873 

24 BAGCAGCW NLP_tnt.AtNLP4 nitrate-responsive nicotianamine 

metabolic process  

4.5720571428

5714e-05 

15 CCACCACC HMG_tnt.3XHMGBOX1 (high mobility group)-

box  

response to 

brassinosteroid 

3.596e-08 

10 GCCRCCRC AP2EREBP_tnt.CRF4 ethylene response, leaf 

development 

regulation of leaf 

morphogenesis 

0.0039556 

37 MTGCAWGY ABI3VP1_tnt.FUS3 Mitogen-activated 

protein kinase 

plant-type cell wall 

organization  

0.046748 
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Table S4.3: Details of the 45 expression datasets used for coexpression analysis.    

Name type note reference samples 

n16b Tissue B73 [2] 93 

n16c Tissue B74 [3] 23 

n14e Tissue B75 [4] 53 

n19c Tissue seed dev [5] 31 

nc01 Tissue combined [2-6] 247 

n13c Genotype seedling_leaf3 [7] 62 

n13e Genotype kernel [8] 368 

n14a Genotype seedling [9] 503 

n15a Genotype SAM [10] 383 

n18d Genotype root_GCN [11] 48 

n19a Genotype seedling [12] 453 

n17a Tissue*Genotype 5 tissues [13] 133 

n17a_1 Genotype ear [13] 26 

n17a_2 Genotype root [13] 27 

n17a_3 Genotype shoot [13] 27 

n17a_4 Genotype tassel [13] 26 

n17a_5 Genotype SAM [13] 27 

n18a Tissue*Genotype 7 tissues [14] 1657 

n18a_1 Genotype Groot [14] 201 

n18a_2 Genotype Gshoot [14] 271 

n18a_3 Genotype kernel [14] 226 

n18a_4 Genotype L3Base [14] 254 

n18a_5 Genotype L3Tip [14] 257 

n18a_6 Genotype LMAD [14] 199 

n18a_7 Genotype LMAN [14] 249 

n18e Tissue*Genotype 4 tissues [15] 1136 

n18e_1 Genotype leaf [15] 394 

n18e_2 Genotype root [15] 176 

n18e_3 Genotype SAM [15] 406 

n18e_4 Genotype seed [15] 159 

n99a Tissue*Genotype 6 tissues [16] 620 

n99a_1 Genotype endosperm [16] 121 

n99a_2 Genotype internode [16] 77 

n99a_3 Genotype leaf [16] 84 

n99a_4 Genotype root [16] 84 

n99a_5 Genotype shoot [16] 85 

n99a_6 Genotype seedling [16] 169 

n18g Tissue*Genotype B+M+F1 [6] 73 

n18g_1 Tissue B73 [6] 23 

n18g_2 Tissue Mo17 [6] 23 

n18g_3 Tissue BxM [6] 23 

n13a RIL B73 x Mo17 [17] 107 
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