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Preface

This master dissertation is the result of a year of considerable effort and study in the field of bioin-

formatics, more specific genome analysis, at the VIB department of plant systems biology within

the bioinformatics and evolutionary genomics group. Being passionate about the life sciences, I

find it of utmost importance not to lose sight of biology, a threat that is typically very immanent

in bioinformatic research. Throughout this master dissertation I have tried to highlight biological

relevance and potential discoveries. In this focus on biological insights, I think evolutionary the-

ory provides the main paradigm, without which all biological explanation thrives in the dark. I

have interpreted the task of bioinformatics for automated discovery of evolutionary and ecolog-

ical adaptations, as the subtitle promises, more as a hypothesis generating activity than a quest

for conclusive evidence. The latter, I suggest, is the topic of subsequent detailed computational or

molecular biological analysis.

While my objective of not losing track of biological insight is indeed central, I did put considerable

effort in developing computational tools. For all methods and developments discussed in this dis-

sertation I have aimed to make widely applicable, well-tested, documented, modular, extensible

and user-friendly code. I have actively prevented, within my capacities, to create another pile of

idiosyncratic and patched-together code in the hope that it might be useful, for both the Cedalion

project as well as other researchers. Because of these aspects, a considerable part of the work

presented in this thesis is supported by some developed software, which can be retrieved from a

GitHub repository (https://github.com/arzwa/).

Of course this dissertation could not have beenmadewithout the context of the bioinformatics and

evolutionary genomics group, led by the erudite Prof. Dr. Yves Van de Peer, also my promoter for

this dissertation. I would like to thank my copromoter, Dr. Oren Tzfadia, for providing the context

of Cedalion and co-designing the research done here. I find it very stimulating to be able to pursue

my personal interests and work independently, while having the comfort of a supervisor who gives

suggestions, ideas and comments, and I am thankful to Oren for following such an approach. Of

course, I thankmy parents for supportingme and enablingmy to pursuemy intellectual aspirations

as well as my friends and my girlfriend Katrien, who is twice as awesome as she is annoying.
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Abstract

English
Sequencing costs are dropping rapidly, and the number of scientists that can analyze the generated

genomic data falls behind. Therefore, a growing interest in the possibility of automated genome

analysis pipelines is present in the life sciences community. The Cedalion project aims at automat-

ing the full genome analysis workflow, from assembly to biological discovery, with a specific focus

on plant genomes. Here, several analysis methods for the discovery of evolutionary and ecological

adaptations in newly sequenced genomes are investigated. The possibility of extending functional

annotations using gene expression based candidate gene prediction results acquired with MORPH

is explored and a novel resource for consulting genome-wide MORPH results, MorphDB, is pre-

sented as a valuable tool for the plant science community. Age distribution based detection of

whole genome duplication events was implemented and investigated in the context of Cedalion

and a user-friendly tool for constructing these distributions is presented. Lastly, parsimony-based

evolutionary analyses of domain content are explored for the discovery of interesting adaptational

features in newly sequenced genomes. All discussed methods implemented for Cedalion are illus-

trated with biological examples, with a focus on non-model organisms.

Dutch
De kost voor het sequeneren van genomen daalt aan een hoog tempo terwijl het aantal weten-

schappers dat deze genoomdata kan analyseren niet proportioneel groeit. Omwille van deze rede-

nen stijgt de interesse in demogelijkheid van automatische genoomanalyse. Het Cedalion platform

tracht de volledige genoomanalyse te automatiseren, van genoom assembly tot het faciliteren van

biologische ontdekkingen doormiddel van comparatieve technieken, met een focus op planten. In

deze context werden enkele analysemethoden voor de ontdekking van evolutionaire en ecologis-

che adaptaties in nieuw gesequeneerde plantengenomen onderzocht. Demogelijkheid om genex-

pressie data te gebruiken voor de extensie van functionele annotaties aan de hand van MORPH

werd onderzocht en een nieuw platform voor de consultatie van genoomwijde MORPH resul-

taten, genaamd MorphDB, wordt gepresenteerd als een waardevolle contributie voor molecu-

laire plantenbiologie. Daarnaast werd de constructie van distributies van synonieme substitu-

tiesnelheden van volledige paranomen geïmplementeerd en onderzocht voor Cedalion. Tenslotte

werden spaarzaamheidscriterium gebaseerde methoden voor de evolutionaire analyse van pro-

teïne domeinen onderzocht voor de detectie van interessante adaptaties op genoom niveau in

nieuw gesequeneerde organismen. Alle methoden die onderzocht werden voor Cedalion worden

toegelicht aan de hand van biologische voorbeelden, met een sterke focus op niet-model organis-

men.
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Chapter 1

Introduction

1.1 Plant science and genomics

It would be an understatement to claim that the rise of genomics, or the biological study of whole

genomes, has been one of the major scientific revolutions of the last decades. The genome, which

can be defined as the full collection of genetic material in an organism, is often thought of as the

’blueprint of life’, containing ’instructions’ for development, maintenance, behavior, reproduction

and metabolism. Indeed, as Ernst Mayr (Mayr, 1988) rightfully stressed, it is appropriate to think

of the genome as a ’genetic program’, governing these various biological processes. For a very

long time however, the genome was highly inaccessible for biologists. Evidently, when techno-

logical advancements were made that enabled the study of whole genomes, many researchers in

genetics, evolution and molecular biology shifted their attention to genomics as a highly fruitful

biological discipline. Throughout the last decades, genome science has thoroughly altered theway

we think about and study all major biological disciplines, from the study of human disease to plant

metabolism, from microbial ecology to fish evolution, from arthropod development to nematode

aging.

For plant science, the genomic revolution really started with the sequencing of the 125 Mb Ara-

bidopsis thaliana genome in 2000 (The Arabidopsis Genome Initiative, 2000), a genome project

that started in 1996 and includedmore than 50 collaborating research institutions. The A. thaliana

genome was the third fully sequenced multicellular eukaryote genome, and needless to say, the

availability of such an information resource was a major boost for the life sciences in general.

Shortly afterwards, in 2002, draft versions of two rice genomes were published in Science (Oryza

sativa spp. japonica (Goff et al., 2002) and O. sativa spp. indica (Yu et al., 2002)), enabling the

first real plant comparative genomic studies. Soon thereafter the algal genomes of Ostreococcus

tauri (Derelle et al., 2006), O. lucimarinus (Palenik et al., 2007) and Chlamydomonas reinhardtii

(Merchant et al., 2007) were sequenced as well as the genome of the Bryophyte Physcomitrella
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patens (Rensing et al., 2008). The availability of these basal plant genomes has been, and still is, of

paramount importance for the study of evolution within the green lineage. In the years that were

to follow, multiple angiosperm genomes were sequenced (e.g. Vitis vinifera (Jaillon et al., 2007),

Zea mays (Schnable et al., 2009),Medicago truncatula (Young et al., 2011), Solanum lycopersicum

(Tomato Genome Consortium, 2012), Amborella trichopoda (Albert et al., 2013) etc.), making com-

parative and evolutionary genomics in plants a more and more feasible and established discipline

with far-reaching consequences for many fundamental biological questions.

Despite the huge attractiveness of genomics to biologists, genome analysis still remains a highly

complicated occupation, especially within the plant world. Plant genomics deals with highly vary-

ing degrees of complexity, such as for example variation in genome size, from the 12 Mb O. tauri

(Derelle et al., 2006) to the 150 Gb Paris japonica (Pellicer et al., 2010) (i.e. 50 times the size of

the human genome!). Also large variation in repeat content and small and large-scale duplications

complicate plant genome sequencing and analysis. This complexity is reflected in every aspect

of genomics research, from assembly to annotation, from comparative studies to evolutionary

analysis. Today, more than 50 plant genomes have been sequenced, and whereas the A. thaliana

genome project at the end of the 20th century took four years and more than 50 collaborating

institutions for a 125Mb genome, today smaller research groups tackle complexer genomes with

fewer time. It is in this interesting field of the life sciences that this master dissertation partakes,

at multiple levels of the genome analysis workflow.

1.2 Evolutionary genomics

”Nothing in biology makes sense except in the light of evolution” (Dobzhansky, 1973), this often

quoted, and misquoted, statement of the geneticist and co-architect of the modern synthesis of

evolutionary theory Theodosius Dobzhansky (1900-1975) is included here once again. While origi-

nally coined as the title of an article showing that biological evolution and Christianity are compat-

ible, the statement now lives its own life, and with good reason. Evolutionary theory has indeed

become the core of the current paradigm for all the life sciences. From cancer research to the

study of infectious diseases, from embryonic development to biotic stress responses in plants, evo-

lutionary theory provides researchers a frame of reference, capable of explaining many biological

questions. The importance of understanding how evolution operates at different biological levels

and how specific adaptive traits have originated can therefore be hardly overestimated. Indeed,

Eugene Koonin might be right when he states: ”Biology is evolution” (Koonin, 2011).

Evolutionary theory has come a long way since Darwin andWallace, and many authors have docu-

mented the history and evolution of evolutionary thought (e.g. Bowler (1989)). The theory of evo-

lution as most famously articulated in Charles Darwin’s ”On the origin of species” (Darwin, 1859)

stresses the importance of random genetic variation and natural selection in biological popula-
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tions. While Darwinmeticulously provided arguments for his ’descent withmodification’ theory of

evolution, he lacked a good theory of genetics (he suggested his own pangenesis theory, however

lackingmechanistic detail and compelling evidence). In the early twentieth century, the integration

of ideas fromMendelian genetics and natural selection lead to the discipline known as population

genetics, driven by mathematicians such as J.B.S. Haldane, R.A. Fisher and Sewall Wright. The ori-

gin of this new discipline paved the way for the so-calledModern synthesis of evolutionary theory.

ThisModern Synthesis integrated Darwinian evolutionwith population genetics, ecology, cytology,

palaeontology and systematics. This synthesis eventually lead to the establishment of evolution

by natural selection as the main paradigm of biology, mostly due to some highly influential biolo-

gists among which Ernst Mayr and Theodosius Dobzhansky might be regarded as most important.

However when in the 1950’s the research of Watson, Crick, Wilkins and Franklin lead to the dis-

covery of the double helix structure of DNA (Franklin & Gosling, 1953; Watson & Crick, 1953a,b),

biology was about to change radically. From then on, an understanding of how genetics work at

the molecular level was enabled, and the field of molecular biology starts to dominate biological

science. Evidently, as evolution operates at a genetic level, a whole new way to study evolution

rises, as the ’genetic program’ becomes directly available for study. The field ofmolecular evolution

was pioneered by Pauling and Zuckerkandl in the 1960’s (Zuckerkandl & Pauling, 1965) and studies

biological evolution through the molecular units of genetics, the genes and genomes encoded in

themolecular language of nucleic acids. In molecular evolution, sequence analysis is used to study

evolution of biological functions and derive evolutionary relationships between genes, individuals,

organisms, and higher order taxa.

In the light of the genomic revolution, evolutionary biology undergoes novel dramatic changes.

Several authors have pleaded for a highly gene-centric view of evolution, most notably Richard

Dawkins in his popular book ’the selfish gene’ (Dawkins, 1989). However, several critics of a too

gene-centric view on evolution have noted that one has to look at the individual and its whole

genome as the ’unit’ of natural selection (e.g. Mayr (1988)), and that studying genes in isolation

from their genomic context can be problematic from an evolutionary point of view. Interestingly,

a similar trend in functional biology can be observed, where systems-level analyses are becom-

ing the new standard for similar reasons. Now that the study of whole genomes of individual

organisms is no longer science-fiction, genome evolution has become a major discipline within

evolutionary biology. Genome sequences provide unprecedented information resources for evo-

lutionary studies. Studying for example the whole genome sequence of a human, one looks at

a three billion letter code shaped, kneaded and assembled through approximately 4 billion years

of evolution resulting in the modern human. Genome evolution or evolutionary genomics, which

is closely related to comparative genomics, studies how evolution operates at the genome level

as well as the processes that have taken place to generate a particular genomic constitution. As

one might expect, evolutionary genomics has altered the ways we look at evolution thoroughly.

Genomes are increasingly regarded as highly controlled read-write databases on which evolution

’acts’, enabling transmission and regulated expression of DNA sequence information, and some
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authors have even dared to proclaim the paraphrase ”Nothing in Evolution Makes Sense Except in

the Light of Genomics” (Shapiro, 2016).

Although this last claim is most likely way too bold, evolutionary genomics research does have

contributed highly significant conceptual advancements to evolutionary biology. Evolutionary ge-

nomics has for example shown the important roles of transposable elements, horizontal gene

transfer, gene family expansion and contraction and whole genome duplications (WGDs) in or-

ganismal evolution. The latter are especially of interest in plants, as a striking amount of such

WGDs has been uncovered throughout the last decades (see section 1.6). In general, evolutionary

genomics research has two main aims: (1) studying biological evolution at the genome level, i.e.

unraveling how evolutionary forces operate on genomes and thereby refining or reconceptualizing

evolutionary theory and (2) the study of specific evolutionary adaptations at the genome level in

particular individuals, organisms or higher order taxa. These two aspects often go hand in hand,

and while the first is mostly of theoretical importance, discovering specific biological adaptations

in a newly sequenced genome is typically one of the major topics of interest in a genome project.

It is clear then that unraveling the genetic and evolutionary basis of species and lineage specific

phenotypic traits is therefore one of the major aims of comparative and evolutionary genomics

research.

1.3 Genome analysis in the post-genomic era

As the cost of high-throughput genome sequencing decreases staggeringly, there is a growing urge

for novel strategies to cope with the increasing pile of genomic data and to leverage the availabil-

ity of these huge datasets for biological discovery. Today, already over a decade in the so-called

post-genomic era, data generation is becoming less an issue, and more and more researchers are

switching to genomic high-throughput data to address their research questions. Because of this,

bioinformatics analyses have become one of the major bottlenecks in modern biological research,

as the amount of researchers that is able to perform the required analyses remains dispropor-

tional to the growing piles of genomic data. As these observations suggest, a growing interest in

automated genome analysis pipelines and efficient computational strategies for attaining biologi-

cal discoveries from genomic datasets is present in the life sciences community.

Genome analysis starts invariably from sequence data (Figure 1.1). High throughput second gen-

eration sequencing (SGS) platforms such as Illumina typically provide millions of short length (typ-

ically around 250 bp) paired or unpaired sequencing reads. From these reads an attempt to re-

construct the genome sequence is undertaken, which is, in the absence of a reference genome

sequence, referred to as de novo genome assembly. For SGS sequencing data, typically de Bruijn

graph assembly algorithms such as velvet (Zerbino & Birney, 2008), SOAPdenovo (Luo et al., 2012),

ABySS (Simpson et al., 2009) or SPAdes (Bankevich et al., 2012) are used. These algorithms break
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Figure 1.1: High level flowchart of an automated genome analysis pipeline. Two main different levels can be distin-

guished, namely the structural and functional analysis level, of which the latter is the main focus of this dissertation.

down the sequences to k-mers and apply an efficient graph-based method to reconstruct the

genome sequence. Nowadays hybrid assembly techniques are often applied. These techniques

combine highly accurate short length reads from SGS platforms with more error-prone long reads

from single molecule real time (SMRT) sequencing platforms such as PacBio or Oxford Nanopore,

and generally result in larger sequence scaffolds. Also the usage of SMRT based sequencing plat-

forms as sole data source is emerging. For example the Quinoa (Chenopodium quinoa) genome

was recently assembled using only PacBio SMRT data and optical maps (Jarvis et al., 2017). As this

short survey suggests, assembly is a rapid evolving field, and it closely follows sequencing technol-

ogy. Despite the advancements, it remains a highly complicated task. This is especially the case

in complex genomes such as those of many plant species, which are often very rich in repeat ele-

ments that complicate assembly methods. For these reasons, a decent assembly contains typically

17



Chapter 1. Introduction

a few thousand scaffolds instead of the desired limited set of chromosomes, constituting a con-

siderable bottleneck for annotation and some structural analyses (e.g. collinearity analysis, see

below).

Following assembly, structural genome annotation through automated gene prediction is per-

formed. Typically ab initio gene predictors are combined with extrinsic information such as ex-

pressed sequence tags (ESTs) and, more commonly today, RNA-sequencing (RNA-Seq) data. This

combination of ab initio gene prediction with extrinsic data has been shown to be very fruitful

and is the de facto standard approach in genome annotation (Stanke et al., 2006; Cantarel et al.,

2007; Foissac et al., 2008; Hoff et al., 2016). However genome annotation goes beyond genes, as

prediction of small RNAs (miRNA, siRNA, piRNA, etc.), lncRNAs, repeats, promotor elements, small

proteins and pseudogenes has also become a major concern in genomics. The development of

methods for the prediction of these genomic features is still a highly active area of research. It

is clear that genome assembly and gene prediction are far from trivial and require skilled bioin-

formaticians and extensive computational resources. For example Hidden Markov model based

ab initio gene predictors require a training set, which is often build by expert annotators based

on experimental data. However, despite the difficulties associated with these important aspects

of genome analysis, serious efforts in bioinformatics research have already made many of these

facets highly automated.

The next steps in a genomeproject are functional annotation and comparative and evolutionary ge-

nomic analyses. In contrast with assembly and structural annotation, automated functional anal-

ysis of genomic data has remained largely dependent on expert knowledge and skills. Typically,

automated annotation of protein domains and Gene Ontology (GO) terms is performed using tools

such as InterProScan (Zdobnov & Apweiler, 2001; Jones et al., 2014) and Blast2GO (Conesa et al.,

2005; Conesa&Götz, 2008), yielding a first functional insight in the genomic data set. InterProScan

is an extremely valuable tool, as it uses a whole array of methods, collectively called signatures,

to identify protein domains from different databases (e.g. Pfam, PRINTS, PROSITE, PANTHER etc.)

that together form the InterPro database (Finn et al., 2016). Moreover, a highly curated set of

InterPro domains has been mapped to GO terms, integrating domain level information with the

higher-level information of the Gene Ontology. Blast2GO is another interesting tool for automatic

annotation of GO terms and is largely based on transferring knowledge from highly curated GO an-

notations inmodel organisms to similar sequences, under the assumption that sufficient sequence

similarity implies a similar gene function. Besides automated domain and GO annotation, auto-

matic gene family delineation and phylogenetic analyses are often performed as well, and these

are the first steps for comparative and evolutionary analyses.

However, subsequent functional analysis, often of a largely phylogenetic and comparative nature,

is mostly performed idiosyncratically by skilled bioinformaticians and is particularly directed to-

wards known features of the organismof interest. For example, when analyzing the Zosteramarina

(eelgrass) genome, researcherswere particularly interested in stomatal development and ethylene
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signaling (Olsen et al., 2016). In depth-analysis of gene families associated with these processes

revealed significant gene loss, reflecting the genomic basis of evolutionary adaptations in Z. ma-

rina. Evolutionary and comparative analyses for the octopus (Octopus bimaculoides) genomewere

directed towards nervous system specific processes (Albertin et al., 2015). In the study of the kiwi

(bird) (Apteryxmantelli) genome, researchers focused on olfactory and vision related genomic fea-

tures that explain the evolution of a nocturnal lifestyle (Le Duc et al., 2015). In the recent genome

analysis of Chenopodium quinoa (quinoa), Jarvis et al. (2017) focused their functional analysis

on anti-nutritional triterpene saponin biosynthesis. Many more examples of such explanation-

seeking questions directed to highly specific biological features, characteristic for the organism

under study, can be found throughout all so-called genome papers. Evidently, automating the

workflow for the discovery of such ecological and evolutionary adaptations presents a major chal-

lenge in this era of biological big data.

1.4 Automated genome analysis and the Cedalion project

Genome analysis has a typical workflow, as was elaborated on in the previous section. Therefore,

with the ever-rising pile of genomic data, interest in highly automated pipelines is growing. In the

microbial genomics field, automated genome analysis pipelines are already widely used and re-

searchers use systems such as RAST (Aziz et al., 2008) and MyPro (Liao et al., 2015) on a regular

basis. Such systems are lacking for eukaryotic genomes, mostly because of the much larger and

more complex genomes. One example of a highly efficient system for eukaryotic genomes is Com-

panion (Steinbiss et al., 2016), which is however limited to particular genera of parasitic eukaryotes

since it uses a reference-based approach.

TheCedalionproject in the bioinformatics and evolutionary genomics research group at the depart-

ment of plant systems biology (Ghent University/VIB) is concerned with providing an integrated

platform for plant genome analysis, including both the structural (genome assembly and gene

prediction) as well as the downstream functional and evolutionary aspects of the genome analysis

workflow (Figure 1.1). The ultimate goal is the development of a genome analysis pipeline that is

able to discover evolutionary and ecological adaptations at the genome level in newly sequenced

species, starting from the raw sequencing reads. In a first stage this will still be expert guided, how-

ever this will pave the way for novel machine learning and artificial intelligence efforts to render

genuine automated genome analysis, or stated otherwise, a robot bioinformatician. It is in this

project that this master dissertation is situated. However, while indeed integral to the Cedalion

project, the investigated analysis methods can be regarded as autonomous modular units that fit

in an automated functional analysis pipeline, but are also valuable bioinformaticsmethods on their

own, outside the context of such a pipeline.

Currently the Cedalion project is focusing on the downstream functional and evolutionary aspects
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of genome analysis, which are largely of a comparative nature. In the current state of the project

(see also figure 2.1 in Chapter 2), input data is a proteome of interest, which is functionally anno-

tated using InterProScan and Blast2GO, and a set of proteomes for comparative analyses. Con-

current with the functional annotation, gene families are delineated using all-versus-all Blastp

(Altschul et al., 1997) on a DeCypher®platform andOrthoFinder (Emms& Kelly, 2015) or OrthoMCL

(Li et al., 2003). A phylogenetic tree is inferred using OrthoFinder or, when OrthoMCL is used,

using PhyML (Guindon & Gascuel, 2003) with a concatenated multiple sequence alignment. Fur-

ther downstream, functional, comparative and evolutionary analyses for biological discovery are

currently being implemented and developed, of which several will be discussed in-depth in this

dissertation.

1.5 Gene expression based candidate gene prioritization

As already indicated, automated functional annotation methods are mostly sequence similarity

based, leveraging annotation efforts in model organisms such as A. thaliana and O. sativa. As

sketched in the previous sections, functional annotation is usually performed using tools like In-

terProScan (Zdobnov & Apweiler, 2001; Jones et al., 2014) and Blast2GO (Conesa et al., 2005).

InterProScan uses an array of methods, collectively called signatures, to identify protein domains

from different databases (e.g. Pfam, PRINTS, PROSITE, PANTHER, etc.) that together form the In-

terPro database (Finn et al., 2016). Blast2GO is a tool for inferring GeneOntology (GO) annotations

in newly sequenced species by transferring annotations from well-curated species to the species

of interest based on sequence similarity scores acquired with Blast. The GO consortium provides a

controlled vocabulary for describing gene functions, which consist of three domains namely ’Cellu-

lar compartment’ (CC), describing the location of activity; ’Molecular function’ (MF), describing the

molecular biological activity of the gene and ’Biological process’ (BP) describing the biological con-

text in which the gene operates (Ashburner et al., 2000). Obviously these tools are indispensable

in functional genome analysis, however they remain limited due to their dependence on similarity

based methods, as exemplified by the huge amounts of ’hypothetical’ and ’unknown’ genes that

are typically present in such a functional annotation. Especially in newly sequenced genomes and

non-model organisms, similarity based functional annotation efforts fail to exhaustively delineate

biological pathways and assign gene functions. Despite the fact that it is easy to identify proteins

involved in signaling, regulatory and developmental processes based on characteristic protein do-

mains, identifying the actual biological processes in which these important genes operate often

remains impossible using similarity based methods, presenting a major disadvantage of these ap-

proaches.

Besides functional annotation tools such as InterProScan and Blast2GO, gene functions can be in-

ferred directly through orthology relationships. Orthologous genes are genes in different species

20



Chapter 1. Introduction

that are derived from a single ancestral gene in their last common ancestor. Conversely, paral-

ogous genes are genes that are derived from a single ancestral gene through a duplication event

(Fitch, 1970; Koonin, 2005). Depending on the phylogenetic level of interest, paralogous genes can

be in- or outparalogs, where inparalogs are paralogous genes that are derived from a duplication

event that occurred within the phylogenetic clade of interest, whereas outparalogs are paralogs

derived from a duplication event in some more distant ancestor. For inference of orthology and

paralogy relationships (i.e. gene family delineation), sequence similarity based comparative ge-

nomics techniques are used. These methods typically start with an all-versus-all Blast analysis of

the in silico determined proteome and subsequently cluster the proteins in groups based on sim-

ilarity scores. In graph based methods such as OrthoMCL (Li et al., 2003) and TRIBE-MCL (Enright

et al., 2002, 2003), all-versus-all Blast results are interpreted as a weighted graph, derived from a

sequence similarity matrix. The resulting graph is clustered using Markov Clustering (MCL) (Van

Dongen, 2000; Enright et al., 2002). Inference of gene functions from orthology relationships is

very powerful and leverages knowledge from model to non-model organisms (Proost et al., 2009;

Van Bel et al., 2012). However, it remains hard to infer functions for members of the large gene

families typically present in plants (Kuzniar et al., 2008), and in particular for regulatory genes.

More detailed analyses of gene functions is often performed using transcriptomic, proteomic and

other ’omics’ data. Usage of these data sets in an integrative approach enables functional analysis

of genes using the guilt-by-association (GBA) principle. GBA is a commonly used principle in func-

tional genomics and involves inferring putative gene functions for unknown genes from genes with

known functions that show similar behavior across different experimental conditions or data sets

(Wolfe et al., 2005). When viewed the other way around, namely when one is interested in discov-

ering new genes for a process of interest, the same problem is often referred to as candidate gene

prioritization. For co-expression data, the GBA principle has been shown to be ubiquitously appli-

cable across the transcriptome of different species based on analysis of a priori knowledge from

GO annotations (Wolfe et al., 2005). Because of this applicability and the fact that transcriptomic

data is the most straightforward ’omics’ data to gather, special interest towards co-expression net-

works for gene function analysis has been growing in the plant science community. It is widely

acknowledged that further comprehensive elucidation of gene functions in plants will be highly

dependent on these methods (Rhee & Mutwil, 2014; Serin et al., 2016).

Another complementary and intimately related methodology for in-depth analysis of gene func-

tions that has recently gained much attention is comparative transcriptomics, where evolutionary

relationships between genes are used to integrate expression data across species (Movahedi et al.,

2011, 2012; Hansen et al., 2014). Such methods often use integrative network approaches to al-

low discovery of conserved co-expression modules (Zarrineh et al., 2011) across multiple species,

again possibly leveraging knowledge frommodel to non-model organisms. These networks can of-

ten point to missing pathway genes and regulators, as they naturally cope with the fuzzy nature of

pathway boundaries while incorporating evolutionary relationships that can serve as constraints
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and can discriminate highly interesting evolutionary conserved candidate genes from potential

noise. Indeed, it has been stated that comparative co-expression networks may yield more accu-

rate gene function predictions (Hansen et al., 2014). Some important (comparative) co-expression

based tools for gene function analysis are ATTED-II (Aoki et al., 2016), PLaNet (Proost & Mutwil,

2017), CORNET (De Bodt et al., 2010; Van Bel & Coppens, 2017), AraNet (Lee et al., 2015), MORPH

(Tzfadia et al., 2012; Amar et al., 2015) and CoExpNetViz (Tzfadia et al., 2015). Note that most of

these are restricted to precomputed analyses for model organisms, restricting their use for newly

sequenced species and non-model organisms.

While co-expression based methods are extremely relevant for gene function analysis, some im-

portant caveats are te be noted. Firstly, when analyzing large data sets, co-expression networks

quickly become highly complicated, limiting their biological interpretability (Usadel et al., 2009).

Additionally, these networks are often highly overconnected, with many ’noise’ edges and edges

representing indirect relationships. At the sametime, lots of false negatives are to be expected, be-

cause of a lack of depth in the gene expression profiling (Mutwil et al., 2011; Hansen et al., 2014).

Associated with these complexity issues is the problem of reproducibility, as many distinct steps

and filtering decisions have to be taken to come to a (comparative) co-expression network, and

something like a standardized protocol is virtually absent. Also the usage of these networks ismuch

more suitable for biological process related than for molecular function related functional cate-

gories, for which similarity based methods are expected to excel (Hansen et al., 2014). The condi-

tions, tissues and perturbations used in the expression compendium are also of great importance,

especially when one is interested in particular tissue or condition dependent regulatory processes

(Hansen et al., 2014; Serin et al., 2016). Lastly and evidently, co-expression analysis is expected to

be more suitable for genes and processes under strong transcriptional control, whereas they can

not be as powerful for processes that aremostly controlled at the translational or post-translational

level. For example Kleessen et al. (2013) showed in their integrative co-expression analysis that

co-expression based GBA performs much better for primary and secondary metabolism pathways

than for hormone and cell wall related biological processes. These issues indicate that it is desir-

able to have some estimate of the performance of GBA on a particular process of interest.

MORPH (MOdule-guided Ranking of candidate PatHway genes) is an algorithm for unveiling miss-

ing genes in biological pathways (Tzfadia et al., 2012; Amar et al., 2015). MORPH leveragesmultiple

expression data sets and clusterings thereof for the prioritization of candidate genes using a config-

uration learning approach. It has been shown to performparticularlywell formany plantmetabolic

pathways. As with other gene expression based GBA methods, MORPH relies on an input set of

’bait’ genes that are associatedwith the biological process of interest, and uses the expression pro-

files of these bait genes to prioritize candidate genes. MORPH uses clusterings of the expression

data to calculate a module partitioned co-expression metric for each candidate gene compared to

the input bait genes. MORPH selects the optimal expression data - clustering combination based

on the input set of bait genes. This configuration learning step follows an approach commonly
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known in machine learning as ’model selection’ (Guyon et al., 2010). To this end, MORPH uses

a leave-one-out cross validation (LOOCV) procedure in which for every bait gene the rank is de-

termined based on the MORPH algorithm run with the other bait genes as input bait set. These

’self-ranks’ can than be plotted in a self-rank curve, which shows for increasing rank threshold, the

proportion of bait genes with a rank higher than the threshold. The area under the self-rank curve

(AUSR) can than be used as a model selection metric, as the data set - clustering combination that

results in the highest AUSR can be regarded as the onemost appropriate to use for GBA based can-

didate gene prioritization. Interestingly, besides its use for model selection, this AUSR metric can

be used as an estimate of the performance (and relevance) of GBA based methods on a process of

interest. While a powerful and proven method, MORPH has been underused in the plant science

community, and so are co-expression based methods in general (Rhee & Mutwil, 2014). The real

value of these methods for plant functional genomics is yet to be explored.

MORPH was primarily designed for usage by molecular biologists studying a particular pathway or

biological process and having a set of bait genes for their topic of interest. Here however, the usage

ofMORPH in a genomewide fashion is explored, using computationally inferred and publicly avail-

able functional annotations. A novel comparative co-expression network approach for the visual-

ization of MORPH predicted candidate genes across species and functional categories is devised.

Interestingly, transcriptomic data for non-model species is accumulating, and in a typical genome

project nowadays, RNA-sequencing libraries are generated to guide the genome annotation pro-

cess. This renders novel opportunities for functional annotation of newly sequenced genomes,

as GBA based candidate gene prediction methods and co-expression network based methods can

now be used to find putative functional roles for many genes. Here, usage of MORPH in a genome

wide fashion as a tool for functional annotation of newly sequenced species is explored and usage

possibilities in the context of the Cedalion genome analysis pipeline are evaluated. Lastly, results of

genomewideMORPH analyseswere integrated in a database accessible via aweb interface named

MorphDB (http://bioinformatics.psb.ugent.be/webtools/morphdb/morphDB/index/). MorphDB

allows exploring and visualizing MORPH predictions both in a gene centric and a biological process

centric view, facilitating gene discovery in various plant species. An in-depth case study where

MorphDB was used for gene discovery purposes will be discussed, showing the potential of this

methodology for advancing our understanding of plant gene functions.

1.6 Detection of whole genome duplication events using
empirical age distributions

A second topic that was considered in the context of the Cedalion analysis pipeline is the detec-

tion of whole genome duplication (WGD) events in newly sequenced genomes. Duplication and

polyploidization events have since long been among themajor interests of evolutionary biologists.
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Indeed, already in 1970, the Japanese geneticist and evolutionary biologist Susumu Ohno stated

in his famous book ’Evolution by Gene Duplication’ (Ohno, 1970) that duplication events are the

main motor for evolution, creating redundancy and therefore the raw genetic material for natural

selection or neutral drift to act upon. Ohno further proposed that not only gene duplication, but

also WGD is an important evolutionary mechanism. With the advent of genome sequencing, evo-

lutionary genomics research has revealed the omnipresence of ancient WGD or palaeopolyploidy

events in many biological lineages. The first organism for which conclusive genomic evidence for

an ancient WGD event was found was the brewer’s yeast (Saccharomyces cerevisiae) (Wolfe &

Shields, 1997). Soon there was also evidence found for ancient WGDs in vertebrates, and it is now

commonly accepted that two WGDs have occurred in the ancestor of all vertebrates (Dehal et al.,

2005), a prediction alreadymade by Ohno, and that an additional WGD occurred in the teleost fish

ancestor, possibly responsible for the radiation of the corresponding clade (Taylor et al., 2001).

In plants, the first evidence for ancient WGD events was found in Arabidopsis thaliana (Blanc &

Wolfe, 2004), and very soon thereafter evidence was found in the monocot model Oryza sativa as

well. With more andmore sequenced plant genomes, a myriad ofWGDs has been uncovered, and

it is becoming clear that WGD events are ubiquitous along the green lineage. The evolutionary

consequences of ancient WGDs in plants are however still poorly understood, and the attributed

degree of importance for plant evolution remains a hotly debated topic in evolutionary genomics

(Van de Peer et al., 2017).

Indeed, ancient polyploidy events have been proposed as the motor for major macroevolutionary

processes such as the adaptive radiations of teleost fish, land plants and the origin of vertebrates.

Darwin himself already regarded the incredible explosive rise of flowering plants in the fossil record

as a threat to his theory in what he called an ’abominablemystery’ (Darwin, 1879). The occurrence

ofWGDs in plant evolutionary historymight contribute a significant part to the explanation for this

evolutionary conundrum. However, it has been proven a topic of controversy whether theseWGD

events occurred randomly and have survived by coincidence or whether they may have occurred

at specific decisive moments in evolution, such as during or following cataclysmic events charac-

terized by environmental change and mass extinction. Vanneste et al. (2014a) showed, by analyz-

ing 41 plant genomes, that many relatively recent WGD events occurred around the Cretaceous –

Palaeogene (K – Pg) boundary, marked by a bolide impact near Chicxulub (Mexico) and subsequent

mass extinction including the extinction of all non-avian dinosaurs. This claim has recently received

support by analysis of additional plant genomes (Vanneste et al., 2014b; Lohaus & Van De Peer,

2016). However, dating ancient duplication events remains extremely challenging and therefore

these claims have not been without controversy. Clearly, the impact of WGD events on evolution

is currently heavily studied because of its implications for Darwinian evolution and its relations to

saltationist theory, as well as our understanding of the rise of flowering plants and their radiation

throughout the Cretaceous. For these reasons, an exploratory analysis of the WGD history of a

newly sequenced species is a must in the context of the Cedalion genome analysis pipeline.
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Detection of WGD events in genomic data is typically performed by estimating a molecular evolu-

tionary variable known asKS (often also denoted as dS), the number of synonymous substitutions

per synonymous site. As synonymous substitutions are thought to be predominantly neutral, i.e.

they provide no fitness advantage or disadvantage, they are assumed to accumulate proportionally

over time, a hypothesis known as ’the molecular clock’ (Margoliash, 1963; Zuckerkandl & Pauling,

1965; Zuckerkandl, 1987; Lee & Ho, 2016). Note that not all synonymous substitutions are neu-

tral due to codon usage optimization, as synonymous codons may result in different translation

efficiencies (Ingvarsson, 2008; Du et al., 2014; Brule & Grayhack, 2017). Because of the assumed

proportionality ofKS with time, the remnants of aWGDevent should be visible as a peak in theKS

distribution of the whole paranome against the background distribution originating from tandem

and small scale segmental duplications. While this is indeed a powerful approach for exploratory

analysis, the power to detect very old duplication events using KS analysis diminishes because

of stochastic effects, which cause flattening of the WGD peaks, andKS saturation effects, impair-

ing adequate correction for multiple substitutions (Vanneste et al., 2013). However, despite these

problems,KS based methods have been very popular for the detection of WGD events (Wolfe &

Shields, 1997; Sterck et al., 2005; Cui et al., 2006; Barker et al., 2008; Vanneste et al., 2014a, 2015;

Olsen et al., 2016; Jarvis et al., 2017).

The typical workflow for detecting WGD events using KS distributions in an annotated genome

involves delineating paralogous gene pairs using gene family delineation methods or collinearity

analysis. After paranome delineation, pairwiseKS values are estimated between paralogs. Paralo-

gous pairs for which anchor point information is available (i.e. evidence from collinearity analysis)

are generally thought to be superior. However collinearity analysis with tools such as I-ADHoRe

(Simillion et al., 2008; Proost et al., 2012) requires high quality genome assemblies, a requirement

that is often not satisfied for newly sequenced organisms. KS values for gene pairs can be counted

heuristically (Li et al., 1985; Nei & Gojobori, 1986; Yang & Nielsen, 2000) or estimated through

maximum likelihood (ML) estimation (Goldman & Yang, 1994), of which the latter is thought to be

superior as it uses an explicit Markov model for codon substitution. After calculation of the KS

values, a weighting scheme is applied and distributions can be plotted and subsequently analyzed.

Mixture modeling techniques have been applied toKS distributions (Cui et al., 2006; Barker et al.,

2008; Vanneste et al., 2015; Olsen et al., 2016), however their value forWGD inference is dubitable,

as these models easily overfit. Mostly, the resulting distributions are visually inspected to indicate

presence of one or multiple WGD events in the genome. If desired, peak estimates can be used

for performing crude age estimates (Wolfe & Shields, 1997; Lynch & Conery, 2000; Simillion et al.,

2002), however these tend to be rather unreliable and highly dependent on good estimates of

molecular evolutionary rates. More sophisticated dating approaches are to be preferred (Fawcett

et al., 2009; Vanneste et al., 2014a), using computationally intensive Bayesian methods such as

BEAST (Drummond & Rambaut, 2007) with fossil calibrations.

In the context of Cedalion, a tool for constructing KS distributions from the upstream Cedalion
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output was devised. Therefore a reimplementation of the proposed methodology in Vanneste

et al. (2013)was performed in the formof amodular Python package. Mixturemodeling and kernel

density estimation of these distributions was also performed, and the pitfalls of these strategies

were investigated.

1.7 Domain level functional and evolutionary analysis

Gaining a functional understanding of the genetic repertoire of a newly sequenced species is a

major objective of the Cedalion project. Comparative genomic analyses offer a great tool for in-

vestigation of evolutionary and ecological adaptations, mostly through the analysis of expansion

and contraction of particular gene families in the species of interest compared to other species and

inferred ancestral states. To this end, the delineation of gene families using clustering approaches

is crucial. These clustering approaches are almost always based on sequence similarity and com-

monly start with an all-versus-all Blastp analysis (Altschul et al., 1997). Sophisticated algorithms

for the actual clustering have been applied, of which the widely used MCL graph clustering algo-

rithm (Van Dongen, 2000; Enright et al., 2002, 2003; Li et al., 2003; Emms & Kelly, 2015) is the

most popular (see also section 1.5). After gene family delineation, a phylogenetic profile is typi-

cally constructed, recording gene family sizes across a set of species. This profile is then analyzed

using parsimony methods or complex probabilistic models. While these types of analyses are in-

deed highly interesting from an evolutionary point of view, abstraction is made at the gene level in

such cases, partially losing the potentially important information present in the modular nature of

proteins. Here, similar approaches as those commonly used for gene family loss and gain analysis

are considered for a domain level evolutionary analysis.

Protein domains are the main units that determine gene function, and as protein coding genes

typically consist of multiple protein domains, one might expect modular evolution of genes to be

an important factor in genomic adaptation. Indeed many studies have shown that patterns of

domain gain, loss and rearrangements have been important for genomic and organismal evolution

(Apic et al., 2001; Björklund et al., 2005; Ekman et al., 2005;Moore & Bornberg-bauer, 2012; Kerst-

ing et al., 2012). Despite the universally accepted importance of modular evolution, domain level

evolutionary analyses are often neglected in evolutionary genomic studies. This is remarkable, as

domain level functional annotations are relatively easy to acquire at great depth using tools such

as InterProScan (Zdobnov & Apweiler, 2001; Jones et al., 2014).

Several attempts have been made for the analysis of domain level gain, loss, expansion and con-

traction, mostly using a tree based approach and resulting in a general view on expanded, con-

tracted and newly arisen domains in a particular species or clade (Moore & Bornberg-bauer, 2012;

Kersting et al., 2012, 2015). These tree based approaches mostly use parsimony principles for

inference of ancestral domain compositions. Moore & Bornberg-bauer (2012) used a Dollo parsi-
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mony approach (Farris, 1977) in their analysis, while Kersting et al. (2012) used a slightly different

parsimony approach that relaxes the assumptions on gain event probabilities. For contraction and

expansion analysis, typically Wagner parsimony (Farris, 1970) is used (Kersting et al., 2012, 2015)

using software such as Count (Csurös, 2010). Wagner parsimony is an approach for minimizing the

total number of events across a phylogeny for characters that can be expressed on an ordinal scale,

e.g. gene counts for gene families, domain presence counts, morphological characters etc. (Far-

ris, 1970). Asymmetric Wagner parsimony methods, where gain or loss events can be penalized

more severely relative to each other, have been developed as well (Csűrös, 2008), and these might

be of particular interest for domain gain and loss modeling. Parsimony methods are well known

because of their shortcomings, and for gene family gain and loss analysis, often more sophisti-

cated probabilistic methods are used such as CAFE (De Bie et al., 2006), BEGFE (Liu et al., 2011),

DupliPHY-ML (Ames et al., 2012) and BadiRate (Librado et al., 2012). These methods use stochas-

tic birth-death processes to model evolution of gene family sizes and rely on Maximum-likelihood

(CAFE, DupliPHY-ML, BadiRate) or Bayesian (BEGFE)methods to estimatemodel parameters. While

these methods may be better suited compared to parsimony methods, their appropriateness for

domain gain and lossmodeling is largely unknown. Besides, the computational time and resources

needed are huge compared to parsimony based methods, with the latter taking at most a couple

of minutes compared to hours or days for probabilistic methods. These issues give the parsimony

approach a clear advantage in an exploratory setting such as in Cedalion.

Protein domains can also be thought of as working in groups in particular biological processes, for

example as defined by a GO category. Therefore protein domain counts could be used to infer

biological processes that show evolutionary adaptations, assuming that a loss or gain of function

in a particular biological process would be associated with changes in domain content. This seems

likely to be a valid assumption, as protein domains constitute themain functional actors within the

coding sequence. To test the hypothesis that domain counts could be used as features for scoring

particular biological processes, a new methodology was devised, called functional proxy scoring

(FPS). FPS scores are based on the domain content of particular functional gene sets compared

across a set of organisms and can be interpreted as a kind of ’proxy’ for biological functionality,

hence the name of this proposed method. An implementation of this gene set based approach as

well as the previously discussed phylogenetic methods was performed for the Cedalion pipeline,

with the aim of going beyond the traditional gene family gain and loss analysis and giving a more

detailed view on evolutionary mechanisms associated with the modular nature of proteins. The

methods are applied both on a previously studied species, namely Zosteramarina (eelgrass) (Olsen

et al., 2016), as well as the newly sequenced chlorophyte alga Ulva mutabilis.
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Aims

The different aspects of this master dissertation and their relations towards other components of

the Cedalion pipeline are depicted in Figure 2.1. The focus in this work is twofold, with both as-

pects belonging to the downstream functional analysis, i.e. post-assembly and annotation. First,

improvement of functional gene annotations is envisaged, exploring gene expression based candi-

date gene prioritization as a tool for the broadening and deepening of functional annotations. The

second focus has as objective the discovery of evolutionary and ecological adaptations, yielding

insights in the functional biology and evolution of a newly sequenced species.

In section 3.1, gene expression based candidate gene prediction will be explored as a tool for

extending automatically generated functional annotations from similarity-based methods (Figure

2.1). The combination of the MORPH candidate gene prediction algorithm (Tzfadia et al., 2012) in

a genome wide fashion with gene family data may provide insights in putative functions of incom-

plete functionally annotated genes. Therefore, MORPH will be adapted to run in a genome wide

fashion, using GO and MapMan based functional annotation data to define bait gene sets. These

so-called MORPH bulk runs are subsequently integrated with gene family data from the PLAZA

comparative genomics platform (Van Bel et al., 2012) using a network based approach. To make

this resource available for other researchers, a database and a webtool will be devised for con-

sulting these genome wide MORPH prediction results, called MorphDB. Whereas this aspect of

the MORPH bulk research is mainly focused on model plants, MORPH bulk analyses will also be

performed on non-model species, namely the medicinal plant Catharanthus roseus, the seagrass

Zosteramarina and the newly sequencedmulticellular green algaUlvamutabilis. As the expression

data sets available for these species are typically more limited than for model species, the perfor-

mance of MORPH in bulk mode for these species as well as the potential for extending functional

annotations will be critically evaluated.

With regard to the second major objective, namely the discovery of evolutionary and ecological

adaptations, age distribution based detection of WGD events will be performed. The importance
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Figure 2.1: The Cedalion genome analysis pipeline and its components discussed in this master dissertation. High-

level components are included as compound nodes. Personal contributions which are discussed in this dissertation

are indicated in green. The relevant software tools are annotated in italics to their corresponding edges. Low level

nodes with dotted borders are not yet implemented in the pipeline.

ofWGDs for plant evolution ismore andmore acknowledged, and getting an idea of the duplication

history of a newly sequenced species is crucial for understanding its evolution. To this end,KS dis-

tribution construction and modeling methods will be implemented in a modular and distributable

Python package (wgd, figure 2.1) that can be easily plugged into the Cedalion pipeline. The main

goal is to perform an exploratory analysis of the genome duplication history of the species under

study, while addingminimal additional computational requirements to the Cedalionworkflow. The

implemented approach will be tested on a wide range of species with knownWGDs to confirm the

reliability of the implementation. Considerable effort will be done to ensure that the developed

Python package is highly modular, platform independent and readily extensible, to serve as a first

step towards an integrated whole genome duplication analysis platform. The extendability of the

phylogenomic toolkit will be illustrated by performing a screen for positively selected genes in var-

ious species, an exploratory analysis that is also highly relevant for the Cedalion analysis pipeline.

Note however that this is not discussed in themain text of this dissertation due to space limitations.
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Lastly, protein domain level evolutionary and functional analyses will be performed to discover in-

teresting adaptations in newly sequenced species (Figure 2.1). Parsimony methods to reconstruct

ancestral domain contents across a phylogeny will be explored as a tool to investigate gained, lost,

expanded and contracted protein domains. The approaches will be benchmarked on the recently

studied Z. marina genome (Olsen et al., 2016) and their use will be further explored on the newly

sequenced chlorophyteU.mutabilis. Besides explicit evolutionary analysis of domain content, also

a gene set based method, functional proxy scoring (FPS), will be developed to score functional cat-

egories based on their protein domain content in a comparative framework.
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Results

3.1 Genome-wide candidate gene prediction using MORPH

3.1.1 Genome wide MORPH candidate gene prediction

The MORPH algorithm for candidate gene prediction was applied in genome wide fashion on six

important model organisms namely Arabidopsis thaliana, Medicago truncatula, Solanum lycop-

ersicum, Solanum tuberosum, Oryza sativa, and Populus trichocarpa; and three non-model or-

ganisms, namely the seagrass Zostera marina, the medicinal plant Catharanthus roseus and the

edible multicellular green alga Ulva mutabilis. As bait gene sets, GO as well as MapMan (Thimm

et al., 2004) annotation data was used where available. The expression data that was used and the

origin of the functional annotation data are discussed in the methods section (section 5.1.1). Per-

forming MORPH runs in genome wide fashion, hereafter called ’bulk’ mode, was achieved using a

Python3.5 wrapper for the highly computationally efficient MORPH C++ version (v1.0.6, Tim Diels,

2015 Not published). The wrapper efficiently manages all requirements for MORPH bulk runs, and

allows running a full MORPH bulk run in pipeline mode. The utility of MORPH bulk runs is twofold.

Firstly MORPH results can be used for candidate gene prioritization and gene discovery purposes,

an application that will be explored in section 3.1.4. Secondly, in the context of Cedalion, MORPH

bulk run results can be used for extending the functional annotation of a newly sequenced species

by leveraging gene expression data using a high performing GBA algorithm such as MORPH. Both

applications will be explored in the following sections.
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Figure 3.1: Empirical probability distribution of AUSR scores for different bait gene set sizes. The probability to

observe an AUSR value among 1000 random bait gene sets of a particular size is plotted. The dashed line indicates the

p = 0.05 level.

MORPH uses a machine learning approach for performance estimation based on LOOCV and re-

ports the AUSR metric as an estimate of the performance on a particular bait gene set. This AUSR

value however is strongly dependent on the size of the bait gene set, as smaller bait sets are more

likely to have larger AUSR values by chance. Therefore empirical probability distributionswere con-

structed for different bait gene set sizes by running MORPH on 1000 random bait gene sets of that

size. This enables estimation of the probability to observe a specific AUSR value for a particular

gene set size. Empirical probability distributions for different bait gene set sizes for the species un-

der study are shown in figure 3.1. As expected, chances to observe higher AUSR values for random

sets are considerably larger for smaller, than for larger bait gene set sizes. This indicates that when

applying MORPH in bulk mode, thresholds on AUSR values are inappropriate and p-value estima-

tion is strongly recommended to indicate performance. The plots also indicate that the probability

distributions converge for larger bait gene set sizes. Consequently, the loss in power when using

the empirical probability distribution of smaller gene set sizes for significance estimation of large
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Table 3.1: Number of bait gene sets (GO/MapMan) successfully analyzed with MORPH in bulk mode. Only bait

gene sets with five or more genes present in an expression data - clustering combination are analyzed. p-values were

calculated based on the empirical probability distribution of AUSR values for the relevant gene set size in the relevant

species.

A. thaliana M. truncatula P. trichocarpa O. sativa S. lycopersicum S. tuberosum C. roseus Z. marina U. mutabilis

GO # gene sets 3005 2461 2903 2528 1232 1540 907 1272 605

p < 0.10 2182 1303 947 1054 854 1207 650 1028 374

p < 0.05 1985 1046 711 846 736 1099 591 893 326

MapMan # gene sets 467 488 461 367 170 - - - -

p < 0.10 312 299 150 152 125 - - - -

p < 0.05 279 251 111 116 111 - - - -

gene sets (e.g. using the empirical probability distribution for n = 30 for gene set sizes n > 30) is

negligible. Lastly, while the difference between species is negligible for larger bait gene set sizes,

considerable differences between species are observed for smaller gene set sizes. Therefore it is

also recommended to construct different empirical probability distributions for different species

and data configurations. Because of these reasons, empirical probability distribution construc-

tion through ’random’ MORPH bulk runs was incorporated in the MORPH bulk run pipeline. Note

that no considerable difference was observed when using random gene sets drawn from the pool

of functionally annotated genes versus random sets drawn from the full genome (Appendix 2.1,

figure 1).

Investigating the overall performance of MORPH in bulk mode on GO and MapMan bait gene sets

shows the relevance and potential of GBA based gene function prioritization (Table 3.1). The per-

formance of genome wide MORPH bulk runs, i.e. the number of successfully analyzed bait gene

sets and the fraction of significant scoring sets therein, is strongly dependent both on the primary

functional annotations, the expression compendia and the clusterings available for MORPH. Note

that a successfully analyzed bait gene set is defined as a set with at least one data set - clustering

combination with 5 or more bait genes present. MORPH bulk runs performed best for A. thaliana,

with 1985 (66%) of the 3005 GO terms and 279 (64%) of the 467 MapMan categories showing

significant (p < 0.05) module partitioned co-expression when 5 or more genes are present in one

of the expression data sets. The histograms in figure 3.2 show that a high fraction of the bait gene

setswith AUSR scores larger than 1.60 shownon-randommodule-partitioned co-expression for the

same species. Similar results are observed for M. truncatula and O. sativa, however a consider-

able smaller fraction of the successfully analyzed gene sets show strong non-random AUSR scores

for these species. In part, this can be explained by the very deep GO annotation for A. thaliana

in PLAZA, which has been enriched with computational results from Heyndrickx & Vandepoele

(2012). For the Solanaceae species included (S. lycopersicum and S. tuberosum), fewer bait sets

could be successfully analyzed, which is probably due to a more limited primary GO annotation.

The fraction of significant scoring bait gene sets is however large, with 71% and 59%of theGO gene

sets showing significant AUSR values for S. tuberosum and S. lycopersicum respectively. For P. tri-

chocarpa, only a small fraction of the successfully analyzed gene sets showed strong non-random

AUSR scores, with only 24% significant scoring sets for both GO and MapMan bulk runs. The his-
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Figure 3.2: Histograms of AUSR scores for the different species analyzed using MORPH with GO bait gene sets in

bulk mode. In light gray, histograms of AUSR scores are shown for gene sets with five or more genes in the expression

data. In dark gray histograms of AUSR scores for significant scoring gene sets are shown.

tograms show that many sets for this species have low AUSR scores. This most likely originates

from the limited gene expression data used for this species. Other possibilities are that the gene

sets are of low quality. However, in the case of PLAZA as data source it can be assumed that all GO

annotations are of similar depth. Another possibility is that many gene sets are mainly controlled

at a post-transcriptional level, with as consequence that GBA based candidate gene prioritization

is not appropriate for these gene sets.

For the non-model species, the performance is of a considerable different level, originating from

both the limited primary GO annotation as well as the small gene expression compendia used in

MORPH. As opposed to the PLAZA GO annotation in the other species, only computationally in-

ferred GO annotations are used, and the tree based orthology GO annotation as implemented in

PLAZA is lacking. The gene expression compendia used for these species are not onlymuch smaller

but also not really generated with functional genomics as application domain. These RNA-Seq

based expression data sets were mainly generated to guide structural genome annotation, with

the goal to identify as much transcripts as possible. To this end, typically steady state transcrip-

tional states and tissue samples are used as RNA source; whereas for functional genomics analyses

such as MORPH, perturbational data sets are better suited. Despite these limitations, potentially
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Figure 3.3: Relative performance of MORPH in bulk mode for different ontologies. (A) MORPH bulk results parti-

tioned by ontology (BP, MF and CC) for the different species under study are shown. In light gray the total number of

analyzed bait gene sets with MORPH is shown, while in dark gray the number of significant scoring (p < 0.05) bait

gene sets is shown. (B) Histograms of AUSR values for different ontologies in A. thaliana. Light and dark gray have the

same meaning as in (A). The same patterns for the BP, MF and CC ontologies are used as in (A).

interesting results are achieved with comparable fractions of significant scoring bait gene sets as

in the model organisms.

Amar et al. (2015) performedMORPH on 698 GO categories for S. tuberosum and showed that sim-

ilar results are obtained when applying MORPH for the three different ontologies (BP, CC and MF),

indicating thatmodule partitioned co-expression is present to some extent for all three ontologies.

In figure 3.3 the number of bait gene sets and significant scoring bait gene sets are plotted for the

different species, and similar results as in Amar et al. (2015) can be observed. The corresponding

AUSR scores for A. thaliana (Figure 3.3 right) further indicate that MORPH performs similarly for

the different ontologies. Remarkably, with exception of O. sativa and P. trichocarpa, CC categories

seem to systematically havehigher fractions of significant scoring gene sets. This observationmight

be explained by the fact that in all species the average gene set size of CC GO categories is larger

than that of BP or MF categories, e.g. 76 (CC) compared to 53 (BP) and 58 (MF) for A. thaliana or

64 (CC) compared to 25 (BP) and 26 (MF) forM. truncatula. For large gene sets that show moder-

ate or even lowmodule partitioned co-expression, the AUSR value will quickly become significant,

while strong co-expression is needed to acquire a significant AUSR for smaller gene sets. Note that

while the BP ontology might be the most interesting for candidate gene prediction purposes, the

other ontologies were also kept for further analysis, because of the comparable performance of

MORPH on these bait gene sets.
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3.1.2 Extending functional annotations using genome wide MORPH

Traditional similarity based functional annotation tools such as InterProScan (Zdobnov & Apweiler,

2001; Jones et al., 2014) and Blast2GO (Conesa et al., 2005; Conesa & Götz, 2008) are indispens-

able for functional genome annotation. These tools typically provide a first insight in the functional

content of a newly sequenced and annotated genome. Table 3.2 shows the GO annotation depth

acquired with Cedalion, using both InterProScan (InterPro2GO) and Blast2GO. As expected, these

tools achieve greatest depth for model organisms such as A. thaliana (91% of A. thaliana genes

have some GO term annotated) and only moderate depth for non-model organisms such as U.

mutabilis and C. roseus, with respectively 42% and 38% annotated genes. In general, similarity

based methods will perform better for species that have a well studied and annotated close rela-

tive. Another observation that can be made from table 3.2 is that InterProScan and Blast2GO GO

annotations show some degree of complementarity, as the total number of annotated genes is in

most cases considerably higher for bothmethods combined than for one of the twomethods sepa-

rately. However, besides similarity based functional annotation, novel opportunities are arising for

function prediction in newly sequenced species, as gene expression data is more andmore becom-

ing available for these organisms. As proof of concept, MORPH was used in bulk mode to extend

GO annotations of C. roseus, Z. marina and U. mutabilis acquired with InterProScan (InterPro2GO)

and Blast2GO.

Using the Cedalion GO annotation (InterPro2GO + Blast2GO) for C. roseus, 4187 GO terms were

annotated to 12249 genes. Of these GO based gene sets, 907 had 5 or more genes in a data set -

clustering combination and were analyzed with MORPH, of which 521 showed a significant AUSR,

with the false discovery rate (FDR) controlled at the 5% level using theBenjamini&Hochberg proce-

dure (Benjamini & Hochberg, 1995). Using a z-score (co-expression score) cut-off of 1.96, MORPH

bulk runs resulted in a 96% deepening of the original GO annotation (table 3.3). For Z. marina,

Table 3.2: Annotation depth of similarity based functional annotation tools. Annotation depth is shown as the

number of genes that have some GO term annotated.

Total genes Annotated (Blast2GO) Annotated (InterProScan) Annotated total % annotated

Amborella trichopoda 26460 12604 12507 15333 58

Arabidopsis thaliana 27407 24351 17393 24946 91

Brachipodium distachyon 26632 19354 17218 21323 80

Catharanthus roseus 32233 10199 9644 12249 38

Chlamydomonas reinhardtii 17819 10069 8025 11291 63

Oryza sativa 41363 23076 19808 25653 62

Ostreococcus tauri 7951 4276 4071 4969 62

Physcomitrella patens 32400 17442 14339 18734 58

Populus trichocarpa 41434 29927 24632 31671 76

Spirodela polyrhiza 19623 9810 11646 13684 70

Thelungiella parvula 25562 19023 15430 20271 79

Vitis vinifera 26238 17109 15635 19300 74

Zea mays 39305 25729 20956 27570 70

Zostera marina 25840 13780 15735 18421 71

Ulva mutabilis 14273 3197 5474 5970 42
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Table 3.3: Gene expression based functional annotation of non-model species using MORPH. Extended GO annota-

tions for C. roseus, Z. marina and U. mutabilis. A candidate was annotated with the corresponding GO term only when

the adjusted p-value (p̃) of the gene set AUSR was< 0.05 and the gene had a z-score> 1.96. FDR control on the gene

set level was performed using the Benjamini & Hochberg procedure. Note that under previously annotated genes, all

genes that had a particular annotation previously are counted, while under the newly annotated genes, all genes that

had no previous annotation and were annotated by MORPH are counted.

# gene sets (p̃ < 0.05) # genes annotated Previously annotated Newly annotated Deepening (%)

C. roseus 521 18842 12249 11738 96

Z. marina 794 13343 18421 3060 17

U. Mutabilis 213 1608 5970 670 11

the Cedalion functional annotation procedure annotated 4775 GO terms to 18421 genes. Of these

gene sets, 1272 were successfully analyzed with MORPH, of which 794 showed a significant AUSR

value (p̃ < 0.05). Using these MORPH results with a z-score threshold of 1.96 resulted in a 17%

deepening of the original Cedalion functional annotation. Lastly, for U. mutabilis an initial set of

5969 genes annotated with 2942 GO categories was used. Of these, 605 sets were successfully

analyzed with MORPH, of which 213 showed a significant AUSR value (p̃ < 0.05). This resulted

in an 11% deepening of the primary GO annotation. The difference in performance on the differ-

ent species is a result of of both the expression data used and the primary GO annotation. For

C. roseus a larger and better suited expression compendium was used than for the other species.

This seems to mainly influence the number of genes with high z-scores and not the number of

significant scoring gene sets, resulting in more genes to be associated with GO categories. The

depth of the primary annotation mainly seems to influence the number of successfully analyzed

bait gene sets, as exemplified by the comparison of the three non-model species under study.

While MORPH based GO category prediction is of a highly speculative nature and can certainly not

achieve the reliability of similarity basedmethods, the obtained ’extended’ functional annotations

may be particularly useful for finding genes associated with specific biological functions that are of

special interest in the species under study. Also, while similarity based methods can easily identify

members of large gene families with regulatory roles such as protein kinases and transcription

factors, more in-depth insight in their functional roles remains very hard to achieve. Genome

wide MORPH results can prioritize functional roles for these specific regulatory genes.

Consider for example our interest in the production of aromatic compounds in C. roseus. C. roseus

(Madagascar periwinkle) is an important medicinal plant that serves as a source for the potent

chemotherapeutic compounds vinblastine and vincristine (Almagro et al., 2015). It is evident that

the elucidation of genes that regulate these specialized metabolism pathways is of considerable

importance for enhancement of the production of alkaloid compounds harvested from this flower

(Schluttenhofer et al., 2014). Also defense response is of great interest in this context since many

of the specialized metabolism pathways in plants are triggered by defense related processes, and

for C. roseus several of those responses have been described (Menke et al., 1999; Roepke et al.,

2010). As an example of the usage of the extended functional annotation acquired with MORPH,
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Table 3.4: Subset of transcription factors in C. roseus associatedwith GO:0019438 (aromatic compound biosynthetic

process) by MORPH and their respective other MORPH-predicted GO terms. Only bait gene sets with an AUSR score

with corresponding p̃-value< 0.05 are included for which the gene under consideration has a z-score> 1.96.

Gene Description GO z-score

Caros015806.1 ethylene-responsive transcription factor 1B-like GO:0019438, aromatic compound biosynthetic process 3.30

GO:0004471, malate dehydrogenase (decarboxylating) activity 2.08

GO:0008171, O-methyltransferase activity 3.15

GO:0006108, malate metabolic process 2.08

GO:0009611, response to wounding 2.38

GO:0051287, NAD binding 2.39

Caros031076.1 AP2/ERF domain-containing transcription factor GO:0019438, aromatic compound biosynthetic process 3.27

GO:0008171, O-methyltransferase activity 3.02

GO:0080044, quercetin 7-O-glucosyltransferase activity 2.59

GO:0080043, quercetin 3-O-glucosyltransferase activity 2.52

GO:0052696, flavonoid glucuronidation 2.32

GO:0009813, flavonoid biosynthetic process 2.45

Caros003741.1 WRKY transcription factor GO:0019438, aromatic compound biosynthetic process 3.17

GO:0030976, thiamine pyrophosphate binding 2.13

GO:0008171, O-methyltransferase activity 3.02

GO:0052696, flavonoid glucuronidation 2.32

TFs in C. roseus predicted to be associated with the GO category ’aromatic compound biosynthetic

process’ are shown in table 3.4. Interestingly, these genes seem to be also predicted by MORPH

for flavonoid and quercetin (also a flavonoid) metabolism and even wounding related processes,

indicating possible association with the defense response. This demonstrates how genome wide

MORPH predictions can provide interesting clues for gene functions in newly sequenced species.

The full MORPH based extended annotations as well as tables with MORPH predicted GO terms

for unknown genes, transcription factors, transporters and signaling genes are available in the

appendix (Appendix 2.1).

3.1.3 The MorphDB database and webtool

As already discussed and illustrated in the previous sections and introduction (section 1.5), genome

wide MORPH analysis may be of particular interest for elucidating the functional roles of regula-

tory and unknown genes as well as for the discovery of novel genes and regulators for biological

processes of interest. For these gene discovery and candidate gene prioritization purposes, in-

creasing interest is going towards the integration of functional and comparative genomics data

through comparative co-expression networks (Movahedi et al., 2011, 2012; Hansen et al., 2014).

In order to make genome wide MORPH predictions available for gene discovery and functional

analysis purposes, a database and webtool were developed to provide a user friendly interface for

MORPH based candidate gene predictions and functional gene analysis in plants. MORPH results

for all previously mentioned species, except U. mutabilis, were integrated with orthology data into

a resource description framework (RDF) basedNoSQL database queryablewith SPARQL, whichwas

aptly named MorphDB. The database can be accessed through the MorphDB webtool available
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at http://bioinformatics.psb.ugent.be/webtools/morphdb/morphDB/index/. For more details re-

garding the database design and construction, refer to the Materials & Methods section (5.1.4).

MorphDB allows the user to efficiently browse and analyze MORPH prediction results for a spe-

cific gene of interest through the gene centric query view. An example of the gene centric query

approach for the C. roseus transcription factor CAROS016926.1 is shown in figure 3.4. MorphDB

allows querying multiple genes of interest at once, enabling researchers to efficiently query lists

of genes. Besides the gene centric view, a gene set centric query view is included in the MorphDB

webtool, namely in the functional category query tab. Here users can browse MORPH candidate

gene predictions for their GO term or MapMan pathway of interest in the different species. An

example of the query form is shown in figure 3.5. In this view, the user can choose to generate

Figure 3.4: Screenshot of the gene centric query view of MorphDB. Form and results are shown for the C. roseus

probable WRKY transcription factor CAROS005040.1.
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Figure 3.5: Screenshot of the functional category query formonMorphDB. The formenables the user to configure the

output of the functional category query, i.e. a GO orMapMan category, such that an in-browser network or searchable

table is generated for the top k candidate genes in the species of interest. Querying and visualizing multiple species

as well as multiple categories simultaneously is possible.

a comparative network for integrative visualization of bait and candidate genes across different

species and functional categories. The network representation also highlights unknown genes and

interesting classes of genes, such as TFs, kinases, receptors and transporters. The networks are

rendered using Cytoscape.js (Franz et al., 2015), allowing the user to modify and navigate through

a generated network freely in the browser. This omits the need to load the network in dedicated

desktop software tools such as Cytoscape or Gephi. For the model species present in PLAZA, the
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nodes in the network are linked to their respective gene and family pages on PLAZA to allow effi-

cient information retrieval.

3.1.4 Prioritizing genes for the plant defense response using MorphDB

In this and the following sections, several example use cases of theMorphDB resourcewill be given.

MorphDB was developed because MORPH bulk run results can be of particular interest for gene

discovery purposes, i.e. the discovery of unknown pathway members and regulators. Such ’gene

hunting’ is typically performed by molecular biologists working on a particular pathway or pro-

cess of interest. Therefore, a semi-interactive webtool for browsing MORPH results can be highly

relevant to biologists. In particular the comparative network representation of MORPH results is

useful, as it allows detection of evolutionary conserved candidate genes and thereby renders addi-

tional evidence for particular prioritized candidates. Unknown genes, TFs, kinases, receptors and

transporters are visually highlighted, allowing easy detection of potentially interesting genes and

regulators. As a proof of concept of the usefulness of the MorphDB resource, some use cases for

hypothetical gene discovery programs will be discussed here.

MorphDB will be explored in the context of the plant defense response. Plants are sessile organ-

isms, and as such have to endure the wide variety of biotic and abiotic challenges, being unable to

escape them. To this end, plants have developed highly complex molecular mechanisms to cope

with these adverse conditions. Biotic stress responses (defense response), triggered for example

by herbivore assault or bacterial infection, often involve production of specialized metabolites, lig-

nification and physiological alterations. Also plant hormones involving salicylic acid (SA), jasmonic

acid (JA), ethylene, auxin, gibberellins, and abscisic acid (ABA) are known to regulate host defense

responses (Pieterse et al., 2012). Here, prioritization of candidate genes for plant defense response

related processes in A. thaliana, M. truncatula, S. lycopersicum, S. tuberosum and O. sativa is per-

formed, illustrating the value of MorphDB for gene function prediction and gene discovery. To this

end, the MORPH bulk run results for the GO term GO:0006952 defense response and some rele-

vant child terms as available in MorphDB will be explored. Also some specialized metabolism and

hormonal regulation related terms that are involved in plant defense responses will be explored.

The focus will be on the comparative aspects, where evolutionary conservation supports high scor-

ing candidate gene predictions. Note that all networks can be easily reproduced on the MorphDB

website.

GO:0006952 defense response

A comparative MorphDB network for GO:0006952 (defense response) in A. thaliana (AUSR =

0.15, p = 0.02), S. tuberosum (AUSR = 0.22, p < 0.01) and O. sativa (AUSR = 0.23, p = 0.02)

was generated (Figure 3.6). Only candidate genes are shown that are among the top 100 candi-
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Figure 3.6: MorphDBnetwork forGO:0006952 (defense response) forA. thaliana (green), S. tuberosum (pale yellow)

and O. sativa (ocher). Only candidate genes with gene family members that are also predicted as a candidate for the

sameGO term are included. Unknown genes are rendered transparently. Square, octagonal and pentagonal nodes are

candidate genes annotated as transporters, kinases and receptors and transcription factors respectively. Solid edges

represent a candidate gene relationship to a gene set while dashed edges represent homology relationships. Gene

families are indicated in gray compound nodes. Gene families marked with a red circle are discussed in the main text.
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dates for each species and that have gene family members that are also predicted as candidates

for this GO term. This reduces the complexity and allows to look more specifically for candidate

genes that show some evolutionary conservation. No MORPH bulk results for other species were

available, indicating that no significant AUSR (p > 0.10) was achieved or the amount of bait genes

did not exceed five in any data set - clustering combination.

The network representation allows easy detection of potentially interesting genes, in this case fo-

cusing on genes in gene families with multiple MORPH predictions for the same GO term. A highly

remarkable potato gene family can immediately be observed (HOM03D002511). This gene family

consists of 53 potato and 19 tomato genes containing Ptta (also En or Spm) domains, indicating

possible transposase activities (InterPro domain IPR004542). Besides the InterPro domain anno-

tation, a literature study reveals that nothing is known about these genes. A closer analysis of

the expression profile used in the underlying MORPH analysis shows that the expression profiles

of several genes of this family are exactly the same (Appendix 2.3, Figure 2). Further analysis is

required to elucidate the function of these suspicious genes.

Transcription factor genes in the network are highly interesting candidates as regulators of the bi-

ological process of interest. For example the potato gene ST01G022390 and Arabidopsis gene

AT1G20980 in gene family HOM03D000165 are SBP-box (Squamosa-promotor Binding Protein)

containing TFs. AT1G20980 has been linked with defense response to both bacterial and fungal

pathogens in several studies (Jones et al., 2006; Stone et al., 2005; Cardon et al., 1999). This sug-

gests a putative defense response related role for ST01G022390. The other gene family contain-

ing potato and Arabidopsis TFs (HOM03D000245) consists of basic Helix-Loop-Helix (bHLH) TFs.

The Arabidopsis homolog AT1G32640 encodes MYC2, a MYC-related transcriptional activator that

binds to an extended G-Box promoter motif and interacts with Jasmonate ZIM-domain proteins.

AT1G32640 has been linked to many stress and Jasmonic Acid (JA) related responses and its roles

in defense response to insects, wounding, specializedmetabolism and various other JA dependent

functions have been experimentally verified (Lorenzo et al., 2004; Dombrecht et al., 2007; Hong

et al., 2012; Schweizer et al., 2013; Zhai et al., 2013; Kazan & Manners, 2013). The potato ho-

molog ST08G009040 predicted as a candidate has not been explicitly linked to defense response

in potato, and lacks any annotation apart from GO:0046983 (protein dimerization activity), again

rendering this gene as an interesting candidate for defense related processes in S. tuberosum.

Also many families of signaling related genes, such as protein kinases and receptors, can be found

in the network (octagons). These can indicate interesting defense response regulators. For ex-

ample the gene family HOM03D000003 consists of two Arabidopsis and one potato Serine/Thre-

onine protein kinase in the MorphDB network. The Arabidopsis homologs of this gene family that

are prioritized as candidates have been linked to defense response related processes such as sys-

temic acquired resistance (SAR), Salicylic acid (SA) biosynthesis, response to chitin and regulation

of the defense response in previous computational analyses (Heyndrickx & Vandepoele, 2012).

Also several functionally unknown genes can be found in the network. For example, the gene
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Table 3.5: MORPH candidate gene predictions for AT5G58430 (exo70B1). Only GO categories with AUSR score with

p < 0.05 are shown.).

GO term Description AUSR # bait genes p z-score

GO:0009612 response to mechanical stimulus 0.58 53 0.00 2.80

GO:0009652 thigmotropism 0.51 5 0.01 2.52

GO:0010337 regulation of salicylic acid metabolic process 0.48 7 0.00 2.84

GO:0031347 regulation of defense response 0.42 100 0.00 2.62

GO:0043623 cellular protein complex assembly 0.42 25 0.00 2.33

GO:0052541 plant-type cell wall cellulose metabolic process 0.38 25 0.00 2.46

GO:0006555 methionine metabolic process 0.37 5 0.07 2.30

GO:0004805 trehalose-phosphatase activity 0.35 13 0.00 2.51

GO:0046351 disaccharide biosynthetic process 0.32 14 0.00 2.28

GO:0001871 pattern binding 0.30 15 0.00 2.56

GO:0009410 response to xenobiotic stimulus 0.29 45 0.00 2.30

GO:0009312 oligosaccharide biosynthetic process 0.27 15 0.01 2.48

GO:0005484 SNAP receptor activity 0.26 19 0.00 2.72

GO:0005991 trehalose metabolic process 0.26 16 0.01 2.28

GO:0009816 defense response to bacterium, incompatible interaction 0.23 43 0.00 3.15

GO:0009690 cytokinin metabolic process 0.18 21 0.03 2.14

GO:0008219 cell death 0.16 43 0.01 2.13

GO:0006952 defense response 0.15 269 0.02 2.58

family HOM03D002958 for which two rice candidates are predicted consists of putatively DNA

binding proteins of unknown function. Similarly, HOM03D001706 consists of two rice genes with

an ENTH/VHS domain which might be involved in endocytosis, cytoskeleton modification and sig-

naling (De Camilli et al., 2002; Ford et al., 2002). However, the functional roles of these proteins

in plants are not well studied, as only their involvement in cytokinesis has been described in Ara-

bidopsis (Song et al., 2012).

Lastly, an interesting family of exo70 exocyst complex proteins is also predicted for this biological

process (HOM03D000146), including the ’Conserved hypothetical protein’ OS01G69230. Interest-

ingly, Zhao et al. (2015) showed that exo70B1mutants show enhanced defense responses through

activation of a nucleotide binding domain and leucine-rich repeat-containing (NLR)-like disease re-

sistance protein. Their study provides a link between the plant immune system and the exocyst

complex, and they suggest that pathogen effectors may manipulate and interact with the plant

secretionmachinery. TheMORPH results presented here support this hypothesis, as for these two

species independently, exocyst related proteins are among the top 100 candidateswith high scores

(all 1.44 < z < 2.69). Looking at the MORPH candidate gene predictions for exo70B1 in Arabidop-

sis (Table 3.5), several defense related GO terms are obtained (e.g. GO:0010337, GO:0031347,

GO:0009410, GO:0009816 and GO:0008219). Besides exocyst and exocytosis related processes,

this gene was also linked with abscisic acid (ABA) mediated signaling in a previous computational

analysis (Heyndrickx & Vandepoele, 2012). This is consistent with a role in defense, since it has

been well established that ABA signaling interacts antagonistically with defense response related

pathways (Anderson et al., 2004; Moeder et al., 2010; Nahar et al., 2012).
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GO:0031348 negative regulation of defense response

A similar network of the top 100 candidates in A. thaliana, M. truncatula and S. tuberosum that

are predicted with multiple gene family members as candidates was constructed using MorphDB

for the more scope-restricted child term GO:0031348 (negative regulation of defense response)

(Figure 3.7). It is important to note differences in MORPH results for the analyzed species, as the

bait gene set forArabidopsis consists of 222 genes (AUSR = 0.39, p < 0.005), while forMedicago

and potato the bait gene set only consists of 19 and 6 genes respectively (AUSR = 0.21, p = 0.03

andAUSR = 0.66, p < 0.005). This reflects a big difference in annotation depth for the different

species, as the total number of GO:0031348 annotated genes in Arabidopsis is 273 compared to

39 for Medicago and 27 for potato. Also interesting to note is the very high AUSR observed for

a bait gene set of 222 genes in Arabidopsis, indicating tight module partitioned co-expression of

genes in this GO category. This is not entirely unexpected, as the GO annotation for A. thaliana

in PLAZA includes co-expression based computational results as well (Heyndrickx & Vandepoele,

2012). Note that this might result in a general bias towards higher AUSR values for A. thaliana.

The network immediately shows the large amount of kinase and receptor genes that are predicted

as candidates (HOM03D000009, HOM03D000003, HOM03D000065, HOM03D000007, HOM03D0-

00006, HOM03D000035, HOM03D000092, HOM03D000133 and HOM03D000048). Several of

these gene families have been linked with defense response in Arabidopsis, such as for exam-

ple HOM03D000003 (see also the paragraph above). The members of HOM03D000003 in figure

3.7 are LysM-containing receptor-like protein kinases, of which some are known to be involved

in the response to macromolecules of bacterial and fungal origin (e.g. chitin), for example the

predicted candidates AT3G21630 (CERK1) (Miya et al., 2007) and AT2G33580 (LYK4) (Wan et al.,

2012). Another interesting family supporting the relevance of MorphDB candidate gene predic-

tions is HOM03D000006, consisting of leucine-rich repeat (LRR) protein kinases that have been

linked to plant innate immunity, response to wounding and cell death. For example the top can-

didate in Arabidopsis AT2G31880 (z = 3.36) encodes a LRR kinase SOBIR1 (Suppresor of BIR1 1)

that has been shown to be involved in cell death and innate immune responses (Gao et al., 2009).

Again, while the candidates for Arabidopsis are to some extent already known to be involved in

defense, these results strengthen the reliability of the predictions for homologous candidate genes

in S. tuberosum, where no such functional information is available.

Three distinctive families of transcription factors can also be observed. HOM03D000008 contains

MYB domain TF proteins. AT3G23250 encodes the MYB15 TF known to be involved in ethylene, JA

and auxin mediated responses as well as responses to chitin, heavy metals and wounding (Yanhui

et al., 2006; Heyndrickx & Vandepoele, 2012). HOM03D000029 consists of WRKY TFs, and as with

HOM03D000008, three potato and one Arabidopsis gene are found among the top 100 significant

scoring candidates. WRKY TFs have been well studied in Arabidopsis and are well known for their

roles in plant defense, for example the predicted candidate AT5G49520 encodes WRKY48, which
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Figure 3.7: MorphDB network for GO:0031348 (negative regulation of defense response) for A. thaliana (green), S.

tuberosum (pale yellow) andM. truncatula (blue). For more details refer to Figure 3.6.

has been shown to be a crucial regulator of the basal plant defense response (Xing et al., 2008).

Lastly, HOM03D000118 consists of Heat shock TFs, also previously linked to chitin response and

defense response (Libault et al., 2007). Some gene families containing unknown genes are also

clearly visible. For example, HOM03D001233 lacks any gene family wide annotation and the ob-

tained candidates AT1G31130 and ST04G024680 are both annotated as ’unknown gene’. However

previous computational analysis have suggested roles in the MAPK cascade and defense response

for AT1G31130, and MORPH provides additional support for these claims. The identification of a

homolog in potato also prioritized byMORPH for defense response related processes also strength-

ens the hypothesis for the function of AT1G31130. Similarly for HOM0D000264 the only functional

information that is available was obtained from large scale transcriptomic analysis of Arabidopsis

pathogen responses (Ascencio-Ibanez et al., 2008). Lastly, also the exo70B1 gene family appears

in this network, however this time including the Medicago homolog MT5G073460. This further

supports the hypothesis of a role for exocyst complex subunits in pathogen defense responses.
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While not providing totally new information, these results demonstrate the relevance of MORPH

predicted candidates. Note that the rediscovery of already known information is partly caused by

the fact that the GO hierarchy is not taken into account in theMORPH bulk runs, causing some bait

genes to be missing from the input sets for more general GO terms.

GO:0002679 respiratory burst involved in defense response

A more specific defense response related GO term that is also well represented in MorphDB is

GO:0002679 (respiratory burst involved in defense response). The respiratory burst is defined as

the biological process in which elevated metabolic activity increases oxygen consumption, and

through an NADH dependent system reactive oxygen species are formed (ROS), such as hydrogen

peroxide (Kawano, 2003). Again aMorphDBnetworkwas constructed, with a focus on comparative

aspects between A. thaliana (AUSR = 0.74, p < 0.005) and M. truncatula (AUSR = 0.54,

p < 0.01) (Figure 3.8).

Interestingly, besides some familiar protein kinase families already encountered in the previous

sections (HOM03D000003, HOM03D000007), several unknown Arabidopsis genes are predicted

Figure 3.8: MorphDB network for GO:0002679 (respiratory burst involved in defense response) for A. thaliana

(green) andM. truncatula (blue). For more details refer to Figure 3.6.
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as candidates for this biological process. For HOM03D002351, both Arabidopsis gene family mem-

bers are among the top 100 MORPH predicted candidates. This gene family consists of proteins

with a domain of unknown function (DUF) DUF4228, which is functionally uncharacterized. One

of the two Arabidopsis duplicates (AT1G28190) has been linked to defense response related pro-

cesses (JA and SA signaling and hypersensitive response) in a large scale systems biology study

(Heyndrickx & Vandepoele, 2012). The other Arabidopsis homolog (AT5G12340) has no functional

term assigned and was predicted to have a mitochondrial subcellular localization, which is consis-

tent with a putative role in respiratory burst. Interestingly, the unknown geneAT5G12340 is ranked

higher (z = 3.01) than the previously associated homolog AT1G28190 (z = 2.71). An inspection

of the phylogenetic tree of this gene family on PLAZA shows that the family is angiosperm (Magno-

liophyta) specific and that it is conserved across this clade. The tree indicates that the duplication

event fromwhich the Arabidopsis homologs are derived precedes the speciation of the basal Mag-

noliophyta, as inferred from the position of the Amborella trichopoda homologs in the tree. The

ancient origin of this gene family and the conservation across the angiosperm tree indicates a high

likelihood of functional importance.

Another functionally uncharacterized gene family that is detected in this network is HOM03D0028-

98, for which two of the five gene family members in Arabidopsis are among the top 100 candi-

dates. Again, one of them (AT4G36500) has been associated with plant defense (flavonoid biosyn-

thesis, SA mediated signaling, SAR, response to insect and hypersensitive response) in the same

large scale systems biology study (Heyndrickx & Vandepoele, 2012), while the other (AT2G18210)

is functionally unannotated. Both genes are predicted to be localized in the mitochondrion based

on sequence models, again consistent with roles in respiratory burst. Inspection of the phyloge-

netic tree for this family shows that it is conserved within angiosperms except for the monocots,

where it was lost entirely. Again the conservation across the angiosperm phylogeny may indicate

evolutionary importance. This use case shows a major benefit of the tight coupling of MORPH

results with PLAZA gene families, as this allows easy phylogenetic analysis of interesting genes.

HOM03D002694 is another gene family without functional characterization. The Arabidopsis gene

AT1G19020 has been shown to be involved in oxidative stress signaling in a mutant phenotype

screen (Luhua et al., 2008), and has been associated with response to wounding, response to in-

sect, SAR, SA mediated signaling and defense response to fungus by Heyndrickx & Vandepoele

(2012). A gene centric search in MorphDB shows that AT1G19020 is predicted for a plethora of

stress and defense response related GO terms (Table 3.6). A similar gene centric search in Mor-

phDB reveals that the functionally uncharacterized Medicago homolog MT4G106500 is also pre-

dicted te be involved in anthocyanin-containing compound biosynthesis (GO:0009781). Antho-

cyanin biosynthesis is regulated by JA signaling (Shan et al., 2009) and anthocyanin accumulation

is associated with enhanced herbivore resistance in Arabidopsis (Khan et al., 2016).

Interestingly, tetraspanin gene family members (HOM03D000276) are also present in the network

for both Arabidopsis andMedicago. This family of membrane proteins has been mainly studied in
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Table 3.6: GO biological process terms for which AT1G19020 is among the top 100 candidates. Only GO terms with

p < 0.01 are shown. Several transport related terms were omitted for clarity and brevity.

GO term Description AUSR # baits z-score

GO:0009819 drought recovery 0.78 5 2.58

GO:0002679 respiratory burst involved in defense response 0.74 95 3.42

GO:0052542 defense response by callose deposition 0.66 35 3.44

GO:0009612 response to mechanical stimulus 0.58 53 3.39

GO:0046903 secretion 0.56 12 2.51

GO:0006984 ER-nucleus signaling pathway 0.53 10 2.48

GO:0071456 cellular response to hypoxia 0.52 21 2.74

GO:0009581 detection of external stimulus 0.48 17 3.00

GO:0043069 negative regulation of programmed cell death 0.46 146 3.21

GO:0009697 salicylic acid biosynthetic process 0.46 160 2.90

GO:0009646 response to absence of light 0.46 30 3.23

GO:0045087 innate immune response 0.46 83 2.82

GO:0009863 salicylic acid mediated signaling pathway 0.44 132 3.00

GO:0010286 heat acclimation 0.44 73 2.83

GO:0009693 ethylene biosynthetic process 0.44 77 3.16

GO:0042542 response to hydrogen peroxide 0.40 145 2.70

GO:0052544 defense response by callose deposition in cell wall 0.40 29 2.73

GO:0010583 response to cyclopentenone 0.39 109 2.80

GO:0009061 anaerobic respiration 0.39 12 2.48

GO:0009306 protein secretion 0.39 21 2.29

GO:0000165 MAPK cascade 0.35 174 2.82

GO:0009695 jasmonic acid biosynthetic process 0.33 113 2.73

GO:2000377 regulation of reactive oxygen species metabolic process 0.33 14 2.40

GO:0000303 response to superoxide 0.33 30 2.27

GO:0006612 protein targeting to membrane 0.33 327 2.95

GO:0010363 regulation of plant-type hypersensitive response 0.33 327 2.94

GO:0035556 intracellular signal transduction 0.32 207 3.10

GO:0051707 response to other organism 0.32 58 2.68

GO:0009620 response to fungus 0.32 92 3.06

GO:0009867 jasmonic acid mediated signaling pathway 0.31 237 2.89

GO:0009738 abscisic acid mediated signaling pathway 0.28 205 2.88

GO:0009753 response to jasmonic acid stimulus 0.27 236 2.64

GO:0009626 plant-type hypersensitive response 0.25 51 2.53

GO:0009266 response to temperature stimulus 0.24 109 2.49

GO:0042538 hyperosmotic salinity response 0.24 140 2.64

GO:0009873 ethylene mediated signaling pathway 0.24 148 2.78

GO:0009723 response to ethylene stimulus 0.23 207 2.92

GO:0009816 defense response to bacterium, incompatible interaction 0.23 43 3.09

GO:0009414 response to water deprivation 0.18 311 2.47

GO:0010193 response to ozone 0.18 35 2.49

the context of development (Wang et al., 2012, 2015) and it has been suggested that tetraspanins

have a role in cell-cell communication during various developmental stages. However it has been

observed that many tetraspanins remain active also in mature differentiated tissues (Wang et al.,

2015), and some tetraspanin promoter regions contain defense and pathogen response elements

(Wang et al., 2015). A role in defense response through sensing of pathogen related molecules is

therefore tempting to suggest, because of the putative role in developmental cell-cell communica-

tion, the presence of extracellular loops and the presence of pathogen response related promoter

elements. Also, this gene family has undergone several duplications andhas been shown to contain

putative functionally divergent clades Wan et al. (2012), supporting the possibility of tetraspanins
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involved in defense response.

TF genes are also present in this network. HOM03D000015 consists of NAC DNA-binding domain

containing proteins of which NAC16, NAC53 and TCV-interacting protein are among the top 100

candidates for GO:0002679. NAC proteins are widely recognized for there roles in hormonally

controlled development (Aida et al., 1997; Xie et al., 2000) and biotic and abiotic stress responses

(Lee et al., 2012; Nuruzzaman et al., 2013) (NAC53). However, Arabidopsis consists of 92 NAC

domain containing proteins, of which many have not been functionally characterized in detail.

NAC16 has been previously associated with the response to chitin in Arabidopsis (Libault et al.,

2007) and TCV-interacting protein has been shown to physically interact with turnip crinkle virus

(TCV) viral capsids (Ren et al., 2000; Donze et al., 2014), again showing the relevance of MORPH

predictions.

GO:0009751 response to salicylic acid stimulus

Salicylic acid (SA) is oneof themajor important signalingmolecules involved in the plant defense re-

sponse (Loake &Grant, 2007; Zhang et al., 2013). SA biosynthesis is activated in response to awide

variety of phytopathogens, and SAmediated signaling results in the accumulation of pathogenesis-

related (PR) proteins (Loake & Grant, 2007). It is the main molecular signal involved in the estab-

lishment of both local and systemic acquired resistence (SAR) (Loake & Grant, 2007). Besides its

roles in defense and disease resistance, SA is known to regulate leaf senescence, flowering and

thermogenesis (Dempsey et al., 2011; Zhang et al., 2013). Because of its crucial role in plant de-

fense, SA mediated signaling and metabolism will be studied here as well using MorphDB. Figure

3.9 shows aMorphDB network of the top 100 candidates for S. tuberosum, S. lycopersicum andM.

truncatula for GO:0009751 (response to salicylic acid stimulus), again only showing the candidates

for which homologs in other species were also predicted as candidates. While the AUSR values for

all three species are not spectacularly high (AUSR = 0.18 (p = 0.03), AUSR = 0.22, (p < 0.01)

and AUSR = 0.14, (p = 0.04) for S. tuberosum, S. lycopersicum andM. truncatula respectively),

focusing on predictions with a level of evolutionary conservedness across species can still render

valuable candidates.

Three families of TF genes immediately catch the eye in this network. HOM03D000046 is a gene

family of basic helix-loop-helix (bHLH) domain containing TFs. All three candidates are functionally

uncharacterized. Phylogenetic tree inspection shows that the tomato gene SL03G097820 is an or-

tholog of theArabidopsis geneAT5G50915which has been shown to be involved in Gibberellic acid

(GA) signaling (Zentella et al., 2007). Crosstalk between SA andGA is crucial in regulationof defense

responses (Verma et al., 2016), suggestive for the hypothesis that this candidate genemight reflect

this crosstalk. Another TF gene family in this network is HOM03D000029 consisting of WRKY TFs,

which are, as already discussed, well known to be involved in plant defense response regulation.

None of the genes in this family has any further functional annotation. Searching MorphDB for
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Figure 3.9: MorphDB network for GO:0009751 (response to salicylic acid stimulus) for S. tuberosum (pale yellow)

S. lycopersicum (red) andM. truncatula (blue). For more details refer to Figure 3.6.

these genes in a gene centric approach supports the hypothesis of a role in defense response and

correspondingly specialized metabolism, as the genes of interest are predicted as candidates for

many relevant GO terms, such as response to gibberellin stimulus, response to wounding, flavonol

synthase activity, chitinase activity, defense response to insect and aromatic amino acid family

metabolic process (table 3.7). Again a set of NAC-domain containing proteins is prioritized by

MORPH (HOM03D000015). Lastly, HOM03D000122 consists of auxin-responsive TFs, indicating

a putative role for this class of TFs in SA mediated signaling as well.
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Table 3.7: GO terms in MorphDB for which the WRKY transcription factors SL06G066370, MT5G091390 and

MT7G110720 are among the top 100 predicted candidates. Only GO terms with p < 0.05 are shown.

GO term Description AUSR # baits z-score

SL06G066370 GO:0009751 response to salicylic acid stimulus 0.22 29 1.89

GO:0009739 response to gibberellin stimulus 0.21 27 1.83

GO:0009611 response to wounding 0.20 70 3.35

GO:0030170 pyridoxal phosphate binding 0.18 41 1.84

GO:0045431 flavonol synthase activity 0.34 7 1.74

MT5G091390 GO:0004568 chitinase activity 0.34 12 1.89

GO:0002213 defense response to insect 0.20 28 1.68

GO:0051865 protein autoubiquitination 0.39 9 2.82

GO:0005085 guanyl-nucleotide exchange factor activity 0.35 9 1.59

GO:0030247 polysaccharide binding 0.16 43 2.69

GO:0048830 adventitious root development 0.34 9 1.77

GO:0006071 glycerol metabolic process 0.42 5 2.68

GO:0009751 response to salicylic acid stimulus 0.14 95 1.68

MT7G110720 GO:0009819 drought recovery 0.41 10 1.73

GO:0004568 chitinase activity 0.34 12 2.10

GO:0009072 aromatic amino acid family metabolic process 0.28 17 1.67

GO:0005085 guanyl-nucleotide exchange factor activity 0.35 9 1.72

GO:0009314 response to radiation 0.31 11 1.52

GO:0016602 CCAAT-binding factor complex 0.31 11 2.40

GO:0044798 nuclear transcription factor complex 0.31 11 2.40

GO:0048830 adventitious root development 0.34 9 1.73

GO:0044428 nuclear part 0.28 12 2.45

GO:0006071 glycerol metabolic process 0.42 5 2.74

GO:0009751 response to salicylic acid stimulus 0.14 95 1.69

Highly consistent with these results is the set of wound-induced proteins in potato (HOM03D0004

55), the pair of Bet v I allergen proteins (HOM03D000251) and the pair of multidrug resistance

proteins prioritized (HOM03D000036) by MORPH for this GO category. Also a family of xyloglucan

endotransglucosylases/hydrolases (HOM03D000082) is represented in the network, indicating po-

tentially relevant cell wall related functions. Several specialized metabolism enzymes are also rep-

resented such as the pair of cytochromeP450 family flavone synthases inMedicago (HOM0D00000

4) andUDP-glucosyltransferase family proteins (HOM03D000032). Lastly, in all three species amino-

cyclopropane-1-carboxylate (ACC) oxidases (HOM03D000012) are among the top 100 candidates.

ACC oxidases catalyze the most important step in ethylene biosynthesis, namely the conversion

of ACC to ethylene (Peiser et al., 1984; Hamilton et al., 1991). This points to a potential crosstalk

with ethylene signals in SA mediated signaling. Overall, MORPH results are consistent with cur-

rent knowledge and may provide interesting candidates for further studying crosstalk between

hormone signaling pathways in the defense response.

GO:0009753 response to jasmonic acid stimulus

Lastly, jasmonate (JA) signaling is studied with MorphDB. Next to SA mediated signaling, JA medi-

ated signaling is the main signaling pathway for plant defense responses (Turner et al., 2002; Chini

et al., 2007), and investigation of this gene set is therefore highly relevant in the context of this
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Figure 3.10: MorphDB network for GO:0009753 (response to jasmonic acid stimulus) for A. thaliana (green), S.

tuberosum (pale yellow), S. lycopersicum (red) andM. truncatula (blue). Only the top 70 candidates that have some

orthology relation with another candidate for GO:0009753 in some species in MorphDB are included. Figure 3.6.

case study. MORPH results for GO:0009753 (response to jasmonic acid stimulus) in MorphDB for

A. thaliana (AUSR = 0.27, p < 0.01), S. lycopersicum (AUSR = 0.19, p < 0.01), S. tuberosum

(AUSR = 0.26, p < 0.01) andM. truncatula (AUSR = 0.19, p < 0.01) were based on gene sets

of 236, 51, 74 and 106 bait genes respectively (Figure 3.10). Large significantly scoring bait gene

sets, as retrieved here, are interesting because they indicate that the underlying biological process

shows a highly relevant co-expression signature.

Again the relevance of integratingMORPH resultswith gene family data into a network visualization

is evident. Many interesting gene families can immediately be recognized, among which many

contain TF genes. For example the MYB TF family HOM03D00008, with members well known for
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Table 3.8: Gene centric query results for the Arabidopsis gene AT1G04960. All GO terms in MorphDB for which

AT1G04960 is among the top 100 categories are shown.

GO term Description AUSR # baits p-value z-score

GO:0052542 defense response by callose deposition 0.66 35 0.00 2.68

GO:0004430 1-phosphatidylinositol 4-kinase activity 0.66 6 0.00 1.87

GO:0006613 cotranslational protein targeting to membrane 0.62 11 0.00 2.08

GO:0006614 SRP-dependent cotranslational protein targeting to membrane 0.62 11 0.00 2.08

GO:0008312 7S RNA binding 0.58 9 0.00 2.16

GO:0048500 signal recognition particle 0.58 9 0.00 2.16

GO:0010200 response to chitin 0.55 335 0.00 2.72

GO:0005905 coated pit 0.52 10 0.00 2.19

GO:0030968 endoplasmic reticulum unfolded protein response 0.47 143 0.00 2.69

GO:0043069 negative regulation of programmed cell death 0.46 146 0.00 2.66

GO:0009646 response to absence of light 0.46 30 0.00 2.66

GO:0009863 salicylic acid mediated signaling pathway 0.44 132 0.00 2.72

GO:0009693 ethylene biosynthetic process 0.44 77 0.00 2.55

GO:0043623 cellular protein complex assembly 0.42 25 0.00 2.28

GO:0009061 anaerobic respiration 0.39 12 0.00 2.48

GO:0010167 response to nitrate 0.39 157 0.00 2.65

GO:2000031 regulation of salicylic acid mediated signaling pathway 0.39 6 0.03 2.63

GO:0015706 nitrate transport 0.38 163 0.00 2.60

GO:0008171 O-methyltransferase activity 0.37 9 0.01 2.33

GO:0032940 secretion by cell 0.36 16 0.00 2.37

GO:0000303 response to superoxide 0.33 30 0.00 2.56

GO:0006612 protein targeting to membrane 0.33 327 0.00 2.55

GO:0010363 regulation of plant-type hypersensitive response 0.33 327 0.00 2.55

GO:0002229 defense response to oomycetes 0.32 10 0.01 2.30

GO:0035556 intracellular signal transduction 0.32 207 0.00 2.69

GO:0009867 jasmonic acid mediated signaling pathway 0.31 237 0.00 2.55

GO:0009738 abscisic acid mediated signaling pathway 0.28 205 0.00 2.41

GO:0009753 response to jasmonic acid stimulus 0.27 236 0.00 2.61

GO:0050832 defense response to fungus 0.27 303 0.00 2.62

GO:0009626 plant-type hypersensitive response 0.25 51 0.00 2.54

GO:0009873 ethylene mediated signaling pathway 0.24 148 0.00 2.49

GO:0031625 ubiquitin protein ligase binding 0.23 17 0.01 2.41

GO:0009723 response to ethylene stimulus 0.23 207 0.00 2.67

GO:0035091 phosphatidylinositol binding 0.23 26 0.00 2.14

GO:0004712 protein serine/threonine/tyrosine kinase activity 0.23 33 0.00 2.24

GO:0009816 defense response to bacterium, incompatible interaction 0.23 43 0.00 2.76

GO:0004721 phosphoprotein phosphatase activity 0.17 69 0.01 2.17

GO:0044248 cellular catabolic process 0.16 130 0.01 2.58

GO:0008219 cell death 0.16 43 0.01 2.18

GO:0005543 phospholipid binding 0.15 45 0.02 2.42

GO:0009056 catabolic process 0.14 157 0.03 2.26

GO:1901575 organic substance catabolic process 0.14 157 0.03 2.26

their roles in defense related specialized metabolism (Liu et al., 2015) (see also the paragraph on

GO:0031348), is again retrieved. The gene family HOM03D000011 consists of AP2/ERF domain

containing TFs, and the retrieved Arabidopsis gene AT4G17500 in this family has been associated

with defense response (Fujimoto et al., 2000; Onate-Sanchez & Singh, 2002). HOM03D000029

and HOM03D000015 consist of WRKY and NAC domain containing TFs respectively, also already

discussed in the previous paragraphs. Again, multiple families of protein kinases and receptor are

also obtained, further supporting the results from the previous sections.

A highly interesting gene family in this network is HOM03D001026, where a putative Medicago

bZIP TF (MT5G038550) and an uncharacterized homolog inArabidopsis (AT1G04960) are predicted

as candidates byMORPH. This gene family contains the functionally uncharacterized DUF1664 con-
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taining proteins, amongwhich a gene fromGlycinemax has been associatedwith a bZIP TF function

and stress responses in soybean (Liao et al., 2008). The Arabidopsis candidate has been detected

as significantly differentially expressed in response to geminivirus infection in a large scalemicroar-

ray experiment (Ascencio-Ibanez et al., 2008), suggesting a role in pathogen defense responses. A

gene centric query reveals the highly interesting nature of this unknown Arabidopsis gene (Table

3.8). The list of relevant GO terms is highly similar to the gene centric query results for AT1G19020

(Table 3.6) and this strong signature across MORPH results suggests a role in defense and stress

response related processes. The TAIR locus page further indicates that the gene is a putativemem-

ber of the coiled coil domain containing golgin family. Golgins are known for their roles in the Golgi

apparatus in the context of stress sensing and apoptosis (Hicks &Machamer, 2005;Witkos & Lowe,

2016), and the roles of AT1G04960 in stress and defense may be related to this.

Conclusion

In this elaborate case study, MorphDB was applied for prioritizing interesting genes for plant de-

fense response related processes. The comparative network approach combined with the gene

centric query option and tight coupling to PLAZAmakeMorphDB a highly valuable tool for elucida-

tion of gene functions in model plants. All figures and tables were generated using the MorphDB

webtool, and can be easily reproduced. Note that MorphDB also allows constructing networks for

multiple gene sets at once, and allows integration of the bait genes in the network if desired. How-

ever, these options were not used here in order to keep the resulting networks sufficiently simple.

As shown in this case study, many genes predicted by MORPH have been linked with the process

of interest in some other studies and large scale ’omics’ analyses. MORPH predictions for homol-

ogous genes often further strengthen hypotheses for a species of interest. Overall, these results

support previous findings and indicate the relevance and potential of MORPH and MorphDB for

gene function analysis.
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3.2 Detection of whole genome duplication events using
empirical age distributions

3.2.1 KS based age distributions

KS based age distributions were constructed in a Cedalion test run on 15 species using the devel-

oped Python3 package (wgd v1.0, see Materials & Methods 5.2), closely following the approach

proposed by Vanneste et al. (2013). The included species for the Cedalion test run are distributed

along the full green lineage, namely Arabidopsis thaliana, Thellungiella parvula, Populus trichocar-

pa,Vitis vinifera, Catharanthus roseus, Zeamays,Oryza sativa, Brachypodiumdistachyon, Spirodela

polyrhiza, Zostera marina, Amborella trichopoda, Physcomitrella patens, Ulva mutabilis, Chlamy-

domonas reinhardtii andOstreococcus tauri. TheKS distribution results for all species under study

using all-versus-all Blastp + MCL based input paralogous families are summarized in table 3.9 and

the distributions are shown in figure 3.11. Full analysis reports as generated by the Cedalion plugin

can be retrieved from the appendix (Appendix 3.1).

Table 3.9 shows that the fraction of outlying pairs (i.e. pairs withKS > 5) is highly variable across

species. For example, in the green alga C. reinhardtii, 70% of the analyzed gene pairs have a KS

value exceeding 5. Similar fractions are observed for the other algae in the study with 74% of the

gene pairs having aKS estimate exceeding 5 for both O. tauri and U. mutabilis. This observation

can partly be explained by the fact that ancient WGD events most likely did not occur in these

species, and that therefore smaller paralogous families are expected. Despite this, the Markov

clustering algorithm was run with similar parameters as for the other species, leading to similarly

sized gene families. Therefore gene families containing very ancient or non-genuine duplicates

Table 3.9: Summary of whole paranome codeml analysis using species-specific MCL clustered all-versus-all Blastp

results as input paralogs. Outliers forKS analysis are defined as those pairs exceeding aKS value of 5. ForKN and

ω outliers are defined as those pairs exceeding a value of 1.

Species Number of pairs Outliers (KS ) Outliers (KN ) Outliers (ω)

A. trichopoda 11002 3552 2078 1200

A. thaliana 21143 3931 902 461

B. distachyon 19621 7804 1310 231

C. roseus 3690 1452 488 95

C. reinhardtii 22382 15702 11507 3301

O. sativa 36343 14979 6268 2135

O. tauri 1311 974 638 124

P. patens 23011 8389 2038 377

P. trichocarpa 38171 6508 1479 650

S. polyrhiza 6863 2507 433 211

T. parvula 14955 3959 2143 794

U. mutabilis 7496 5534 3451 667

V. vinifera 13937 2774 1261 467

Z. mays 35936 13273 5557 1238

Z. marina 12604 5602 1863 425
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Figure 3.11: Empirical age distributions based on the number of synonymous substitutions per synonymous site

(KS). Input paralogous families were based on all-versus-all Blastp results clustered with MCL (inflation factor of 2).

with large pairwise KS estimates may be inferred for these species, leading to a considerable

higher fraction of outliers.

Inspecting theKS distributions (Figure 3.11), compelling evidence is found for ancient large scale

duplication events in A. thaliana, B. distachyon, O. sativa, P. patens, P. trichocarpa, S. polyrhiza, T.

parvula, V. vinifera and Z. marina, in accordance with previous studies in most of these species.

For C. roseus, a peak is observed aroundKS = 2.5, and despite the smaller number of pairs in the

distribution, this peak seems unlikely to be observed by chance. However, it would be appropriate
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to confirm this putative WGD using collinearity analysis. This putative WGD occurred most likely

independently from the hexaploidy event inferred in the ancestor of the Solanales, as this has been

dated around 60Million years ago (Ma) (Vanneste et al., 2014a) whereas the Gentianales diverged

from the Solanales during the early Cretaceous around 100 Ma (Bremer, 2009). Age distributions

are typically unable to provide evidence for very old duplications and this is reflected in the distri-

bution for A. trichopoda, which has not undergone relatively recentWGD events. Jiao et al. (2011)

found evidence for an ancestral angiosperm WGD (ε WGD) using a phylogenomic approach, and

this WGD is not reflected in the age distributions for A. trichopoda. For P. trichocarpa, a highly

prominent peak with a mean KS ≈ 0.25 can be observed, conforming to previously obtained

results (Sterck et al., 2005; Rodgers-Melnick et al., 2012). Also a more dispersed peak around

KS ≈ 1.6 can be observed, which may correspond to a KS saturation peak. For Z. mays, two

WGD events have been described, one shared with other Poaceae (the ρ WGD), and one more

recent lineage specific WGD (Jiao et al., 2014; Lohaus & Van De Peer, 2016). In contrast with other

Poaceae (O. sativa, B. distachyon) studied here, the ρ WGD is not very distinguished, however a

bump in the distribution aroundKS = 1 can be observed as in the other Poaceae. Investigation of

a close-up of the distribution within a reducedKS range (lower right panel of figure 3.11) reveals

the most recent duplication with a peakKS of approximately 0.17. This illustrates the importance

of the histogram bin size and KS range used for visualizing the results. As expected, the three

algae under study do not show evidence for ancient WGD events.

As Cedalion also delineates multi-species gene families using OrthoMCL or OrthoFinder, these

could also be potentially used to infer paralogous gene families, omitting the need for a separate

MCL step. However, OrthoMCL, as well as other multi-species gene family delineation methods,

restricts gene families to include only ’recent’ paralogs, that originated through duplication after

speciation. This property of orthogroup delineationmethodsmight limit their use for the construc-

tion of age distributions, as paralogs that originated fromolder duplications have a lower chance to

be in the same inferred paralogous gene family. Figure 3.12 showsKS distributions for A. thaliana

for three different gene family inputs. Using paralogous families inferred from an OrthoMCL run

with four species of green algae (O. tauri, U. mutabilis, Volvox carteri and Gonium pectorale), Z.

marina and A. thaliana, a result highly similar to the canonical all-versus-all Blast + MCL approach

is achieved. Strikingly, a dramatic change in the distribution is observed when using the gene fam-

ilies delineated with OrthoMCL for the 15 species shown in figure 3.11. While the locations of the

peaks remain identical, the relative density of the higher KS values decreases compared to the

lowerKS values, and a lower total number of pairs is analyzed (7698 compared to 21143). While

duplicates that originated from the most recent WGD in A. thaliana are inparalogs compared to

most species, i.e. the WGD event occurred after the relevant speciation events, and therefore

should end up in the same gene families in most cases, the intensity of the corresponding peak

has lowered considerably. This is probably caused by the fact that compared to T. parvula, these

paralogs are outparalogs, as T. parvula shares this WGD with A. thaliana (Vanneste et al., 2014a).

It is likely that the inclusion of T. parvula in the species set causes a certain bias in the results, as Or-
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Figure 3.12: Comparison of different gene family inputs for empirical age distribution construction. Age distributions

for A. thaliana are shown. (A) KS distribution from input paralogous families inferred from OrthoMCL delineated

multi-species gene families for five green algae, Z. marina and A. thaliana. (B) Similar as (A) but using gene families

delineated for the set of 15 species under study. (C)KS distribution using species specific paralogous families inferred

with within species all-versus-all Blastp and MCL clustering.

thoMCL uses within species reciprocal best hits (RBHs) that are better than between species RBHs

to delineate ’recent’ paralogs (inparalogs). This can cause breaking up of paralogous families over

multiple distinct families, resulting in fewer pairwise KS estimates. It can be concluded that the

canonical single species approach, using within species all-versus-all Blastp results with Markov

clustering, is better and will render more consistent results than using the OrthoMCL delineated

families, which are highly dependent on the taxon sampling. Therefore the all-versus-all Blastp +

MCL approach was chosen for the standard Cedalion implementation.

3.2.2 Modeling of KS based age distributions

To guide analysis and provide point estimates ofKS peaks for calculation of crude age estimates,

several methods have been adopted to model the underlying theoretical KS distribution. Many

researchers have used mixture modeling techniques, fitting a mixture of Gaussian distributions to

the empiricalKS distribution (Cui et al., 2006; Barker et al., 2008; Jiao et al., 2011; Vanneste et al.,

2015; Olsen et al., 2016). However Vanneste et al. (2013) showed that despite their popularity,

mixture modeling results should be interpreted with caution, as forKS values higher than 2.0 to

2.5KS saturation effects might mislead the analysis. Also, mixturemodelingmethods tend to eas-

ily overfit, especially when the overall distribution is not a clear mixture of Gaussian distributions,

as in this case addition of extra components will virtually always result in a better fit. Another

consideration is that the KS distribution reflects a complex evolutionary history of duplications,

which is not very aptly described as the theoretical mixture of an exponential decaying density of

tandem duplicates with (log)-normally distributed peaks originating fromWGD events. Large scale

duplications, deletions, chromosomal aberrations, periods of altered selective pressure and many

other factorsmay cause theKS distribution to differ considerably from the theoreticalmodel. Also

it is not entirely clear which type of distribution is most appropriate, e.g. Barker et al. (2008) used
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Figure 3.13: Comparison of a four component Gaussian mixture model with a four component Bayesian Gaussian

mixture model. TheKS distribution of A. thaliana is modeled as a mixture of lognormal distributions using GMM and

BGMM (γ = 1). The solid black lines show the mixture distributions, whereas the dashed lines show the individual

components. The right panel shows the relative weight of each component in the two models. Each component

is identified by its corresponding geometric mean, as vertical dashed lines in the mixture density plots and as text

indicated above the bars for the weight barplot.

amixture of Normal distributions, while Cui et al. (2006) used amixture of lognormal distributions.

Indeed, no analytical proof is present that shows which distribution divergence time estimates fol-

low. However Morrison (2008) showed, through simulation studies and fitting of empirical data,

that the lognormal distribution is most appropriate. Despite these issues, mixture modeling can

still render insights in the data and guide the analysis when taking these considerations into ac-

count. Another modeling approach that might be better suited, however renders less information,

is kernel density estimation (KDE) (Rosenblatt, 1956; Parzen, 1962). KDE is a non-parametric ap-

proach and can be used to get point estimates of peaks in theKS distribution as well as for visual

guidance of the analysis.

Both finite mixture modeling and KDE were implemented in the default CedalionKS distribution

analysis pipeline. For the mixture modeling approach, both ordinary Gaussian mixture modeling

(GMM) using the expectation-maximization (EM) algorithm and Bayesian Gaussian mixture mod-

eling (BGMM) using variational inference were explored, using the A. thalianaKS distribution as a

case study. Whereas the BGMM approach requires more computational time, it has the attractive

feature that it performs regularization and thereby automatically ’selects’ the number of compo-

nents by shrinking the weights of some components towards zero so that they become inactive in

the mixture distribution. This is illustrated in figure 3.13, where a four component model is fitted

using a GMM and BGMM approach. Note that this GMM required 10 seconds to fit whereas the

BGMM required 7 minutes on a single laptop computer. The BGMM approach results in automatic

selection of three main components, whereas the GMM tends to use all components to a more or

less equal degree. Model selection for the GMM based on the Akaike information criterion (AIC)

indicates that the four component model results in a better fit compared to the three component

model (AIC = 20.68 × 105 and AIC = 20.81 × 105 respectively), which can be judged as over-

fitting based on visual inspection. These issues do not hold for the four-component Variational

BGMM, where quasi all the weight remains on the three main components. This weight shrinkage
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Figure 3.14: Influence of the γ hyperparameter on variational Bayes inference of Gaussian mixture models. TheKS

distribution of A. thaliana is modeled as a mixture of lognormal distributions using BGMM with different values for

the γ parameter (right corner of each individual plot), influencing the prior distribution on the weights. The solid black

lines show themixture distributions, whereas the dashed lines show the individual components. The lower right panel

shows the relative weight of each component in the mixture for the different γ values, the components are identified

by their geometric mean (vertical dashed lines and text indicated above the bars).

of superfluous components towards zero in BGMM is determined by the regularization hyperpa-

rameter γ, which influences the prior distribution on the component weights. The influence of the

γ hyperparameter for a three component model is shown in figure 3.14. Indeed, increasing reg-

ularization (lower value for γ) causes more weight to be attributed to fewer components, leading

to a more ’parsimonious’ explanation of the observed distribution. This is a desirable property in

mixture modeling analysis ofKS distributions, where overfitting constitutes a considerable issue.

Therefore BGMM was chosen as the standard approach in Cedalion.

Variational BGMM with one to five components and γ = 1 was performed on the A. thalianaKS

distribution. The models suggest three active components necessary for explaining the observed

distribution (Figure 3.15). Note that since the distribution of divergence estimates is approximately

lognormal, the best estimate of the central location is the geometric mean, since a lognormal vari-

able shows multiplicative stochastic variation around the geometric mean (Morrison, 2008). The

geometric mean of the different components is therefore reported, and can be used as a point

estimate to perform a crude estimate of the divergence time. Using an average synonymous sub-

stitution rate for nuclear genes in A. thaliana of 6.20 × 10−9 substitutions per site per year (95%

confidence interval: 3.83 × 10−9 - 8.56 × 10−9) (Huang et al., 2012), the WGD age for the main

peak in the distribution with geometric mean KS = 0.89 (corresponding to the Arabidopsis α
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Figure 3.15: Variational Bayesian GMM for theA. thalianaKS distributions using different numbers of components.

A mixture of lognormal distributions is fitted using a BGMMwith γ = 1 for different allowed numbers of components

(1 to 5). Vertical dashed lines indicate the geometric mean of each component. The solid black lines show themixture

distributions, whereas the dashed lines show the individual components. The lower right panel shows the relative

weights of each component for the different models, indicating one very pronounced peak with geometric mean of

KS = 0.89 and two lowly weighted peaks atKS = 0.28 andKS = 2.31.

WGD (Bowers et al., 2003)) can be estimated as 72 Ma (116 - 52 Ma). This is an overestimate

when compared with results from more sophisticated dating approaches (Vanneste et al., 2014a;

Lohaus & Van De Peer, 2016), in which the αWGD in A. thaliana could be dated to 50 Ma. Based

on this case study on the A. thalianaKS distribution, the standard mixture modeling approach for

Cedalion was chosen as a lognormal variational BGMMwith 1 to 5 components within a region of

0.1 ≤ KS ≤ 2.0, with as peak estimates the geometric means of these components. Based on

the generated plots (similar to figure 3.15), the user can decide based on visual inspection which

model is most appropriate.

As indicated, also KDE was implemented in the standard KS distribution analysis approach for

Cedalion. KDE has as main advantage that it does not require particular distributional assump-

tions. KDE can therefore be more interesting for visual interpretation and peak point estimates

than mixture models in the case of heavily deteriorated age distributions where the underlying

components are not easily identified. Two important considerations have to be made when apply-

ing KDE namely (1) kernel selection and (2) bandwidth selection. A Gaussian kernel was chosen,

since this has the most broad applicability and the overall distribution is essentially expected to

be a mixture of different random variables drawn from distinct (log-transformed) Gaussian dis-

tributions. For bandwidth selection, classical machine learning techniques such as k-fold cross
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Figure 3.16: Bandwidth selection for kernel density estimation. (A) Kernel density estimates for the A. thalianaKS

distribution using a Gaussian kernel for different bandwidths. (B) The absolute value of the log likelihood based on

four-fold cross validation on a subsample of the distribution is plotted in function of the bandwidth.

validation can be used. Since KDE can be quite prone te overfitting when applied to complex dis-

tributions such as those dealt with here, selecting a relatively small k for cross validation is a good

choice. Also, using a subsample of the distribution can decrease the overfitting risk and has the

advantage of decreasing the computational time needed for cross validation as well. Figure 3.16

shows kernel density estimates for the A. thaliana KS distributions for different bandwidths and

the log likelihood based on four-fold cross validation on a subset of 2000 data points. Clearly, a

bandwidth of 0.01 results in heavy overfitting, and cross validation on larger subsamples or with

larger values of k will tend to favor this bandwidth. However using the cross validation approach

chosen here, a bandwidth of 0.05 is selected, which seems a reasonable estimate. For the default

Cedalion approach, different bandwidths are used and plotted, and an optimal bandwidth is sug-

gested using the outlined cross validation procedure. The output from the default Cedalion KS

analysis pipeline for 21 different species (including the 15 discussed above) can be retrieved from

the appendix (Appendix 3.1).
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3.3 Domain level functional and evolutionary analysis

3.3.1 Domain gain and loss

Besides gene family gain and loss, protein domain gain and loss eventsmight give valuable informa-

tion about which gene functions have been of adaptational relevance in the evolutionary history

of the species of interest. However, domain evolution is typically neglected in genome analysis

projects, and only a handful of studies have investigated the domain content of genomes in an

evolutionary framework (Moore & Bornberg-bauer, 2012; Kersting et al., 2012, 2015). Domain

evolution analysis, like gene family evolution, is best expressed as changes in discrete character

states, represented by a phylogenetic profile (Pellegrini et al., 1999), along the branches of a phy-

logenetic tree. Character states can be binary, indicating absence or presence of the character,

or can form an ordinal scale, for example a count in the case of domains and gene families or

a magnitude in the case of a morphological character. When the character states form a linear

ordinal scale, such as in the case of protein domain counts, parsimony methods such as Wagner

parsimony (Farris, 1970) can be used to infer states at ancestral nodes in the phylogenetic tree.

Besides parsimony methods, more computationally demanding probabilistic methods, based on

ML or Bayesian inference, have also been devised (De Bie et al., 2006; Liu et al., 2011; Ames et al.,

2012; Librado et al., 2012). However the computational time needed for these methods renders

them beyond the scope of this exploratory analysis.

A combination of the parsimony approach proposed by Kersting et al. (2012) for the analysis of gain

and loss with Wagner parsimony for the analysis of expansion and contraction was chosen for the

Cedalion plugin. To reconstruct the ancestral domain content with Wagner parsimony, the Count

(Csurös, 2010) program was used. An annotated phylogenetic tree for the Cedalion test run (out-

lined in section 3.2.1) is shown in figure 3.17. The tree shows inferred gain, loss, expansion and

contraction events for PFAM domains determined with InterProScan. Overall, this tree is in line

with the expectations, however several remarkable observations can be made. Firstly, the num-

ber of gain events in Z. marina seems unexpectedly high. Upon closer investigation of the gained

PFAM domains, it seems that many bacterial and plasmid related protein domains are retrieved,

indicating potential contamination of the genome assembly with bacterial contigs (Appendix 4.1).

Second, the origin of land plants seems to have mainly involved domain expansion, rather than

gain, whereas the branch towards the green algae is associated with large domain losses accord-

ing to parsimony analysis. Lastly, it should be noted that the large expansions observed for the

branches leading to P. trichocarpa and Z. mays correlate with an increase in overall proteome size.

The full output of the gain, loss, expansion and contraction analysis is available in the appendix

(Appendix 4.1).

Functional investigation of the inferred gain, loss, expansion and contraction events may highlight

interesting evolutionary adaptations. A selection of interesting domain loss and contraction events
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Figure 3.17: Ancestral PFAM domain content reconstruction using parsimony. Gain and loss events were inferred

using the parsimony approach suggested by Kersting et al. (2012). Expansion and contraction events were determined

usingWagner parsimony, and a 25%expansion or contraction of the domain count of the immediate ancestor of a node

was used as a cut off. Note that the branch lengths are not meaningful.

for Z. marina and the Alismatales node is shown in table 3.10. These results are in line with the

findings inOlsen et al. (2016) and illustrate the validity of the approach. Several interesting defense

response related domains are retrieved, supporting the hypothesis that a shift to a marine habitat

as well as the loss of stomata decreased evolutionary pressure on pathogen-resistance associated

genes such as NB-ARC, TIR and Chitin-binding domain containing proteins (Olsen et al., 2016). Also

the previously described loss events in specialized metabolism pathways of volatile compounds

such as terpenes can be observed in the domain analysis. The strongly altered cell wall biosynthesis

in Z.marina (Olsen et al., 2016) is also reflected in the domain contraction and loss results. Thewell

known loss of ethylene signaling and stomata is also observed, as is the strong reduction in late

embryogenesis abundance proteins (LEAP), which have important roles in dessication tolerance

(Costa et al., 2015). These results illustrate the potential of the implemented approach for the

discovery of putatively interesting evolutionary adaptations.

Taking a closer look at the newly sequenced species in this Cedalion test run,Ulvamutabilis, several

highly interesting domain expansion events are observed. U. mutabilis is a multicellular seaweed

from the Ulvophyceae class within the Chlorophyta division. The ancestral ulvophycean was most

likely a unicellular and uninucleate organism (Cocquyt et al., 2010), and multicellularity within the

Ulvophyceae has therefore evolved independently from the rest of the green lineage. Domain

expansion analysis suggests several classes of proteins that might have served important roles in

the evolution of multicellularity in Ulva, and a selection of these is shown in figure 3.18.
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Table 3.10: Selectionof interestingPFAMdomain contraction and loss events in Z.marina andAlismatales (Z.marina

+ S. polyrhiza joining node). Expansion and contraction inference is based on Wagner parsimony.

PFAM domain Description Count in node (ancestor) Node

Defense and specialized metabolism

PF09117 Antimicrobial protein MiAMP1 0 Z. marina

PF00187 Chitin-binding, type 1 2 (5) Z. marina

PF00931 NB-ARC 47 (84) Z. marina

PF01582 Toll/interleukin-1 receptor homology (TIR) domain 0 Alismatales

PF12248 Farnesoic acid O-methyl transferase 0 Z. marina

PF03405 Fatty acid desaturase, type 2 3 (5) Z. marina

PF00305 Lipoxygenase, C-terminal 6 (14) Z. marina

PF03936 Terpene synthase, metal-binding domain 2 (12) Z. marina

PF01397 Terpene synthase, N-terminal domain 2 (14) Z. marina

PF04622 ERG2/sigma1 receptor-like 0 Z. marina

Cell wall and polysaccharide

PF06045 Rhamnogalacturonate lyase 0 Z. marina

PF00232 Glycoside hydrolase family 1 6 (20) Z. marina

PF00182 Glycoside hydrolase, family 19, catalytic 3 (13) Z. marina

PF05691 Glycosyl hydrolases 36 3 (9) Z. marina

PF12076 Uncharacterised domain Wax2 (related to cuticular wax synthesis) 2 (4) Z. marina

Hormonal regulation and development

PF07897 Ethylene-responsive binding factor-associated repression 0 Z. marina

PF05564 Dormancy/auxin associated protein 2 (5) Z. marina

PF16851 Stomagen 0 Z. marina

Redox and stress response

PF10714 Late embryogenesis abundant protein, LEA-18, LEA-25/LEA-D113, LEA5 0 Alismatales

PF07712 Stress up-regulated Nod 19 0 Z. marina

PF06628 Catalase immune-responsive domain 1 (2) Alismatales

A first family of proteins that deserves further examination is the collagen triple helix repeat do-

main containing family (IPR001577). In U. mutabilis, 21 of such domains were found, whereas

in C. reinhardtii one such domain was retrieved. In all other plants under study this domain

was absent. The roles of collagen-like proteins in plants seem to be largely unknown, however

their important roles in animals as well as in bacteria are well known (Di Lullo et al., 2002; Zhao

et al., 2015), where they sustain the interaction between the cell surface and extracellular matrix

molecules, maintaining cellular integrity. The remarkable expansion of these proteins in U. mu-

tabilis may point to a different way of achieving multicellular integrity compared to other plants.

Protease inhibitor Kunitz domains (PF00014) are found at the C-termini of different collagen types

(Zweckstetter et al., 1996), and the expansion in this domain may correlate with the expansion

of IPR001577. Several polysaccharide related domains are expanded as well, with PF00732 and

PF05199 (Glucose-methanol-choline oxidoreductase N- and C-terminal domain) possibly involved

in cellobiose metabolism (Henriksson et al., 2000) and PF00759 a family of glycoside hydrolases

involved in endoglucanase and cellobiohydrolase activities (Davies & Henrissat, 1995). The scav-

enger receptor cysteine-rich (SRCR) domain, which shows a huge expansion in absolute number,

is an ancient protein domain occurring in secreted and cell-surface proteins. In U. mutabilis 238

such domainswere counted, whereas in C. reinhardtii 102were counted and only one in each other

plant species under study. This indicates putative algae-specific roles. The exact functions of these
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Figure 3.18: Expanded PFAM domains in U. mutabilis putatively related to multicellularity. A heatmap of expanded

PFAM domains possibly involved in evolution of multicellularity in U. mutabilis is shown. Expanded domains were

inferred using Wagner parsimony.

domains have not yet been determined, however they are likely to have roles in protein-protein in-

teractions. As the SRCR domain occurs probably in extracellular proteins andmaymediate protein-

protein interaction, a role in maintaining multicellular integrity seems a valid hypothesis.

Leucine rich repeats (LRRs) (PF13516 and IPR003591) seem also to have undergone an expansion,

with amost remarkable expansion for the typical subtype (IPR003591). U.mutabilis has the largest

number of LRR domains of this specific subtype among all organisms under study, with a count of

113, whereas in other species this count ranges from 2 (O. tauri) to 89 P. trichocarpawith an aver-

age of 25. LRRs are widely known for their roles in protein-protein interaction, cell-cell adhesion

and signal transduction (Kobe & Kajava, 2001), which are essential functions in the evolution of a

multicellular organism. Lastly, a remarkable family of proteins that is expanded in U. mutabilis is

the leishmanolysin domain containing protein family (PF01457). PF01457 is a domain contained

by the most abundant cell surface proteins in the protozoan parasite Leishmania. Despite the

name, it is found in many other eukaryotes (Rawlings & Barrett, 1995), and has been related to

cell-cell adhesion (Brittingham et al., 1995). U. mutabilis was found to have 62 of these domains,

whereas all other plants in this study have between 0 (O. tauri) and 10 (P. patens) instances of this

domain, which is a remarkable expansion that deserves further study. In summary, domain expan-

sion analysis provides interesting hypotheses on the evolution of multicellularity in U. mutabilis,

and further study is required to understand the observed patterns from a genomic, developmental

and morphological perspective.

Interestingly, using MORPH with as input bait genes the collagen triple helix domain containing

genes, many SRCR domain containing genes are retrieved (AUSR = 0.22, 13 bait genes) as well as

the described leishmanolysin domain containing proteins. When adding the candidate SRCR genes
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to the bait genes, the AUSR rises to 0.53 and many additional SRCR domain containing genes are

among the candidates, as well as a considerable amount of polysaccharide metabolism involved

genes. These results suggest some functional coherence at the expression level of the discussed

findings concerning multicellularity in U. mutabilis and illustrate the use of MORPH for support-

ing hypotheses about gene functions. The discussed MORPH results can be retrieved from the

appendix (Appendix 4.2).

3.3.2 Functional proxy scoring

Lastly, a novelmethod for scoring functional gene sets in a newly sequenced organismwas devised,

named functional proxy scoring (FPS). Using FPS, gene sets such as for example GO categories

are scored based on their domain content (or another feature of interest) by comparing domain

counts with a predefined set of reference species. The scores between 0 and 1 are subsequently

transformed to a z-score to estimate p-values onwhich FDR correction, using the local FDRmethod

of Efron (Efron, 2005), is applied. These corrected p-values are then used to delineate gene sets

that are significantly enriched or poor in functional protein domains (local FDR < 0.20 (Efron,

2005)). The FPS histogram for Z. marina based on a comparison with A. thaliana, Volvox carteri, U.

Figure 3.19: FPS histogram and null distribution estimates as used in local FDR estimation. The blue dashed line

is the maximum likelihood estimate of the null distribution, the green solid line the spline-based estimate of the

mixture density. Yellow triangles denote the local FDR< 0.20 threshold applied. MLE (maximum likelihoodestimation)

and CME (central matching estimation) estimates of delta (deviation from mean = 0), standard deviation (sigma) and

probability of belonging to the null group (p0) are included. The pink histogram shows the inferred density of the

non-null group. This plot was generated using the locfdr package in Python.
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Table 3.11: Selection of significantly (local FDR < 0.20) low scoring GO categories for Z. marina. Selection is based

on previously described ecological and evolutionary relevant features of the Z. marina genome (Olsen et al., 2016).

GO ID Description FPS z-score Local FDR

Defense and secondary metabolism

GO:0051707 response to other organism 0.01 -2.47 0.03

GO:0031349 positive regulation of defense response 0.02 -2.45 0.03

GO:0009627 systemic acquired resistance 0.07 -2.18 0.06

GO:0009751 response to salicylic acid 0.05 -2.29 0.04

GO:0009626 plant-type hypersensitive response 0.05 -2.28 0.04

GO:0051607 defense response to virus 0.05 -2.28 0.05

GO:0019760 glucosinolate metabolic process 0.06 -2.24 0.05

GO:0010333 terpene synthase activity 0.06 -2.19 0.06

GO:0010200 response to chitin 0.07 -2.17 0.06

GO:0009864 induced systemic resistance, jasmonic acid mediated signaling pathway 0.07 -2.14 0.06

GO:0002213 defense response to insect 0.08 -2.11 0.07

GO:0019287 isopentenyl diphosphate biosynthetic process, mevalonate pathway 0.09 -2.04 0.08

Ecological

GO:0071486 cellular response to high light intensity 0.04 -2.30 0.04

GO:0071456 cellular response to hypoxia 0.05 -2.28 0.05

Cell wall

GO:0009833 plant-type primary cell wall biogenesis 0.06 -2.22 0.05

GO:0005199 structural constituent of cell wall 0.14 -1.77 0.16

GO:0052325 cell wall pectin biosynthetic process 0.15 -1.68 0.19

Hormone and development

GO:0051740 ethylene binding 0.15 -1.68 0.19

GO:0009693 ethylene biosynthetic process 0.15 -1.68 0.19

GO:0009873 ethylene-activated signaling pathway 0.04 -2.33 0.04

GO:0010052 guard cell differentiation 0.03 -2.40 0.03

mutabilis, Gonium pectorale and C. reinhardtii is shown in figure 3.19. The approximate normality

of the z-scores is clearly visible. The estimated null and mixture distributions as performed for

local FDR estimation are shown, and the benefit of using a method such as the local FDR method

of Efron is evident, as this will account for the deviations from the standard Normal distribution.

A suspicious peak is however observed at the center of the distribution. This peak might originate

from the discrete nature of the FPS scoring input, where low counts of a particular domain may

result in an overrepresentation of FPS scores originating from fractions of small integers (e.g. 1/2,

1/3, 2/3, etc.).

A selection of relevant significantly low scoring GO categories in Z. marina is shown in table 3.11.

While all are highly relevant for the ecology and evolution of Z. marina, it should be noted that the

results of the FPSmethod are highly dependent on the set of species used, whichmight be amajor

drawback to this approach. Indeed, it was observed that for other species such as U. mutabilis,

the score distributions were more skewed and that few interesting GO terms could be recovered.

One interesting finding in U. mutabilis, in line with the parsimony based domain analysis, was the

high scoring set GO:0044421 (extracellular region part) (z = 3.56, local FDR = 0.10). This might

correspond to the expanded domains that were found to be putatively relatedwithmulticellularity

in U. mutabilis. The full FPS output is available in the appendix (Appendix 4.2).
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4.1 MORPH bulk runs and MorphDB

MORPH is a highly valuable tool that was developed in order to accelerate gene discovery for plant

metabolic pathways. While its performance was soundly proven (Tzfadia et al., 2012), it has been

underused by the plant science community, and so have other co-expression and network based

methods. Here the usage of MORPH in the context of functional annotation, as well as genuine

gene discovery and candidate gene prioritization, was reconsidered from a genome-wide and com-

parative viewpoint. Besides a framework and methodology for performing MORPH bulk runs, a

database and webtool, MorphDB, was devised to provide an accessible interface for consulting

MORPH bulk run predictions of several important model organisms.

In the context of Cedalion, usage of MORPH remains experimental. The utility of MORPH in bulk

mode for extending functional annotations in newly sequenced genomes is highly dependent on

the availability and quantity of suitable gene expression data. Nowadays in genome projects, typ-

ically some RNA-Seq data sets are generated to guide structural annotation, however these data

sets may not be ideal for functional genomic applications such as MORPH. Also, MORPH bulk pre-

diction results are mainly of interest when some biological question is at hand, and are therefore

likely to be more of interest in later stages of a genome project. An example of this was described

for C. roseus (section 3.1.2), where specific interests in transcription factors that might regulate

specialized metabolism were considered. An additional interesting feature of the MORPH bulk

framework is the automatic addition of a new species to MORPH, a procedure that was consider-

ably laborious previously. Once a species is added to the MORPH configuration, MORPH is readily

usable for assessing biological questions that might pop up later in the genome analysis. This was

exemplified in section 3.3.1, where MORPH results were used to support hypotheses on possible

expanded domains involved in the evolution of multicellularity in U. mutabilis. For more statistical

rigor in MORPH bulk analyses, especially when used for automatic extension of functional annota-
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tions, a hierarchical FDR control procedure (Lynch&Guo, 2016) could be applied. Such approaches

control the global FDR over both the gene set and the individual candidate gene level. However,

current approaches such as the two-stage approach of Heller et al. (2009) and variants are mostly

designed for testing the same hypothesis on two levels, e.g. differential expression on a gene set

and gene level. In the case of MORPH however, in the second stage, the whole genome is tested

for significant co-expression instead of a reduced set. Investigation of better ways to control false

positive associations in genome-wide GBA based methods would certainly be valuable.

MORPH bulk runs were also performed for already well-studied organisms, outside the context

of Cedalion. The integration of MORPH results with homology information from PLAZA (Van Bel

et al., 2012) in MorphDB, as well as the comparative network visualization implemented in the

same webtool, were shown to be particularly useful for gene discovery and candidate gene pri-

oritization objectives. This was proven in an elaborate case study concerning the plant defense

response (section 3.1.4) in several model organisms. MORPH predictions were shown to be well in

accordance with the literature or with previously described functions for homologous genes. The

integration of MORPH results with homology data strengthens hypotheses suggested by MORPH

and renders highly interesting candidates, also in species that are somewhat less well studied com-

pared to A. thaliana or rice, such asM. truncatula, S. lycopersicum and S. tuberosum. A key advan-

tage of using MORPH in a comparative fashion over classical comparative co-expression networks

such as in CoExpNetViz (Tzfadia et al., 2015) is that there is a considerable reduction in complexity

of the resulting networks, as abstraction is made of the real expression correlation values. This

makes MorphDB networks much easier to browse and use for gene discovery and candidate gene

prioritization. Here also the tight integrationwith the PLAZA platform accelerates biological discov-

ery. The case study also showed that the visual highlighting of ’interesting’ classes of genes (among

which transcription factors, kinases, receptors and transporters were included) is quite helpful in

browsing the networks for interesting candidates efficiently. In order to benefit even more from

the comparative approach implemented in MorphDB, a method to integrate a novel genome with

pre-existing gene families such as available in PLAZA would be extremely valuable. This would

enable even better gene discovery and candidate gene prioritization in newly sequenced species.

However, no algorithms apart from naive best-hit approaches are available for this purpose.

As functional biology is more and more shifting to multi-omics analyses, interest in network based

approaches for visualization and data exploration is growing. Networks enable easy integration

of additional experimental data such as proteomic, protein-protein interaction or genetic interac-

tion data. The inclusion of additional data sets in MorphDB could therefore be interesting, fur-

ther supporting MORPH generated hypotheses. Another highly valuable addition to MorphDB

would be to include the original MORPH application in the webtool, enabling researchers to sub-

mit their own list of bait genes and to visualize their custom results in a comparative network using

PLAZA gene family data. Addition of subfamily information as available in PLAZA could also further

strengthen MorphDB as a resource for gene discovery and candidate gene prioritization. Lastly,
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making MORPH bulk runs more aware of the GO hierarchy could render better results, as in the

current implementation, genes that are annotated with some specific child term are often not in-

cluded in the bait gene set of a more general GO term. For this reason it is suspected that, in the

case where GO annotations are used for delineating bait gene sets, the MorphDB resource can

render more interesting results for more specific GO terms.

4.2 Detection of whole genome duplication events using
empirical age distributions

TheKS based empirical age distribution construction performed for Cedalion is in the first place an

implementation of the proposed methodology of Vanneste et al. (2013), and their approach was

closely followed. As opposed to previous implementations, the tool was devised in a platform-

independent and highly modular fashion, ensuring its utility for both Cedalion as well as other

researchers.

On the technical side, several aspects could be added to the current approach in order to improve

the analysis. Whereas Vanneste et al. (2013) proposed an average linkage clustering approach for

weighting pairwiseKS estimates, in later applications phylogenetic trees were considered for this

purpose. While this approach is unlikely to result in major differences and requires considerably

more computational time, an implementation in the developed package would be appropriate

for completeness. Another valuable addition would be to include a more sophisticated alignment

editing step, using software such as Gblocks (Castresana, 2000) or PRANK (Löytynoja & Goldman,

2008). Indeed, whereas alignment editing is often discouraged for gene phylogenies (Tan et al.,

2015), it is of great importance in codon based evolutionary inference, as the alignment of non-

homologous codons is themain source of error in such analyses (Liu et al., 2010). While this would

not influence the overall KS distributions too much, it could be important when further analysis

of duplicates selected from particular peaks of interest is to be performed.

While KS distribution based detection of WGDs is a highly valuable approach, structural infor-

mation is often preferred for further analyses (Vanneste et al., 2014a; Jiao et al., 2014), such as

dating of WGD events or detailed functional analysis of post-WGD duplicate retainment. To this

end, tools to infer collinearity such as I-ADHoRe (Simillion et al., 2008; Proost et al., 2012) have

been used to delineate anchor pairs that putatively stem fromWGD events. It would be a valuable

addition to include this in the developed package, further strengthening the WGD detection and

enabling better downstream analyses. However, a major drawback to these methods is the need

for a high-quality assembly, which is often not available. This is especially expected in the con-

text of Cedalion, where the species under study are newly sequenced and a high quality assembly

may be an excessive requirement, at least initially. Despite these issues, anchor-based duplicate

detection should definitely be incorporated in a generalKS distribution construction and analysis
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platform.

The developed package is easily extensible, and as stated, selection for positively selected genes

was briefly explored aswell (Appendix 3.2). In the context of Cedalion, such phylogenomic analyses

are highly relevant and should definitely be further explored. Further integration of the developed

toolkit with PAML (Yang, 2007) and ete3 (Huerta-Cepas et al., 2016), which has an API to Codeml

distinct from the one implemented in the here described wgd package, can provide a firm basis for

these phylogenomic analyses. For positive selection screening in specific, inspiration can be drawn

from PosiGene (Sahm et al., 2017), a recently developed pipeline for identification of positively se-

lected genes (PSGs) in genomic data sets. A pipeline like PosiGene is however not directly of use

for Cedalion because of its end-to-end implementation. PosiGene performs several clever filter-

ing and editing steps before performing Codeml analysis, as well as branch-site specific likelihood

ratio tests to estimate the significance of a discovered PSG, two features that can improve the cur-

rent crude approach. In both the positive selection screening as well as the whole paranomeKS

analysis, further downstream functional analysis can also lead to interesting biological discoveries.

Such analyses might also constitute a valuable addition to the Cedalion genome analysis pipeline.

However, these are probably much harder to implement in a generally applicable framework.

4.3 Domain level functional and evolutionary analysis

The study of protein domain content fromadiscrete evolutionary perspective can uncover interest-

ing biological phenomena. A small case study in Z. marina showed how ancestral domain content

reconstruction using parsimony reflects previously obtained biological knowledge. Application of

the same methods for U. mutabilis rendered novel hypotheses concerning the genomic basis of

the origin of multicellularity in this species. As domain level functional annotations are easy to

obtain automatically these analyses can often be readily performed, a property that renders them

rather elegant, especially in the context of Cedalion.

Wagner parsimony, despite its theoretical limitations, gives useful exploratory results, as exempli-

fied by the application thereof inU.mutabilis and Z.marina. The possibility for asymmetricWagner

parsimony in Count (Csurös, 2010), where gain and loss events are penalized differently, was not

explored here. However, if a good estimate of the gain over loss penalty ratio could be obtained,

this could be easily incorporated in the developed framework. This might further improve the ac-

curacy of the inferred ancestral domain contents. The parsimony principle used for de novo gain

is also a topic that could be reconsidered. It might be more appropriate to use a Dollo parsimony

principle (Farris, 1977) for de novo gain, as opposed to the approach of Kersting et al. (2012) that

was used here. Dollo parsimony is commonly used for gain and loss analysis of gene families and

heavily penalizes gain events. However, the nature of domain evolution is not extensively stud-

ied, and it is unclear if such a model is appropriate in this context. Analyses of gains and losses of
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protein domain arrangements, i.e. the order and number of different domains within a gene, has

also been performed in the past (Moore & Bornberg-bauer, 2012; Kersting et al., 2012). However,

biological interpretation of such domain rearrangements is not trivial and it should be explored if

such analyses can point to interesting adaptational phenomena.

More sophisticated stochastic birth/death models could be applied such as CAFE (De Bie et al.,

2006), BEGFE (Liu et al., 2011) DupliPHY-ML (Ames et al., 2012) or BadiRate (Librado et al., 2012).

These methods have a firm statistical basis, however come at a great computational cost. The run-

ning time is therefore huge compared to the parsimony analysis, with the latter taking at most a

couple of minutes (mostly seconds) whereas the former may take hours or even days on a similar

data set. Also, thesemethodswere especially devised tomodel gene gain and loss in gene families,

and their applicability for protein domains is unclear. Indeed, modular evolution implies that novel

domains may arise through fusion and fission events, a process that might require different mod-

eling assumptions. One interesting method is the Gain-and-Death (GD) model as implemented in

BadiRate, which has been claimed to be widely applicable for other families of genomic elements

(Librado et al., 2012). The benefit of applying such a method for inferring ancestral domain states

should be investigated, however most probably the much faster parsimony based approach is to

be preferred in the context of Cedalion.

FPS, the novel method that was proposed to score functional gene sets based on some type of fea-

ture counts, here protein domains, was able to recover interesting GO terms for Z. marina. While

this shows the potential utility of such a method, the reliability and validity of the method is not

entirely clear. Firstly because there is a very strong dependence of the scores on the species that

are included in the comparison. This is a pitfall shared with many comparative studies, such as for

example the above outlined parsimony based analysis. Secondly, the results are highly dependent

on the input features, in this case InterPro domain annotations. If the annotation depth is consider-

ably different among species, scores are biased with higher scores for more profoundly annotated

species. This issue was encountered while using publicly available annotation data, where often

a strong bias towards higher scores for A. thaliana was observed as a result of the greater anno-

tation depth. Lastly, FPS results do not provide profound biological insight as there is no explicit

evolutionary model behind the analysis. A considerable effort is therefore required for biological

interpretation of the resulting list of GO terms. In conclusion, FPS can be a valid approach, however

has several pitfalls, rendering the added value of this method for discovering interesting functional

terms to Cedalion questionable.
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4.4 Zooming out: Cedalion and the discovery of biologically
relevant features in plant genomes

The methods discussed in this master dissertation were all considered from the perspective of the

Cedalion genome analysis pipeline, with as main objective the discovery of biologically relevant

genomic features in newly sequenced species. Clearly, the main goal of this discovery is generat-

ing hypotheses, rather than providing conclusive evidence for particular hypotheses. It is with this

in mind that the biological relevance of the discussed results should be approached.

As already stated, the usage of MORPH in Cedalion is experimental and should be regarded as an

optional branch of the Cedalion pipeline. It is however undeniable that gene expression based

candidate prediction can be highly relevant for functional annotation purposes, as was shown in

this thesis. In particular the usage of such methods in combination with homology data may dra-

matically increase the depth of the uncovered functional landscape of a newly sequenced species.

While maybe not directly apparent, the MorphDB resource can also be valuable in the context of

Cedalion. This may especially be the case when the newly sequenced species could be integrated

in the PLAZA gene families, as this would allow to place the newly sequenced species directly in a

comparative co-expression network context, accelerating further biological discoveries.

TheWGD analysis platform has a very clear place in the Cedalion pipeline. In particular sinceWGDs

are abundant in plant species and presumably have been very important for plant evolution. De-

tection of WGD events is therefore highly relevant. However, mere detection does not provide

additional detail with regard to the functional effects of such large scale duplications. The study

of neo- and subfunctionalization, duplicate retainment, fractionation and diploidization post-WGD

as well as the dating of WGD events are the subsequent analyses to be performed. These types of

analyses require skilled bioinformaticians and evolutionary biologists and are unlikely to be incor-

porated in a generalized workflow that can be implemented in Cedalion. Despite these issues, the

developed wgd package can be a first step towards a toolkit for such evolutionary analyses.

The evolutionary domain analysis is perhaps the most straightforward contribution for the discov-

ery of evolutionary and ecological adaptations, as was shown for U. mutabilis in particular. Using

classical comparative genomics approaches, interesting patterns of loss, gain, expansion and con-

traction can be uncovered. Performing such an analysis on the domain level has several interest-

ing characteristics, of which the direct functional interpretability is the most important. The real

value of these analyses is however strongly dependent on the biological interpretation of the re-

sults. Aswith theWGDanalysis, distilling interesting hypotheses from the Cedalion output requires

bioinformatics-aware biologists. The presented methods for the downstream part of Cedalion are

therefore best to be regarded in an expert guided framework, which seems, at least initially, in-

evitable.
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5.1 Genome-wide candidate gene prediction using MORPH

5.1.1 Expression data processing and functional annotation data

The functional annotation data for the model species was retrieved from the PLAZA comparative

genomics platform. For C. roseus, Z. marina and U. mutabilis GO annotations were acquired using

the Cedalion pipeline, employing both InterPro2GOand Blast2GO. The expression data and cluster-

ings used for A. thaliana, S. lycopersicum, S. tuberosum, O. sativa and C. roseuswere those already

configured for the MORPH webtool (Amar et al., 2015). Expression data for M. truncatula was

obtained from the Medicago truncatula gene expression atlas (The Samuel Roberts Noble Foun-

dation, 2014) and two in-house RNA-Seq data sets (provided as count tables). For P. trichocarpa

expression data from Shi et al. (2017) was used (GEO accession ID: GSE81077), acquired as count

tables. For Z.marina, RNA-Seq data from the original genomeproject was used (Olsen et al., 2016),

obtained as both count and fragments per kilobase of exon per million reads mapped (fpkm) data

sets (GEO: GSE67579). Note that fpkm, or similar length-normalized metrics, are thought to be

a more appropriate measure for co-expression, as this accounts for different transcript lengths

within a sample. For U. mutabilis, count and fpkm RNA-Seq data sets were kindly provided by

Shu-Min Kao from the bioinformatics and evolutionary genomics group of the VIB department of

plant systems biology. All expression data sets were filtered by gene-wise standard deviation, such

that approximately 75% of the genes were retained. All microarray data sets were normalized

using quantile normalization (Irizarry et al., 2003), while all RNA-Sequencing data sets were nor-

malized using the trimmed mean of M-values (TMM) method (Robinson & Oshlack, 2010). Where

expression data from previous MORPH releases was used, the original clusterings were used as

well. Novel included gene expression data sets (M. truncatula, P. trichocarpa, Z. marina and U.

mutabilis) were clustered using CLICK (Sharan & Shamir, 2000). For M. truncatula, a metabolic
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clustering, with pathways as clusters, was included as well.

5.1.2 The MORPH algorithm

The MORPH algorithm was developed by Tzfadia et al. (2012). In short, MORPH ranks candidate

genes using a gene expression data set and clustering thereof by calculating a module partitioned

co-expression metric for ever gene relative to an input bait gene set. MORPH uses a principle

known as configuration learning to select the optimal data set - clustering combination for a given

input bait set. To this end MORPH uses LOOCV to construct a so-called ’self-rank’ curve, which

shows the fraction of bait genes recovered for increasing rank thresholds. The area under the

self-rank curve (AUSR) can than be used as a metric for configuration selection, as it can be in-

terpreted as a measure for within bait gene set module partitioned co-expression strength. For

a given set of bait genes, the AUSR metric is calculated for every expression data set - cluster-

ing combination. MORPH subsequently uses the highest scoring combination as configuration for

calculating module-partitioned co-expression of all other genes, in the assumption that this data

set and clustering combination is most relevant for the given input bait set. For every gene that

is not in the bait gene set, an average co-expression metric is calculated within its module (i.e.

clustering) with the bait genes in that module. Formally, for a gene g in module Mi and a set of

bait genes s1, s2, · · · , sl also in module Mi, the co-expression score is calculated as the average

within-module Pearson correlation:

sim(g,Mi) =
1

l

l∑
j=1

D(g, sj) (5.1)

Where the function D is the Pearson correlation. The within-module Pearson correlation co-

expression values are subsequently converted to z-scores, which enables a common ranking across

different modules. MORPH finally outputs a ranked list of candidates based on these z-scores.

5.1.3 MORPH bulk runs

In order to efficiently apply MORPH in a genome wide fashion, a Python3.5 wrapper for the highly

computationally efficient MORPH C++ command line version (v1.0.6) (Tim Diels (2015), not pub-

lished) was created. The wrapper, named morphbulk, consists of a command line interface (CLI)

that enables running a full pipeline to perform MORPH bulk run analyses given a set of data sets,

clusterings and an ontology based functional annotation. The different steps of the analysis can

also be performed separately, using conveniently provided subcommands.

The analysis pipeline proceeds as follows: first a new species is automatically ’added’ to MORPH

by generating the required configuration files based on the input data (expression matrices and
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corresponding clusterings). The different MORPH jobs are then defined for a given functional an-

notation (e.g. GO or MapMan) by taking the sets of genes annotated with a particular ontology

term and using them as input bait genes. MORPH is than run in ’chunked’ fashion using a user de-

fined chunk size, i.e. the number of jobs to be analyzed at once. Running a full set of jobs at once

results in a smaller time per job, however running MORPH in chunked fashion is suggested, since

it was observed that MORPH in bulk mode uses high amounts of memory when applied on large

input sets. Jobs with fewer than 5 genes in all data sets are discarded since co-expression based

GBA methods are expected to give unreliable results for few genes, especially in the module par-

titioned framework used by MORPH. If desired, randomMORPH bulk runs can then be performed

to estimate probabilities to observe a particular AUSR value for a particular number of genes in a

given set of expression matrices and clusterings. In a random run, for each desired bait set size, n

random sets of bait genes are picked from a randomly chosen data set and used in MORPH. The

applied range of bait set sizes was from 5 to 30 and the number of random bait sets to analyze

for each bait set size was set at 1000. The corresponding AUSR values are recorded and used to

empirically estimate the probability to observe a particular AUSR value for a particular gene set

size. The p-value for a bait gene set of size S with observed AUSR AUSR∗ is than defined as the

fraction of occurrences of AUSR scores larger than AUSR∗ among 1000 random gene sets of size

S. For extended annotation purposes, these p-values were corrected for multiple testing using

the Benjamini & Hochberg procedure (Benjamini & Hochberg, 1995). After the main analysis, the

results are summarized and extended functional annotations are generated. If desired, a Resource

Description Framework (RDF) graph for MorphDB can be generated using the same CLI. The de-

scribed CLI is available at https://github.com/arzwa/morph_bulk.

5.1.4 The MorphDB database and webtool

In order to makeMORPH bulk results accessible for biologists and bioinformaticians, a database to

store MORPH bulk results was designed as well as a webtool to access, browse and analyze these

results. A NoSQL database was chosen, using the Resource Description Framework (RDF) which

is a general-purpose language for representing information on the web. RDF data is structured as

triples that can be represented as object −→ predicate −→ subject.

A collectionof such triples forms a graph, therefore RDF based databases aremembers of the larger

family of graph based NoSQL databases. Triples are stored in a so-called triple store using one of

the RDF serialization formats such as turtle, N-triples or XML. In RDF based databases triples are

stored as URI’s (Uniform Resource Identifier), which may or may not be actual URLs on the web.

RDF data can be efficiently queried using the SPARQL query language (which is a recursive acronym

for SPARQL Protocol and RDF Query Language). Both RDF and SPARQL are W3C (World Wide Web

Consortium) recommendations (W3C, 2014, 2008). These semantic web technologies are closely

related to the concept of ontologies, and the usage of these technologies in the life sciences is
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growing (Antezana et al., 2009).

MORPHbulk run datawas parsed into an RDF graph using the rdflib (v4.2.2) Python package. The
main objects (subjects) in the RDF graph are genes, gene sets (GO/MapMan terms), gene families

and scores of a gene for a particular gene set term (table 5.1). As a gene can have multiple scores

(i.e. for different pathways andGO’s) there is no unique <gene> has_score <score> triple in the
triple store. Therefore gene scores are reified, which means that scores are stored as objects with

properties, and not as mere literals. A score object of a gene object can be accessed by using the

predicate has_score. To get the actual score for the pathway of interest we have to use the pred-
icates score_for_sp_gene_set and score_value with as subject the score object. For a similar

reason GO andMapMan terms (gene sets) exist at two levels, as a GO term has different AUSR val-

ues in different species. The full list of predicates and objects is included in the about section of the

MorphDB website (http://bioinformatics.psb.ugent.be/webtools/morphdb/morphDB/about/).

The RDF graph as constructed using rdflibwas serialized to Turtle format (W3C recommendation

(W3C, 2014)) and loaded in a triple store using Apache Jena (The Apache Software Foundation,

2011). Other RDF triple stores were considered, among which AllegroGraph (Franz Inc., 2017)

because of its Python API, however the only fully featured and open source solution for SPARQL

queryable RDF based graph databases was found to be the Apache Jena framework. Apache Jena

allows building a triple store using TDB, a high performance RDF triple store that can be used on

a single machine and can be queried directly using SPARQL. Apache Jena also provides the Fuseki

triple store server, which allows serving the triple store as a SPARQL endpoint directly over HTTP.

Serving the database as a SPARQL endpoint using Fuseki allows very fast querying and is therefore

preferable over querying a persistently stored triple store as buildwith Jena TDB. However, because

the experimental and small-scale status of the MorphDB project, no Fuseki server was set up and

SPARQL queries are performed using TDBquery on a statically stored TDB triple store. As indicated,

this is not the optimal solution, however if interest would grow in MorphDB, it is easily scalable by

providing a serving system, such as Apache Jena Fuseki, which requires no considerable changes

in database and webtool design.

TheMorphDB webtool was developed using the Python Django (v1.10.4) framework (Django Soft-

ware Foundation, 2005) and deployed using WSGI (Web Server Gateway Interface) on an Apache

proxy server of the VIB-UGent Center for Plant Systems Biology. Queries are submitted by the user

Table 5.1: Objects (or subjects) inMorphDB and respective example URI’s. An example is shown for a candidate gene

SL08G077780 for GO:0010105 (negative regulation of ethylene regulated signaling pathway).

Object (subject) Example URI

Gene http://morph.org/gene#SL08G077780
Gene set (general level) http://morph.org/gene_set#GO_0010105
Gene set (species level) http://morph.org/gene_set_sp#sly_GO_0010105
Gene family http://morph.org/gene_family#HOM0000018
Score http://morph.org/score#SL08G077780_GO_0010105
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and performed with TDBquery on a computing cluster to prevent overload on the server machine.

Different web technologies were used for various features on MorphDB. Site design was based on

the Bootstrap CSS framework (Bootstrap core team, 2017). Searchable and sortable tables were

generated using the jQuery JavaScript library (The jQuery Foundation., 2017). For in-browser net-

work construction and visualization, the Cytoscape.js JavaScript librarywas used (Franz et al., 2015)

with the jQuery qTip extension for enabling clickable nodes. The source code of the webtool is not

available publicly to keep particular server specific configuration settings private, however it can

be accessed upon request.

5.2 KS distribution analysis

5.2.1 Upstream data analysis

A Cedalion test run was performed with sequence data from A. thaliana, T. parvula, P. trichocarpa,

V. vinifera, C. roseus, S. polyrhiza, Z. marina, O. sativa, B. distachyon, Z. mays, A. trichopoda, P.

patens, U. mutabilis, C. reinhardtii and O. tauri. For all species except C. roseus, S. polyrhiza, Z.

marina and U. mutabilis data as available from the PLAZA comparative genomics platform (Proost

et al., 2009; Vandepoele et al., 2013) was used. For C. roseus and Z. marina, sequence data from

ORCAE (Sterck et al., 2012) was used. For S. polyrhiza, the most recent sequence data from phyto-

zome (Goodstein et al., 2012). In house proteome and CDS data was used for U. mutabilis. Multi

species gene families were determined using Cedalion with OrthoMCL (Li et al., 2003) using an

inflation factor of 2. Within species paralog family delineation was performed using all-versus-all

Blastp (Altschul et al., 1997) with an e-value cut-off of 10−10 andMarkov Clustering (MCL) with the

mcl program (Van Dongen, 2000).

5.2.2 KS distribution construction

The KS distribution construction largely follows the method of Vanneste et al. (2013). Species-

specific paranomes were determined from MCL-inferred clusters or OrthoMCL gene families. As

protein multiple sequence alignment are expected to be evolutionary more accurate compared to

nucleotide alignments, multiple sequence alignments of paralogous protein sequences were con-

structed using MUSCLE (v3.8.31) (Edgar, 2004) with default parameters. This multiple sequence

alignment was then used as a guide for a nucleotide level multiple sequence alignment. All gap

positions were stripped and only multiple sequence alignments with more than 100 retained nu-

cleotide positions were used for further analysis.

PairwiseKS estimateswere obtained throughmaximum-likelihood (ML) estimationas implemented

in the codeml program (Goldman & Yang, 1994) from the PAML package (v4.4c) Yang (2007) for
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phylogenetic inference with maximum-likelihood. The basic model of Yang & Nielsen (1998) used

in PAML is a simplified version of the model proposed by Goldman & Yang (1994). The substitution

rate qIJ from codon I to codon J is modeled as:

qIJ =



0, if 2 or 3 codon positions are different

πJ , for a synonymous transversion

κπJ , for a synonymous transition

ωπJ , for a nonsynonymous transversion

ωκπJ , for a nonsynonymous transition

(5.2)

Where πJ is the estimated codon frequency for codon J , κ the transition/transversion rate ratio

and ω the KN/KS ratio. Codon frequencies were determined using the F3x4 method based on

the average nucleotide frequencies at the three codon positions. The equilibrium frequency πJ of

codon J = j1j2j3 with nucleotide j1 , j2 and j3 on the first, second and third position of the codon

respectively is estimated by:

πJ =
1

C
π∗
j1,1

π∗
j2,3

π∗
j3,3

(5.3)

With π∗
j1,1

, π∗
j2,3

and π∗
j3,3

the equilibrium frequencies of nucleotide j1 at the first, j2 at the second

and j3 at the third codon position. The scaling factorC is introduced to ensure that the constraint

61∑
J=1

πJ = 1 (5.4)

is satisfied (i.e. that the codon frequencies for all possible sense codons sum to 1). Other possibili-

ties for estimating the codon frequencies include the F1x4method, in which codon frequencies are

calculated based on the overall nucleotide equilibrium frequencies, a model which might be too

simplistic. Another approach is the FMutSel method (Yang & Nielsen, 2008) which models muta-

tional biases and selection pressure on synonymous substitutions. This model can further account

for selection on codon usage, however at the expense of more parameters to estimate, which may

result in unstable estimates for small data sets.

Codon model 0 was used for pairwiseKS ,KN and ω estimation by maximum likelihood, assuming

a constant ω across sites and branches. This option is selected because one pair of sequences

is usually not enough to detect selective pressure (Vanneste et al., 2013). Only gene pairs with

KS values lower than 5 were retained for construction of empirical KS distributions. KS values

were weighted according to the method of Maere et al. (2005) which consists of performing an

average linkage clustering for each paralogous gene family using KS as a distance measure. Af-

ter average linkage clustering, the resulting clustering dendrogram is traversed using post-order
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traversal where at each joining node them pairwiseKS estimates between leaves of the left and

right subtree are addedwith aweight 1/m to theKS distribution. Using this approach, theweights

for each duplication event sum up to one and contribute accordingly to the empirical distribution.

Weighted histograms were generated using matplotlib (v1.5.1).

5.2.3 Modeling of age distributions

Mixturemodeling ofKS distributionswas performedusingGaussianmixturemodeling (GMM) and

Variational Bayesian Gaussianmixturemodeling (BGMM) as implemented in the Python sklearn.
mixture library (v0.18.1). For GMM, the expectation-maximization (EM) algorithm is used to get

a maximum likelihood estimate of the mixture model parameters (Dempster et al., 1977). EM

initializes using random components, determined by k-means, and subsequently computes for

every data point the likelihood that it was generated by each component. After this expectation

step, the parameters of the model are tweaked such that the likelihood to observe the data under

themodel is maximized (Maximization step). This two step procedure is iterated until convergence

and is guaranteed to result in a local optimum.

The applied BGMM uses a variational inference algorithm. Variational Bayes (VB) algorithms are

Bayesian methods, and differ from EM in that they incorporate information from prior distribu-

tions. VB methods will approximate a full posterior distribution, in this case of the parameters of

the Gaussianmixturemodel, from a prior distribution and the data. As with EM, it provides a set of

optimal parameter values using an iterative procedure. More specifically, the variational inference

algorithmas implemented in the sklearn.mixture library performs regularization, penalizing the

relative weight of different components based on a prior distribution on these weights. As prior,

the Dirichlet distribution is used, which is a multivariate generalization of the beta distribution.

The prior distribution requires one parameter, namely the concentration γ, which results in strong

regularization for low values and weak regularization otherwise. In practice, for sufficiently strong

regularization, this results in automatic selection of the number of active components, since VB

will put the weight of non-active components close to zero. For the standard Cedalion implemen-

tation, a BGMM with 1 to 5 components was chosen.

Kernel density estimation was performed using the Python sklearn.neighbors library (v0.18.1).

A Gaussian kernel was chosen and bandwidth selection was performed using four-fold cross vali-

dation on a subset of data points, as outlined in section 3.2.2.

5.2.4 Python package

All methods were implemented in a Python package named wgd, enabling modular usage and

easy distribution. This is in contrast with previous implementations of the followed approach,

which were highly dependent on the used computer system. An implementation as a Python li-
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brary allows a user to use the basic functionalities to make his own analysis scripts, and does not

necessarily imply a rigid workflow. Also an implementation as a library ensures modularity and

easily allows further development. The Python library currently consists of tools for KS distri-

bution construction, MCL clustering, codeml analysis, multiple sequence alignment with MUSCLE

and KS distribution modeling methods. Also a CLI was provided for this Python library, enabling

the performance of an analysis pipeline starting from only a CDS fasta file. User control is guaran-

teed by allowing the supply of user-defined gene families as well. This CLI allows easy routine use,

requiring minimal input data and software dependencies.

As opposed to previous implementations, the library and command line program are not directly

dependent on the computing system. However, only UNIX based systems are supported. The ma-

jor computational steps, being the multiple sequence alignment and codeml analysis, are imple-

mented using the Python asyncio library for asynchronous programming, allowing these analyses

to run in parallel regardless of the computer system. The package is available at https://github.com

/arzwa/wgd. Full documentation of the library was generated using the sphinx library (Brandl,

2017) and is available at https://arzwa.github.io/wgd/.

5.3 Domain level functional and evolutionary analysis

5.3.1 Domain gain, loss, expansion and contraction

To infer domain loss and gain events along an evolutionary tree, the parsimony approach proposed

by Kersting et al. (2012) was followed, of which the pseudocode is shown in algorithm 1. For tree

traversal as well as phylogenetic tree drawing, the ete3 package (Huerta-Cepas et al., 2016) was

used. Wagner parsimony as implemented in Count (Csurös, 2010) was used for ancestral domain

count construction for expansion and contraction analysis. Since no empirical data on the domain

gain and loss ratiowas available, the gain to loss penalty ratio (γ/λ) in the asymmetricWagner par-

simony algorithmwas set to 1, resulting in ordinaryWagner parsimony. This means that for non de

novo gain and loss events, expansion and contraction is assumed to be equally likely. The Cedalion

implementationwas performed in such away that this γ/λ parameter can be easily adjustedwhen

there is a suspicion of non equal probabilities of expansion or contraction.

5.3.2 Functional proxy scoring

A functional proxy score, abbreviated FPS, was defined for automatic detection of interesting func-

tional gene sets. The organism of interest O is compared to a predefined set of other species B.

Let BG be the matrix with n features in the rows and m species in the columns, containing the

counts for each feature for each species in gene set G and let OG be the vector with counts for
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Algorithm 1 Ancestral domain state reconstruction algorithm following Kersting et al. (2012).

Require: Tree T , domain states (0/1) di for every domain d for every leaf i

Ensure: Ancestral domain states

1: for node n in postorder(T ) do

2: if n is not leaf then

3: for domain d in domains do

4: if n is root then

5: dn ← 1

6: S ← subtreen; v ←
∑
i∈S

di

7: if v > |S|/2 then
8: dn ← 1

9: else if v < |S|/2 then

10: dn ← 0

11: else

12: dn ← −1
13: for node n in preorder(T ) do

14: if n is not leaf then

15: for domain d in domains do

16: if dn is−1 then
17: dn ← dparent

each feature in gene set G of O. For a gene set G the functional proxy score for gene set G in

organism O is defined as

FPS(G,O) =

n∑
i=1

OGi

n∑
i=1

(
m∑
j=1

BGij)/m+
n∑

i=1

OGi

(5.5)

This yields a score between 0 and 1. Typically there is a lack of annotation or some completely lost

gene setswhich yieldFPS(G,O) = 0, distorting theotherwise approximatelyNormal distribution

of the scores. These zero-scoring gene sets are filtered out and reported separately. These can be

checked if corresponding to a lack of functional annotation (in the case of functional annotation

derived gene sets) or to a genuinely lost functional characteristic, by for example comparing to

gene or domain gain and loss analysis.

The scores are subsequently standardized, namely centered tomean zero and rescaled to standard

deviation 1, in order to achieve a z-score following approximately a standard Normal distribution.

Converting the scores likewise enables statistical testing of significant scoring gene sets. However

since the distribution of these scores often deviates from the standard Normal distribution, stan-

dard hypothesis testing and false discovery rate (FDR) correction may result in a loss of power and

non-accurate control of error rates. Therefore an empirical Bayes method for FDR control was

adopted, following the local FDR approach of Efron (2005). The local FDR fdr(zi) for a case i with
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z-score zi is defined as the Bayesian posterior probability that case i belongs to the null group. The

local FDR is given by

fdr(zi) =
p0f0(zi)

f(zi)
(5.6)

with p0f0(zi) the null subdensity, i.e. the density of the null group, and f(zi) the density of the

mixture distribution of both the null and the non-null group. By default, the empirical null distribu-

tion estimated by maximum likelihood is used for f0(z) and the mixture density f(z) is estimated

using a natural spline. A local FDR threshold of 0.20 was adopted closely following Efron’s sug-

gestions. The FPS analysis method was performed in a Cedalion test run on Z. marina, A thaliana,

C. reinhardtii, V. carteri, G. pectorale and U. mutabilis, for each species using the others as com-

parison set (B). GO annotations were used as gene sets and InterPro domains as features. Both

annotations were generated using Cedalion.

Both the evolutionary domain analysis using parsimony as well as the FPS method were imple-

mented in a Python package and CLI, called ev0/1, that can be easily plugged into Cedalion. How-

ever ev0/1 can also be used as a standalone tool. The package is available in the GitHub repository

at https://github.com/arzwa/ev01.
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Appendix

The appendix file and all supplementary data canbe retrieved from the followingURL: http://arzwa.

github.io/. All software can be obtained from the followingGitHub repository: https://github.com/

arzwa.
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