
HAL Id: tel-04067063
https://theses.hal.science/tel-04067063v1

Submitted on 13 Apr 2023

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépôt et à la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche français ou étrangers, des laboratoires
publics ou privés.

Methods for genome-wide structural variation inference
in skimming data using graph pangenome

Thi Minh Nguyet Dang

To cite this version:
Thi Minh Nguyet Dang. Methods for genome-wide structural variation inference in skimming data us-
ing graph pangenome. Genetics. Université de Montpellier, 2022. English. �NNT : 2022UMONG079�.
�tel-04067063�

https://theses.hal.science/tel-04067063v1
https://hal.archives-ouvertes.fr


THÈSE POUR OBTENIR LE GRADE DE DOCTEUR
DE L’UNIVERSITÉ DE MONTPELLIER

En Génétique et Génomique

École doctorale n◦584 GAIA : Biodiversité, Agriculture, Alimentation, Environnement, Terre, Eau

Unité de recherche DIADE : Diversité, Adaptation et Développement des Plantes

Méthodes d’inférence des variations structurelles à l’échelle du
génome dans les données séquençage basse profondeur à l’aide du

graphe de pangénome

Methods for genome-wide structural variation inference in skimming
data using graph pangenome

Présentée par DANG Thi Minh Nguyet
le 20 septembre 2022

Sous la direction de Dr. François SABOT

Devant le jury composé de

M. Rayan CHIKHI, Chercheur, Institut Pasteur Rapporteur
M. Matthias ZYTNICKI, Chargé de recherche, INRAE,MIAT Rapporteur
Mme. Malika AINOUCHE, Professeur, Université de Rennes 1 Examinatrice
Mme. Clementine VITTE, Chargée de recherche, Université Paris-Saclay, INRAE, CNRS,
AgroParisTech

Examinatrice

M. Jean-Christophe GLASZMANN, Chercheur, CIRAD, AGAP Examinateur
M. François SABOT, Directeur de recherche, IRD Montpellier Directeur de thèse



ii

Acknowledgement

First and foremost, I would like to show my greatest appreciation to my supervisor,
Dr. François Sabot, who always supports me throughout my research. We have been
working together since my Master 2 Internship, when I discovered the pangenome concept
the first time. Even our discussions are often short in term of duration, it is always full
of ideas, creativity and joy. Thank you for inspiring me to be a researcher, who want to
look at any matters from different perspectives. Beside being an amazing supervisor, he
provides me guidance to many aspects of life. It is not easy to stay in a foreign country,
especially during the pandemic era, but I truly enjoy my 3 year PhD thank to him.

Also, I would like to take this opportunity to thank the RICE team and then later
DYNADIV team at UMR DIADE, IRD Montpellier for providing me a good research
environment. DYNADIV is a dynamic team consisting of many researchers, technicians,
postdocs and students who I can find to exchange knowledge on many research topics. I
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Résumé

Pour comparer plusieurs génomes, un génome de référence linéaire a souvent été utilisé
comme système de coordonnées pour décrire les gènes, les variations et autres annotations
fonctionnelles entre individus. Cependant, il a été démontré que cette référence unique
n’était pas suffisante pour appréhender toutes les variations génomiques existantes telles
que les variations du nombre de copies (CNV), les variations de présence/absence (PAV) ou
les variations structurales (SV) de manière plus générale. Pour surmonter cette limitation,
le concept de pangénome, composé d’un génome core et d’un génome accessoire, a été
appliqué pour étudier un groupe de génomes.

Le modèle de données basé sur une graphe généré par l’incorporation incrémentale des
informations d’alignement de génomes est l’une des nouvelles approches pour représenter
les informations du pangénome. Un graphe de séquences contient des nœuds qui sont
étiquetés avec des séquences de nucléotides, les liens entre les nœuds servant d’arêtes. La
châıne de nœuds successifs dans un graphe de génome est considérée comme un chemin.
En général, le graphe de séquence est bidirectionnel. Le graphe génomique est approprié
pour représenter un pangénome puisque chaque chemin représente un individu dans la
population étudiée.

Pour étudier la variation structurale d’un pangénome, plusieurs méthodes ont été
développées (GraphTyper, BayesTyper, ou vg toolkit) principalement sur les problèmes
de génotypage. En conséquence, ces outils fonctionnent en fonction d’un graphe
construit à partir de variants connus puis du génotypage basé sur le réalignement des
lectures cartographiées, la distribution des k-mer, la couverture des lectures et le graphe
d’alignement du génome entier. Cependant, il existe encore certaines limitations dans la
présentation des variants structurales imbriqués ou l’identification des orthologues.

Dans ce manuscrit, je discute différents cas pour travailler avec les variations
structurales et la façon dont nous pouvons bénéficier du graphe de génome pour
améliorer l’inférence des variations structurales.

J’ai d’abord étudié un cas complexe de variations structurales, les éléments
transposables, pour souligner les limites de l’utilisation d’un seul génome linéaire de
référence. J’ai donc proposé une solution pour travailler avec le graphe de génome tout
en profitant des outils des génomes linéaires de référence. J’ai développé des outils à
cette fin, PARROT et BioGraph.jl. J’ai également développé GraphInfer pour l’inférence
de structures basée sur le graphe pour les données à faible couverture. Ces outils et ce
pipeline de travail ont été appliqués au riz asiatique comme exemple.

Mots clés: variation structurale, pangénome, graphe de génome
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Abstract

To compare multiple genomes, a linear reference genome is generally used as a
coordination system to describe genes, variations and other functional annotations across
individuals. However, this single reference was shown to be limited to grasp every
existing genomic variation such as copy number variations (CNV), presence/absence
variations (PAV) or more general structural variations (SV). To overcome this limitation,
the concept pangenome made of a core-genome and a dispensable genome was applied to
investigate a group of genomes.

Graph-based data model generated by incrementally incorporating genome-to-graph
alignment information was one of the novel approaches to represent pangenome
information. A sequence graph contains nodes that are labelled with nucleotides
sequences and the linkages among nodes serve as edges. The chain of successive nodes in
a genome graph is a path. To represent an individual, generally, the sequence graph is
bidirected. Genome graph is suitable for representing a pangenome since each path can
demonstrate an individual in the studied population.

For studying structural variation in a pangenome, several methods were developed
(GraphTyper, BayesTyper, and vg toolkit). These tools mostly focus on genotyping
problems. Correspondingly, these tools function depending on a graph built from known
variants then genotyping based on mapped read realignment, k-mer distribution, read
coverage or whole-genome alignment graph. However, there are still some limitations in
presenting nested structural variants or identification of orthologs.

In this manuscript, I would like to discuss different cases to work with structural
variations and how we can benefit from genome graph to improve structural variation
inference.

I firstly studied a complex case of structural variation, transposable elements, to
emphasize the limits of using a single linear reference genome. Hence, I proposed a
solution to work with genome graph while still taking advantages tools for linear
reference genomes. I developed tools and package for that purposed namely PARROT
and BioGraph.jl. I also developed GraphInfer for structure inference based on graph for
low coverage data. All the tools and work pipeline was applied on Asian rice as example.

Keywords: structural variation, pangenome, genome graph, transposable
elements
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Résumé français des travaux de
thèse

La conservation de la biodiversité à tous les niveaux (écosystèmes, espèces et gènes)
est importante pour notre santé, notre richesse, notre environnement, notre alimentation
et tous les autres services dont nous dépendons. Cependant, ce n’est que récemment
qu’il est devenu possible d’étudier la diversité intraspécifique, composante génétique
majeure de la biodiversité. Spécifiquement, les technologies de séquençage en lectures
longues ont montré que les membres d’une même espèce présentent de nombreuses
variations génomiques structurales : délétions, insertions, duplications, variations du
nombre de copies, inversions et translocation. Mes travaux de recherche se concentrent
sur le développement de méthodes pour détecter ces variations structurales par différents
mécanismes et approches. Au cours de mon doctorat, j’ai travaillé sur un cas spécifique
d’éléments transposables et sur une approche globale pour la détection et l’inférence de
variations structurales via les graphes de pangénome.

Les éléments transposables (ETs) sont les principaux composants des génomes, et se
multiplient dans les génomes hôtes au fil des générations, modifiant ainsi de nombreuses
fonctions de régulation, de transcription et de protéines. Ils sont des sources majeures de
variations structurales potentiellement létales (insertion de novo, délétion, recombinaison
ET-ET), mais la détection de leur transposition reste un défi en raison de leur nature
répétitive et des limites de la technologie de séquençage en lectures courtes. Avec mes
collègues, nous proposons une méthode combinant l’assemblage de génome et de mapping
de lectures longues pour surmonter ces limitations, et fournir une détection du mouvement
des ETs à l’échelle globale et à l’échelle individuelle.

Les lectures provenant d’individus de même génération ont été assemblées et organisées
face au génome de référence pour obtenir un nouveau génome. Les variants globaux ont été
détectés à partir de ces assemblages en utilisant TrEMOLO [1], qui récupère les positions
d’insertion et de délétion. L’insertion d’une copie unique au sein d’une population a été
faite en re–mappant les lectures ayant servi à l’assemblage contre le génome assemblé
et en appelant les variants, dans les deux cas alignés sur la base de données ETs du
laboratoire de Bergman. En appliquant le pipeline sur Drosophila melanogaster et D.
simulans, nous avons pu identifier des séquences ETs mobiles dans les deux espèces de
manière précise. Notre travail est actuellement optimisé pour les génomes de Drosophila
; des efforts supplémentaires sont nécessaires pour adapter cette approche à des échelles
plus grandes.

Les progrès de séquençage de nouvelle génération, en particulier Illumina, permettent
d’avoir des dizaines, voire des centaines de génomes individuels d’une même espèce à
coût modique. Par conséquent, le contenu génomique de l’espèce entière, son pangénome,
est accessible. Un pangénome comprend deux compartiments, le génome coeur, qui
comprend les séquences présentes chez tous les individus, et le génome dispensable ou
variable [2]. Il a été démontré que ce dernier a un impact énorme sur l’adaptation et
constitue un réservoir de gènes d’intérêt [3]. Le pangénome est souvent représenté sous
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Figure 1: Approche de détection des mouvements d’éléments transposables avec
TrEMOLO [1]

Figure 2: Concept de graphe du pangenome

forme de graphe (Figure 2) dans lequel une séquence génomique individuelle est un
chemin unique traversant l’ensemble du graphe, toute variation étant représentée par une
boucle [4]. Cependant, l’approche actuelle de graphe de pangénome repose sur
l’utilisation de génomes entiers ou au moins de contigs de haute qualité. Je développe un
pipeline composé de 3 outils qui infèrent des variants structurales sur des données basse
couverture à partir d’un graphe de pangénome issu de références de haute qualité
(Figure 3).

Le premier outil, PARROT (https://github.com/nguyetdang/PARROT), rassemble
des informations à partir du graphe et de ses données de mapping individuelles pour profiler
le chemin linéaire des individus utilisés dans la construction du graphe. Ces informations
sont utilisées par BioGraph.jl (https://github.com/nguyetdang/BioGraph.jl) pour extraire
le plus long chemin représentatif linéaire comme génome synthétique. Celui-ci permet de
bénéficier des outils conventionnels tout en apportant plus d’ informations qu’une séquence
unique. Le 3e outil, GraphInfer (https://github.com/nguyetdang/GraphInfer) prédit les
variations structurales sur les individus basse couverture.
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Figure 3: Approche basée sur le graphique de l’inférence de la variation structurale des
données d’écrémage

En appliquant cette approche sur le riz asiatique (Oryza sativa), j’ai généré un génome
synthétique construit à partir des séquences de haute qualité de 13 individus, d’une taille de
463 MB, environ 100 MB plus long que la référence actuelle. Je vais continuer à travailler
sur l’application de mes outils pour prédire la variation structurale d’une collection de riz
vietnamien ayant des données de séquençage à faible couverture.
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Chapter 1

General Introduction

1.1 Introduction to structural variation

In the bloom of genomic research and data, it has been shown that many phenotypic
polymorphisms are caused by genomic variations such as single nucleotide polymorphims
(SNPs) [5, 6] and structural variation (SV) [7]. Although SNPs, which are the
substitution of a nucleotide by another in a DNA sequence, was previously supposed to
be the major form of genomic variation [8], recent studies about SV have gradually
revealed the importance of SV in different phenomena such as adaptive evolution and
species diversification [9]. Initially, structural variation were defined as the alteration of
DNA segments longer than 1 kb in the genome and microscopically detectable [10]. The
advancement in genomic technologies such as the next generation sequencing (NGS)
allowed to obtain not only the detection and the effects of smaller SV [11] but also the
extent of intra- and interspecific SV [12, 13]. In general, by now, genomic alteration
event concerning rearrangement of sequences longer than 50 bp are considered as
structural variation.

1.1.1 Classification of structural variants

By comparing the genomic content between the reference and its alternative genome
after rearrangement events, SVs can be considered as balanced if its genomic content
remains unchanged, as for inversion and translocation, or unbalanced if there is a change
in its genomic content (insertion, deletion, copy number variation).

Based on the mechanism of action, a structural variant can be classified as a simple
event or a complex one [14]. Simple events are defined as genomic rearrangements
containing a few number of breakpoints and resulting junctions (see Figure 1.1) such as
deletions (2 breakpoints, 1 junction), insertion (1 breakpoint, 2 junctions). SVs caused
by mobile elements (tranposons/transposable elements) are simple events as they lead to
insertion events, and occasionally followed by further genomic alteration at the target
sites [15]. Another type of simple event is duplication. However, the number of
breakpoints and junctions in this case depends on the number of inserted positions, for
example, interspersed duplication, where two copies are not in the same position,
requires more breakpoints and junctions formed than tandem duplication, where two
copies are next to each other. The same scenario is applied for copy number variations
where the number of copies determines the number of breakpoints and junctions. In
addition to copy number variants CNVs, when a segment of a chromosome change to its
opposite direction or move to another position in a distal region within the same
chromosome or in another chromosome, inversion and translocation respectively, a
simple event occurs [14].
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Figure 1.1: Simple structural variations [16] Deletion/insertion indicates the gain/loss
of DNA sequences. Mobile element shows the movement of DNA fragments. Tandem
duplication means the gain of a new copy of a DNA fragment at the same position, while
in the case of interspersed duplication, the copy is in another position. Inversion is when
the DNA fragment change its direction and translocation is when the fragment move from
one to another location.

Although a majority of structural variants are simple events, complex ones involve
multiple genomic rearrangements, resulting in more genomic breakpoints and junctions
[17]. Some complex patterns are comprised of simple events such as duplication-normal-
duplication/duplication [18] as in Figure 1.2. Another example is the massive chromosomal
rearrangement occurring in chromothripsis, chromoplexy, and chromoanasynthesis [19, 20].
Even these chromoanagenesis event causes catastrophic alteration in the chromosome, their
appearance is very rare [20].

1.1.2 Structural variation identification approaches

The advancement in technology leads to the evolution in SVs identification
strategies. Starting from the use of light microscopy to detect large rearrangements in
metaphase, at the moment, it is the sequencing era and structural variant calling
through computational approaches. In this section, SVs identification approaches is
separated into experimental-based and computational-based methods with the latter
increasing in popularity and becoming the main methodologies in recent years.

1.1.3 Experiment-based structural variant calling

In previous century, chromosomal banding techniques, in which chromosomes were
stained and unique banding patterns were formed based on the DNA content and the type
of dyes, were used to compare genomic profile among individuals [21]. Another study of
Speicher, Ballard, and Ward [22] using chromosomal banding techniques on karyotyping
of human chromosomes depicted translocations and deletions on abnormal samples. Due
to its low-resolution, this technique is better suitable for determining large chromosomal
rearrangement.
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Figure 1.2: Examples of complex genomic rearrangement events [14] Complex
genomic rearrangement is when various genomic events can happened at once. It can
be rearrangement at chromosomal scale such as chromothripsis, chromoanasynthesis and
chromoplexy.

The later trend in experimental-based approaches for SVs determination is
hybridization and mapping techniques, which include two common techniques:
fluorescence in situ hybridization (FISH) and high-throughput optical mapping [14].

In FISH, chromosomal DNA is complemented with nucleotides hybridizing
fluorescent probes. The fluorescent signals are then imaged and quantified by microscope
to identify potential mis-localization signal [23]. FISH technique allows the identification
of a wide range of SV types such as translocations [23], sub-telomeric rearrangements
[24], chromothrisis events or even highly repetitive regions [25]. The resolution of FISH
detection can be up to 100 kbp with high accuracy and low false positive rates [26].

High-throughput optical mapping creates optical maps by using fluorescent labeling
of nicking restriction enzyme sites along a DNA fragment having length from 300 kbp
to 3 Mbp. The information of restriction sites are then extracted and undergo de novo
assembly to compare with the reference genome to identify regions containing structural
variations [27, 28]. Optical mapping can also determine a wide range of rearrangements,
however, it does not provide information at nucleotide levels of the whole genome. It can
be consider as a hybrid method between experimental-based and computational-based
approaches.

1.1.4 Computational-based structural variant calling

While experimental-based approaches mostly take into account fluorescent signals to
access structural variation, computational-based approaches work with sequencing data
which allow to identify SV breakpoints at single nucleotide level. The advancements in
sequencing technology lead to cost-effective and large-scale discovery of SVs using whole-
genome sequencing (WGS). Genomic sequencing methodologies are commonly separated
into short- and long-reads technologies, which later affect computational methods and
algorithms to identify structural variants. They can either be the alignment of sequencing
reads to a reference, or a de novo assembly of a genome followed by the comparison to a
reference to infer SVs. Generally, sequencing techniques and computational-based variant
calling methods allow the detection of SVs at nucleotide resolution on the whole genome.

In more details, short-reads techniques identify SVs by finding evidence of genomic
rearrangement from read pairs (SV present between paired-end reads), split reads (SV
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present on the sequenced portion of the reads), read depth (number of reads mapped to a
specific regions of the reference genomes) or assembly (contigs produced from reads) [29,
30]. However, it is challenging for short-read techniques to identify structural variants in
long repetitive regions since during assembly process, reads shared similarity are normally
collapsed to from contigs. In addition, such sort reads SV detection may produce a high
number of false positives and negatives [1].

This obstacles can be overcome by long-read sequencing technologies since they
provide reads that are able to span the entire size of majority genomic SVs. The two
most commonly used long-read sequencing techniques are single-molecule real-time
sequencing by Pacific Biosciences (PacBio) and Nanopore sequencing by Oxford
Nanopore Technologies (ONT) by which read length can reach to more than 10,000 bp
[31]. The main issues of these techniques are their high native error rates per base (ONT
reads at 5-25% [28] and 0.5% for Q20+, and PacBio reads at 13% [32], 1% for HiFi).
At the moment, computational methods and tools for long-read data focus on reducing
technological error rates. For structure variants discovery, SV calling tools use evidence
from split reads, soft-clipped reads and de novo assembly. Approaches to identify SVs
from sequencing data is depicted in Figure 1.3.

Figure 1.3: Structural variants identification from sequencing data [14] In the
case of short-read and long-read sequencing data, variants can be identified by aligning
reads against the reference genome. In case of copy number variants, the information can
be extracted from investigating read coverage.

1.2 Pangenome

One of the most common approaches for sequencing analysis in diversity study is to
compare genome sequencing reads (both short and long reads) against a linear haploid
reference genome originating from a single individual or a consensus of several
individuals. This linear reference genome can only represent a single allele out of the
entire genetic variation of the studied population. While aligning against the reference
genome, sequencing reads containing alternative alleles might be mismatched, thus,
obtain lower mapping score than the same allele of the reference. This reference bias can
cause missing alternative alleles, mistaking heterozygous site as homozygous site [33], or
influencing allele frequencies [34]. Another possibility for diversity study is to compare
pairwise almost complete genomes through genome assembly of reads. However, when
more than one alternate genome is involved it is much more complex to see and visualise
or even store the common and variable regions. In this context, the pangenome concept
was proposed to overcome the mentioned obstacles.

1.2.1 Pangenome concept

The concept of pangenomics was first introduced for bacteria in more than 15 years
ago [2], in which the researchers proposed that a pangenome included a core genome
(shared genes among all individuals), a dispensable genome (composed of common genes
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in some but not all individuals), and individual-specific genomes. Since then many terms
were developed and used in various pangenome studies, for example, supragenome,
distributed and unique genes [35], and flexible regions [36]. Simply define, originating
from the initial explanation, a pangenome consists of two compartments: a core genome
containing common sequences among (almost) all individuals, and a dispensable genome
having the remaining genomic content found in the studied group (see Figure 1.4).
Indeed, due to technical and sampling limitations, it is uncertain to confirm if a gene or
a sequence is specific to an individual, hence, the individual-specific genomes is not taken
into account [37]. In summary, a pangenome is the union between a core and a
dispensable genome, hence, can be used to document not only the common genomic
features of a studied group but also its diversity.

Figure 1.4: A pangenome and its compartments [37]. A pangenome is defined
as the container of all genomic content available in a population. There are two main
compartments: The core genome includes all genomic content shared among all individuals
and the remaining part is the dispensable genome.

1.2.2 Pangenome construction methods

At the beginning, the common framework of constructing a pangenome was initiated
with the de novo assembly of all reads in each individual. After obtaining assemblies,
annotation was performed to identify genes encoded by each individual, and homologous
gene groups recovered. Based on the present/absent of genes between individuals, the core
and the dispensable genome were defined and used in further analyses (see Figure 1.5).
This approach was and is still applied widely in many studies related to microorganisms
(Rasko et al., 2008). However, the pangenome structure is here only accessible at the genic
level.

To overcome the limitation mentioned above, an optimization of this method based
on de novo assemblies has been proposed [38]. After obtaining the scaffold/chromosome
assemblies, multiple alignment/mapping of genomic regions in different individuals were
performed to identify the common regions of all individuals in the group. Then, these
common regions became the core genome, and the remaining was defined as the dispensable
genome (Figure 1.6). This optimization allowed the access to the genotype of a population
at DNA level.

Nonetheless, approaches related to de novo assemblies requires high quality sequencing
data for each individual, especially in the case of higher eukaryotes with polyploidy. In
2015, a metagenomic-like approach was used to construct a pangenome analysis on a
combination low-coverage data of approximately 1,500 rice genomes [39]. Whole genome
sequences of all individuals were assembled at once and the contigs were later re-assigned to
each individual through mapping of single individual data on the metagenomic assemblies
(see Figure 1.7). Even this approach works with low-coverage data, the appearance of
chimerical contigs might affect the accuracy of analysis.



6

Figure 1.5: Assemble-then-annotate pangenome construction. Reads from
individual genomes are assembled. Then, through annotation step, list of genes in each
individual is identified. Comparing the gene list allows the construction of the pangenome.

Figure 1.6: Assemble-then-map pangenome construction. Reads from individual
genomes are assembled to yield the assembly of each individual. The assembled genome
are aligned against each other to identify the common and uncommen region to construct
the pangenome.

In addition, de novo assembly approaches demanded computation resources to deal
with big amount of data. Hence, an alternative method starting with the mapping process
of sequencing reads to identify the common genomic regions then the assembly step of
unmapped data was suggested (map-then-assemble; [40]). The unmapped data can be
assembled per individual or through iterative mode [41, 42] after each alignment on the
generated panreference (see Figure 1.8). Even this approach is less time-consuming, it is
generally used with short reads and might lead to short contigs that may impair further
analysis.
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Figure 1.7: Metagenomic-like pangenome construction. Reads of all individuals are
gathered and assembled to construct an assembly of the studied population. Individual
reads are then mapped against the obtained assembly to identify the shared compartment
and the dispensable one.

Current standard methods still require either high quality sequencing data or
enormous computational resources or both. To adapt the use of pangenome concept into
studying large genomic variations for low coverage sequencing data, new approach should
be considered.

Figure 1.8: Map-then-assemble pangenome construction. In case of having a
reference genome, individual reads are aligned against the reference to generate the
uncomplete version of the pangenome. Unmapped reads are assembled to yield individuals
contigs. These contigs are then aligned against each other to complement the information
in the core and the dispensable compartments.



8

1.3 Genome Graph

While a linear reference can act as a consolidate coordinate system to address genomic
elements, graph can integrate multiple paths and can explain complex relationships among
sequences (see Figure 1.9).

Figure 1.9: Representation of of variants in linear and graphical representation
[43]. R indicates the reference genome while A, B, C, D represent individual genomes.
(i) While aligning against the linear reference genome, variants in mapped regions can
be identified and documented while variants in unmapped regions cannot be represented
in the linear reference. (ii) In graphical model, variants in individual genomes can be
depicted through different nodes and paths, hence, capturing all the sequence information

In this section, I would like to discuss different types of genome graph and how to build
one. In addition, some limitation in the current usage of genome graph are also discussed.

1.3.1 Types of genome graph

Graphs have been used as a representation of genomic sequences since the development
of assembly concept. In de Bruijn graphs (see Figure 1.10-(i)), each node represents a k-
mer (sequence of k nucleotides) and each edge depicts how these k-mer are connected.
The overlap between two consecutive k-mers is defined as 1 [44].

In the case of genome graph, the size of variants can be varied. Hence, each node
can depicts a DNA sequence and edges in the graph shows how these DNA sequences are
connected as in Figure 1.10-(ii). Multiple sequence alignment can be indicated in these
sequence graphs. In the case of representing the direction of DNA strands or inversion,
bidirected genome graph [45] can be applied as in Figure 1.10-(iii). Node connected to
more than one outward edge are considered as intersection points between connected
subsequences [46].



9

Figure 1.10: Various types of genome graph [43]. (i) De Bruijn graph, (ii) Directed
genome graph, (iii) Bidirected genome graph

1.3.2 Graphical Fragment Assembly formats

Genome graph can be represented in Graphical Fragment Assembly (GFA) format
(https://github.com/GFA-spec/GFA-spec). The purpose of the format is to help user
access assembly, variation and splicing of the graphs. There are two main versions of GFA
formats, which are GFA1 and GFA2.

The GFA1 was initially suggested by Heng Li and it contains the followings
components: segment (DNA sequence), link (overlap/connection between two segments),
jump (connection between two oriented segments, does not imply direct adjacency
between segments), containment (overlap between two segments where one is contained
in the other), path (ordered list of segments), walk (ordered list of oriented segments,
representing haplotype information) (https://gfa-spec.github.io/GFA-spec/GFA1.html).
There is also rGFA format which is a subset of GFA1 in which only segments (S-lines)
and links (L-lines) are noted.

GFA2 was proposed by vg team to store a sequence graph at any stage of assembly
such as graph of overlaps or final assembly of contigs and multi-alignment (http://gfa-
spec.github.io/GFA-spec/GFA2.html). GFA2 documents more complexity in the graph,
for example, fragments which can be described as DNA sequence belonging to a segment,
sequences in external collection, interval of segment that external string contributed to or
interval of fragment that contributes to the segment. Another element is gaps to estimate
the distance between two segment sequences. Moreover, there are groups decoded as U-line
and O-line for naming subgraph within the graph.
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1.3.3 Graph construction pipelines

There are 3 common pipelines for genome graph construction: vg [47] and pggb
methods , minigraph [48] and minigraph cactus. An example to build the human
pangenome by using all the 3 pipelines can be refer in this recent preprint in July 2022
[49].

Figure 1.11: Genome graph construction with pggb and minigraph pipelines
(adapted figure from the github of each tool). In pggb pipeline, sequences from different
individuals are aligned against a reference genome. Variants are called and variation
graph is built by augmenting the reference with variant information. In minigraph
pipeline, taking an individual sequence as the skeleton, sequences from other individuals
are incrementally aligned against the skeleton/graph. The common regions are collapsed
on the graph while the uncommon regions induces novel edges on the graph.

In more details, vg and pggb methods build genome graph from a collection of
sequence based on variation graph model. Since the released of vg [47], variation graph
model is composed of nodes (labeled by sequences and id), edges (connect two nodes)
and paths (describing genomes, sequence alignments and annotation walk through the
nodes and edges). Starting with a reference, vg constructs the genome graph by
incorporating information from VCF files of individuals in a studied population.
Meanwhile, pggb can start with index FASTA sequences to construct a locally directed
and acyclic graph while maintain large structure variation. The pipeline depends on
sequence alignment, hence, allow the access of base-level relationship among segments.
However, the constructed graph might contain high number of nodes and affect run time.
Then, it is necessary to normalize the graph to smooth small loops.

The principle of minigraph is aligning query sequence against a sequence graph and
progressively augments an existing graph with long query sequence distinct from the
graph [48]. The input of minigraph is FASTA files. The construction is highly order
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dependent. Starting from one sequence, large variations of the next sequence are added
to form the graph, then, each subsequence of each successive sequence is combine into
the graph. Shared subsequences are collapsed on the graph while the remaining parts
form new bubbles. minigraph only refer to variations larger than 100 bp. The
constructed graph from minigraph is stored in rGFA format. The ideal of pggb and
minigraph pipelines are illustrated in Figure 1.11.

Cactus [50] take a phylogenetic tree as a guide to create multiple alignments. minigraph
then uses the order from previous result to construct the graph. minigraph Cactus pipeline
has two mode: Pangenome mode and Progressive mode. The difference between these two
mode is that in Pangenome mode, the first genome used to construct the graph does not
collapse against itself. Therefore, the coordinate system of the graph is in accordance with
the first genome. As a result, output from this pipeline can be project to VCF to work
with vg toolkit and also compartible with rGFA format.

1.3.4 Limitations

At the moment, the standard to represent and to construct a genome graph is still in
discussion. GFA1 and GFA2 exist in parallel since each serves its own purpose. To be
specific, GFA1 is familiar for minigraph and GFA2 is used in pggb/vg ecosystem. The
interchange between the two is still limited since there are only a few tools work with both
format or to convert from one to another such as gfakluge [51] and gfapy [52]. Due to
the difference between the two formats and their principle of genome graph construction,
developers who want to develop tools for genome graph, they have to choose either to
work with one type genome graph or another. Moreover, for pangenome analysis of a
given species, all 3 genome construction methods coexist as in the Human Pangenome
Reference preprint [49].

Complex structure within the graph is problematic, especially when internal cycles
involve due to lack of tools for alignment. Most of the current alignments works only with
directed acyclic graphs (PaSGAL [53]) or unroll cycles (vg toolkit [47]). HybridSPAdes
[54] proposed it was possible to align reads against cyclic graph, however, the run time
will be polynomial. GraphAligner [55] is a fast alignment algorithm built on a minimizer-
based seeding method to compute edit distance (quantifying how many operators required
to compute from one string to another). However, edit distance among sequence strings
affects variant calling since long INDELs might not be discovered. In term of dealing with
cycler, GraphAligner finds super bubbles, then creates a pseudo linear positions for nodes
before the alignment to treat cycle cases. A∗ seed heuristic algorithm [56] were proposed
to reduce the influence of edit distance principles, however, cycles were not discussed in
this case. To date, a lot of efforts are still required to optimize graph alignment issues.

Another tradeoff that needs to be considered while working with genome graph is the
resolution and computational time. For example, variation graph from vg and pggb can
provide graph having base-level variants while in minigraph, only structural variation are
documented. Hence, it is recommended to smooth the graph from vg and pggb to optimize
run time.

1.4 Structural variation based on genome graph

The variant calling process can be divided into two steps: identification of potential
variation sites and determination of the genotypes at those sites. Based on the structure
of a genome graph, a node containing more than one outward edge is considered as the site
of variation. Based on that idea, the location of structural variation can be determined.
For example, minigraph [48] extracts the coordinate and sequences information of bubbles
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in the genome graph as list of structural variants.
Other tools for genotyping includes GraphTyper [57, 58], BayesTyper [59], Paragraph

[60] and vg toolkit [47]. GraphTyper realign short reads sequences against a variation
graph representing a pangenome and possible haplotype as graph path. Variants were
determined on a sliding window scales. BayesTyper also works with variation graphs
constructed from a set of input variants and a reference genome. They use k-mers in
the sequences to build the profile for each individuals by traversing through the graph
and genotyping was perform by combining k-mer counts from the individual’s haplotype
and counts from noise process. Paragraph evaluate short-reads map at breakpoints of the
graph to identify structure variants in the graph. vg decomposes the bubble sites and
investigate reads mapped against the reference and the variant paths in variation graph
to identify which path was taken by the individuals.

Most of genotyping tools work with variation graph built by a reference genome and
a VCF file containing known variants. However, the position of SVs is vastly dependant
on alignment and SVs caller, which is an in-discussion issue in genome graph analysis.
Therefore, using only VCFs for structural variant integration reduce the ability to work
with complex structure such as nested SVs [48] whose coordinates is not only in the
reference but in other individuals. Another issue can come from graph construction. For
example, in vg, a segment in the graph can appear in multiple paths, allowing different
regions to collapse into one segment, even the reference. The graph then become a
collapsed graph where the discover of orthologs is challenging since multiple sequences
from the same sample might go through the same segment.

Furthermore, in the validation, most of these tools are working with samples having
long-read or high-coverage short-reads sequences. There is no work on the genotyping for
individuals possessing only skimming data. This tendency raises the need to benefit
genome graph for structural variants determination and genotyping of low-coverage
sequenced individuals.

1.5 Study model: Vietnamese rice collection

Rice (Oryza sativa) is one of the most essential crops in the world, especially for
Asian and African countries. In Vietnam, for instance, rice is not only the major food
staple, but also the main agricultural export and resources, accounting for 85% of the total
agricultural land. Because of the topographical properties in Vietnam, rice is cultivated in
various ecosystems: irrigated, rainfed lowland, flood-prone, upland and mangrove. From
these cultivation conditions, the diversity of rice genotypes and phenotypes have been
selected and accumulated through generations to cope with these distinct environments.
Hence, it is considered that Vietnam is one of the main centers of genetic diversity for rice
germplasms, particularly traditional rice varieties [61, 62]. Until now, more than 3,000 rice
varieties have been collected through Vietnam. Despite the potential richness of genetic
resources, only a small proportion (15%) of the diversity has been used in modern breeding
program [62].

In a previous study [63], a panel of 182 Vietnamese rice accessions were used to study
the genetic diversity of Vietnamese rice landraces. By applying genotyping-by-sequencing
(GBS) on this panel, a dataset of 21,814 single nucleotide polymorphisms (SNP) was
identified and then used to represent the genetic diversity of Vietnamese rice landraces.
Due to the low number of detected variants, the resolution of the SNP-array in this study
is not sufficient.

Therefore, a whole-genome sequencing data of 168 Vietnamese rice landraces that
belong to the collection mentioned above and a Vietnam’s popular commercial variety
(Khang Dan 18) along with four references (Nipponbare, Azucena, IR64 and IR29) was
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prepared by Illumina HiSeq7 2000/2500. To access the genomic content at a reasonable
price, each individual was sequenced at low coverage (˜2-3x). Among them, 6 samples
were sequenced at high coverage (˜50x). Those sequences were used to generate a SNP
dataset of higher resolution on the rice genome by inference approaches. Because of the
low coverage sequencing reads, it is difficult to detect large genomic variations such as
structural variations or presence/absence variations (PAV).

The objective of my research is to find a method to predict large genomic variations
such as structure variations and presence/absence variations on low-coverage sequencing
data and then apply it on the whole genome sequencing of Vietnamese rice landraces.

1.6 Objectives of my PhD

In the first year, my PhD topic was ”Development of AI methods for pangenomics
on populational sequences data-driven” in which I worked on developing AI methods to
predict structural variations for low-coverage sequencing data based on pangenome.

My approach was to first build a high-quality pangenome for rice using a
map-then-assemble approach from high-depth sequencing individuals obtained in 3K rice
genome project. Then, I would create a presence/absence profile of individuals with low
coverage sequencing data and compare these profile against the build pangenome from
the high-coverage sequenced individuals. I intended at this time to implement an
artificial intelligence models to predict presence/absence value of low-coverage individual
afterwards by taking advantage of neural network and single matrix decomposition
methods.

However, during the data preparation process, I found out that the presence/absence
matrix obtained from my skimming data have too many missing value. So that, the
prediction result might not be significantly meaningful. Therefore, I decided to drop the
idea of performing prediction based on presence/absence matrix.

in the same time, I collaborated on a project dedicated to transposable elements
detection using long read sequencing data. During this study, I was confronted to the
limits of genome assembly sequences in terms of representation of the different
haplotypes presents in the sequencing dataset.

Thus, I redirect my research topic to genome graph, which is an approach to represent a
(pan)genome. Going through different bibliography resources, I found that this approach
to be more suitable for structural variation inference of skimming data, as it provides
many benefits such as richer structures comparing to the reference genome or haplotype
embedded information within the graph. However, there are still many open questions
related to alignment, variant calling, variant annotation or genotyping issues [64]. To fit
with my purpose of performing structural variant inference of skimming data, my strategy
contains the following steps:

• Step 1: Constructing a genome graph of reference genome

• Step 2: Extracting the most representative path of the graph and allowing it to act
as a reference genome. In this case, we will be able to take advantage of both the
tools use for linear reference genome and the powerful advantages of genome graph.

• Step 3: Perform variant inference of individuals having skimming data by mapping
sequencing reads against the extracted representative path. Unmapped reads will
be retrieved and aligned back to the graph to identify which structure they are
following.
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For that purpose, I used the rice as data model, as this species has already more than
12 high-quality genome sequences, with a quite important level of structural variations
and a huge set of low-coverage sequencing data available.

After reformulate my PhD research project, I come up with 3 objectives that will be
explained more clearly in the following chapters:

• Explore structure events in a common case, transposable elements, with the limit of
the sequence-based approaches

• Implement a linearisation of the pangenome graph structure for a better all-day
usage by biologists

• SV inference in low-coverage data using the linear pangenome

All of these approaches lead to tool development (TrEMOLO, PARROT/BioGraph
and GraphInfer, respectively), and provide a framework to deal with low-coverage or
population sequencing data in order to explore their structural variations.
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Chapter 2

Methods to detect transposable
elements contents and dynamics

In this chapter, I studied a specific case of structural variation identification which is
transposable elements. This is the work I finished in the 1st year of my PhD. This work
allowed me to understand different scenario of structural variant identification and further
more, to work with data coming from various sequencing technology (long-read and short-
read both included in the study). I improved not only my programming skills through the
study and also the ability to work in a collaborative development environment. In addition,
the result from the study illustrates the limit of sequence-to-sequence comparison and the
missing haplotypes. This raise the need of having a better system to depict the genomic
content of a population, for example, a genome graph.

Article published in Cells. DOI: 10.3390/CELLS9081776 Received: 27 June 2020;
Accepted: 23 July 2020; Published: 25 July 2020.

2.1 Context

Transposable elements (TEs) are mobile DNA fragments having the ability to
propagate independently through genomes. The length of TEs can vary from 100 bp to
10,000 bp or even larger sometimes [65]. In term of classification, TEs are generally
classified in two classes depending on the transposition intermediate, and are
subsequently grouped into DNA transposons, Long-Terminal Repeat (LTR) elements
and Long Interspersed Nuclear Elements (LINEs) [66, 67]. One of their main impacts is
gene expression variation, which makes it an interesting topic in many research since its
first discovery in previous century [68].

In eukaryotic genomes, transposable element insertion (TEI) is a common structural
variation type [69, 67]. Different experimental methods were applied to identified TEI
sites and to understand the invasion of TEs in the genome. However, due to the technical
limitations linked to the repetitive nature of TEs, their mechanisms of action still remain
in questions. In the sequencing era, analysing Illumina short-read data from a pools of
individuals allowed the determination of TEI frequency in natural samples [70]. Indeed,
the main issues of using short -read is under-representation of TEIs and noise caused by
background errors [71].

Drosophila melanogaster acts as a model organism in biology research besides Homo
sapiens, Arabidopsis thaliana, Caenorhabditis elegans, Anopheles gambiae and Fugu
rubripes. It possesses many beneficial characteristics for genetic and genomic research
such as a small genome size, relatively easy husbandry and a range of very sophisticated
genetic tools [72]. In our study, we first overcome the technical issue by developing
strategies to generate de novo assemblies of high quality long-read sequencing data and
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to analyze the presence of TEs at high and low frequencies in Drosophila population. We
then applied our strategies on investigation of PIWI-interacting RNA (piRNA), which is
a repetitive region on Drosophila genome that cannot be determined by short-read data.
piRNA represses TE mobility and maintains genome integrity [73].

2.2 Strategies

Stable strains of wide-type D. melanogaster and D. simulans were used to describe
the general landscapes of TEIs. To compare TEs present at high and low frequencies,
isogenic wild-type strain of D. melanogaster and an unstable line with a succession of
transpositions busts having Piwi knockdown were generated for the study.

TE content was estimated using two following methods on forward reads: TEcount
module of TEtools and dnaPipeTE. TEI site estimation was detected by mapping Illumina
short-read against the FlyBase reference genome and TE sequence library. Pairs of reads
having one end mapped to the reference genome and the other end to a TE sequence
were retrieved. For each pair, the position of the reference genome mappable read were
documented and used for the estimation of the insertion site.

Long-read nanopore data was submitted to Flye v2.6 for assemblies, then polished
using four round of RACON v1.3.2 and corrected by RaGOO v1.1. with Drosophila
reference genome. RepeatMasker and Dfam database was used to identified TE content
at this step. Global structural variant was identified by in-house svTEidentification.py
tool (available at https://github.com/DrosophilaGenomeEvolution/TrEMOLO). For
minor insertion variant detection, raw long reads were mapped against its corresponding
assembly and SV calling was performed using Sniffles v.1.0.10. Sequences longer than
1000 bp were aligned against LTR subset of TE database
https://github.com/bergmanlab/transposons. Specific criteria for section of the
global structural variant and minor insertion variant was indicated in the paper. The
method was validated by comparing the genome size, TE content and TEI site
estimation obtained by short and long-read sequencing in D. melanogaster and D.
simulans.

2.3 Conclusion

Comparing the landscapes of the most recent TEIs in wild-type strains if D.
melanogaster and D. simulans suggests that the similarity between TE sequences of the
two species are more than previous thought. DNA transposons display higher
intra-family sequence divergence than LTR elements, suggesting that elements of this
group invaded the genome more recently than other types of transposable elements. We
found that piRNA production associated with TE genome occupancy, hence, the piRNA
clusters trap model was not supported here.

Our work emphasized the importance of long-read data in describing TE landscapes
at intra-genome scale. By combining both short-read and long-read data, we are able
to determine TE content, TEI site, global structural variant and LTR minor insertion
variant. Long-read nanopore data are able to study repetitive region like piRNA, which
is overcome the limitation of short-read data. In addition, long-read data can also detect
singleton reads.

2.4 Perspectives

In the study, due to the strain specificity, the identity of the most recently active TE
families is still concerting. The issues might come from the limit of sequence-to-sequence
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comparison and the missing haplotypes that cannot represent the whole diversity of the
studied groups. For later phase of the research, we might consider using genome graph
analysis to overcome the issues.

In term of development, features to identify populational variations (and even somatic
variations) is developed, in which, TEs that are outsiders or represent in only a part of
the population will be identified.

2.5 Personal implication

Many authors contributed to this publication, for the details, the contribution of each
author is indicated in the paper. I retrieved the data and perform data curation and
analysis including: mapping and variant calling for both long and short reads. I perform
global structural variation detection and LTR minor insertion variant detection. I worked
with Mourdas Mohamed for the retrieving of paired-end reads in which only one of them
was mapped against the reference and another mapped with the TE database to identify
TE content and TEI sites. My scripts were used for further development of the work
pipelines and TrEMOLO.

2.6 Scientific impacts on my PhD work

This work highlight the limitation of using only a single linear reference genome for
genomic analysis. The limits is significantly emphasized in complex case such as
transposable elements. Therefore, the needs for another representation of genomic
content and analysis tools is in highly demand.
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Abstract: Transposable elements (TEs) are the main components of genomes. However, due to their
repetitive nature, they are very difficult to study using data obtained with short-read sequencing
technologies. Here, we describe an efficient pipeline to accurately recover TE insertion (TEI) sites and
sequences from long reads obtained by Oxford Nanopore Technology (ONT) sequencing. With this
pipeline, we could precisely describe the landscapes of the most recent TEIs in wild-type strains of
Drosophila melanogaster and Drosophila simulans. Their comparison suggests that this subset of TE
sequences is more similar than previously thought in these two species. The chromosome assemblies
obtained using this pipeline also allowed recovering piRNA cluster sequences, which was impossible
using short-read sequencing. Finally, we used our pipeline to analyze ONT sequencing data from a
D. melanogaster unstable line in which LTR transposition was derepressed for 73 successive generations.
We could rely on single reads to identify new insertions with intact target site duplications. Moreover,
the detailed analysis of TEIs in the wild-type strains and the unstable line did not support the trap
model claiming that piRNA clusters are hotspots of TE insertions.

Keywords: transposable elements; ONT; Drosophila melanogaster; Drosophila simulans; piRNA

1. Introduction

Transposable elements (TEs) are major components of almost all eukaryotic genomes [1,2].
They can be separated into three main groups that include several TE superfamilies and families:
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DNA transposons, Long-Terminal Repeat (LTR) elements, and Long Interspersed Nuclear Elements
(LINEs) [2,3]. Different methods (e.g., Southern blotting [4,5], in-situ hybridization on polytene
chromosomes [6,7], and PCR [8,9]) were first used to estimate TE content in Drosophila genomes and to
understand how TEs invade and shape genomes by affecting genome function and evolution. However,
technical problems linked to TE repetitive nature and diversity have not allowed for the reaching of
firm conclusions and many questions about TE biology remain unanswered.

Then, next-generation short-read sequencing technologies allowed for characterizing the global
TE content within and between related species. Moreover, the high coverage provided by Illumina
sequencing led to the identification of consensus sequences for each TE family. Several computational
methods were developed, such as RepeatExplorer [10] and dnaPipeTE [11], to analyze Illumina data
from different Drosophila species, and to study TE biology at the populational level.

In TE biology, it is also important to estimate the TE insertion (TEI) rate to determine the degree
of polymorphism within and between populations. This is an indicator of the activity level of each TE
family and can help to date transposition events [12,13]. Illumina sequencing of pools of individuals
allowed for determining TEI frequency in natural samples (from large numbers of individuals to
populations) [14]. To study individual TEI, dedicated software tools were developed (e.g., TIDAL [15],
T-Lex/T-Lex2 [16], PopoolTE2 [17]) based on the analyses of: (1) the TEI junction and flanking sequences
(split-reads), (2) the paired-end information, (3) the depth of coverage, or (4) a mix of these three criteria.
However, these approaches revealed only a portion of the repetitive sequence landscape, and they
detect many false positives due to various factors. The first one is linked to the library preparation and
PCR amplification that lead to the generation of PCR chimera and thus false positive insertions [18],
or to biased sequence representativity (AT- and GC-rich sequences are less represented in Illumina
sequencing). The second factor is inherent to the sequencing size (short reads) that does not span
more than 400 bp, thus hindering the full sequencing of any repeat or variation larger than this size,
especially insertions [19]. The third one is related to the difficulty in detecting TEIs occurring at low
frequency in an individual or population. Indeed, these TEIs are usually under-represented in the
sequencing data and generally confused with background errors [18]. The comparison of different
methods to identify TEIs shows very small levels of overlap [20]. Another weak point of the Illumina
sequencing technology is that the insertion size and sequence are not accessible, because this approach
generally only gives the global position.

Long-read, or third-generation, sequencing technology might improve the detection of long
structural variants and thus of TE variations, and also reduce the detection of false positives/false
negatives. This technology should allow for the identification of full copies. Indeed, long-read
sequencing methods generate individual reads that are mostly longer (>15 kb) than many of the
repeats (TE sequences are generally smaller than 10 kb). Moreover, it solves the problems linked
to PCR-based library preparation because it relies on direct DNA sequencing without amplification.
However, the main drawback of long-read sequencing, such as the Oxford Nanopore Technology
(ONT), is the high rate of single read sequencing errors (3 to 8% for the recent sequencing and base
calling) that could introduce bias in data interpretation. This problem is partially solved by increasing
the coverage and by improving the final assembly quality by polishing, thus providing an almost
perfect genome sequence. Such an approach, based on PacBio sequencing, has already allowed the
detection of 38% more TEIs in Drosophila chromosome 2 L compared with the available short-read
sequencing estimates [21]. Different Drosophila genome assemblies using ONT sequencing have also
been reported [22,23]. Long-read sequencing methods allow almost complete chromosome-scale
genome assemblies, instead of the fragmented draft genomes provided by short reads. Therefore,
the assembled individual genomes can be directly compared without the need for any reference
genome and their relative structural variants can be scored without biases (or very few). In addition,
long-read sequencing of genomes should allow identifying real TEI sites and accurately determining
TE copy number at the inter- and intra-population levels. This approach might also help to analyze
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repetitive regions like PIWI-interacting RNA (piRNA) clusters that contribute to maintaining genome
integrity by repressing TE mobility.

Here, we developed strategies to generate de novo assemblies of high quality long-read sequencing
data, suitable for genomic analyses of TEs present at high and low frequencies in Drosophila populations.
We first validated our method by comparing the data (genome size, TE content and TEI site estimation)
obtained by short and long-read sequencing in D. melanogaster and D. simulans, two closely related
species, but that may vary in TE content [24,25]. We found that, although the D. simulans genome
contains a large number of old and degraded TE copies, among the most recent pool of insertions,
DNA transposons display higher intra-family sequence divergence than LTR elements, suggesting
that elements of this group invaded the genome more recently than DNA transposons. Moreover,
we observed that piRNA production correlates with TE genome occupancy. When considering the
most recent pool of TE insertions, we could not find convincing evidence supporting the piRNA
clusters trap model [26,27]. Finally, we developed and validated an approach to identify TEI that occur
at low frequencies in a population.

2. Materials and Methods

2.1. Drosophila Strains

The wild-type D. melanogaster and D. simulans strains from natural populations were kept at
24 ◦C in standard laboratory conditions on cornmeal–sugar–yeast–agar medium. The eight samples of
D. melanogaster and D. simulans natural populations were collected using fruit baits in France (Gotheron,
44◦56’0”N 04◦53’30”E-“goth” lines) and Brazil (Saõ Jose do Rio Preto 20◦41’04.3”S 49◦21’26.1”W-“sj”
lines) in June 2014. Two isofemale strains per species and geographical origin were established
directly from gravid females from the field (French D. melanogaster: dmgoth63, dmgoth101; Brazilian
D. melanogaster: dmsj23, dmsj7; French D. simulans: dsgoth613, dsgoth31; Brazilian D. simulans: dssj27,
dssj9). Brothers and sisters were then mated for 30 generations to obtain inbred strains with a very low
amount of intra-line genetic variability.

A previously published D. melanogaster laboratory line [28] was used for Piwi knockdown
(piwi KD) in adult follicle cells. This line carries three components: (i) a GAL4 UAS activator driven
by the follicle cell-specific traffic jam (tj)-promoter (tj-GAL4), (ii) an UAS short hairpin(sh)-piwi that
induces Piwi RNAi, and (iii) the ubiquitously expressed thermo-sensitive GAL4-inhibitor GAL80ts.
At 20 ◦C, GAL80ts sequesters GAL4, preventing sh-piwi expression. At 25 ◦C, GAL80ts is partially
inactive, allowing some GAL4-driven expression of sh-piwi in somatic follicle cells. The resulting
partial Piwi depletion allows for the derepression of at least two LTR families (ZAM and gtwin) in
follicle cells and their integration as new proviruses in the progeny genome [28]. The polymorphism
of this line was partially reduced by isolating a single pair of parents and the line was thereafter stably
maintained at 20 ◦C as a large population (more than 500 progenitors at each generation). The G0
and G0-F100 genomic libraries were prepared shortly after isolation of this line and at the hundredth
generation, respectively. Soon after isolation of this isofemale line, a subset of individuals at the pupal
to early adult stages was shifted to 25 ◦C for 5 days, and this was repeated for at least 500 flies for 73
successive generations of partial Piwi KD. Then, after six more generations of stabilization at 20 ◦C,
a third genomic library, called G73, was generated.

2.2. Genome Size Estimations

Flow cytometry: genome size was estimated according to [29] using fresh samples of 4-day-old
females heads with 10 replicates (five heads per replicate) for each Drosophila wild-type strain.

findGSE: k-mer distribution was established from the Illumina reads using findGSE [30]. Briefly,
adaptors were first removed from the reads with Skewer version 0.2.2 (paired-ends) or NxTrim
version 0.4.3-6eb8d5e (mate pairs), when necessary. Reads were then treated essentially as previously
described [31] to remove duplicates, filter out reads mapping to reference mitochondrial genomes
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(GenBank AF200854.1 and AF200828.1 [32]) or microbial contaminants. This allowed for establishing
the 21-mer distributions from which genome sizes were estimated using findGSE [30] with default
parameters, except for dmsj23 in which the k-mer distribution clearly displayed a peak corresponding
to heterozygous regions and was thus treated accordingly.

2.3. Illumina Sequencing

Wild-type strains: DNA was extracted from 3 to 5-day-old females for each strain using the Qiagen
DNeasy Blood&Tissue kit (# 69506) and following the manufacturer’s instructions. Genomic DNA
(1.5µg) was fragmented for a target insert size of 300 base pairs and sequenced by paired-end Illumina
HiSeq (125 bp reads). Library and sequencing were performed by the GeT-PlaGe facility, Génopole
Toulouse (France).

2.4. DNA Isolation, Oxford Nanopore MinION Sequencing and Base Calling

DNA was extracted from ∼100 males from each wild-type and from thePiwi KD lines using the
Qiagen DNeasy Blood&Tissue kit. The genomic DNA quality and quantity were evaluated using a
NanoDrop™ One UV-Vis spectrophotometer (Thermo Fisher Scientific, Waltham, MA, USA) and a
Qubit® 1.0 Fluorometer (Invitrogen, Carlsbad, CA, USA), respectively. Three micrograms of DNA
were repaired using the NEBNext FFPE DNA Repair Mix (NEB M6630). End repair and dA-tailing
were performed using the NEBNext End repair/dA-tailing Module (E7546, NEB). Ligation was then
performed with the Ligation Sequencing Kit 1D (SQK-LSK108, ONT, for G0, and SQK-LSK109 ONT for
wild type strains, G73 and G0-F100 samples). MinION sequencing was performed according to the
manufacturer’s guidelines using R9.4.1 flow cells (FLO-MIN106, ONT) and a Nanopore MinIon Mk1b
sequencer (ONT) controlled by the ONT MinKNOW software (version 18.3.1 for G0, version 19.05.0.0
for isogenic wild-type strains, and version 19.10.1 for the G73 and G0-F100 samples). Base calling
was performed after sequencing using Albacore (version 2.3.3) for G0, and the GPU-enabled guppy
basecaller in high accuracy mode for isogenic wild-type strains (version 3.1.5), G73 (version 3.3.3) and
G0-F100 samples (version 3.4.4).

2.5. TE Content and TEI Site Estimates from Illumina Sequencing

TE abundance was estimated using forward reads and two methods: the TEcount module of
TEtools [33] and dnaPipeTE (v1.0.0 and v.1.3.1) [11]. TEcount estimates TE abundance by quantifying
reads that map to a set of known TE sequences, here the rosetta fasta file [34]. This tool was run using
default parameters and Bowtie2 (v2.2.4) [35,36]. dnaPipeTE assembles repeated sequences from a
subsample of reads (<1x) and quantifies reads mapping to these sequences to estimate TE abundance.
dnaPipeTE was used with the following parameters: -sample_number 2, -genome_coverage 0.25).
Concerning the genome size option, 175 Mb and 147 Mb were used for D. melanogaster and D. simulans
samples, respectively. The rosetta fasta file was used as library [34].

TEIs were detected in Illumina sequencing data using a dedicated mapping-based
algorithm similar to that implemented in PoPoolationTE2 [17] with paired-end reads as
input, FlyBase reference genomes (ftp://ftp.flybase.net/genomes/Drosophila_melanogaster/dmel_
r6.16_FB2017_03/fasta/dmel-all-chromosome-r6.16.fasta.gz and ftp://ftp.flybase.net/genomes/Dro
sophila_simulans/dsim_r2.02_FB2017_04/gtf/dsim-all-r2.02.gtf.gz), and the TE sequence library
at https://github.com/bergmanlab/transposons/raw/e2a12ff708c42dcce5b15d6af290506d78021212/relea
ses/D_mel_transposon_sequence_set_v10.1.fa. Sequencing reads are mapped to the reference genome
and TE sequences using Bowtie2 (version 2.3.3) [36]. Then, the algorithm scans the resulting Binary
Alignment/Map (BAM) files for pairs in which one end matches to the reference genome, the other
end to a TE sequence, and the pair cannot be mapped concordantly to the genome. For each pair,
the position of the genome-mappable read is noted, and positions are clustered in order to have no read
further apart than 100 bp in that cluster. Each cluster is then interpreted as an insertion, the position of
which is the mean of the position of the reads it contains, and the strength of which is evaluated on
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the basis of the number of reads it contains. For the purpose of this study, only insertions that were
supported by at least 50 reads were retained. Unlike PoPoolationTE2, the insertions detected with this
procedure correspond to occurrences absent from the reference genome.

2.6. Small RNA Extraction and Sequencing

For small RNA sequencing, two replicates per strain were prepared. Small RNA was isolated from
50 pairs of ovaries using HiTrap Q HP anion exchange columns (Cytiva, Velizy-Villacoublay, France) as
described in [37], and the eluate was run on a 10% TBE urea gel (Thermo Fisher Scientific). Small RNA
size selection (18–50 bp) was performed on gel at the sequencing facility. Quality was checked with the
Bioanalyzer small RNA kit (Agilent, Santa Clara, CA, USA). Library construction was performed using
the TruSeq Small RNA Library kit (Illumina, San Diego, CA, USA) and sequenced (1 × 50 single reads)
on an Illumina HiSeq 4000 at the IGBMC Microarray and Sequencing facility. Adapter sequences
were removed using cutadatp [38]. Size selection was then performed using PRINSEQ lite version
0.20.4 [39]. All subsequent analyses were built upon small RNA counts after normalization according
to the miRNA amounts, as described in [34].

2.7. Genome Assembly

Raw nanopore reads were QC checked using Nanoplot v1.10.2 ( https://github.com/wdecoster/N
anoPlot) for sequencing run statistics. Reads with QC < 7 were removed by the sequence provider
(Montpellier Genomix, Montpellier, France) before QC. For each dataset, mean length, N50 reads,
total reads and bases are listed in Table S1 and Table 1. Reads were submitted to Flye v2.6 [40] with
standard options, except –plasmids and -threads 16. Raw contigs were polished using four rounds
of RACON v1.3.2 [41] with standard options and 20 threads (-t option; the required mapping was
performed using minimap2 [42] v2.16 and -x map-ont -t 20 options). At each step, basic assembly
metrics (N50, length, L50) were recorded using Assembly-Stats v1.0.1 (https://github.com/sanger-path
ogens/assembly-stats). Once polished, assemblies were visually inspected using D-genies v1.2.0 [43],
and incongruencies manually corrected using samtools v1.9.0 [44], faidx command for sequence
extraction, and Gepard [45] v1.4.0 for visual determination of breaking points. The corrected assemblies
underwent super scaffolding using RaGOO v1.1 [46] with -s (structural variants (SV)) and -t 4, using the
specific reference genome (from FlyBase): Dmel_R6.23 for G0 and D. melanogaster samples, Dsim_r2.02
for D. simulans, and the previously assembled G0 for G73 and G0_F100 samples. Once the assembly
was finalized at the chromosome scale, a Benchmarking Universal Single-Copy Orthologs (BUSCO)
analysis [47] using the gVolante web service [48] was performed using the BUSCO v2/v3 option and
the Arthropoda reference set (Figure 1). TE content was estimated in the corresponding chromosome
assemblies using RepeatMasker (http://www.repeatmasker.org) and the Dfam database [49].

Table 1. Statistics for the de novo assemblies before scaffolding. All lengths are expressed in bases.
The Benchmarking Universal Single-Copy Orthologs (BUSCO) score indicates the “complete hit” level.

Name Size Nb contig Mean Length Longest N50 L50 BUSCO Score, %

dmgoth101 130,483,042 1213 107,571 20,963,225 14,899,963 4 c: 98.6
dmgoth63 134,481,426 1005 133,812 22,615,553 16,996,519 4 c:98.03
dmsj23 131,331,777 1094 120,047 22,945,221 10,553,205 5 c:98.5
dmsj7 131,360,683 1197 109,742 18,094,419 6,212,683 7 c:98.7
dsgoth31 135,039,133 822 164,281 27,577,085 17,530,992 4 c: 98.3
dsgoth613 132,908,190 918 144,78 22,559,698 16,120,890 4 c:98.6
dssj27 134,309,820 866 155,092 27,370,717 20,976,825 3 c:98.6
dssj9 142,009,588 508 279,546 27,589,620 19,611,840 4 c:99
G0 127,415,251 642 198,466 5,037,957 1,208,862 33 c:93.7
G0-F100 139,374,117 836 166,715 17,781,420 9,085,947 6 c:98.97
G73 144,335,962 584 247,15 24,539,270 12,530,957 4 c:98.7
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Figure 1. Schematic of the method used for genome assembly and for transposable element insertion
(TEI) detection. Global variants (black) were detected from genome assemblies, and minor variants
(gray) by remapping reads in these assemblies. The reference genomes used for RaGOO scaffolding
were Dmel_R6.23 for G0 and for wild-type D. melanogaster strains, Dsim_R2.02 for wild-type D. simulans
strains, and the G0 assembly for G73 and G0-F100.

2.8. Global Structural Variant Detection

Global variant detection (i.e., variants common to most genomes of a considered sample compared
with the reference genome, see below) was performed using the svTEidentification.py tool (available
at https://github.com/DrosophilaGenomeEvolution/TrEMOLO). Briefly, this tool recovers the insertion
and deletion positions and creates the associated fasta sequence, based on the Assemblytics report
from the RaGOO scaffolding (the deletions are extracted from the reference and the insertions from
the new assembly). Once the fasta file corresponding to the SVs was recovered, these sequences were
matched with the Basic Local Alignment Search Tool, nucleotide to nucleotide (BLASTN)+ v2.4.0 to
a specified TE database. Hits larger than 80% of the TE sequence and identical to more than 80% at
the nucleotide level were considered as candidate for new TE insertions/deletions (TEI/TED) in the
G0, G0-F100 and G73 samples. For wild-type strains, new insertions/deletions were detected without
any filter. The potential candidates were then listed in a tabular format that included their position,
size and percentage of size or similarity compared with the reference TEs. The used TE database was a
collection of the reference TEs from Bergman’s laboratory (https://github.com/bergmanlab/transposons)
and from previously published data [50].

2.9. LTR Minor Insertional Variant (LTR MIV) Detection

Each raw long read was mapped using minimap2 v2.16 (-ax map-ont -t 16 as options) to the
assembly corresponding to that set of long reads. After recovering the sam file, samtools v1.10.0 was
used to compress and sort the sam file in BAM with samtools view and samtools sort (basic options,
but with 16 threads), and the MD tag was added using samtools calmd. Then, SV were detected in
the resulting sorted BAM file using Sniffles v1.0.10 with at least 1 read and –report_seq -s 1 -n -1 as
parameters [51]. These sequences longer than 1000 bp were aligned with BLASTN v2.4.0+ (-outfmt 6)
to the LTR subset (60 families) of the database used before. A nucleotide alignment of more than 94%
identity and a minimum of 90% of the total length of the TE consensus sequence were then considered
as criteria to validate a putative LTR minor insertion variant (LTR MIV), if the length of the variant
did not exceed the total size of the TE by more than 18 nt. This corresponds to the largest target site
duplication (TSD) ever reported to flank any LTR TE [52]. All codes are available in a snakemake file at
https://github.com/DrosophilaGenomeEvolution/TrEMOLO.
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2.10. Fluorescent In Situ Hybridization on Polytene Chromosomes

Polytene chromosomes were squashed from salivary glands of third instar male larvae. NotI and
PstI restriction enzymes were used to extract a fragment of the ZAM pol gene from a previously
published plasmid [53]. The probe was labeled with digoxigenin-11-dUTP using the Nick Translation
Mix (Roche #11 745 816 910), and signals were detected with anti-digoxigenin-rhodamine Fab fragments
(Roche). The fluorescent in situ hybridization method was adapted from a previously described
protocol [54].

2.11. Automatic Identification of the Target Site Duplication for LTR MIV

The putative LTR MIVs matching to six LTR families (blood, gtwin, mdg3, ZAM, roo, and copia)
were studied. One read supporting each MIV, previously extracted in a fasta file, was compared by
BLASTN v2.4.0+ with the corresponding consensus sequence. To automatically check for the presence
of a TSD, the positions of the 5′ and 3′ end of the TE alignment were determined within the read.
30nt-long sequences upstream and downstream the putative insertion site were extracted and were
aligned to detect the presence, on both sides of the insertion, of a short duplication, the size of which was
previously reported by [55] for ZAM and by [52] for the other TEs. The resulting TSD sequences were
then extracted and used to create sequence logos with WebLogo (https://github.com/WebLogo/weblogo).
All scripts and codes for this automatic extraction are available at the project GitHub.

2.12. piRNA Cluster Identification in the Assembled Genomes

To determine the piRNA cluster localization in genome assemblies, a previous annotation of
piRNA clusters in the D. melanogaster Dmel_R6.04 genome release was used [56]. The flanking genes
for each of the 153 major piRNA clusters were identified, their sequence was extracted and mapped
to the new reference using BLASTN to locate the limits of the corresponding piRNA clusters in the
corresponding assemblies. When only a single gene could be used as border, the piRNA cluster length
described in [56] was used to define the other border. Bona fide piRNAs were extracted from the
previously published G0 small RNA-seq library [28], and from each of the small RNA-seq libraries
presented here, as reads longer than 23 nt that do not map (bowtie –best) to sequences of other known
small RNAs (downloaded from FlyBase [57] and MirBase [58]). These selected small RNA reads were
then mapped to the corresponding assemblies using Bowtie 1.2.2 [59]. Bowtie parameters were selected
to keep only reads that display unique alignments and <2 mismatches (–best -v 2 -m 1). The positions
of uniquely mapped reads were determined in the assembly, and sequences with more than 500 reads
were conserved and compared to the piRNA cluster coordinates determined in the assembly of that
line. Table S4 shows the list of the 42 piRNA clusters corresponding to the best piRNA producers in the
G0 line. The coordinates of these 42 regions were then determined in the G73 and G0-F100 assemblies.
For wild-type strains, the piRNA abundance was computed within 1 kb windows.

2.13. Comparison of ZAM Sequences

After obtaining the corresponding region of the ZAM insertions the fasta sequence was extracted
(using bedtools getfasta) and compared with the ZAM sequence at a global level using redotable v1.1.

3. Results and Discussion

3.1. Using Oxford Nanopore Technologies (ONT) to De Novo Assemble the Highly Contiguous Genomes of
Several Isogenic Wild-Type Strains and of one Unstable Line

The ONT-based single-molecule long-read sequencing data provided between 5 and 24 million
reads, with a depth of coverage ranging from 40x to 196x (mean = 130x), and a N50 ranging from
3.7 to almost 20 kb (mean = 11 kb) (QC 7 reads only; Table S1). The N50 large range was explained
by the different methods used for genomic DNA extraction and ligation (Materials and Methods).
Our assembled genome procedure is summarized in Figure 1. To compare our data with the reference
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D. melanogaster and D. simulans genomes, whole genome alignments and local dot plots were performed
using D-genies and Gepard, respectively (Figure S1).

A strong correspondence was observed between most de novo assemblies and the corresponding
reference genome, except for the G73 and dsgoth31 assemblies in which incongruent contigs were
detected. These incongruent contigs were manually broken at the discrepancy points (Figure S1) and
the final statistics for the de novo assemblies were obtained using Assembly-Stats (Table 1).

Using our approach based only on ONT data, the N50 ranged from 1.2 Mb (L50 of 33 contigs) to
21 Mb (L50 of 3 contigs). The previously described de novo D. melanogaster hybrid assembly obtained
using BioNano and assembly merging [23] reported a N50 of 9 Mb (L50 of 6 contigs) for the raw data,
and a N50 of 21.3 Mb (L50 of 3 contigs) after merging. Moreover, the BUSCO score of their hybrid
assembly was 97.2% after Illumina polishing, while the BUSCO score of our assemblies ranged from
93.7% to almost 99% (98.5% for the reference Dmel_R6.23 assembly [23]) only with RACON polishing.
This comparison indicates that our assemblies are of high quality, and that RaGOO use as scaffolder
allowed obtaining high-quality assemblies at the chromosome scale.

3.2. Estimation of Genome size Using Different Methods

To determine the quality of the ONT-based assemblies of the isogenic wild-type D. melanogaster
and D. simulans genomes, their sizes were compared to the genome sizes estimated with two other
approaches: findGSE (based on k-mer estimation) and flow cytometry (Table S2).

Genome size estimates varied between 142 and 144 Mb (flow cytometry) and 129 and 132 Mb
(findGSE) for the D. simulans strains and between 162 and 163 Mb (flow cytometry) and 133 and
137 Mb (findGSE) for the D. melanogaster strains after excluding dmsj7. The k-mer distribution obtained
for this strain was much more scattered than the others, and resulted in a k-mer-based genome size
estimate of 147 Mb, most probably an artefact. The size estimated obtained using the ONT data
ranged between 131 and 142 Mb for the wild-type D. simulans strains and between 130 and 134 Mb for
the D. melanogaster strains, with similar values for the final assemblies. The correlation coefficients
were significant only between the ONT-based and the flow cytometry estimates for D. melanogaster
(r = 0.9675, p = 0.0325), but not D. simulans (flow cytometry: r = 0.7564, p = 0.2436; findGSE: r = 0.1237,
p = 0.8763). The correlation only with the flow cytometry estimate indicates that the different genome
compositions, and probably the different amounts of heterochromatin affect the estimations obtained
by findGSE. The genome size estimates obtained with findGSE were globally more similar than those
obtained using the de novo assembly approach, but no correlation was observed between these
values, probably due to the different amounts of repeats present in the various strains. In conclusion,
genome size estimations present several biases in function of the used method, and ONT assemblies
seem to give values close to those obtained by flow cytometry, which is a more global method.

3.3. Comparison of TE Abundance in the Isogenic Wild-Type Strains Measured by Illumina and
ONT Sequencing

To validate the ONT approach, the TE abundance in the isogenic wild-type D. melanogaster and
D. simulans strains was evaluated using dnaPipeTE [11] and TEcount [33] for Illumina sequencing data,
and RepeatMasker for ONT assembled chromosomes (Figure 2). Overall, TE content (expressed as
genome percentage) was often higher when estimated using dnaPipeTE (Illumina data) (Wilcoxon
matched-pairs signed rank test; p = 0.0234) than with RepeatMasker (ONT assemblies) (Wilcoxon
matched-pairs signed rank test; p = 0.0156). This might be explained by the fact that unlike the
RepeatMasker TE database, dnaPipeTE is based on the de novo detection of TEs and the local assembly
of TE families, independently of a previously annotated reference genome, thus recovering the
maximum number of reads that correspond to known and unknown TEs. In agreement, the correlation
was higher between the results obtained with RepeatMasker (ONT data) and the results obtained with
TEcount, which is based on the read similarity against a curated database of known TEs [34] (r = 0.8921,
p < 0.0001), than with dnaPipeTE (r = 0.8504, p < 0.0001) (Figure 2, right panel). As previously reported,
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the LTR group was more abundant than the LINE and DNA transposon groups in all Drosophila
genomes (see [60] for a review).Cells 2020, 9, x 9 of 25 
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Figure 2. Estimation of the TE percentage in the D. melanogaster and D. simulans genomes (isogenic
wild-type strains). (a) Estimation of the TE percentage using RepeatMasker (ONT chromosome
assemblies), and dnaPipeTE or TEcount (Illumina reads). (b) Correlations between the estimates
obtained with the indicated methods.

3.4. Comparison of the TEI Sites Identified in the Isogenic Wild-Type Strains Using the Illumina and ONT Data

Before focusing on the results provided by the ONT approach, we first compared these data to
the classically used Illumina results based on discordant pairs of reads (method developed in the
laboratory, see Material and Methods). The number of TEI sites tended to be higher when using the
Illumina data than ONT data (Wilcoxon paired test, p-value = 0.023). This could be due to the presence
of false positives caused by PCR artefacts during the Illumina library preparation [18], and/or to the
fact that some TEIs might have been too short (fragmented or partially deleted) to be identified using
the assembled ONT data. Using the Illumina approach, TEI numbers were significantly lower in the
D. simulans than in the D. melanogaster strains (Wilcoxon test, p-value = 0.029), but not when using the
ONT data (Wilcoxon test, p-value = 0.343) (Figure 3). This may reflect a bias towards D. melanogaster
sequences in our TE reference file, and/or a long-term difference in TE dynamics between these
species [25,61]. Comparisons (chi-square tests) of TEI distributions across TE groups (DNA, LINE,
LTR) (see Table S3) showed that in D. simulans, the distributions obtained using both approaches
were similar. Conversely, in D. melanogaster, the TEI number for retrotransposons was significantly
higher relative to the other groups, when using the Illumina approach. This may be due to the higher
propensity of D. melanogaster retrotransposons to be involved in Illumina PCR chimeras [18] because of
their higher genome occupancy (Figure 2), and this difference may be amplified by the exponential
behavior of the PCR reaction.
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Figure 3. Insertion site numbers for each TE group and per chromosome, determined using Illumina
data (upper panels) or Oxford Nanopore Technology (ONT) chromosome assemblies (lower panels).

In the subsequent analyses, only TEIs identified using the ONT approach (i.e., the most reliable
set of recent insertions) were considered.

3.5. TEI Landscape in the Isogenic Wild-Type Strains

Using the ONT approach, the de novo genome assembly of each wild-type strain was compared
with the reference genome and the detected insertional structural variants were called global variants
(see Figure 1). These global variants correspond to the most recent TEIs. On average, there were 492
and 456 global variants in D. melanogaster and D. simulans, respectively (Table 2).

Table 2. Number of transposable elements insertions (TEIs) identified as global variants in the Oxford
Nanopore Technology (ONT) chromosome assemblies.

dmgoth63 dmgoth101 dmsj23 dmsj7 dsgoth613 dsgoth31 dssj27 dssj9

Total Insertion
Number 515 448 550 456 434 496 420 474

DNA transposons were the most abundant group in both species (188 and 215 copies, on average,
in D. melanogaster and D. simulans, respectively), and LTR retrotransposons the least abundant (147 and
117 copies, on average, in D. melanogaster and D. simulans, respectively). These results may seem
in contradiction with the previous data on genome occupancy. However, in this analysis only
recent insertions were considered. Moreover, as DNA transposons are in general smaller than LTR
retrotransposons, similar levels of genome occupancy correspond to higher copy numbers for DNA
transposons than for LTR retrotransposons.

Comparison of the locations of the insertions identified in the chromosome assemblies showed
that 22 global variants were present in all four D. melanogaster strains, and 23 in all four D. simulans
strains. These were mainly DNA transposons (n = 9 and n = 10, respectively). The number of shared
pairwise global variants was rather low, roughly 10% of all insertions in most comparisons (Figure 4a).
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D. simulans strains appeared equally distant in terms of insertion sites. Conversely, a geographical
structuring could be observed in the D melanogaster comparisons: strains from the same population
shared more insertion sites than strains from distinct populations.Cells 2020, 9, x 11 of 25 
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Figure 4. Global variant copy numbers in wild-type D melanogaster and D. simulans strains. (a) Number
of shared global variants among strains. The color scale (on the right of each panel) shows the distance
based on the number of pairwise shared insertions (indicated in black in the figure). Values in white
correspond to the total numbers of the identified insertions for the considered strains. (b) Mean TEI
numbers for the indicated TE groups computed in the wild-type D melanogaster and D. simulans strains
based on the ONT chromosome assemblies.
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The mean copy numbers for the different TE families were weakly correlated between
D. melanogaster and D. simulans (Figure 4b) (Spearman rho = 0.33, p-value = 1e-4, across 129 TE
families). Few families were found in the D. simulans strains but not in the D. melanogaster strains,
and vice versa. In D. melanogaster strains, the most abundant families were roo (mean copy
number: 24.00), jockey (mean copy number: 48.00), and pogo (mean copy number: 44.25), for LTR
retrotransposons, LINEs, and DNA elements, respectively. In D. simulans, they were roo (mean copy
number: 23.00), Cr1a (mean copy number: 18.50), and hobo (mean copy number: 70.50). In addition,
some TE families displayed different copy numbers across strains. For instance, the 297 family had
18 copies in dmgoth63, 6 in dmgoth101, 6 in dmsj23, and 5 in dmsj7. Such patterns are suggestive of
recent, independent activations, or even bursts of some families in specific strains, as suggested by in
situ hybridization studies in a large number of samples [62]. Kofler et al. (2015) studied TE patterns in
D. melanogaster and D. simulans field samples using Illumina pool-seq data [63]. By computing the
insertion frequencies for each family of a subset of 121 TE families, they established that LTR elements
were more frequent in D. melanogaster than in D. simulans populations, whereas DNA transposons
were more frequent in D. simulans samples. A similar trend was observed in the present work: 147 LTR
retrotransposon insertions in D. melanogaster and 117 in D. simulans (Wilcoxon test p-value = 0.343);
188 DNA transposon insertions in D. melanogaster and 215 in D. simulans (Wilcoxon test p-value = 0.029).

3.6. Comparison of TE Dynamics in Isogenic Wild-Type D. Melanogaster and D. Simulans Strains by Studying
TEI Sequences in ONT Assemblies

The major advantage of the ONT approach is its ability to retrieve whole TEI sequences, while short
read-based approaches only give access to TE insertion sites. First, the TEI sizes across strains were
compared by parsing the BLAST results at the insertion level and by computing the insertion
lengths (Figure 5a). The mean insertion lengths (i.e., fragment sizes) significantly varied among TE
groups (2-way ANOVA, p-value = 2e-81), but not between species (2-way ANOVA, p-value = 0.22).
LTR retrotransposons were the largest (mean size = 2692 bp), followed by LINEs (mean size = 1290 bp),
and DNA transposons (mean size = 1210 bp). The observed absence of difference between species in
these global variants differs from what was previously described. Indeed, for a subset of 15 families,
Lerat et al. found that TE copies were more internally deleted (i.e., shorter) in D. simulans than in
D. melanogaster [24]. However, analysis of these 15 families using our ONT data indicated that they
displayed, on average, longer fragment sizes compared with the other TE families in D. melanogaster
(Wilcoxon test, p-value = 8e-19), but not in D. simulans (Wilcoxon test, p-value = 0.34) [24]. This suggests
that Lerat et al. 2011 focused on TE families that have particularly large copies in D. melanogaster [24],
probably because they have been more studied in the past due to their easier analysis by in situ
hybridization on polytene chromosomes [7,25,64].

Then, the Refiner module of RepeatModeler (http://www.repeatmasker.org/RepeatModeler)
was used to compute the intra-family sequence divergence (average Kimura distance) (Figure 5b).
This measure is a proxy of the time passed since the last transposition wave(s). Overall,
these distributions were not significantly different between D. melanogaster and D. simulans and among
TE groups (2-way ANOVA; species effect, p-value = 0.151; group effect, p-value = 0.701), showing that
the TE recent dynamics are similar in these two species. However, in D. simulans, DNA transposons
displayed significantly higher intra-family divergence compared with LTR retrotransposons (Wilcoxon
test, p-value = 0.023). This suggests that among the most recent transposition events, DNA transposon
insertions occurred slightly less recently in D. simulans.

Kofler et al. 2015 assumed that population frequencies of TE insertions provide an estimator for the
insertion age. However, we find that their population frequencies were not correlated with our measures
of intra-family sequence divergence (Spearman correlation coefficients: −0.714 (p-value = 0.136)
and 0.116 (p-value = 0.827) for D. melanogaster and D. simulans, respectively). We think that
intra-family sequence divergence is a more direct estimate of the age of transposition events; however,
this discrepancy may also reflect differences in the origins of the sampled flies [61,64]. Alternatively,
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it may suggest that other factors influence insertion frequencies, besides the age since the initial
transposition burst. In addition, our analysis only included TEIs that are not found in the reference
genome, i.e., TEIs that result from transposition events more recent than the set-up of the actual
populations. Altogether, while the TE ancient dynamics are different between D. melanogaster and
D. simulans [60], the present results suggest that D. melanogaster and D. simulans TE landscapes are
rather similar when comparing only global variants (i.e., the subset of the most recent insertions).
As already proposed [25], this may reveal that the colonization of D. simulans genome by TEs has now
reached a state similar to that of D. melanogaster, although it started more recently.Cells 2020, 9, x 13 of 25 

 

 
Figure 5. Global variant sequence analysis in wild-type D. melanogaster and D. simulans strains. (a) 
Distributions of TE copy lengths (i.e., fragment size) in bp for all global variants across strains and TE 
groups. (b) Intra-family sequence divergence (average Kimura distance) computed per strain and per 
TE family. 

Then, the Refiner module of RepeatModeler (http://www.repeatmasker.org/RepeatModeler) 
was used to compute the intra-family sequence divergence (average Kimura distance) (Figure 5b). 
This measure is a proxy of the time passed since the last transposition wave(s). Overall, these 
distributions were not significantly different between D. melanogaster and D. simulans and among TE 
groups (2-way ANOVA; species effect, p-value = 0.151; group effect, p-value = 0.701), showing that 
the TE recent dynamics are similar in these two species. However, in D. simulans, DNA transposons 
displayed significantly higher intra-family divergence compared with LTR retrotransposons 
(Wilcoxon test, p-value = 0.023). This suggests that among the most recent transposition events, DNA 
transposon insertions occurred slightly less recently in D. simulans. 

Kofler et al. 2015 assumed that population frequencies of TE insertions provide an estimator for 
the insertion age. However, we find that their population frequencies were not correlated with our 
measures of intra-family sequence divergence (Spearman correlation coefficients: −0.714 (p-value = 
0.136) and 0.116 (p-value = 0.827) for D. melanogaster and D. simulans, respectively). We think that 
intra-family sequence divergence is a more direct estimate of the age of transposition events; 

0
50

00
10

00
0

15
00

0
20

00
0

0
50

00
10

00
0

15
00

0
20

00
0

DNA LINE LTR

dsgoth31
dsgoth613
dssj27
dssj9

D. melanogaster
a

b

D. simulans

DNA LINE LTR

dmgoth101
dmgoth63
dmsj23
dmsj7

n.s
n.s

n.s

n.s
n.s

*

di
ve

rg
en

ce
 x

10
2

TE
I f

ra
gm

en
t s

iz
es

 (b
p)

TE
I f

ra
gm

en
t s

iz
es

 (b
p)

di
ve

rg
en

ce
 x

10
2

0

1

2

3

DNA LINE LTR

0

1

2

3

DNA LINE LTR

D. melanogaster D. simulans

Figure 5. Global variant sequence analysis in wild-type D. melanogaster and D. simulans strains.
(a) Distributions of TE copy lengths (i.e., fragment size) in bp for all global variants across strains and
TE groups. (b) Intra-family sequence divergence (average Kimura distance) computed per strain and
per TE family.

3.7. piRNAs, piRNA Clusters and TEIs in Isogenic Wild-Type Strains

Another way to study TE dynamics is to understand the way the production of piRNAs is
linked to the TEI type and structure. Indeed, some relationships might exist between piRNA
abundance and the recent activity of TEs, estimated by the intra-family sequence divergence. Therefore,
piRNA production, TE length and intra-family sequence divergence were analyzed for each TE
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group and strain. This analysis highlighted a significant TE group effect: piRNA counts were
higher in retrotransposon families (LTR elements and LINEs) than in DNA transposon families
(p-value = 2e-9). Moreover, piRNA counts were significantly and positively correlated with genome
occupancy (p-value = 5e-7), which strongly depends on TE copy number (Figure 6a). The hypothesis
that TE copy numbers determine piRNA abundance was previously suggested in D. melanogaster [65,66]
and is confirmed here also for D. simulans. However, it should be noted that genome occupancy
accounts only for 6.2% of the total variation of piRNA counts, indicating that many other factors are
involved in TE control.Cells 2020, 9, x 15 of 25 
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Figure 6. piRNA analyses in wild-type D. melanogaster and D. simulans strains. (a) Normalized piRNA
counts (log10) relative to genome occupancy for all strains and the two species and linear regression
curve. Each dot is a TE family. (b) Results for the dmgoth63 and dsgoth31 strains are shown as
examples. Uniquely mapping piRNAs along ONT chromosome assemblies (black, normalized piRNA
counts). Global variants identified along ONT chromosome assemblies (gray). Red arrows indicate
flamenco (X chromosome) and 42AB (2R chromosome). Data for the other strains are provided in
Figure S2. The off-scale peaks might correspond to microRNAs that are absent from miRBase.

These observations are also in agreement with the idea that newly integrated copies become piRNA
producers [67], and that longer copies produce more piRNAs. It should be noted that retrotransposons
are on average longer than DNA transposons.
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As ONT assemblies also include piRNA cluster sequences, 42AB and flamenco (the two major
piRNA cluster producers in D. melanogaster) could be retrieved using their flanking genes (see Material
and Methods) [68] from each assembly. Alignment of the uniquely mapped piRNA sequences against
the assembly of each wild-type isogenic strain (Figure 6b and Figure S2, black lines) indicated that the
regions corresponding to 42AB and flamenco did not display any enrichment in global variant insertion
numbers (Figure 6b, gray lines). This indicates that recent TEIs are not specifically enriched in the two
major piRNA cluster producers in D. melanogaster and D. simulans strains. Therefore, the analysis of the
de novo assembled genomes to follow the piRNA cluster dynamics in these isogenic wild-type strains
did not highlight the previously reported high TEI insertion rate within piRNA clusters [26,50,69,70].
Our data suggests the number of recent TEIs fixed in these piRNA clusters is not different compared
with anywhere else in the genome. This discrepancy could be explained by the high frequency of
deletions (from several base pairs up to several kilobases) that seems to occur in these regions and that
affect ancient TEs, which remain as vestiges in these loci, and also recently inserted TEs [50].

3.8. Recent TEIs May Not Be Frequent Enough to Be Incorporated in the Assembled Genomes

To challenge the ONT assembly approach, a bioinformatic analysis was performed to identify
recent LTR TEIs that occurred during the last 73 generations (G73) in the unstable Piwi KD line
(Materials and Methods and [28]). As a control, to estimate the basal transposition rate when TEs
are normally repressed by the functional piRNA pathway, the genome of the hundredth generation
(called G0-F100) after establishment of the stable G0 isofemale line was also sequenced. Using the
pipeline for detection of global variants (Figure 1), no new ZAM insertion could be detected in the
G73 assembled genome compared with the G0 reference genome. This is not consistent with previous
data obtained by PCR quantification of the ZAM copy number [28]. Therefore, in situ hybridization
analysis was performed to determine whether de novo ZAM insertions were present on polytene
chromosomes of G73 male larvae (Figure 7a and Figure S3). This analysis confirmed the presence of
the two preexisting ZAM insertions identified on chromosome 2R as global variants in the G0 de novo
assembly (compared with the Dmel_R6.23 reference genome). These two insertions were also detected
in all three G73 larvae analyzed, as well as many other ZAM signals that were not observed in the
G0 samples (Figure 7a and Figure S3). As each of these many G73-specific new ZAM insertions was
present in a single larva, they were not incorporated in the G73 de novo assembled genome due to
their low frequency, and therefore could not be detected as global variants. Based on the G0 assembled
genome, the sequences of the two shared ZAM detected by FISH on chromosome 2R could be accessed.
One contained the full length canonical ZAM consensus sequence, while the other displayed an internal
deletion (Figure 7b).

3.9. A Long Read-Based Pipeline to Detect Low Frequency TEI Polymorphisms

To determine whether ONT can be used to detect TEIs with a frequency not high enough to be
recovered in the assembled haplotype, an approach to identify “minor insertional variants” (MIV) was
developed (Material and Methods, paragraph 2.9, and Figure 1 (gray)). Minimap2 was used to map
each individual long read to the corresponding assembled genome, and Sniffles to obtain the list of
variants that had been neglected during the assembling process. Some of the sequences identified as
MIVs matched to the 60 canonical LTR TE consensus sequences (Materials and Methods).

As expected, very few LTR MIVs were detected in the G0-F100 “stable line”. Only copia and roo,
which have high transposition rates [71], exhibited more than four variants (14 and 22, respectively)
among the 51 LTR MIVs detected (Figure 7c). Also in the G73 line, copia and roo were among the more
active LTR families (35 and 48 LTR MIVs among the 274 LTR MIVs detected) (Figure 7c). However,
two other LTR families, ZAM and gtwin (51 and 93 LTR MIVs, respectively), showed a 50-fold increase
in G73 compared with G0-F100, which is more than an order of magnitude higher than what observed
for any other LTR family.
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Figure 7. Characterization of the Long-Terminal Repeat minor insertion variant (LTR MIV) in the stable
(G0) and unstable (G73) lines. (a) ZAM copies visualized by fluorescent in situ hybridization in G0
(left) and G73 (right) polytene chromosomes. The two global variants correspond to non-reference
ZAM copies present in G0 and G73 (asterisks in the zoomed images). Arrowheads show the new ZAM
insertions in G73. More examples are presented in Figure S3. (b) Dot plot of the sequence comparison
between the ZAM sequences accessed from the de novo assembled G0 genome and the ZAM consensus
sequence. (c) Heat map of the LTR MIV detected in the G0-F100 (stable) and G73 (unstable) libraries.
(d) Histograms showing the number of reads supporting each LTR MIV. (e) Sequence logo of TSD
defined using the LTR MIV automatic detection procedure. (f) the ZAM TSM motif defined using the
automatic and manual LTR MIV detection procedures.
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The next question was to determine whether the 274 LTR MIVs, present at low frequency in G73,
had occurred after the establishment of the isofemale line. Indeed, such insertions could have been
already present in G0 at high frequency (and therefore, could have been incorporated in the G0 but
not in the G73 assembled genome) or at low frequency (and, therefore, detectable only as MIVs in
G0). The first hypothesis was ruled out by comparing global deletions in G73 and G0. Very few G0
insertions were lost in the G73 assembly and they all belonged to five LTR families (mdg3, Transpac,
3S18, blood, and driver) that did not show a large MIV increase in G73 (data not shown). The total
absence of LTR MIVs in G0 was not in favor of the second hypothesis.

As a large fraction of the 274 LTR MIVs in G73 were supported by a single read (Figure 7d), the next
step was to check whether they were bona fide insertions by looking for insertional hallmarks, such as
the target site duplications (TSDs) that occur upon integration as a result of staggered double-strand
breaks at this site [72]. Flanking duplications were first detected automatically for each of the top six
LTR families (mdg3, blood, copia, roo, ZAM, and gtwin) by aligning the two 30nt-long sequences that
flank each putative LTR MIV extracted from the read supporting the variant. This analysis showed
that depending on the LTR family, 30–80% of MIVs were flanked by a short duplication of the expected
size (4 or 5 nt) (Table 3) [52]. The TSD consensus sequences identified are presented in Figure 7e.

Table 3. Target site duplication (TSD) flanking Long-Terminal Repeat minor insertion variants (LTR
MIVs) in the G73 line.

LTR Family

gtwin roo ZAM copia Blood mdg3

Total LTR MIV detected (n) 93 48 51 35 10 10
TSD automatic detection (n) 66 15 25 11 8 5
TSD automatic detection (%) 71 31 49 31 80 50
Additional TSD manually detected (n) NA NA 23 NA NA NA

The failure to automatically detect a TSD for the other LTR MIVs could be due to the frequent
sequencing errors, a known ONT drawback. When located in the genome-LTR junction region,
such errors, which may include several nt-long indels, could impair the automatic detection of the
expected TSD, as shown in Figure S4 for the manual inspection of the 2R-33863 putative ZAM insertion.
Even when junctions are correctly determined, a simple sequencing error in one of the duplicated
sequences might prevent their perfect matching. However, it was possible to correct the errors present
in these single reads by aligning them with the empty genomic target present on the assembled genome
(see, Figure S4). Using this method to manually inspect the sequence of all 51 ZAM variant reads,
48 bona fide insertions were identified, as judged by the presence of the expected 4-nt TSD included in
a palindromic GC-rich 6-nt target site motif (TSM) (Figure 7f) [52,55].

Therefore, despite ONT low sequencing accuracy, LTR MIVs could be detected with high sensitivity
(insertions present in a population at a frequency <1%, because detected as single reads in a 197x
average coverage library) and specificity (FDR of 3/51 = 6%).

3.10. Invading LTR Elements Are Not Preferentially Trapped by piRNA Clusters

It is widely assumed that a TE invasion is stopped when a member of the TE family jumps into a
piRNA cluster that then triggers the production of piRNAs to repress this TE family (i.e., trap model) [27].
Long-read sequencing data allowed determining whether new insertions accumulated in major piRNA
source loci during the 73 generations of LTR TE derepression. Comparison of the 42 major piRNA
clusters after their localization in the G0 and G73 assemblies (Table S4) did not highlight any new
TEI into any of these piRNA clusters in the G73 assembled genome. However, new insertions that
occurred during the 73 generations of piRNA pathway impairment could still segregate as MIVs in the
G73 population. Indeed, among the 274 LTR MIVs present in G73, 6.57% (n = 18) were located within
the 42 major piRNA producers (Figure 8). However, this proportion was very similar to that of the
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piRNA cluster size relative to the total de novo assembled genome size (7.36%). Therefore, unlike what
expected in the trap model, LTR retrotransposons do not seem to have preferentially accumulated in
piRNA clusters during the 73 generations of transposition burst. Specifically, assuming a binomial law
with n = 274 and p = 0.0736 and using a one-tailed test, more than 29 insertions (and not the 18 detected)
belonging to many different TE families would have been necessary to validate the hypothesis that
piRNA clusters are TE trappers (5% probability threshold).
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Figure 8. Heat map of the LTR MIVs inserted in piRNA clusters and detected in the G0-F100 and
G73 lines.

More than 50% of the LTR MIVs located in piRNA clusters belonged to the gtwin family, suggesting
that this family inserts preferentially into piRNA clusters. Indeed, among the 93 gtwin MIVs, 11 (11.8%)
were found in piRNA clusters, which is very close to the minimal number (n = 12) required to
reject the null hypothesis of random insertion in the genome (binomial law with n = 93, p = 0.0736,
and 5% probability threshold). More data on de novo gtwin mobilization are needed to confirm their
preferential integration in piRNA clusters during a transposition burst and to support the trap model
for this TE family.
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4. Conclusions

Our work demonstrates that long reads are crucial in order to finely describe TE landscapes at
the intra-genome scale. Using isogenic wild-type strains and an unstable line with a succession of
transposition bursts, we could characterize the most common TE variants in different strains and
identify TE minor variants observed soon after transposition. The parallel analysis of two close
species (D. melanogaster and D. simulans) and two genetic backgrounds allowed us to show that overall,
TE recent dynamics are quite similar between species and among strains. However, there is still some
strain specificity concerning the identity of the most recently active TE families. ONT is also a powerful
tool to investigate the dynamics of piRNA clusters, which are in general inaccessible using short-read
sequencing methods. We show here that recent TEIs are not enriched in piRNA clusters, despite recent
bursts of TE transposition. Moreover, ONT allows detecting very recent TEIs that are sequenced as
singleton reads.
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and G73, Figure S4: Alignments of the 2R-33863 insertion variant to the ZAM consensus sequence. Table S1:
Statistics about sequencing data. All lengths are expressed in bases. Quality is expressed in standard Phred
scale, Table S2: Genome size estimations using different methods, Table S3: Comparison of TEI distributions
across TE groups using chi-square tests, Table S4: piRNA cluster coordinates based on flanking genes in de novo
assembled genomes.
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Chapter 3

Linearisation of the genome graph

In this chapter, I explain the process to built a set of tools for genome graph analysis.
This work allowed to investigate different context of pangenomes and how genome graphs
were built. Through bibliography research and after discussions with biologists, I decided
to come up with the idea to linearize the genome graph while maintaining a way to
trace back the coordinate of the graph for further investigation. This strategy allows to
take advantages not only well-developed tools for linear reference genome but also the
superiority of genome graph.

To fulfill the purpose of this chapter, during the 2nd year of my PhD, I self-taught
programming in Julia and learned the optimization process with my collaborators from
N2TP Technology Solutions JSC., in Vietnam. Moreover, I gained experience in
maintaining packages to keep up with the improvement of Julia programming languages.
I studied graph theory and practice graph problems by myself so that I have the ability
to raise ideas and implement the development for my tools and packages.

The manuscript for this works is in preparation to be submitted on OUP Bioinformatics
as an Original Paper before the end of August, 2022. The content in preparation at the
time of submission (13th of July, 2022) is documented at the end of this chapter.

3.1 Context

Currently the 3 main common pipelines to build a pangenome graph are: vg [47],
minigraph [48] and minigraph-cactus
(https://github.com/ComparativeGenomicsToolkit/cactus) pipelines. On one hand, vg
constructs the graph by incorporating variant information from a VCF file into a
reference genome. On the other hand, minigraph and minigraph-cactus pipeline share
the same mechanism of incrementally collapsing common genome fragments to a
reference or a graph, then creating bubbles for uncollapsed parts. The difference between
minigraph and minigraph-cactus is that in minigraph-cactus, fragments of the selected
reference genome will not be collapsed against itself.

Each construction method provides different types of graph owning specific
advantages and limitations. For instance, vg graph has the ability to store variants at
very high resolution up to the SNP, however, it is not always feasible to obtain adequate
quality VCF from sequencing data or presenting large SV. Alternatively, minigraph and
minigraph-cactus only requires FASTA input and are quite efficient for large SV, but
they need a stable reference sequence to construct the genome graph and only record
variants having size above 100 bases. At the moment, there are very few efforts to
consolidate the graph genome coming from the 3 pipelines. In the latest publication of
the Human Pangenome Project, the researchers thus released all 3 versions of the human
genome graph corresponding to 3 pipelines [49].
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As genome graph construction methods is still in development, the tools working on
genome graph analysis are in high demand. However, there are still many obstacles, such
as a consolidate coordinate system, to work through the graph, and most of the studies
consider only high-coverage sequencing data. Therefore, I develop tools and packages to
satisfy the following purposes: to identify DNA fragment from one individual to another
individual; to take advantages of well-developed tools in linear reference genome while
maintaining the use of genome graph; to benefit from genome graph for low-coverage
data.

3.2 Strategies

For genome graph constructing methods, I started with the ”easiest” way to obtain
a graph from minigraph, as only FASTA file is required. For the example on Asian rice
genome, I used the common reference Oryza sativa ssp Japonica cv Nipponbare [74] as the
first template, and then 12 platinum rice genomes from main subgroups of Asian rice [75]
to build the graph. I add these 12 genomes in an iterative mode based on their proximity
to Nipponbare through a Mash [76] analysis. The output of minigraph is a file in rGFA
format containing 2 lines: an S-line of each stable segment (nodes) in the graph that can
act as a coordinate system and an L-line representing the linkage (edge) among stable
segments.

To answer the first purpose of finding the position of a DNA fragment from one
individual to another, it is necessary to know which individual possesses which part of
the graph. On previous versions of minigraph, it was not possible to directly obtain the
path of each individual, therefore, I remapped the sequences of the 13 genomes against
the graph to yield a mapping result in GAF format. I developed then PARROT
(PAngenome gRaph Related Output Transmutator) tool
(https://github.com/nguyetdang/PARROT) to handle this question among others.
PARROT will read the mapping line of GAF output from each genome and count the
number of copy for each stable segments. The output of PARROT is a matrix indicating
presence/absence status of each stable segments in each individual in the genome graph
(see Figure 3.1)

Figure 3.1: Input (GAF) and output (PAV) of PARROT. The GAF file is
obtained from minigraph by mapping individual genomes against the graph and the
presence/absence matrix file can be obtained after processing with PARROT.

With the current output, it is thus possible to know if a stable segment is available
in which individuals. In order to know the exact original position, it required to trace
back the position of each stable segment in each individuals from the mapping data. This
feature will be incorporated in the next updates of PARROT.
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For the second purpose, to take advantages of well-developed tools for linear reference
genome, my idea was to extract the longest representative path from the graph and used
it as a pseudo-reference. This artificial genome contains the segments appeared in the
highest number of individuals forming the graph. When I looked at the technical aspect,
the input file is in rGFA format built from the whole genome sequencing of 13 individuals,
each harboring 12 chromosomes plus sometimes mitochondria and chloroplast sequences.
Then, there might not be one single graph inside the rGFA file. Indeed, there might be
multiple forms such as lone node, cycle, simple graph or graph with internal cycle (see
Figure 3.2).

Figure 3.2: Possible types of graph documented in rGFA format. Each dot
represents the node in the graph, equivalent to DNA fragment. Each edge depict the
connection between the node. The DNA fragment within each dot can be in forward and
reverse directions, hence, yield a bidirected genome graph.

I decided to separate the graphs stored in rGFA into single components, and then
for each simple graph, I find the longest representative path. I performed test on the
cycle inside a graph for longest path extraction purpose. However, the algorithm was
not optimized and it took a lot of time to run. Hence, I decided not to optimize the
cycle problem at the moment. BioGraph.jl find source and sink nodes from the graph
and classify them in 3 cases: lone node (without any linkage), lone cycle (without source
vertices or sink vertices) and simple graph for remaining cases.

For the longest path extraction the way I defined it, I want to extract the longest linear
path containing stable segments appearing in as many individuals as possible. Therefore,
based on the presence/absence matrix it obtained from the graph, PARROT also computes
the weight value for each segment by counting the number of individuals for each segment
and to provide an array. BioGraph.jl (https://github.com/nguyetdang/BioGraph.jl) will
take this array and incorporate it into the graph result from rGFA: hence, we have a
weighted graph object. BioGraph.jl identified the source and sink nodes in each simple
graph and run through all the possibilities between a source node and a sink node, and
then find out the path having the highest weight value. The detailed algorithms for
component extractions and longest path identification are documented in the manuscript.
It is noticeable here that PARROT only provides a array for weight values based on the
number of individual owning a segment. However, BioGraph.jl accepts other arrays from
user as well.

Then, I developed the tools and package them. Eventually, I applied the mentioned
strategies on development and perform it on the collection of 13 Asian rice genomes.
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In this current report, the results were obtained by using minigraph v.0.15. This
version did not have the base calling feature added on April 20th, 2022, and was
reported to produce wrong result for complex cases by Heng Li during our discussion at
the International Graph Genome Conference 2022 in July and on his personal github
(https://github.com/lh3/minigraph). Further updates of minigraph was released the
following months till the current latest version is minigraph v.0.19 released on June 12th.
We will rerun thus the graph construction, genome graph analysis, and longest
representative linear path extraction and report the new correct results in the thesis
defense and in the submitted manuscript.

3.3 Conclusion

With my colleagues, we have developed the first set of tools to linearize a pangenome
at the scale of higher eukaryotes genomes. The linearized sequence can be implement as a
”reference” genome in many genomic analysis: diversity, GWAS, precision medicine and
so on. It contains additional information comparing to a reference genome since it can
incorporate sequences of other individuals used to generate the graph.

The tools PARROT and BioGraph.jl allows to generate the longest linear path based
on different criteria, the number of base pairs per node or the number of individual having
the considered segment. Users can come up with other formula to set the weight value
in order to extract the path that are able to answer their biological questions. The full
potential of the linearisation idea nevertheless has not yet been fully discovered. In term
of performance, PARROT and BioGraph.jl showed the ability to work with graph having
nearly hundred thousand nodes under a short time. To be specific, PARROT generates
presence/absence matrix and calculate weight value from a graph of approximately 250,000
nodes and 350,000 edges in 4 hours while BioGraph.jl can find the longest path based on
the weight in less than 5 minutes on a computer of 8 core and 16 GB in memory. We will
continually to work to improve the run time of PARROT.

We showed a working example of the tools on Asian rice genome and we obtain a new
linear genome having approximately 100 Mbp longer than the current reference (with the
minigraph erroneous version, however). It is still necessary to evaluate the use of this
reference comparing to the currently used Nipponbare reference genome.

3.4 Perspectives

In term of development, for PARROT, we will optimize the workflow to obtain the
coordinate of each stable segment in each invidividual. For BioGraph.jl, we will continue
to tackle the problem with cycles inside the graph and expand the package to work with
more input format such as vg graph.

3.5 Personal implication

I designed the whole working pipelines between minigraph, PARROT and BioGraph.jl
with the advices from my supervisor Francois SABOT.

For PARROT, I designed the features and performed the development of the tools in
Python. I am also responsible for maintaining the tools.

For BioGraph.jl, I also designed the features and requirements for each features. I also
received some recommendation and request from Francois and his colleagues to optimize
my workflow. Together with Tuan Do, my collaborator, we performed the programming
and maintaining of the package on Julia. We are taking care of the github that hosting
BioGraph.jl.
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I performed the test on each tool/package and I ran analysis for the whole pipelines
and keep it in Jupyter Notebook. With Francois, we tested different scenario to run the
tools and reproduce our work on different machines.

The manuscript was written by all the 3 authors.

3.6 Scientific impacts on my PhD work

This research work provides two research tools that are able to work with genome
graph in rGFA format with an example on Asian rice genome. PARROT and BioGraph.jl
provides the ability to work with graph genome in different aspects: genome analysis (as
in Asian rice example), or visualization with panache [77] through the PAV matrix.

Furthermore, this research work provides the research tools and materials for the
next objectives of my PhD: a genome graph of high quality Asian rice genomes, a linear
representative path usable for structural inference purposes.
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1 Introduction
The reference genome of each species often serves as a coordination

system to describe genes, variations, and other functional annotations
across individuals [1]. The advancement of sequencing technologies in
the last two decades continually helps to fill the gaps and correcting errors
within these references over time [6]. However, these efforts are still not
sufficient to represent the whole scenery of sequence diversity within a
species. For instance, the current human reference genome did not include
approximately 10% of the DNA found in the African pan-genome [11]; or
41.6% of trait-associated single nucleotide polymorphisms (SNPs) could
not be found in the reference genome of Oryza sativa.

To overcome the limitation, pangenome analysis approach provides
the basis to investigate the entire genomic content in a studied population
by incorporating multiple genomes in its working pipeline. The concept
has been widely applied in bacteria [12? ], eukaryote, and even complex
genomes such as human [8] and plants [13, 10]. Different approaches exist
to create a pangenome, but whatever one is selected, the results contain core
sequences common among (almost) all individuals, and the dispensable
counterparts shared by some individuals. Therefore, the complexity of
a pangenome required a data format for its storage, documentation and
manipulation.

The most trending idea is to represent the pangenome in a graph-
based format, in which identical or similar sequences between genomes
are merged into a single representative sequence, or node. This concept
can be exemplified for instance by alternative loci depiction in the human
reference GRCh38 [5]. However, the adaptation of this graph-based
representation into research has been slow due to a lack of tools to deal with

genomic data in such format. Currently, the two most common methods
to process pangenome graph data are the variation graph, personnified
in vg [4], odgi [3] and related tools, and the pangenome graph, with
minigraph [7] as the main tool. In details, vg variation graphs are bidirected
DNA sequence graphs that combine genetic variations across a population,
while minigraph works with data model generated by incrementally
incorporating whole genome-to-graph-alignment information. While the
former can have a nucleotide resolution, the latter is much more adapted to
large structural variations detection. Nevertheless, the software ecosystem
to deal with such data structure, while evolving, is not comparable to the
standard reference-based one, and is not implemented in an every day basis
in biology labs.

In this paper, we propose an approach to extract the linear
representative path, which is later usable for standard available genomics
tools, from a pangenome rGFA graph built with minigraph, without losing
information from the pangenome graph. We demonstrate a procedure
from graph generation, from linear representative path extraction to
visualization. Our implementations (https://github.com/nguyetdang/AsianRiceGenomeGraph)
with PARROT (https://github.com/nguyetdang/PARROT) and BioGraph.jl
(https://github.com/nguyetdang/BioGraph.jl) can achieve the whole
analysis of a population consisting 12 almost gap-free reference genomes
sequences of 12 subpopulations of cultivated Asian rice and the
Nipponbare reference [6] within 12 hours.

© The Author 2022. Published by Oxford University Press. All rights reserved. For permissions, please e-mail: journals.permissions@oup.com 1
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Fig. 1. A. The longest representative path (in red) is the path for which most of the individual
paths exist at each node. B. A presence/absence (PAV) matrix can be extracted, providing
the genotype for each individual (colored lines) for each node of the original graph.

2 Approach

2.1 Definition of the longest representative path

In the rGFA format output of minigraph, stable sequences (common
regions between individuals) are defined and act as a coordinate system.
We define the longest representative path in the genome graph as the
path containing the stable sequences appearing in the highest number of
individuals (Figure 1A). Therefore, the weight value of each node equals
the number of individuals harboring the sequences. In order to obtain
those values, each individual in the population is remapped against the
pre-computed graph. Then, PARROT uses the mapping result as input
to count the number of individuals having a considered stable segment.
Eventually, a presence/absence matrix and a tabular file of the weighted
value is obtained (Figure 1B). These output is required for BioGraph.jl
and usable for further analyses. The whole working pipelines is depicted
in Figure 2.

2.2 Graph component extraction

Considering the directed graph rGFA from the rGFA input file,
we define the set N - set of all vertices that have outgoing edges and
set N ′ - set of all vertices that have incoming edges. Using the set
operators, we can find the set S - set of all source vertices (the vertices
only have outgoing edges) and the set S′ - set of all sink vertices
(the vertices only have incoming edges). We can now extract weakly
connected components (a subgraph of the original graph where all vertices
are connected by some path, ignoring the direction of edges) using
weakly_connected_components function of package Graph.jl [2]. We
classify these subgraphes into three categories based on the number of their
vertices, source vertices, and sink vertices as follows, using the algorithm
(1):

• Lone Node: only have one vertices
• Lone Cycle: has no source vertices or sink vertices (because sink

vertices and source vertices of a cycle is the same)

Fig. 2. Main workflow for PARROT/BioGraph.jl analysis.

• Simple Graph: others subgraph inducted from GFA

Algorithm 1: Graph Components of GFA
Result: Graph Components of GFA
init GFA input GFA

init the start_nodes
init the end_nodes
Find all source_nodes
Find all sink_nodes
Find all weakly connected components g_com of rGFA
for com in g_com do

if length(com) = 1 then
Classify as Lone Node

else
Make sub graph inducted from rGFA
Find sub graph sg_source_nodes and sg_sink_nodes
if sg_source_node = [] or sg_sink_nodes = [] then

Classify as Lone Cycle

else
Classify as Simple Graph

return g_com with classification

2.3 Extract the linear representative path with BioGraph

Consider a simple directed sub-graph inducted from GFA graph G =

(V,E) with set of vertices V and set of edges E. The number of vertices
and edges are denoted by nv and ne, respectively. We have to find the
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longest path from one vertex in set S1 - set of all source vertices to one
vertex in set S2 - set of all sink vertices. As we need to consider the weight
of the last node in the longest path, it is more convenient to add an end
vertex to graph G, and one of these sink vertices must link to that end
vertex. The new graph G′ = (V ′, E′) now have nv + 1 vertices and
ne + 1 edges. The adjacency matrix of graph G′ will be:

A =




a1,1 a1,2 . . . . . . a1,nv a1,nv+1

a2,1 a2,2 . . . . . . a2,nv a2,nv+1

...
...

. . .
. . .

...
...

...
...

. . .
. . .

...
...

anv,1 anv,2 . . . . . . anv,nv anv,nv+1

anv+1,1 anv+1,2 . . . . . . anv+1,nv anv+1,nv+1




And the corresponding weight matrix of graph G′:

W =




w1,1 w1,2 . . . . . . w1,nv w1,nv+1

w2,1 w2,2 . . . . . . w2,nv w2,nv+1

...
...

. . .
. . .

...
...

...
...

. . .
. . .

...
...

wnv,1 wnv,2 . . . . . . wnv,nv wnv,nv+1

wnv+1,1 wnv+1,2 . . . . . . wnv+1,nv wnv+1,nv+1




where wi,j is equal to the weight of vertex i of graph G. We can
construct a Linear Programming model of longest path problem as follow:

find A (1)

maximize
∑

ai,jwi,j (2)

subject to ai,j = 0 if ai,j /∈ E (3)

aij = 0 or 1 if ai,j ∈ E (4)
∑

i∈S1

∑

j /∈S1
ai,j = 1 (5)

∑

i/∈S2

∑

j∈S2
ai,j = 1 (6)

∑

i∈S2
ai,nv+1 = 1 (7)

∑

i/∈S1
ai,j ≤ 1 for all j /∈ S1 ∪ nv+1 (8)

∑

i/∈S1
ai,j −

∑

k/∈S1
aj,k = 0 for all j /∈ S1 ∪ nv+1 (9)

As in the LP model above, the decision variable needs to binary with
the following constraints:

• Equations 3 and 4 state that the edges in the longest path must exist in
the edge of graph G

• Equation 5 states that only one edge is outgoing from the set of source
vertices S1

• Equations 6 and 7 state that only one edge is incoming to the set of
sink vertices S2

• Equation 8 states that there is at most one incoming edge for all vertex
j /∈ S1 ∪ nv+1

• Equation 9 states that if there is an incoming edge, there would be an
outgoing edge for all vertex j /∈ S1 ∪ nv+1

In most cases, solving this LP model will give an optimal solution
for the longest path problem. However, additional feasible solutions for
complex graphs will consist of one path and some other cycles. To eliminate
these cycles, the sum of the edges in a cycle of length n must be at most
n − 1. That means we need to add the following constraints to the LP
model:

∑

i∈C

∑

j∈C
ai,j ≤ length(C)− 1 for all C ∈ C (10)

where C is set of all cycles of G. The LP model now has only simple
paths as a feasible solution, and the optimal solution will be the longest
path. However, finding all cycles in a graph is also an NP-hard problem.
That means, with the growth of graph complexity, finding all cycles in a
graph becomes more time and computing-intensive. For faster and more
reliable implementation, we use the iterative method as in algorithm (2).

Algorithm 2: Iterative Method for Longest Path Problem
Result: Optimal solution for Longest Path Problem
init has_cycle = true;
init cycle_constraints = [];
init LP problem;
while has_cycle do

Solve LP problem;
Make sub-graph Gopt of G from LP optimal solution ;
Find all cycles of Gopt all_cycles ;
if length(all_cycles)>0 then

for cycle in all_cycles do
Add constraint 10 of cycle to cycle_constraints;

reinit LP problem;
else

has_cycle = false;
return Gopt;

Making optimal solution from Gopt;

Because the sub-graph Gopt in each iteration has only one simple path
and cycles, finding the all cycles of Gopt can be done easily using
simplecycles function of package Graph.jl [2]. The constraints defined
in 10 will be larger at the end of each iteration, allowing the LP model to
give an optimal solution in a reasonable time.

3 Materials and Methods

3.1 Data

We take advantage of the availability of the 12 platinum genomes
corresponding to the 12 major subgroups of the Asian cultivated rice
Oryza sativa assembled at the chromosome-scale [13]. We also obtain
the sequence of Oryza sativa Nipopnbare reference genome [6] to use as
the initial genome of the graph. The details of each sample can be retrieved
at Supplementary Data 1.

3.2 Generation of rice genomes graph

After computing the genetic distance between each genomes using
MASH v2.3 [9] under standard conditions, we implemented the rice
pangenome graph with minigraph v0.15 [7] with as base the Nipponbare
genome, then adding genomes based on the proximity of mash distance
(Supplementary Data 2).
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3.3 Identification of variation within graph

Structure variants in the genome graph was extracted by feature bubble
from minigraph. This feature provide the position and FASTA sequences
of segments presence in bubbles inside the graph.

3.4 Graph components identification

All graph basic statistics and components from the graph were obtained
using the GFAtools suite 0.5 [7]. Lone nodes, lone cycles and simple graph
within the rGFA file were classified using find_graph_component function
in BioGraph.jl. Further information about the graph and its component
such as source nodes, sink nodes can be obtained by method get_summary.

3.5 Longest path extraction

To calculate the weight value for the extraction of longest linear
representative path, the genomes of 12 Asian rice subgroups were re-
map against the constructed genome graph. In the same time, a BED file
containing coordinate of each stable segment in the graph was built by
gfatools. The mapping result in GAF format and the BED file having the
coordinate is used by PARROT to calculate the presence/absence matrix.
Then, PARROT count the number of individuals having each segment as
the corresponding weight value and write an tabular output.

BioGraph.jl receives the weight value in tabular output and the rGFA
file as input to extract the longest representative linear path. It returned a
FASTA file, a BED file having the coordinate of each stable segment in the
FASTA sequence and an array showing how each sequence was connected
and its direction. The linear representative graph and the presence/absence
matrix are the input for PANACHE [14] to visualize the pangenome in an
interactive mode.

3.6 Data availability

The whole approach is available through a Jupyter book at
https://github.com/nguyetdang/AsianRiceGenomeGraph.

4 Results and Discussion

4.1 Analysis of the rice genome graph

A genome graph built on the Oryza sativa Nipponbare reference and
12 platinum genomes of major subgroups in Asian rice was obtained in
rGFA format. In this graph, there are 252540 nodes, 357504 edges and
715008 arcs present in the graph. The total segment length is reported to
be 549 Mbp with an average segment length of 2173.833 bp. The max
degree of the graph is 10, indicating that there is at least a position that
unique in for each of 10 individuals or there is at least a locus having 10
alleles. The average degree is 1.416. BioGraph.jl indicates that there are
509 simple graphs and 45 lone nodes. These 45 lone nodes are sequences
appeared in only a single individual of the study population.

4.2 Analysis of the longest path

To extract the longest linear representative path, we define the weight
value for each segment/node as the number of individuals contain this
segments. BioGraph.jl then use these weighted value to calculate the
longest path for each of the 509 simple graphs classified in previous part.
The final FASTA file obtained for the longest path containing 413 Mbp,
which is longer than the Nipponbare reference of 362 Mbp.

To be specific, PARROT generates presence/absence matrix and
calculate weight value from a graph of approximately 250,000 nodes and
350,000 edges in 4 hours while BioGraph.jl can find the longest path based
on the weight in less than 5 minutes on a computer of 8 core and 16 GB
in memory. Compare to other tool, gfatk (https://github.com/tolkit/gfatk),
a plant organellar graphical fragment assembly toolkit, has an option to

Fig. 3. Visualization of pangenome of Asian rice based on the most representative path -
Example of 2 individuals

linearize mitochondria genome. However, it is indicated by the author that
the tool is optimized only for small genome (up to 2 Mbp in size). In case
of BioGraph.jl, it is possible to work with genome graphs of thousands
nodes and longer genome size. The representative linear path extracted by
BioGraph.jl and the presence/absence matrix built by PARROT then can
be used as input for the pangenome visualization with PANACHE [14] as
seen in Figure 3.

4.3 Limitations

At the moment, BioGraph.jl only works with rGFA output, which mean
the tools only consider the S and L lines. BioGraph.jl might be suitable
for genome graph documented in GFA1 format. In order to work with
GFA2, it requires further development. In addition, Biograph.jl does not
provide optimal solutions while working with internal cycles inside the
graph. This issue will be addressed in the next issue of BioGraph.jl. In
case of PARROT, since the output was written line by line, it is necessary
to improve the run time of the tool.

5 Conclusion
In this paper, we described the first tool to our knowledge able to

linearize a pangenome at the scale of higher eukaryotes genomes, based
on either the longest or the most prevalent path. Such linearized pangenome
sequence can then be implemented as a "reference" genome in many
genomic analyses: diversity, GWAS, precision medicine, and so on. While
our algorithm is really efficient, we still has minor issues with bubbles
introduced in the graph creation. Our future development will tend to
optimize such resolution, as well as to optimize the computational time
and the data type input (in particular other graph formats such as from vg
graph).
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Supplementary Table 1: Information of Asian rice subgroups
used in the study



Variety Name Genetic Stock ID Country Origin 15 subpops Assembly ID Total sequence length Gaps between scaffolds Number of scaffolds Scaffold N50 Contig N50
CHAO MEO::IRGC 80273-1 IRGC 132278 Lao PDR GJ-subtrp GCA_009831315.1 383,243,376 43 124 11,025,322 11,025,322
Azucena I1A41685 Philippines GJ-trop1 GCA_009830595.1 381,570,127 16 53 22,940,949 22,940,949
KETAN NANGKA::IRGC 19961-2 IRGC 128077 Indonesia GJ-trop2 GCA_009831275.1 382,007,384 9 34 22,679,302 22,679,302
ARC 10497::IRGC 12485-1 IRGC 117425 India cB GCA_009831255.1 380,354,188 28 69 17,921,520 17,921,520
IR 64 I1A42114 Philippines XI-1B1 GCA_009914875.1 387,483,803 91 112 7,352,909 7,352,909
PR 106::IRGC 53418-1 IRGC 127742 India XI-1B2 GCA_009831045.1 394,601,903 4 44 26,007,178 26,007,178
LIMA::IRGC 81487-1 IRGC 127564 Indonesia XI-3A GCA_009829395.1 405,399,143 5 98 27,206,337 27,206,337
KHAO YAI GUANG::IRGC 65972-1 IRGC 127518 Thailand XI-3B1 GCA_009831295.1 399,249,348 7 53 21,823,919 21,823,919
GOBOL SAIL (BALAM)::IRGC 26624-2 IRGC 132424 Bangladesh XI-2A GCA_009831025.1 392,847,014 3 28 29,604,901 29,604,901
LIU XU::IRGC 109232-1 IRGC 125827 China XI-3B2 GCA_009829375.1 490,154,521 5 580 29,704,550 29,704,550
LARHA MUGAD::IRGC 52339-1 IRGC 125619 India XI-2B GCA_009831355.1 391,869,645 4 46 30,747,645 30,747,645
NATEL BORO::IRGC 34749-1 IRGC 127652 Bangladesh cA2 GCA_009831335.1 384,203,823 4 23 27,825,079 27,825,079
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Supplementary Table 2: Mash distance among 12 Asian rice
subgroups and Nipponbare reference genome



Reference ID Query ID Mash-distance P-value Matching-hash
IRGSP-1.0.fa IRGSP-1.0.fa 0 0 1000/1000
Os132278RS1.fa IRGSP-1.0.fa 0.00550978 0 803/1000
AzucenaRS1.fa IRGSP-1.0.fa 0.00580821 0 794/1000
Os128077RS1.fa IRGSP-1.0.fa 0.00607761 0 786/1000
Os117425RS1.fa IRGSP-1.0.fa 0.00804257 0 731/1000
Os127742RS1.fa IRGSP-1.0.fa 0.0118927 0 638/1000
Os127518RS1.fa IRGSP-1.0.fa 0.0126347 0 622/1000
OsIR64RS1.fa IRGSP-1.0.fa 0.0126347 0 622/1000
Os125619RS1.fa IRGSP-1.0.fa 0.0127767 0 619/1000
Os132424RS1.fa IRGSP-1.0.fa 0.0128243 0 618/1000
Os127564RS1.fa IRGSP-1.0.fa 0.0129198 0 616/1000
Os127652RS1.fa IRGSP-1.0.fa 0.0133059 0 608/1000
Os125827RS1.fa IRGSP-1.0.fa 0.0134525 0 605/1000
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Chapter 4

Structural variation inference of
skimming data

4.1 Context

Along the last 10 years, a lot of sequencing data were generated for multiples individuals
within the same organisms, at very various scale in term of samples as well as for depth
per sample. While medium and high depth data can be used for partial SV detection,
skimming data (i.e. with a mean coverage generally lower than 5x) are generally used
only for SNP discovery. All of these analyses are single-reference-based, and thus did not
incorporate the pangenomics information. However, the possibility offered by BioGraph.jl
and PARROT to work with a linearized pangenome instead of graph opens the door to
a new way to infer the structural variations and the PAV from any type of data, and in
particular the skimmming ones.

In this regard, I was implicated in the analysis of such a dataset for allele discovery
and GWAS before my PhD, in a collaboration between IRD and AGI [78]. This dataset
of 178 individuals sequenced between 2 to 8x came from a collection gathered between
2016 and 2018 on the Vietnamese rices, and each of them has been phenotyped for various
traits. Previous analyses of read mapping and SNP extraction were performed for GWAS
analyses [79, 80], but the resolution was low, and such analysis did not take into account
the SV. We originally tried to infer more SNPs in missing data through the use of BEAGLE
([81]), but found out that BEAGLE inferred SNP for some samples in regions that are
not present in them! Indeed, we have control sequences at high depth (more than 35x) for
some samples, and were able to identify the deleted regions in which BEAGLE inferred
SNPs.

Thus, we came out with the need of a dedicated tool for inference of SV on skimming
data, based on the pangenome structure, that we called GraphInfer.

4.2 Strategies

GraphInfer is designed to infer structure of individuals having skimming sequencing
data. The inference depends on a reference genome graph constructed from a population
of individuals of the same species to predict the structure of the studied individuals. The
longest linear representative path of the genome graph will be extracted so that skimming
reads can be mapped and partial structure of the studied individuals can be obtained. To
fill the gap, GraphInfer based on a scoring system to predict which path on the graph
the studied individual should take. At the moment, the default scoring system defines
that the output structure is the one containing the highest number of segment mapped by
skimming reads. GraphInfer top up the weight value for those segments with a value equal
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to the number of nodes in the genome graph in order to assure these segments appearing
in the output structure. The weight value of other segments remain the same as in the
input graph. The algorithm to extract the longest path of BioGraph.jl were used here to
infer the structure.

4.3 Conclusion

However, GraphInfer still not reach the nucleotide resolution for SV/SNP that could
be required for functional analysis, because of the double limit of the graph resolution
as well as the data type. In addition, GraphInfer is limited to the variations already
present in the graph and thus cannot identify new variants, at the opposite of tools such
as FrangiPAN [42] for who works with high depth data.

4.4 Perspectives

As a main perspective, we will work in the near future on the optimization of the score
of PAV, in order to be able to propose a reliable tool. This update will be available for
the submission of the manuscript, scheduled for the end of November.

4.5 Personal implication

There are 3 authors working together to develop GraphInfer. François and I come up
with the idea of structure inference for skimming data based on genome graph and we
optimize the process by extracting the longest path.

I designed and develop the features of GraphInfer in Python with the help of Tuan Do
for the reading input features and intergration of Julia package BioGraph into the tools.

I prepared the test data and I ran the analysis for validation of the tools. I documented
my analysis in Jupyter Notebook for distribution purpose.

The manuscript was written by all the 3 authors.

4.6 Scientific impacts on my PhD work

GraphInfer can be seen as the tool able to answer mostly to my PhD question. This
tool can reconstruct with quite high accuracy the global genome structure of any sample
sequenced at low depth. Thus, any can found in a skimming data collection just with a
single mapping analysis which of her/his samples harbor which already identified gene,
and so on.

It has limits, intrinsic and extrinsic, but proposes for the first time to reconstruct
the global structure of any sample sequenced at low coverage as soon as a representative
pangenome graph for this species is available.
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Abstract

Motivation: Genome graph proposes a new approach to represent diversity of a studied group or a species
since it possesses the ability to store most of genomic variations. While multiple methods are developed
for structural variation analysis on the graph, there is still a lack of tools implemented for low-coverage
sequencing data due to their intrinsic noise and uncertainty characteristics.
Results: We introduce here GraphInfer, a tool for inference of genome structure on skimming data using a
genome graph and its representative linear path. The tool takes advantages of well-developed approaches
for structural variation inference of low-coverage on linear reference genome while still maintaining the
advantages of genome graph.
Availability: GraphInfer can be accessed at https://github.com/nguyetdang/GraphInfer under the MIT
License.
Contact: thi-minh-nguyet.dang@ird.fr, francois.sabot@ird.fr
Supplementary information: Examples on how to work with GraphInfer are available at
https://github.com/nguyetdang/GraphInferExample

1 Introduction
The widespread of massive reduction in the cost of DNA sequencing

and the advancements in sequencing technologies promise an increasing
understanding of population genomics studies. However, before
implementing any research, it is important to make decision how the
resources are used among different aspects such as: breadth of the
coverage, depth of coverage and number of sequenced samples. In the
coming years, low-coverage sequencing (skimming data) has been shown
a cost-effective strategy to capture SNP variations across the entire genome
at population scale, from which the result can be meaningful in further
studies: population structure investigation [17], conservation biology [5]
or even ancient DNA [1]. However, due to the low depth nature, genomic
structural inference from skimming data is not reliable and normally
required specific strategies and tools to be determined, especially for
genomic regions containing big structural variants [14].

In most cases, structural inference from skimming data requires a
reference genome as a template to map short-read sequence data from
each individual. Otherwise, short-read data might be aligned against the
reference genome of a closely related species [13]. Since the reference
genome is often built from high-quality sequencing of a single individual
or from consensus sequences of individuals in a species, it lacks the
ability to depict alternative alleles and genome structures, and mismatched
sequencing reads might be discarded from post-mapping analysis [12].
This reference bias vastly affect the structure inference of individuals
having low-coverage sequencing reads due to reducing number of reads.

Genome graph is a powerful representation to overcome the reference
genome bias since it possesses the ability to store not only individuals
genomic profiles in the graph [11], but also all the structural variants among
individuals [6]. Besides graph genome construction, a lot of efforts are
put into structural variant genotyper based on graph resulting in tools.
Depending on the type of graph used, there are corresponding tools for
structural variant inference purposes, for example, Paragraph for sequence
graph [2], GraphTyper for directed acylic graph [3, 4], and vg toolkit
for variation graph [6]. However, these tools and approaches are mostly

© The Author 2022. Published by Oxford University Press. All rights reserved. For permissions, please e-mail: journals.permissions@oup.com 1
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Fig. 1. Four steps to infer structure for skimming data

dedicated for individuals having medium or high coverage sequencing
reads. Moreover, the alignment of sequencing data against genome graph is
not optimized, especially for the cases of complex regions owning multiple
alleles [8, 16, 11], which can affect inference results.

Here we introduce GraphInfer, a tool for inferring genomic structure of
low-coverage sequencing individuals based on a graph genome built from
high quality sequencing data. GraphInfer compares individual sequences
against the linear representative path and infers the structure based on the
whole genome graph and the mapping result. This strategy allows to take
the advantages from both advancement for linear reference genome and
genome graph.

2 GraphInfer

2.1 Features

GraphInfer is designed to infer structure of individuals having
skimming sequencing data. The inference depends on a reference genome
graph constructed from a population of individuals of the same species
to predict the structure of the studied individuals. The longest linear
representative path of the genome graph will be extracted so that skimming
reads can be mapped and partial structure of the studied individuals can
be obtained. To fill the gap, GraphInfer based on a scoring system to
predict which path on the graph the studied individual should take. At
the moment, the default scoring system defines that the output structure is
the one containing the highest number of segment mapped by skimming
reads. GraphInfer top up the weight value for those segments with a value
equal to the number of nodes in the genome graph in order to assure these
segments appearing in the output structure. The weight value of other
segments remain the same as in the input graph. The algorithm to extract
the longest path of BioGraph.jl were used here to infer the structure. The
concept of GraphInfer is illustrated as in Figure 1.

2.2 Implementation

GraphInfer is a Python3 package that takes the following inputs:
a genome graph in rGFA format, a binary matrix representing the
presence/absence status of each stable DNA sequence in each individual
constructing the genome graph, and a BED file containing the number of
reads from the individual whose genomic structure will be inferred mapped
against the longest representative path. The coordination indicated in the
BED file is in accordance with the stable DNA segment in the rGFA file.

The genome graph in rGFA format can be constructed using
minigraph [11]. The binary matrix and the longest path can be
obtained by using PARROT (https://github.com/nguyetdang/PARROT)
and BioGraph.jl (https://github.com/nguyetdang/BioGraph.jl). The BED
file input can obtained by using bedtool intersectbed [15] on the
mapping result of skimming data on the linear representative path and
its corresponding BED files.

GraphInfer returned 3 outputs: an array containing the predicted
path of the skimming individual, a FASTA file having the prediction
of the sequence and a BED file representing which stable segments are
incorporated in the genomic structure of the studied individuals along with
their certainty rating.

2.3 Validation

In order to validate the proposed strategy, we tested GraphInfer
with the data from PARROT/BioGraph.jl on Asian rice genome
(https://github.com/nguyetdang/AsianRiceGraph). We selected the sequencing
data of Azucena, an individual used to construct the graph and we simulated
structural variants and Illumina sequencing reads of 2x coverage from them
by using ART [7].

Initially, we used bwa [10] to mapped simulated reads against
Nippobare reference genome and then the longest path. However, mapping
with bwa return a mapped percentage of 0% for both case.

When using minimap2 [9], mapping the simulated reads against the
reference genome only gives a mapped percentage of 98.34% in which
97.56% are proper match. In case of using the longest path, we obtain the
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percentage of read mapped and proper mapped of 98.77% and 98.06%,
correspondingly, showing the importance of using a pangenome sequence
in order to optimize mapping.

Through GraphInfer, we have found unmapped Azucena reads against
the Nipponbare reference but that can be mapped in both longest path
and Azucena in the graph. For instance, the read ÄzucenaRS1_Chr1-
585206c̈an be detected in the longest_path_1 extracted from the graph,
but is unmapped using the Nipponbare reference genome. It belongs to the
stable sequence s163337 indexed in the graph and belongs to Azucena but
not to Nipponbare. This example illustrates the capacity of GraphInfer to
identify and infer the global structural variation of samples sequences at
low coverage.

NOTE: Further validation results will be updated after re-running the
graph construction with the last new version of minigraph [11] that contains
major changes.

3 Discussion
GraphInfer is the first tool to our knowledge that works on skimming

data to infer the genome structure. GraphInfer offers an option to use
BioGraph.jl based on mapping data beside the longest representative path.
At the moment, GraphInfer is biased by the graph genome construction
and completion, since it does not infer structures not included in the graph.
In addition, the tool contains so far only one simple scoring system, which
is top up the value of segments having mapped reads. Furthermore, based
on the reported result, it is recommended to use minimap2 and the longest
path for GraphInfer to obtain better structure inference.

For the future development, we will enhance the scoring system of
GraphInfer so that it can integrate other parameters such as mapping
quality, mapping score or customizable parameters provided by users.
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Chapter 5

Discussion and Perspectives

5.1 Discussion

During my PhD, I mainly focus on developing methods for structural variants. I
studied different data models including linear reference genome and genome graph.

Linear reference genome approach is widely use in many genomic research. In case of
structural variants detection, linear reference genome is used as a template and a
coordinate system for the alignment of individual sequencing reads. As mentioned in
section 1.2, a linear reference genome is even sometimes built specifically, based on a
single individual dataset or on a consensus sequences of a group of individuals.
Therefore, a linear reference genome is insufficient to represent the diversity of a species.
As a result, reference bias occurs in genomic analysis, especially in variant calling step.
To be specific, the reference bias can cause missing alternative alleles, mistaking
heterozygous site as homozygous [33] or influencing allele frequencies [34]. Another
possibility for alleviating the influence of the reference bias is to compare pairwise
genome assembly of reads. However, the comparison will be complex when more and
more alternative genome assemblies are integrated into the study.

In our study in Chapter 3, we applied both strategies (using a reference genome and
comparing assemblies of individuals) to investigate the transposable elements insertions
content and its dynamics. We worked on stable strains of wild-type D. melanogaster and
D. simulans to describe the general landscape of TEIs. For TE dynamics, isogenic
wild-type strain D. melanogaster and an unstable line (having a Piwi knockdown) with a
succession of transpositions busts were incorporated in the study. We developed or
applied methods to detect TE for both short-reads and long-reads data. In brief, for
short-reads, they were aligned against a single linear reference genome of D.
melanogaster to identify pair-end reads in which one end mapped against the reference
and another mapped to TE database. The location of these pair-end reads indicate the
potential position of TEIs. Next, we assemble long-read assemblies of each individual,
compare them to the reference sequence, and use it as a template to remap raw
long-reads against their corresponding assembly for structural variant calling. We then
classified global variant (genome to genome) and minor insertion (between haplotypes
within a single genome) variants. By comparing wild-type strains of D. melanogaster
and D. simulans, we found that their TEs sequences are more similar than previous
expectations. However, we considered only the detection of most recently active TE
families, due to the limitation of sequence-to-sequence comparison and the missing
haplotypes that are not present in the linear reference. While studying TE dynamics, we
compared the TE content detected by using short-reads aligned against the reference
genome and long-reads aligned against their corresponding assembly. The result
mentioned in [1] highlighted the essential impact of long-read data and individual
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assemblies in describing TE landscapes at an intra-genome scale. Based on the result of
this publication, the limitations of using only a linear reference genome were pointed out
in both TE content and dynamics study. At this point, it was important for me to
understand about structural variant identification methods. Through the study, I
experienced to curate and analyze different types of sequencing data including both
short- and long-reads. Based on the result, I understood more about the limitations
coming from conventional analysis approach using only a linear reference genome.
Therefore, I assertively proposed the concept of pangenome and genome graph to
continue my research.

As mentioned in subsection 1.2.1., the pangenome concept was first time proposed
in bacteria [2]. After that, various terms and definitions were proposed [35, 36]. In
my study, I mostly worked with a pangenome defined as the total of genomic content
available in a population, in which the core genome is composed of shared sequences
among (almost) all individuals and the remaining part being the dispensable genome. I
represented this pangenome under a graph model, in which each node contains a stable
sequence of nucleotides. The linkage between two nodes is called an edge, depicting how
the two sequences are joined together. As I mentioned previously in the Limitations
(subsection 1.3.4), in order to work with genome graph, biologists have to choose which
GFA format and genome graph construction method to work with. In my case, I picked
up rGFA and GFA1 formats, and I built genome graphs using minigraph.

However, although the file format and the construction method were clarified, it is
still difficult for biologists to directly work with the genome graph. The next question
was then how to implement a linearisation of a pangenome graph structure for a better
all-day usage by biologist. In this case, I come up with the idea of linearising the
pangenome by getting a representative path. At that point, I have access to the
platinum quality sequencing data from 12 varieties belonging to 12 different subgroups of
Asian rice [75]. My idea in this case was to construct a genome graph containing the
commonly use reference Oryza sativa Nipponbare [74] as a template, and then to
incorporate these 12 genomes to form a genome graph. The linear path extracted from
the graph will share the most common content among individuals in the graph. I
developed a Julia package for that purpose, namely BioGraph.jl
(https://github.com/nguyetdang/BioGraph.jl). To facilitate the workflow with
BioGraph.jl, PARROT (https://github.com/nguyetdang/PARROT) was developed for
input/output transformation purposes. Based on the definition of the longest
representative path, I came up with a way to calculate the weight value for each node in
the genome graph. Each node will obtained the value equal to the number of individuals
used to construct the genome graph. The longest path is the path going from a source
node to a sink node with the highest number of weight value. This calculation is
integrated in PARROT for easier implementation. Actually, based on the strategy to
calculate the weight value, different graph can be obtained to help to answer various
biological questions. For instance, the longest path on non-weighted graph can show the
diversity of the population since it goes through highly diverse positions in the graph.
Or as in GraphInfer mentioned in Chapter 5, weight value can help for structure variant
inference on skimming data. Furthermore, BioGraph.jl provides an option to classified
the subgraphes into different categories: lone node, lone cycle, simple graph. Lone nodes
were contigs unique to individuals and do not belong to any subgraph. Avoiding lone
cycles optimizes the running time while extracting the longest path. By applying this
working pipeline on Asian rice data, we were able to construct a genome graph and its
component. We also obtained a linear representative path having approximately 50 Mbp
longer than the reference Oryza sativa Nipponbare [74]. This linear representative path
provides a better linear template to work with than a sole reference genome. Moreover,
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BioGraph.jl has a better run time and can work with higher number of nodes than any
other graph tools for linearisation.

The recent release of minigraph, after the main writing of my PhD, has tremendous
changes such as base-alignment while constructing genome graph. This change affects
vastly the number of nodes and edges inside the genome graph. Therefore, we intend to
re-run and re-perform the analysis to obtain the latest result before submitting our article
for publication.

At the moment, the last question to target is how to perform SV inference for low-
coverage data using the advantages proposed by genome graph. As mentioned in section
1.3 about Genome Graph, one of the hot topic to address is alignment problems. And I
stated in the section 1.1 about structural variant that the inference result can be influenced
by alignment and variant calling methods. Therefore, while tools for alignment against
the graph is still in development, we come up with the idea of linearisation of the genome
graph so that we can take advantage of well developed tools for alignment in linear reference
genomes.

GraphInfer based on the mapping result of skimming data against the reference. We
have tested the mapping result by bwa [82] and minimap2 [83]. We shown that for
skimming data, minimap2 provides better mapping result thanks to it base calling
alignment algorithm. When we compare the mapping between the alignment against
Nipponbare and the longest path extracted from the graph, we are able to identify
sequences that are not mapped against the Nipponbare but are in both the longest path
and the graph. In the example, we confirmed that the sequence that can be mapped in
the longest path truly belongs to the Azucena genome, that we used for simulating data.
Further validation of GraphInfer is still on going and we will keep update the result after
rerun all analyses with the new version of the Asian rice genome graph build with
minigraph with its base-calling algorithm updates.

5.2 Perspectives

Overall, my PhD work provides some solutions for objectives indicated in the Chapter
2:

• Explore structure events in a common case, transposable elements, with the limit of
the sequence-based approaches

• Implement a linearisation of the pangenome graph structure for a better all-day
usage by biologists

• SV inference in low-coverage data using the linear pangenome

The first task were answered with the a publication about TE content and dynamics.
A research tools, TrEMOLO, to detect TE movement was developed and released. We are
looking forward in the development of the features to identify populational variations (and
even somatic variations). We would like to determine TEs that are outsiders or represent
in only a part of the population.

The second task was answered by proposing the idea of linearize the pangenome graph
to obtain a linear path that still conserves all the coordinates of the graph, so that we can
use tools developed for linear reference genomes while not compromising the benefits of
the graph. There is a publication in preparation for this case and two research tools have
been developed: BioGraph.jl for linearisation, and PARROT to handle the input/output
transformation. There still some minor limitations in the two tools: for example, dealing
with cycles inside the graph with BioGraph.jl is still challenging. Furthermore, at the



63

moment, PARROT only provides a presence/absence matrix and does not indicate the
location of stable segments on each individual genome; this issue will be addressed in the
next version. Finally, we only have an automated way to calculate weighted value for
genome graph, but different case study should be taken into account such as longest linear
path base on information from ancient recombination graph. We also schedule for the
next releases of PARROT and BioGraph.jl to work with variation graph from vg, odgi
and pggb.

The last task is partially answered by the current version of GraphInfer. Even if
GraphInfer has the ability to predict structure of individuals having skimming sequencing
data, the model based solely on presence/absence status is still basic. For the next version,
we will work on a formula to calculate the weight value based on different paramenters:
mapping quality, local nodes presence/absence status corresponding to each individual
and so on.

After finishing my PhD, I am thinking about the current problems that are still the
obstacles for my biologist colleagues to work with genome graph. One significant issues is
annotation. For example, in the Asian rice genome graph, there are 13 individuals with
fully annotated information. However, there is no system to transfer the annotation from
one individual to another. It provokes an essential question that must be answer, for
example, ”Where is my gene in Azucena can be found in IR64 variety?”. The annotation
of the genome is not just simply consolidate a system to transfer the location of one gene
to another, it is necessary to identify orthologs and incorporate those information into the
graph. This is the work that need the collaboration between developers and biologists.

Another problem raises from the nature of genome graph. At the moment, genome
graph constructed by minigraph does not access small variations, meanwhile, the high
resolution from vg graph becomes a challenge for computing time when more and more
individuals are added into the studied population. Therefore, it would be nice if there is
a solution can overcome both obstacles. During the time studying knowledge graph with
my collaborators in Vietnam for a side project (as mentioned in Annex A), I figure out
the knowledge graph can contain more information within each node. Therefore, with my
supervisor, we are thinking of a super graph in which a small version of variation graph can
be incorporated in a node of the genome graph. Hence, it can increase the resolution of the
graph while the number of nodes remains unchanged and do not interfere the computing
time. Actually, we are still in the idea stage for this development and we hope to be able
to have prototype for it.

5.3 Brief on my PhD

With the background of biotechnology and doing lab work for almost my study in
Bachelor and Master level, doing a PhD in Genomics and Genetics is a really fresh
experience.

I have chance to improve my programming skill by experience to many languages
from Python, Julia, bash for analyzing the data to LaTex and Markdown for writing
and presentation. I also had chance to get used to with tool development process. One
interesting thing that I recognize is that the actual work is not finish when we release a
tool, it is the start of documentation, demo, and software maintenance.

Furthermore, my biology knowledge also enhance vastly since developing methods
required the discussion with other researcher to understand their needs. I was able to
work with rice and Drosophila models and have many cool discussions with researchers
working with tomato, lettuce, roses, wheat.

Personally, through my PhD, half of it was ”faire à la maison” due to the COVID-19
pandemics. There is the chance when I was depressed because of the lack of interaction.
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However, when everything is almost over, I appreciate that time since it helps me to
be mentally stronger. And I greatly appreciate any occasion to discuss and exchange
my research idea. That’s why I took advantages of many discussions when I went on
IGGSy 2022, the only offline congress in my PhD, to share my work and to exchange with
researchers from the same domain.

I don’t know if PhD period can happen once or twice (may be thrice?) but for the
moment, I am grateful for what I achieve here.
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Background
Rice is the main staple food for over half of the world’s
population. The demand on the quality and quantity of
rice is now more and more strongly emphasized due to
increasing global population as well as in the context of
climate change.
In order to withstand both biotic and abiotic stresses,

plants evolved efficient and sophisticated systems includ-
ing an inducible defense system mediated by jasmonate
(JA) (Nahar et al. 2012; Okada et al. 2015; Khan et al.
2016). This phyto-hormone synthesized from the fatty
acid linolenic acid, plays important roles in plants, for
example, in regulating development, growth and defense
response to biotic stresses. The function of JA relies on
the core, conserved signaling module, which constitutes
the amino acid-conjugated bioactive compound JA-Ile,
the JA receptor CORONATINE INSENSITIVE 1 (COI1)
protein, the co-receptor and repressor JASMONATE-ZIM
domain protein (JAZ), and the transcription factors (such
as MYC2, MYC3, MYC4, MYC5…) (Chini et al. 2007; Kat-
sir et al. 2008; Ye et al. 2009; Kazan and Manners 2013;
Yan et al. 2016; Howe et al. 2018). In response to the devel-
opmental cues or stress signals, JA-Ile is accumulated and
percieved by the COI1 receptor, the JAZ repressors is re-
cruited for ubiquitination and degradation through the 26S
proteasome manner, thereby relieving the repression of
transcription factors and enabling the expression of JA-
responsive genes and JA responses (Wasternack and Hause
2013). Besides these main components, the JAZ repressor
also interact with other proteins, such as TOPLESS and
NINJA (NOVEL INTERACTER of JAZ), to repress the
transcription factor MYC2 (Pauwels et al. 2010; Gasperini
et al. 2015). The rice genome consists of three OsCOI
genes (designated as OsCOI1a, OsCOI1b, and OsCOI2), in
which only OsCOI1a and OsCOI1b could rescue the steril-
ity phenotype in Arabidopsis coi1 mutant (Lee et al. 2013).
The number of OsJAZ and OsNINJA gene are also higher
than that in Arabidopsis with 15 OsJAZ genes (designated
as OsJAZ1 to OsJAZ15) (Ye et al. 2009), and four OsNINJA
(Kashihara et al. 2019), as compared to 13 JAZ and a single
NINJA in Arabidopsis, respectively. Among these genes,
the function of some of them have been investigated
(Ye et al. 2009; Yamada et al. 2012; Toda et al. 2013;
Cai et al. 2014; Hori et al. 2014; Wu et al. 2015; Hakata
et al. 2017; Li et al. 2017; Kashihara et al. 2019). The
functional homologous of MYC2, OsMYC2, was also char-
acterized as the master regulator that involved in numerous
response in rice (Uji et al. 2016; Ogawa et al. 2017a; Ogawa
et al. 2017b; Uji et al. 2017). Although it is generally postu-
lated that JA impacts the energy balance of plants between
defense and development during stress condition, the
mechanisms underlying this regulation are still not fully
understood (Wasternack 2007; Nahar et al. 2011). When
the JA-dependent defense system is continuously

activated, growth of the plant can be severely affected
(Vos et al. 2013; Huot et al. 2014). As an example, re-
peated wounding of Arabidopsis cotyledons inhibits cell
division and cell elongation causing a reduction in root
length in a JA-dependent manner (Gasperini et al. 2015).
In Arabidopsis and rice, interaction between JA and gib-
berellin signaling cascade regulate the growth-defense
dynamics by which plant prioritize JA-dependent defense
response over growth (Yang et al. 2012). Recently, Mar-
celo Campos et al demonstrated that growth-defence an-
tagonism in Arabidopsis is regulated through a JA-
dependent transcriptional network that restricts growth
upon defense activation by JA (Campos et al. 2016). These
contrasting activities of the hormone imply a broader role
for the JA in regulating a compromise between growth
and defense, thereby optimizing plant fitness in rapidly
changing environments. Therefore, it is interesting to
identify specific genes that could optimize the defense
system of plants with less impact on growth.
Since JA is a central hormone in various stress signaling

processes in plants, applying JA is a simplified way to
mimic different types of stress. For example, the exogenous
application of JA has been widely used to screen mutants
collection affected in stress and development responses of
plants in general and in rice in particular (Ye et al. 2009;
Chan et al. 2010; Nahar et al. 2012). In Arabidopsis, the JA
receptor COI1 protein has been identify following the phe-
notyping of mutagenized seedlings treated by coronatine, a
structural homologue of the bioactive jasmonoyl-isoleucine
hormone (Feys et al. 1994). In addition to COI1, other
major JA-signaling proteins such as a JAZ transcriptional
repressor and the transcription factor AtMYC2 have been
identified based on JA treated mutant population (Lorenzo
et al. 2004; Chini et al. 2007). Beside, exogenous JA appli-
cation has also been widely used to study complex treats
such as dynamic and architectures of JA regulatory net-
work and hormones interaction involved in root architec-
ture or leaf growth inhibition (Sun et al. 2009; Noir et al.
2013; Hickman et al. 2017).
In order to explore the diversity of rice growth inhib-

ition in response to JA, 155 accessions of a rice collec-
tion were treated with exogenous JA. This collection
represent a core panel of Vietnamese rice landraces that
originate from different geographical locations and are
adapted to different agrosystems including irrigated,
rain-fed, lowland, upland or mangrove ecosystems. In
accordance with their genetic nature, they can be divided
into 3 types: Indica (89% - mostly lowland rice), Japon-
ica (9.5% - mostly upland rice) and other (1.5%) (Bui
2010). They possess many precious traits including re-
sistance to biotic stress, such as blast, blight, and brown
plant hopper, and abiotic stress, such as tolerance to
salinity or drought as well as submergence conditions
(Bùi and Nguyễn 2003; Bui 2010). Some accessions that
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have good tolerance to various types of stress have
been identified and used as sources of stress tolerance
in breeding to create new varieties. However, even
though the Vietnamese rice resources likely carry
many valuable alleles that can be beneficial for agron-
omy, they remain insufficiently explored and utilized
(Courtois et al. 1997; Bui 2010).
This collection has also already been genotyped by

GBS with 21,613 SNP (Phung et al. 2014). Phung et al
have successfully used this collection to identify new
QTLs associated with root development in non-stress
conditions using a genome-wide association study
(GWAS) (Phung et al. 2016). Furthermore, GWAS has
been conducted using this core panel of rice landraces
to reveals new association loci controlling panicle
morphological traits (Ta et al. 2018) and tolerance to
water deficit during vegetative stage demonstrating
the valuable genetic resource of this rice collection
(Hoang et al. 2019).
While responses to jasmonate have been studied

considerably, it remains unclear how these responses
are modulated by the genetic diversity. Here, we as-
sess variation of root and shoot traits upon treatment
with JA in the 155 rice accessions. We conducted
genome-wide association studies and identified 28
significant associations with rice growth inhibition by
JA, including three common QTLs associated to root
and shoot growth inhibition traits. Using functional
annotation and expression analyses we retrieved 560
genes linked to the most significant markers, and
found 42% of the candidate genes to be responsive to
jasmonate, indicating that among these genes are
possible new players in jasmonate growth inhibition
response pathway.

Results
Dose-Effect of JA on Rice Plantlet Growth
To study the dose-response to JA, in vitro experiments
were carried out with Oryza sativa indica accession IR64
in order to define the optimal JA concentration for treat-
ments. Eight concentrations of JA as 0 μM (control),
0.5 μM, 1 μM, 2.5 μM, 5 μM, 7.5 μM, 10.5 μM and 12.5 μM
were chosen after several trials (data not shown). After 7
days of exposure to JA, root length (RTL), shoot length
(SHL), root weight (RTW), shoot weight (SHW) and total
weight (TTW) were evaluated as parameters to analyze the
dose-effect of JA on rice growth.
As shown in Fig. 1a and b, treatment with 0.5 μM of

JA was sufficient to reduce RTL and SHL compared to
the untreated condition (P < 0.05). This effect was highly
significant (P < 0.0001) from the JA concentration of
2.5 μM for these both parameters. At 2.5 μM JA, a dis-
tinct difference was also observed for SHW (P < 0.0001)
and TTW (P < 0.0001), as shown in Fig. 1c. However, we
observed a remarkable reduction for SHL and RTL at
5 μM JA of approximately 40% and 60%, respectively.
Therefore, to ensure that we could observe the diversity
of response within varieties, the phenotypes of these
accessions after treatment with 5 μM JA for a total 10
days from the germination stage, including 7 days of JA
exposure, were recorded. A first trial of experiment with
10 Vietnamese rice accessions that represent the genetic
diversity of the Vietnamese rice accessions were chosen
based on the study of Phung et al (Phung et al. 2014)
was conducted. The Vietnamese rice panel was divided
into 2 main sub-panels: Indica and Japonica. The indica
subpanel was further divided into six populations (I1 to I6)
and the japonica subpanel was divided into 4 populations
(J1 to J4). This screening with 6 Indica accessions

Fig. 1 Effect of the JA concentration on rice plantlets (IR64) development. Five parameters were collected from 7 day-old plantlets after JA
treatment and growth in 1/2 MS with or without JA. Phenotype of the plantlet IR64 (a), plants on 0 μM medium were on the left, plants on 5 μM
medium were on the right; Data represent means of three biological replicates (±SD) of root and SHL (b); TTW- RTW and SHW (c) from 15 to 17
plantlets of each condition. Student’s t- test was used to assess the differences between the plant grown under untreated condition (0 μM)
versus under different concentration of JA. The significant is shown with p-values: (*) p < 0.05, (**) p < 0.01, (***) p < 0.001
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and 4 Japonica accessions was performed to evaluate the
diversity of our rice accessions response to JA exogenous
treatment. The phenotyping dataset indicated an obvious
difference between treated and non-treated plants for all
10 varieties, and these representative accessions respond
significantly differently to JA (5 μM) (Additional file 1:
Figures S1-S3 and Table S1). This preliminary study
showed that 5 μM of JA was suitable to highlight varied
growth response with different genotypes. In addition,
IR64 was used as an internal control in the full panel
phenotyping,

Trait Heritability and Genetic Variability of 155 Rice
Accessions
A list of the 155 accessions and their relevant informa-
tion used in this study is presented in Additional file 2:
Table S2. An analysis on the phenotypic variation and
broad sense heritability is presented in Table 1. To con-
firm whether the variation exhibited in a certain trait
could be attributed to genetic variation, the heritability
coefficient was calculated according to the formula given
by (Wray and Visscher 2008). From the result obtained,
in both control and treatment conditions with the broad-
sense heritability of all traits ranging from 0.90 to 0.96, the
variations of the 5 studied traits were caused mostly by
genetic polymorphisms, with well-controlled environ-
mental factors. Hence, the quality of the phenotype
dataset was sufficient for further study with genome-
wide association mapping.

Phenotypic Diversity of the Vietnamese Rice Collection in
Response to 5 μM JA Treatment
Effects of 5 μM JA on the phenotypic variation of the
growth traits for 155 rice accessions were evaluated and
illustrated in Fig. 2 and Additional file 3: Table S3.
The 155 rice accessions show considerable diversity in

response to JA for all traits, predicting the diversity in
response to environmental stresses. Except for RTW,
exogenous JA treatment has a negative impact on all an-
alyzed traits causing the limited growth of rice acces-
sions. JA treatment has a significant negative effect on
RTL and shoots length for all accessions. There are
some rice accessions that are particularly affected by JA,
such as accession G40 in which the RTL was inhibited
up to 97% compared to the control condition, while the

least susceptible variety, such as accession G52, showed
RTL inhibition of 48% in response to JA. JA also inhibits
shoot growth with a slightly lower ratio than that of the
root, the most susceptible G132 with 66% SHL reduction
and the least susceptible G146 with only 30% reduction,
compared to plantlets in control condition. In contrast
to the length parameters, the RTW and TTW of the
plant are also affected but do not follow the same inhib-
ition trend. Particularly, over half of accessions tend to in-
crease the RTW when plants are stressed with exogenous
JA. For example, with accession G65, although the root
length is reduced by 68%, the dry weight of roots in-
creased by nearly 50% when this variety was treated while
for accession G223 both of RWT and RTL reduced by
55% and 62%, respectively. This can be explained by the
increase in the number of crown roots as well as the root’s
diameter in these accessions (data not shown). Taken to-
gether, these results indicated a high phenotypic diversity
among the rice core panel in response to JA.

Phenotypic Heterogeneity Among Indica and Japonica
Sub-Groups and Among Ecosystem
The phenotypic heterogeneity among Indica and Japonica
sub-groups (Fig. 3), among ecosystem (Fig. 4) and pair cor-
relation of the 5 traits provide a descriptive overview of
the data distribution for different rice subpopulations. In
general, there are no significant differences within sub-
groups, and the effects of JA response for all parameters in
2 sub-groups are quite homogenous. This means that the
response to JA in this study is a universal response for O.
sativa L. and is not affected by sub-group population. Ap-
parently, Indica accessions tend to have higher values for
RTW and SHL reduction by JA compared to Japonica ac-
cessions, which have a slightly higher value on RTL, SHW
and TTW (Fig. 3). The correlation between the 5 studied
traits was also evaluated and shown in the Fig. 3. There is
a very strong correlation in term of inhibition effect be-
tween SHW, SHL and TTW, especially for SHW and
TTW with r value of 0.99. Interestingly, there are a weak
correlation in term of inhibition effect of JA among root
traits; and almost no correlation between RTW and RTL,
which was indicated by the r2 value close to 0 (Fig. 3).
Regards to their ecosytems, there are almost no clear dif-
ferences between rice varieties which are Irrigated, Man-
grove, and Rainfed lowland groups in term of response to

Table 1 phenotypic variation and broad sense heritability for each trait

Trait Mean None treated CV None treated H2 None treated Mean JA treated CV JA treated H2 JA treated

RTL (mm) 62.73986 7.857902 0.95 20.23247 7.858259 0.9

SHL (mm) 161.9466 28.58407 0.96 94.68829 24.91233 0.95

RTW (mg) 23.42427 5.550502 0.9 24.10098 6.765589 0.92

SHW (mg) 83.87246 20.16218 0.95 61.34949 16.19226 0.95

TTW (mg) 107.2967 25.03204 0.95 85.45047 21.83225 0.95
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JA treatment except there are significant differences
between Rainfed lowland groups and Upland rice
groups for RTL, SHL and RTW in response to JA
treatment (p-value < 0.01) (Fig. 4).

Association Mapping on Growth Traits in Response to JA
Treatment
To explore whether specific SNPs markers in the gen-
ome are associated with the effects of exogenous JA on
the phenotypic trait of rice growth, we performed
GWAS on RTL, SHL, RTW, SHW and TTW using
TASSEL v5.0. The rice collection has a bipolar structure
with two main sub-groups, Indica and Japonica (Phung
et al. 2014). Since GWAS results are greatly affected by
the structure of the studied population, a GWAS was
additionally performed with each sub-group to main-
tain a better population structure control and reduce
the false positive rate. Therefore, the association map-
ping was examined for 155 accessions as whole panels,
then separately, examining each independent sub-
population including the Indica subpanel (95 acces-
sions) and the Japonica sub-panel (60 accessions)
(Figs. 5 and 6 and Additional file 4).
For all 5 traits in the whole panel, we applied the Mix

Linear Model (MLM) that reconsiders both the popula-
tion structure and kinship matrix. The results of
genome-wide association mappings for effects of ex-
ogenous JA on SHL and RTW traits are illustrated in
Figs. 5 and 6, respectively. Association mapping results

for RTL, SHW and TTW traits are presented in the
Additional file 4: Figures S4, S5 and S6, respectively. In
the sub-group panel, especially for a small size panel
such as Japonica (60 accessions), the General Linear
Model (GLM) was also used in conjunction with the
MLM, and Quantile-quantile (Q-Q) plots showed a
good fit between observed p-values and theoretical p-
values. In this study, most Q-Q plots display good
accumulative distributions of observed p-values, which
were well fitted with the expected uniform distribution
for the smallest –log10(p-values).
Regarding the association of the effect of JA on SHL

(Fig. 5), the Q-Q plot of all these plots for 3 panels were
well fitted between observed p-values, and theoretical p-
values. The statistical data pointed out 27 significant
markers including 12 in the Whole panel (Fig. 5.1a), 8 sig-
nificant markers in the Indica subpanel (Fig. 5.2a), and 7
significant markers in the Japonica subpanel (Fig. 5.3a).
Chromosome 1 harbored 4 markers and chromosome 12
carried 4 markers for the whole panel, while chromosome
5 held 4 markers each for the Japonica subpanel.
The association mapping results describing the effect

of JA on RTW is presented in Fig. 6. Q-Q plots showed
well fitted compared to the expected line for all 3 panels.
Thirteen significant markers were obtained. Data from
MLM reported 5 significant markers to be shared be-
tween the Whole panel and Indica sub-panel.
Concerning the results on the RTL trait, presented in

Additional file 4: Figure S4, there were 14 significant

Fig. 2 Comparative visualization of genotype-phenotype relationships of 155 rice accessions. Ratio of variation or Delta value reflect for impact of
JA on 5 traits including root length (RTL), root weight (RTW), shoot length (SHL), shoot weight (SHW) and total weight (TTW) respectively. The
heat map was created using the “3dheatmap” package in R. The negative value represent the inhibition effect of JA to the plant growth, and the
positive value represent the induction effect of JA
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markers found, in which the whole panel harbored 12
markers, the Indica sub-panel held 2 markers. There
was only one common marker shared between the whole
panel and the Indica sub-panel (Dj02_29022158F). Asso-
ciation mappings on SHW (Additional file 4: Figure S5)
showed 21 significant markers, in which the whole panel
holds 4 markers, the Indica sub-panel holds 9 markers
and the Japonica sub-panel holds 8 markers. There were
5 significant markers appeared in chromosome 1 in
Indica sub-panel. Twenty-three significant markers were
obtained on TTW trait including 6 significant markers
in Whole panel, 8 in Indica sub-panel and 9 in Japonica
sub-panel (Additional file 4: Figure S6).

QTLs and Significant Markers Identification in the Whole
Panel, Indica and Japonica Sub-Panel
Based on the results computed by TASSEL, 98 significant
markers were identified at the threshold p-value < 3.0E-04.
The linkage disequilibrium of each significant marker with
their nearby markers was calculated to evaluate the possi-
bility that these markers are associated within a population.
Based on the calculation of linkage disequilibrium between
SNPs computed using LD heatmap package, the list of

QTLs was generated and is presented in Additional file 5:
Table S4. As shown in this Table 3 QTLs for the RTL trait,
3 QTLs for RTW, 7 QTLs for SHL, 7 QTLs for SHW and
8 QTLs for TTW were identified and associated with the
most significant markers in this study. The mean size of
these QTLs is around 290 kb, and the smallest QTL was
qTTW1 measuring 50 kb in length and the largest QTL
was qTTW4 with length of 1423 kb. In total, 28 QTLs were
recorded with 98 considered significant markers for the ef-
fects of exogenous JA treatments on these 5 traits. There
are 14 QTLs indicated in the Whole panel, 7 QTLs in
Indica sub-panel and 4 QTLs in Japonica sub-panel.
TTW is a trait with a highest number of QTLs and sig-

nificant markers, totaling 8 QTLs and 22 significant
markers. Seven markers of the whole panel, 11 markers of
the Indica subpanel and 6 markers of the Japonica sub-
panel were obtained. For this parameter, 2 commons
markers were shared between the Whole panel and Japon-
ica sub-panel which were Sj04_32796870R and Sj04_
32851563F in qTTW5. The qTTW3 with length of 532 kb
in chromosome 1 contains 4 significant markers for the
Indica sub-panel. The qTTW4 was also the longest QTL
(1.4 Mbp), but it contained only 3 significant markers.

Fig. 3 Phenotypic heterogeneity among Indica and Japonica sub-groups and pair correlation of 5 traits based on the effect of JA. Indica group
indicate in pink and Japonica group colored as blue cyan. The distribution of value of each trait in each panel was represented by histogram at
the bottom of figure and their median values were shown by boxplot in the right hand. The values pair correlation of traits as well as their plots
was shown symmetrically in the figure. The figure was created using “ggpairs” package in R

To et al. Rice           (2019) 12:69 Page 6 of 18



For RTW, 9 markers for 3 QTLs were discovered after
applying the LD heatmap. In addition, the Whole panel and
Indica subpanel shared 9 markers together. The QTL
named qRTW3, measuring 221 kb at chromosome 7, which
holds 7 markers at p-values at least less than 5.1E-04.
Regarding the RTL trait, LD heatmaps were applied and

the outcome was 3 QTLs with 5 significant markers. The
whole panel contained 4 markers, doubled than the Indica
which contained 2 markers. The Japonica sub-panel did
not harbor any significant markers. There is only one sig-
nificant marker that appeared in both the whole panel and
Indica subpanel at chromosome 2 (Dj02_29022158F).

In the SHW trait, there were 7 QTLs and 14 significant
markers. The Indica sub-panel had most significant
markers, 6 markers were identified in the Whole panel;
the Japonica sub-panel contained only 1 marker. qSHW1
of 532 kb was the longest QTL responsible for SHW, but
only 3 significant markers were obtained.
The SHL trait held 7 QTLs and 16 significant markers

including 9 markers for Whole panel, only 1 for Indica
sub-panel and 6 for Japonica sub-panel.
The common QTLs across 5 studied traits were deter-

mined. Notably, we detected 3 pairs of overlap QTLs for 5
given traits, the qSHW1/qTTW3 located in chromosome 1

Fig. 4 Phenotypic heterogeneity among ecosystems. The response to JA of rice accessions among four main ecosystems were compared.
Student’s t- test was used to assess the differences between each couple of ecosystem. The (**) significant is shown with p- values < 0.01
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including 4 significant markers (Dj01_38614134F,
Dj01_38614137R, Sj01_38847771R and Sj01_38997056R);
the qSHW7/qTTW8 located in chromosome 12 including
2 significant markers (Dj12_24056700R and Sj12_
24257096R); the qSHW6/qSHL6 located in chromosome
12 included 3 lead markers (Sj12_02947152R, Sj12_
02947164F and Dj12_2975990R). In short, SHW and
TTW shared 2 common QTLs, SHL shared 1 common
QTLs with SHW.
These results are the preliminary screening for the QTL

associated with the growth of rice under stress condition.
Further analysis should be conducted to functionally
characterize these QTLs. The valided QTLs could help to
dissect the underlying molecular mechanism controlling
the defense/development trade off in rice.

Polymorphism Combination of Significant Markers Inside
Some Selected QTLs
Using the significant SNPs located in each QTLs detected
by GWAS (threshold p-value = 3.0 E-4) to make a haplo-
type sequence, polymorphism combination analysis were
shown in the Figs. 7 and 8 and Additional file 6: Figure S7

for 4 selected QTLs with at least 4 markers. Related to
the overlap QTL named qSHW1/TTW3 that was de-
tected by GWAS for the Indica subgroup (Fig. 7), the
effect of JA stress is more important with accessions
contained the ATAG haplotype than those contained
the TAGT haplotype in the QTLs to the SHW (p-
value = 0.006882) and TTW (p-value = 0.004772). For
qRTW3, all the 6 markers were associated with RTW
by presenting a strong linkage in a red block showed in
the Fig. 8a and revealed 2 major haplotypes in Fig. 8b.
The positive effect of JA on RTW were associated with
AATAAAT haplotype and significantly higher than
those contained the TTCTTTG (p-value = 0.0007959)
(Fig. 8c). For the qTTW5 in Japonica panel that was
detected after the GWAS analysis (Additional file 6:
Figure S7a), 2 main haplotypes TAGT and CGAG were
revealed (Additional file 6: Figure S7b), and haplotype
1 has higher value compare to haplotype 2 (p-value =
0.002629) (Additional file 6: Figure S7c). These results
support that the sequence variation in each QTL re-
gion can contribute to the phenotypic difference of
interested traits.

Fig. 5 GWAS for the effects of exogenous JA on SHL. Manhattan plot (a) and Quantile-quantile plot (b) for shoot length in a whole (5.1) panel or
Indica (5.2) or Japonica (5.3) sub-panel. The black line indicates the suggestive significance threshold, p = 3.0E-04

To et al. Rice           (2019) 12:69 Page 8 of 18



Identification of Candidate Genes Co-Localized with the
Significant Markers
To identify candidate genes, annotations of the genes
were first analyzed within the identified QTLs (25 kb
up and downstream of the most significant SNP of the
QTL) based on the MSU Rice Genome Annotation
Project Database Release 7 (Kawahara et al. 2013).
Among the significant markers found in the interval
mapping of identified QTLs, there were 560 potential
candidate genes found located on these QTLs with
their annotation after removing all the transposons,
hypothetical proteins and expressed proteins (Add-
itional file 7: Table S5).
From this list, no known genes associated either with

octadecanoid pathway (such as OsAOS, OsAOC, OsJAR1,
etc.) or with jasmonate perception (such as OsCOI1,
OsJAZ and OsNINJA genes) could be identified. We then
conducted an annotation to functionally categorize the
560 genes using the second hierarchy level of the
MapMan bins mapping. Detailed information and an-
notated function of these candidate genes is presented
in Additional file 7: Table S5. The 10 most represented

MapMan bins that represent 44% of the annotated genes
indicated functions in regulation of DNA transcription,
receptor kinases and calcium signaling, protein post-
translational modification, protein degradation, biotic and
abiotic stresses (Table 2).

Identification of Candidate Genes Related to Jasmonate
Signalling and Response in Shoot and Root
Exogenous application of jasmonate is known to lead in
large changes in the transcriptome. In order to filter
GWAS candidates, we integrated jasmonate RNAseq
transcriptomes from the public TENOR database into
the context of the GWAS analysis (Kawahara et al.
2016). We identified 232 genes showing up- and down-
regulation under exogenous JA treatments with changes
greater than 2-fold or lower − 2-fold during the time-
course (6 times points from T0 to 24 h) with a FDR
threshold set at 0,05. Among these genes, 137 and 95
are regulated by JA in root and shoot respectively (Add-
itional file 8: Table S6). Interestingly, the annotated JA-
responsive genes showed function mainly in regulation
of DNA transcription (Additional file 9: Table S7). It

Fig. 6 GWAS for the effects of exogenous JA on RTW. Manhattan plot (a) and Quantile-quantile plot (b) for root weight in a whole (6.1) panel or
Indica (6.2) or Japonica (6.3) subpanel. The black line indicates the suggestive significance threshold, p = 3.0E-04
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was previously reported that transcription factors (TFs)
play important roles in regulating gene expression re-
sponses to jasmonate (Pré et al. 2008). To explore
which types of TF were present in JA regulated genes,
we used the PlantTFDB to classify TFs (Jin et al. 2017).
We identify 12 and 7 TF in root and shoot respectively
to be differentially regulated by JA belonging to 7 TF
families (Tables 3 and 4). In addition, 5 TFs were JA-
responsive both in root and shoot transcriptomes.
Among 14 differentially expressed TFs, 5 C2H2, 1
BHLH, 1 ERF, 1 NAC, and 1 LBD were found up-
regulated. Altogether these data suggest that several
key signalling elements involved in the jasmonate re-
sponse are associated with the different QTLs identified
in this study.

Discussion
Natural Genetic Diversity of Rice Growth Inhibition in
Response to Jasmonate
To better understand the role of JA in regulating complex
growth response in rice and evaluate to which extent JA
responses are modulated by genetic variability, we con-
ducted a phenotyping analysis with 155 Vietnamese rice
accessions based on a simple, robust and rapid phenotyp-
ing experiment in response to exogenous jasmonate. Jas-
monate application has been widely used as a simple way
to induce different types of defense response in plants, in
general, and on rice, in particular. For example, Nahar and
colleagues demonstrated that foliar application of ex-
ogenous JA triggered the systemic defense against the
Root Knot Nematode (RKN) M. graminicola in rice

Fig. 7 Haplotype analysis for qSHW1/qTTW3 a Linkage Disequilibrium heatmap in the peak region of association analysis GWAS for qSHW1/TTW3.
Significant SNP indicated as blue star in the photo and the pattern pairwise r2 of the associated SNPs in the QTL indicated with color code. Red
color means SNPs are strongly associated to each other and yellow color means no association. The Linkage Disequilibrium heat map was
created using the “LDheatmap” package in R b Population architecture of accessions based on the allelic combination significant SNPs in each
QTL. Population architecture image is created by PopArt1.7 software. c and d Effect of allelic combination of 2 main haplotypes of each QTL on
the value of interested traits. Number of accessions for each haplotype is indicated as (n). Welch Two Sample t-test was used to assess the
differences between two haplotypes. *, **, *** indicated significant difference at p value < 0.05, 0.01 and 0.001 respectively
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root (Nahar et al. 2011). In addition, exogenous treat-
ment of JA induces PR genes such as OsPR1a and
OsPR1b and protect the rice root from the RKN in-
fection (Nahar et al. 2011, 2012). In this study, we
applied 5 μM of JA on plantlets growing in vitro dur-
ing 7 days to score the effect on shoot and root
growth. Seventeen plantlets per condition (with or
without JA) for each genotype have been phenotyped
for a total of 3094 rice plants showing significant re-
peatability and robustness. The use of 17 seedlings
replicates per condition has improved the accuracy of
the trait value (data not shown). Indeed, all traits
showed a high heritability in our culture condition set
up (Table 1). Recently, hormones treatments with
auxin, cytokinin and abscisic acid have already been

used to evaluate natural variation that shapes root
system responses in Arabidopsis (Ristova et al. 2018).
As we observed from our root phenotyping experi-
ments in response to JA, they identify common re-
sponse patterns relating to particular hormone
perturbation modulating by specific genotypes (this
study Fig. 2 and (Ristova et al. 2018)). While many
major jasmonate signaling elements have been identi-
fied as genes responsible for the jasmonate-related
short-root phenotype in few Arabidopsis accessions,
our results based on the haplotype analysis open the
possibility to use unexplored rice accessions with con-
trasted phenotypes as parent lines to identify new
alleles that control JA pathway involved in growth in-
hibition processes.

Fig. 8 Haplotype analysis for qRTW3 a Linkage Disequilibrium heatmap in the peak region of association analysis GWAS for qRTW3. Significant SNP
indicated as blue star in the photo and the pattern pairwise r2 of the associated SNPs in the QTL indicated with color code. Red color means SNPs are
strongly associated to each other and yellow color means no association. The Linkage Disequilibrium heat map was created using the “LDheatmap”
package in R. b Effect of allelic combination of 2 main haplotypes of each QTL on the value of interested traits. Number of accessions for each
haplotype is indicated as (n). Welch Two Sample t-test was used to assess the differences between two haplotypes.*, **, *** indicated significant
difference at p value < 0.05, 0.01 and 0.001 respectively
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GWAS and Candidate Genes
While many studies have analyzed jasmonate signaling
and response, to the best of our knowledge no study has
explored JA-dependent genetic mechanisms involved in
these molecular processes taking into account natural
genetic variation. In this study, we applied the GWAS ap-
proach to identify QTLs associated with plant growth
modulation by JA treatment in an Oryza sativa rice collec-
tion. As a result, 28 significant associations, including 3
QTLs for RTL, 3 QTLs for RTW, 7 QTLs for SHL, 7 QTLs
for SHW and 8 QTLs for TTW. The non-compressed
MLM models, with an option of re-estimating the markers
we used in this study, are well fitted and appropriate for
analysis, as shown by the low rate of false positives in the
LD linkage calculation we observed. Many common signifi-
cant associations with high-log (p-value) were found for
both the whole panel and Indica panel, such as qSHL1,

qRLT1, qTTW5, and qSHL3 (Additional file 5: Table S4).
In addition, some QTLs were only found in the whole
panel or in each sub-panel. It is likely that the limited size
of the subpopulation, especially for the Japonica subpanel,
which has only 55 accessions in the panel, could cause the
decrease in the performance of GWAS analysis. Another
hypothesis was already discussed in the study conducted
by Phung et al in 2016. When dividing the panel into 2
subpanels, the number of polymorphic markers also de-
creased from 21,623 markers in the whole panel to 13,814
and 8821 markers for Indica and Japonica, respectively
(Phung et al. 2016).
The GWAS analysis detected 28 QTLs with many

genes annotated in the 25-kb window around a signifi-
cant SNP. Based on MSU, RAPDB and MapMan annota-
tion we were not able to identify genes already
implicated in JA perception, biosynthesis and signalling.

Table 3 Expression pattern of rice transcription factors genes in response to jasmonate in root using RNAseq dataset from TENOR

NS Not significant, FC Fold change

Table 2 Repartition of MapMan mapping of the ten over-represented gene ontologies
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This observation could be explained by the long JA
treatment we used to measure the growth parameter.
Many JA biosynthesis genes as well as JAZs and TFs are
known to play key function in the very early response
and often play major roles where mutations can be detri-
mental in the wild. Another explanation could involve
the presence of false negatives that are not identified by
GWAS analysis.
Using available JA transcriptome we filtrated the 560

genes colocalized with the significant markers and found
42% of the candidate genes to be responsive to jasmo-
nate, indicating that these genes are potential new
players in jasmonate growth inhibition response path-
way. Among this short JA-responsive gene list, we iden-
tified one Calmodulin-dependent protein kinases:
OsSnRK1β, encoded by Os03g17980 located in Chromo-
some 3. In plants, energy depletion caused by stress is
sensed and coordinated by an energy-sensing protein
kinase, named sucrose non-fermenting-1-related protein
kinase-1 (SnRK1). In a study conducted by Filipe et al.
(2018), the overexpression of OsSnRK1α confers broad-
spectrum resistance in rice against various rice patho-
gens, including both hemibiotrophs (Xoo PXO99, P. ory-
zae VT5M1) and necrotrophs (C. miyabeanus Cm988, R.
solani AG1-1A strain 16), while inhibiting the growth
and development of rice. Interestingly, OsSnRK1α acti-
vated the JA signaling and response pathway by boosting
the expressions of a JA biosynthesis gene (OsAOS2) and
JA-related genes such as JIOsPR10 and OsJAMyb after in-
oculating the plant with Pyricularia oryzae (Filipe et al.
2018). Consequently, Filipe suggested that OsSnRK1α
plays a key role in the energy balance between plant
defense and plant development (Filipe et al. 2018). Such a
role should be researched for OsSnRK1β, which we identi-
fied in a QTL associated with RTL inhibition.
In addition, other candidate genes that were found

have a function related to secondary metabolism. For ex-
ample, the 2 genes Os01g18110 and Os01g18120, located
in Chromosome 1, near the Sj01_10048970F marker,
were annotated as Cinnamoyl CoA reductase (OsCCR4

and OsCCR5 respectively), which are the first respon-
sible enzymes specific to the pathway for lignin biosyn-
thesis (Park et al. 2017). In Cassia tora, application of
methyl jasmonate at 10 μM promoted root sensitivity to
aluminum-induced apoplastic peroxidase activity and
H2O2 and lignin accumulation (Xue et al. 2008). In
2015, while studying the Scorpion peptide LqhIT2 in
rice transgenic plants, Tianpei et al. (2015) found that
the pathways downstream of LOX, such as the JA path-
way, were activated and then lignin content was increased
accordingly. They suggested that JA induce expression of
genes involved in the phenylpropanoid pathway, leading
to lignin accumulation in rice tissues (Taheri and Tarighi
2010). In 2011, while studying the induction of lignin bio-
synthesis induced by cell wall damage in Arabidopsis,
Denness and his colleagues found that the plant regulates
the biosynthesis of lignin through the interaction between
the JA-dependent process and reactive oxygen species
(Denness et al. 2011). A study on RICE SALT SENSI-
TIVE3 protein encoded by RSS3- shown that this gene
regulates root cell elongation under salinity condition
(Toda et al. 2013). RSS3-JAZ-bHLH complex regulated
jasmonate-induced gene expression involved in the cell
wall metabolism including lignin and phenyl- propanoids
biosynthesis (Toda et al. 2013). OsCCR4 and OsCCR5
were found in relation to two root traits: the root mass
and the RTL. Research using RiceXpro showed that
OsCCR5 was up-regulated after 6 h when roots of 7 day-
old rice plantlets were treated with 100 μM of JA. Consist-
ent with the prediction of molecular process, this finding
suggests that the effect of JA enhances the biosynthesis of
some secondary macromolecules in roots such as lignin,
making rice roots more resistant to adverse conditions. In-
deed, we observed that the roots were not only shorter in
response to JA but also less flexible compared to the un-
treated roots (data not shown). Diversity of root cell wall
modification in response to JA will be explored further by
metabolomics phenotyping of the rice collection.
The MapMan annotation of the candidate genes allowed

to highlight a strong representation of genes involved in the

Table 4 Expression pattern of rice transcription factors genes in response to jasmonate in shoot using RNAseq dataset from TENOR

NS Not significant, FC Fold change
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regulation of DNA transcription and signaling. The search
for JA-responsive transcription factor via TFDB led to the
identification of 12 TFs. Among them, several studies em-
phasized their regulation in response to stress like drought
(Os02g0705500, (Minh-Thu et al. 2018)), excessive Fe in
roots (Os01g0129600, (Bashir et al. 2014)), macronutrient
deficiency (Os12g0582900, (Takehisa et al. 2015)), high
temperature (Os08g0442400, (Endo et al. 2009)) and infec-
tions by Xanthomonas oryzae pv. oryzae (Os12g0586300,
(Wang et al. 2019); Os03g0820400, (Yi et al. 2014)).
Functional analyzes were also conducted for the TFs

SNAC1 and ZFP252 belonging respectively to the families
NAC and C2H2 SNAC1 is induced in guard cells by
drought and enhances drought resistance in overexpression
transgenic rice in the field under drought salt stress condi-
tions (Hu et al. 2006). For ZFP252, it was also reported that
this TF increased tolerance to salt and drought stresses by
regulating the content of proline and soluble sugars under
salt and drought stress (Xu et al. 2008). Unlike many TFs
involved in stress tolerance responses, overexpression of
SNAC1 or ZFP252, does not lead to growth inhibition or
yield penalty of transgenic plants (Hu et al. 2006; Xu et al.
2008). Transcriptome data sets from TENOR show that
these two TFs are not only induced by JA in shoot but also
in roots. Therefore, it would be interesting to determine
whether the expression of these genes is differentially regu-
lated in the contrasting genotypes for the JA response and
to identify in roots their function in response to stresses.

Conclusion
The GWAS is a powerful tool to mine the valuable al-
leles hidden in the biodiversity richness of rice (Korte
and Farlow 2013). This marks the first time that JA-
related growth inhibition traits have been characterized
in rice by GWAS. Identification of QTLs associated with
the growth of rice treated with exogenous JA can help to
dissect the underlying molecular mechanism controlling
the defense/development trade off in rice. Further ana-
lysis should be conducted to functionally characterize
these QTLs. We already develop a mapping segregating
for four QTLs by generating a haplotype map. This
analysis will be completed by using some accessions to
re-sequencing at higher depth to confirm the results.
Several promising candidate genes such as OsSnRK1β will
be investigated for expression in contrasting accessions.
The results of this research could help to create stress-
tolerant rice accessions while maintaining plant growth.

Materials and Methods
Plant Materials
The collection used in the experiment was composed of
155 Vietnamese rice accessions whose seeds were pro-
vided by the Plant Resource Center in Hanoi, Vietnam.
These accessions were mostly landrace lines collected from

various regions and ecosystems in Vietnam (Phung et al.
2014). The accession IR64 was added as internal controls in
the phenotyping experiment. The GBS methods and the
marker selection process, as described by Phung et al.
(2014), were used to generate the genotypic data. The geno-
typic data consisted of 21,623 markers with no missing data
that could be used for genome-wide association purposes.

Growth Condition
The rice collection was grown in vitro under axenic con-
ditions in a programmable growth chamber (DAIHAN
Scientific, Thermo Stable GC-450) under a 12 h daily
light cycle at 80% humidity. The light intensity was 12,
000 Lux. The temperature was adjusted to 26 °C and
28 °C during dark and light phases, respectively. Initially,
the seeds were kept in the oven at 50 °C for 3 days to
break dormancy. Then, they were decorticated manually
and surface-sterilized by shaking with 70% ethanol for 2
min. After being rinsed with sterilized distilled water,
the seeds were soaked in commercial bleach (3.8–4% so-
dium hypochlorite) with 2 drops of Tween 20 and were
agitated for 25 min. Next, the seeds were washed 7–8
times with sterilized distilled water and left overnight in the
dark at 26 °C to maximize water absorbance. Surface-
sterilized seeds were sowed on an agar Petri dish at 6% w/v.
After storing the Petri dish in a growth chamber for 1 day,
each plantlet was transferred to a glass test tube with
Murashige and Skoog (MS) medium at half concentra-
tion, pH = 5.8 (adjusted by potassium hydroxide), con-
taining 2 g/L Phytagel (Sigma Aldrich), supplemented
with or without jasmonic acid (TCI-Japan) at 5 μM for
the phenotyping experiment. The tubes were subse-
quently transferred to a growth chamber, and the phe-
notyping process occurred 7 days after JA treatment.

Phenotyping Experiment
The experiment was conducted using an augmented
randomized complete block design, with 7 blocks, each
with 26 accessions such that the IR64 control was allocated
in each of the 7 blocks and 25 others landraces accessions
were allocated only once in the design (Boyle and Mont-
gomery 1996). The experiment was performed in tripli-
cates by dividing the experiment into three sub-blocks.
Each sub-block had at least 5 to 6 replicates per condition
and per accession. In each sub-block, the position of each
replicate was randomized using IRRISTAT 4.0 software to
avoid systematic effects due to positioning. For each plant,
the length of the longest root (RTL) and the length of the
shoot (SHL) were measured. After drying at 55 °C in the
oven for 1 week, the weight of the whole plant (TTW) and
of the shoot portion (SHW) were measured. The RTW
was calculated by subtracting SHW from TTW. To ensure
the homogenous germination rate, accessions having a low
germination rate or slow germination time were discarded
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from the study. In total, 155 rice accessions were assessed
in this study.

Statistical Analysis
To analyze the phenotype data of the 155 Vietnamese rice
accessions, analysis of variance (ANOVA) was performed
to verify the effects of various blocks, genotypes and JA
treatment. The block effect was calculated based on the
phenotype of the IR64 controls. As the block effect was sig-
nificant, the data were normalized by using the ‘lme4’ pack-
age in R. Next, the broad-sense heritability coefficient H2

was calculated. Effects of JA on each trait were used as
phenotype data in genome-wide association mapping. All
statistical tests and analyses in studying the phenotype data
of 155 Vietnamese rice accessions were run under R soft-
ware version 3.4.3.

Genome-Wide Association Mapping
Association analyses were conducted on the whole panel
having 155 rice accessions and a collection of 21,632
markers using Tassel v5.0 (Bradbury et al. 2007) to identify
genetic variants associated with responses to exogenous JA
treatment. From genotype data, a kinship matrix was gen-
erated by centered Identity by State (IBS) method proposed
by TASSEL. To consider the structure of the collection
derived from a previous study by Phung et al. (2014), a
principle component analysis (PCA) with the top 6 compo-
nents was also calculated from haplotype data, and an
eigenvalue decomposition of the covariance matrix was ex-
ecuted, as recommended by Reich et al. (2008). Both the
Generalized Linear Model (GLM) and non-compressed
Mixed Linear Model (MLM) were applied, but we mainly
used MLM with an option of re-evaluation of variance
components for each marker to process the kinship matrix
and a matrix combining both phenotype data and structure
of the panel, producing a GWAS result. Then, the
quantile-quantile plot (Q-Q plot) and Manhattan plot were
drawn using TASSEL. The q-value corresponds to adjusted
p-value after FDR analysis was computed to estimate the
false discovery rate using package “qvalue” in R (Phung et
al. 2016). However, in order to make the comparison
within populations and across traits, we applied a less
stringent p-value of 3.0E-4 as suggestive threshold to
declare that an association was significant.

Linkage Disequilibrium and QTL Selection
Subsequent to achieving a list of significant markers, a link-
age disequilibrium heatmap for each marker was generated
to confirm if this marker belonged to a quantitative-trait
locus (QTL). The “LD heatmap” package allowed us to cal-
culate pairwise linkage disequilibria between markers and
to visualize the results (Shin et al. 2006). Only regions
having at least one significant marker associated with
nearby markers were considered as a QTL.

Screening for Annotated Genes and Transcriptome
Analysis
The positions of found QTLs were then used to screen for
candidate genes on the MSU Rice Genome Annotation
Project Database, release 7.0 (Kawahara et al. 2013). Only
expressed genes located around 25 kb before and after
each significant marker were selected. A list of candidate
genes with their annotation information was formulated.
For each of the 560 genes, we converted the MSU ID

to RapDB ID using the RapDB ID converter (Sakai et al.
2013). These RapDB gene IDs allowed to map MapMan
ontologies using the BinTree RAPDB-IRGSP1.0 version
1.0 (Thimm et al. 2004). Granularity of the bins was fur-
ther reduced to the second level (e.g. 27.2: RNA.tran-
scription) for readability. Also, RapDB gene IDs were
used to import TF family annotation from PlantTFDB
4.0 mapping (Jin et al. 2017). In order to perform a cross
analysis, the 560-gene list was used as a query into
Tenor database (Kawahara et al. 2016) from which we
pulled the FC and associated FDR values for all associ-
ated transcripts in response to JA in root and shoot. For
each transcript and each time point, we retained the
values presenting a FC </> -2/2 with FDR< 0.05. For
each gene and each time point, we then calculated the
average FC and standard deviation, thus providing a list
of genes both detected in the 50 kb interval of the QTLs
of interest, and strongly and significantly differentially
expressed in response to JA in root and/or shoot.

Haplotype Analysis
The significant markers of each LD block of interested
QTL were used to define haplotype using alignment
Nexus file. The 2 main haplotype was selected based on
the geographic maps created by PopArt software version
1.7 (Population Analysis with Reticulate Trees software)
(http://popart.otago.ac.nz) then we compare with the
phenotype of each haplotype in order to confirm if the
sequence variation in each QTL region can contribute to
the phenotypic difference of interested traits.

Additional Files

Additional file 1: Figures S1, S2, S3 and Table S1. Growth inhibition
of 10 representative accessions in response to JA. Figure S1. for
histogram of distribution of each trait. Figure S2. presents the variation
of 5 traits between 10 representative’s accessions in non-treated and 5 μM
JA treated condition. Figure S3. illustrated the percentage reduction of
each trait after JA treatment compare to the non-treatment. Table S1.
expressed the heritability coefficient of each traits. (DOCX 969 kb)

Additional file 2: Table S2. List of 155 Vietnamese rice accessions
used in this study with information on their gene bank number, their
sub-populations groups as well as their ecosystems. (DOCX 52 kb)

Additional file 3: Table S3. Effects of 5 μM JA on the phenotypic
variation of the growth traits for 155 rice accessions. (CSV 12 kb)

Additional file 4: Figures S4, S5 and S6. GWAS for the effects of
exogenous JA on RTL, SHW and TTW. Manhattan plot (A) and Quantile-
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quantile plot (B) for RTL (Figure S4), SHW (Figure S5) and TTW (Figure S6)
in a whole (S.x.1) panel or Indica (S.x.2) or Japonica (S.x.3) subpanel. The blue
line indicates the suggestive significance threshold, p = 3.0E-04. Black
rectangle represent common significant SNPs within panels. (DOCX 1060
kb)

Additional file 5: Table S4. List of signification markers of detected
QTLs at p-value < 3.0E-04. The start (site 1) and end positions (site 2) of
each QTL were estimated by expanded 25 kb to both terminals base on
the LD linkage analysis. Chr for chromosome, RTW for root dry weight,
SHW for shoot dry weight, RTL for root length, SHL for shoot length.
(XLSX 24 kb)

Additional file 6: Figure S7. Haplotype analysis for qTTW5. (A) Linkage
Disequilibrium heatmap in the peak region of association analysis GWAS
for qRTW3. Significant SNP indicated as blue star in the photo and the
pattern pairwise r2 of the associated SNPs in the QTL indicated with
color code. Red color means SNPs are strongly associated to each other
and yellow color means no association. The Linkage Disequilibrium heat
map was created using the “LDheatmap” package in R (B) Population
architecture of accessions based on the allelic combination significant
SNPs in each QTL. Population architechture image is created by PopArt1.7
software . (C) Effect of allelic combination of 2 main haplotypes of each QTL
on the value of interested traits. Number of accessions for each haplotype is
indicated as (n). Welch Two Sample t-test was used to assess the differences
between two haplotypes.*, **, *** indicated significant difference at p value
< 0.05, 0.01 and 0.001 respectively. (PPTX 116 kb)

Additional file 7: Table S5. List of candidate genes found ±25 kb
around the significant markers and MapMan and TFDB annotations.
(XLSX 2416 kb)

Additional file 8: Table S6. Expression pattern of candidate genes in
response to jasmonate in shoot and root using RNAseq dataset from
TENOR. (XLSX 20 kb)

Additional file 9: Table S7. MapMan annotation of the JA-responsive can-
didate genes identified in the TENOR transcriptome database. (XLSX 384 kb)
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A.2 Paper in submission

This is the work during my Bachelor year in 2016. We are able to submit this long
experimental work after years of preparing transgenic materials and performing
experiment.

Paper submitted to Journal of Experimental Botany on July 11th, 2022.
Title: Silencing of Plant Defensin Type 1 reduces sensitivity to pathogens and zinc

toxicity in Arabidopsis thaliana
Nga Ngoc. Thi Nguyen, Olivier Lamotte, Mohanad Alsulaiman, Sandrine Ruffel,

Gabriel Krouk, Dang Nguyet, Sébastien Aimé, Pierre Berthomieu, Christian Dubos,
David Wendehenne, Denis Vile, and Françoise Gosti

A.3 Paper in preparation

In the 2nd year of my PhD, I am learning new concept related to graph. Nothing
is better than ”learning by doing”. Therefore, I am working with my collaborators from
Phenikaa University and Hanoi University of Pharmacy to apply my graph knowledge into
studying network pharmacology. In this research, I work mostly to contruct a knowledge
graph containing information from different aspects such as: traditional plant medicine,
bioactive compounds, disease targets and so on. The manuscript is in preparation and we
will soon submit in the 3rd quarter of the year.

Title: Toward multi-component, multi-target therapeutic of Chronic obstructive
pulmonary disease: In silico study of Iris domestica and Mimosa pudica combination
using molecular docking, molecular dynamics simulation, binding free energy calculation
and network pharmacology

Authors: Nguyet Thi-Minh Dang, Tuan Ngoc Do, Nhung Thi-Hong Duong, Anh
Tuan Pham, Chi Quynh Nguyen
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Appendix B

Conferences

B.1 Oral presentation

International Genome Graph Symposium 2022, Switzerland
Title: PARROT: PAngenome gRaph Related Output Transmutator
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1

PARROT
Pangenome gRaph Related Output Transmutator

Nguyet DANG

International Genome Graph Symposium
Monte Verità, July 2022

1

OR
The story of how I end up in developing tools 
for genome graph and come to the symposium

• PARROT: Pangenome gRaph Related Output Transmutator
• BioGraph.jl: Julia package to extract the longest path
• GraphInfer: Structural variation inference based on graph 

genome for skimming data

1

2



12/07/2022

2

Trend in genome research

Linear reference 
genome Pangenome Genome graph

2

3

!!! Question from our biologist colleagues 

• Where are the position of my gene of 

interest in different varieties?

• Graph is a mess, I want a linear reference!

• I don’t have sequencing at high coverage, 

can I benefit from the pangenome and the 

graph genome?

Phylogenetic tree of Asian rice ancessions
(Zhou et al., 2020) 3

4
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3

Strategies

The shape of the graph was inspired from sevenbridges.com

Step 1: Genome graph construction

Step 2: Longest representative path identification

4

Step 3: Individual skimming sequence 
mapping with currently available tools

Step 4: Individual genome structure inference

5

Graph genome construction - minigraph

(Heng Li, minigraph github)

Genome graph construction with minigraph

Input: 
• Oryza sativa Nipponbare reference
• 12 nearly gap free reference genomes of Asian rice (Zhou et al., 2020)
Output: A genome graph in rGFA format

Statistical information provided by gfatools: 
Number of segments: 252540

Number of links: 357504

Number of arcs: 715008

Max rank: 12

Total segment length: 548979827

Average segment length: 2173.833

Sum of rank-0 segment lengths: 374422835

Max degree: 10

Average degree: 1.416

rgfa format example
(Heng Li, gfatools github)

There is somethings missing… 5

6
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4

Issues 1 – Multiple graph form

We are still dealing with this issue
We separate the information in 
rGFA into smaller simple graphs

6

7

BioGraph.jl – Graph component identifcation

• Lone Node: only have one vertices

• Lone Cycle: has no source vertices 

or sink vertices 

• Simple Graph: others sub graph 

inducted from rGFA

7

8
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5

Issues 2 - How the longest path is extracted?

2

4
3

1

5 6

7

Longest path = the path from starting point to the 
ending point through the maximal number of nodes
=> Non – weighted graph

8

9

Issues 2 - How the longest path is extracted?

45

34

92

18

22 74

54

Longest path = the path from starting point to the 
ending point through the maximal number of nodes
=> Non – weighted graph

Longest path = the path containing the highest 
number of base pairs
=> Weighted graph (weight value = the length of 
sequences in each node)

8

10
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6

Issues 2 - How the longest path is extracted?

4

5
2

7

5 2

7

Longest path = the path from starting point to the 
ending point through the maximal number of nodes
=> Non – weighted graph

Longest path = the path containing the highest 
number of base pairs
=> Weighted graph (weight value = the length of 
sequences in each node)

Longest representative path = the path containing 
nodes appearing in the most number of individuals
=> Weighted graph (weight value = the number of 
individuals having that node)

8

11

Issues 2 - How the longest path is extracted?

Longest path = the path from starting point to the 
ending point through the maximal number of nodes
=> Non – weighted graph

Longest path = the path containing the highest 
number of base pairs
=> Weighted graph (weight value = the length of 
sequences in each node)

Longest representative path = the path containing 
nodes appearing in the most number of individuals
=> Weighted graph (weight value = the number of 
individuals having that node)

Based on the the strategy to set weight value, 
differnt paths can be obtained.   

8

4

5
2

7

5 2

7

12
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7

GAF format when remap reference genomes against obtained graph 

PARROT – Weight value calculation

Presence/absence matrix

Weight value of each stable sequence corresponding to the number of individuals having that sequence

Answer: Is a segment of interest 

in an individual appearing in 

another one?

https://github.com/nguyetdang/PARROT 9

13

BioGraph.jl – Longest path extraction

10

14
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8

Application on Asian rice genomes
BioGraph.jl–Get_summary (whole rGFA)

• Simple graphs: 509 

• Lone cycles: 0 

• Lone nodes: 45

BioGraph.jl–Get_summary

(simple_graph_1)

• Vertices: 28771 

• Edges: 40682 

• Source_node: 8 

• Sink_node: 8 

• Path: 0

BioGraph.jl–Extract longest path (simple_graph_509)

https://github.com/nguyetdang/BioGraph.jl

Size of Oryza sativa Nipponbarre: ~ 362M

Size of the longest representative path size: ~ 413M

11

15

PARROT + PANACHE - Visualization

https://github.com/SouthGreenPlatform/panache Developed by Éloi Durant and colleagues 12

16
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9

Genome structure inference

Skimming data + Oryza sativa 
Nipponbare reference genome: only SNPs 
data were in retrived

Map skimming data against longest 
representative path
Segment having read mapped will obtain 
weight value

Using weight value to finding the longest 
path on the graph containg those 
mapped segments

13

17

In summary

Graph 
construction 

with minigraph 

Linear representative 
path extraction by 

BioGraph.jl

Individual structure 
inference by 
GraphInfer

Genome graph 
visualization by 

PANACHE 

Input/Output Transformation by PARROT

14

18
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10

How to access our study?

What next?
• Transfer of annotation 

• Annotation of new segments 

• Input file format (vg, GFAv1, GFAv2…)

• Optimization for graph containing cycles

• Optimization of weight value calculation for GraphInfer

Tools:
https://github.com/nguyetdang/BioGraph.jl
https://github.com/nguyetdang/PARROT
GraphInfer: in development

Manual: Prepare to be released

Final release date : September 20th, 2022
2:00 PM CET
IRD Montpellier

Yes! It is the date & time of 
my thesis defense! You are 
all invited if you would like 
a more details and updates!

In case you cannot come 
to Montpellier, Zoom 
session will be available. 

If you have questions related to the 
visualization, the guy developing PANACHE will 
present his work on the 29th September

15

19
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B.2 Poster presentation

JOBIM 2020, Montpellier
Title: Artificial intelligence approach for predicting variations in low-coverage NGS

sequences
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1

Artificial intelligence approach for predicting 
variations in low-coverage NGS sequences
Nguyet DANG and François SABOT

How to identify variation 
in low-coverage 

sequences?

High-coverage sequences Low-coverage sequences

Difficult to identify structural variations
• Real variants?
• Or not yet be sequenced?

Vietnamese rice collection: 172 
samples mostly at 2X

1

Single reference and pangenome concept

Using reference genome proposing advantages and inconvenients 
Components of a pangenome

The use of only a reference genome as a template for structural variation analysis is not sufficient, especially for low-coverage sequencing data. 
Hence, we would like to propose analysis approaches using pangenome and genome graph concepts with the help of machine learning 
algorithms for structural variation analysis. 

Genome graph concept

https://www.sevenbridges.com/graph/

2
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Map-then-assemble approach

Mechanism for obtaining pangenome from map-then-assemble approach

ind
1

ind
2

ind
3

ind
4

Pos 
1 1 1 0 0

Pos 
2 0 1 0 0

Pos 
3 1 1 1 0

Pos 
4 1 1 0 1

Presence/absence matrix of a 
pangenome from high-coverage data
• Subcollection from 3K Rice Genome 
• 12 rice reference genomes

ind
X

Pos 
1 1

Pos 
2 NA

Pos 
3 1

Pos 
4 1

Low-coverage sequenced 
individual’s profile

ind
X

Pos 
1 1

Pos 
2 0

Pos 
3 1

Pos 
4 1

Estimated null value

Classification / Neural network + 
Single matrix decomposition 

methods

Current progress: Testing models with PAV matrix of Chromosome 1 of Nipponbarre reference genome

2X samples from Vietnamese 
rice collection

3

Study structural variations with genome graph 

Longest path = the path 

going from starting point to 

the ending point through the 

maximal number of nodes

Longest path = the path 

containing the highest 

number of basepairs 

Mechanism to obtain 
genome graph from 

minigraph

Generate reference 
genome graph from 
high-coverage data

Extract the longest 
path

Compare low-
coverage sequences 
against the longest 

path

Apply machine 
learning model to 
predict structural 

variation for genomic 
regions outside the 

longest path

Combine information 
from two previous 
steps to obtain full 
graph of studied 

samples

2 test cases of the longest path:

Longest 
path

Low-
coverage 
sample 
reads

Low 
coverage 
sample 
graph

The longest path shows the 
mutual path of all individuals 
in the studied population. 
Hence, in case the low 
coverage sample reads in the 
longest path, they are the 
same among individuals.

Reference graph

Reads not mapped against 
the longest path will be 
compared with the reference 
graph.
Classification algorithm is 
used to identify which path 
the studied individual should 
follow.

Final graph is obtained. 

Current progress: Testing different methods for the longest pathhttps://github.com/lh3/minigraph

4
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Data use in the study

I’m working hard to learn !!!

See you in JOBIM 2021 for more updates !!! 

Simulation data

Simulation PAV matrix
Simulation reads from Oryza 
Nipponbare reference 
genomes 

High-coverage sequencing data

3K Rice Genome Project
Sequences of 12 reference 
rice genomes

Low-coverage sequencing data

Sequences of Vietnamese rice 
collection (2X ~ 8X)

• Generate data with known variants 
and use it to train the machine 
learning models for each approach 

• Down-sampling real sequencing 
data and apply selected machine 
learning models on it to validate

• Apply validated machine 
learning models on real low-
coverage sequencing data to 
support other analysis

Current progress: Working on simulation data and preparing high-coverarge sequencing data for validation.

5
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JOBIM 2021, Paris
Title: BioGraph: A Julia package to extract the longest representative path from a

pangenome graph



BioGraph: A Julia package to extract the longest representative path 
from a pangenome graph
Nguyet DANG1, Tuan DO2 and François SABOT1 | Contact: thi-minh-nguyet.dang@ird.fr
1DIADE, Univ Montpellier, IRD, Montpellier, France, 2N2TP Technology Solutions JSC., Hanoi, Vietnam 

Workflow of BioGraph

Application on Asian rice genomes

Introduction

Use minigraph to obtain a 
genome graph

Segments Samples

F1 S1, S2

F2 S2, S3

F3 S1, S3

…

Map individuals against obtained 
genome graph to identify each segment 

appearing in which samples

BioGraph

Graph Components
• Simple graph
• Lone cycles
• Lone nodes

Graph terminus
• List of source nodes
• List of sink nodes

Longest linear path
• FASTA format
• GFA format

Longest path for pangenome 
visualization
•BED format
•Can be used with Panache (poster 63)

Input both genome graph and mapping 
results to BioGraph and obtain outputs

[1]Xiaofei Yang, Wan-Ping Lee, Kai Ye, and Charles Lee. One reference genome is not enough. Genome Biology, 20(1):104, 2019. 
[2]Christine Tranchant-Dubreuil, Mathieu Rouard, and Francois Sabot. Plant Pangenome: Impacts On Phe- notypes And Evolution. Annual Plant Reviews, May 2019. 
[3] Heng Li, Xiaowen Feng, and Chong Chu. The design and construction of reference pangenome graphs with minigraph. Genome Biology, 21(1):265, 2020. 
[4] Yong Zhou, Dmytro Chebotarov, Dave Kudrna, Victor Llaca, Seunghee Lee, Shanmugam Rajasekar, Nahed Mohammed, Noor Al-Bader, Chandler Sobel-Sorenson, 
Praveena Parakkal, Lady Johanna Arbelaez, Natalia Franco, Nickolai Alexandrov, N. Ruaraidh Sackville Hamilton, Hei Leung, Ramil Mauleon, Mathias Lorieux, Andrea 
Zuccolo, Kenneth McNally, Jianwei Zhang, and Rod A. Wing. A platinum standard pan-genome resource that represents the population structure of asian rice. Scientific 
Data, 7(1):113, 2020. 

References

N2TP Techology Solutions JSC.

13 high-quality sequenced 
Asian rice genomes

Summary of obtained 
genome graph

minigraph
BioGraph.jl

• Genome graph statistics by gfatools:

• Segments: 154788

• Links: 218651

• Max degree: 9

• Average degree: 1.413

• Variations comparing to 

Nipponbare reference: 34195

339 simple bidirected graphs

3 lone nodes

Longest path 
generation

Genome graph 
generation

• Graph component by BioGraph.jl:

Graph Nodes Graph Nodes Graph Nodes

G1 12529 G2 9653 G3 9785

G4 9884 G5 8074 G6 9842

G7 9618 G8 10095 G9 6284

G10 7007 G11 10098 G12 8774

Total genome size: 540 MBs

Longest path summary

Number of nodes in longest paths 
extracted from 12 greatest simple 

bidirected graphs 

Dependencies
Optimizer Julia packages

• CPLEX – IBM Optimizer
• Gurobi Optimizer
• CBC Optimizer

• LightGraph
• GraphIO
• ParserCombinator
• JuMP

Short computing time
Being able to run in parallel thanks to optimizers

Integration of weighted values
Presence/absence variations can be used in analysis

Visualization ability
Output can be used in Panache visualization tool

Perspectives

To compare multiple genomes, a linear reference genome was often used as a coordination system to describe genes, variations and other functional annotations
across individuals. However, this single reference was shown not to be sufficient to grasp every existing genomic variation such as copy number variations (CNV),
presence/absence variations (PAV) or more general structural variations (SV) [1]. To overcome this limitation, the concept pangenome composing a core-genome and a
dispensable genome was applied to investigate a group of genomes [2]. Graph-based data model generated by incrementally incorporating genome-to-graph
alignment information was one of the novel approaches to represent pangenome information [3]. Here, we propose a Julia package to extract the longest
representative path from a pangenome graph that are usable for available tools working with linear reference genome while conserving the additional information
provided by a graph.

BioGraph.jl still have some limitations that need to overcome. Firstly, the package can only show correct results 
with input data from minigraph. For graph from other sources, it is necessary to assure that there is no overlap 
among graph segments. Secondly, cycles inside inputed graph are eliminated by restricting each nodes appeared 
only once in the graph. We are working to find a practical approach to identify and investigate cycles in the graph. 
At the moment, we are working on integrating input from other genome graph generation tools. We are trying to 
develop a CLI version of the package so that it can be more user-friendly. In the next releases, we are finding an 
approach to identify the longest path obtained from a P-line of the GFA file. 
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RÉCAPITULATIF DE PARTICIPATION AUX FORMATIONS
THI MINH NGUYET DANG

Doctorat : Génétique et génomique

Ecole Doctorale : GAIA - Biodiversité, Agriculture, Alimentation, Environnement, Terre, Eau

Etablissement : Université de Montpellier

Date de la 1ere inscription en thèse : 1 juillet 2019 (3 A en 2021)

Directeur de thèse : François SABOT

Sujet de thèse : Méthodes d’inférence des variations structurelles à l’échelle du génome dans les données séquençage basse profondeur à l’aide
du graphe de pangénome

Formations suivies

Catégorie : Communication
☛  Delivering presentations to a non-scientific audience (16 septembre 2020 - 17 septembre 2020) EN LIGNE - EN DISTANCIEL 
  14 heures 
☛  Exploit the scientific literature (12 octobre 2020) Université de Montpellier 


 14 heures 
☛  How to effectively communicate with non-specialists (21 octobre 2020) Université de Montpellier 


 21 heures 
Total du nombre d'heures pour la catégorie Communication :   49 h

Catégorie : Enseignement à distance
☛  MOOC Ethique de la recherche (17 septembre 2019 - 28 novembre 2019) En ligne 
  15 heures 
Total du nombre d'heures pour la catégorie Enseignement à distance :   15 h

Catégorie : Langues vivantes
☛  FLE - Français Langue Étrangère (session février 2020) (03 février 2020 - 29 avril 2020) Université de Montpellier, Département des Langues
Bâtiment 5 
  26 heures 
☛  FLE - Français Langue Étrangère (session septembre 2019) (30 septembre 2019) Université de Montpellier, Département des Langues Bâtiment 5 


 18 heures   Note : B1 
☛   FLE - Français Langue Étrangère (session septembre 2020)/French as a Foreign Language (28 septembre 2020) Université de Montpellier,
Département des Langues Bâtiment 5 


 26 heures 
Total du nombre d'heures pour la catégorie Langues vivantes :   70 h

Catégorie : Outils et méthodes
☛  Writing your thesis effectively : from unstructured ideas to an organised text (01 décembre 2020 - 3 décembre 2020) Université de Montpellier 
  20 heures 
Total du nombre d'heures pour la catégorie :    20 h

Total participation : 154 heures / 8 modules




