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Abstract

Plant viruses are a major cause of crop losses and decreased agricultural productivity
worldwide. Rapid and accurate detection of plant viruses is essential for the
implementation of effective control measures. Traditional methods of plant virus
detection, such as serological and molecular assays, often present very good
performance criteria but they are targeted, and they don’t detect new viruses or
divergent strains of known viruses.

Overall, developing and validating innovative sequencing tools for fast and efficient
detection of plant viruses gained a lot of leverage. Indeed, high throughput sequencing
(HTS) tests followed by bioinformatic analyses can detect several viruses at once
(including novel ones) and then characterise their genomes. This very high inclusivity
allows better monitoring of agricultural pest presence than traditional methods. In
addition, the sensitivity of HTS viral detection is theoretically higher than molecular
and serological tests, meaning that low-level infection can be traced more efficiently.

HTS tests have several drawbacks: the price, the high technical requirements and
the cross-contamination of sequences between samples nevertheless. The cost of viral
detection by sequencing is higher than traditional methods, but the cost gap is reducing
over time as HTS is more and more affordable. More technical skills are required for
sequencing and analysis of a sample for virus detection, but the laboratory and
bioinformatic protocols are becoming simpler and easier to learn and apply. Cross-
contamination between samples is a recurrent phenomenon that is challenging the
operational activities of laboratories aiming to detect plant pests. The high sensitivity
of HTS has a drawback as it means that cross-contamination is an even more pressing
issue than with traditional methods.

Cross-contamination is probably one of the main issues when using HTS for viral
detection. Indeed, if an unexpected genetic material transfer happens between two
samples in the laboratory, one virus can be sequenced in the other sample. Since
sequencing sensitivity is high, HTS is more prone to detect this cross-contaminating
virus. That may lead to a false positive virus detection (as it is really in the
bioinformatic data) while it was not present in the plant. The specificities of HTS
technologies (high sensitivity, high inclusivity but with the complexity of laboratory
and bioinformatics steps) make their validation difficult compared to traditional tests.
Therefore, this thesis describes the side-by-side comparison between traditional tests
and HTS technologies for virus indexing of Musa germplasm collection. In addition,
an alien control (a specific type of external control) has been used for the first time to



monitor cross-contamination in HTS. In addition, a newly described alien-based filter
algorithm, called Cont-ID, has been developed and applied to find the most
appropriate limit of detection that should be applied for accurate virus detection taking
into account the risk of false negatives and false positives. That way, the detection
prediction's confidence can be high enough to be considered for its use in plant virus
diagnosis.

As written above, HTS technologies can also characterise the genome of the
detected viruses. Through variant analysis, the different virus variants can be
highlighted. A performance testing was conducted to better understand the difficulties
and therefore improve the variants' characterisation.

This thesis has therefore addressed several drawbacks limiting potentially the use of
HTS technologies for plant virus detection and genome characterisation. It has
delivered several milestones to contribute to these technologies' wider and more
reliable applications for plant virus detection. Overall, it has reinforced its high
potential for improving the control and management of plant virus diseases.



Résumé

Les virus des plantes sont une cause majeure de pertes de récoltes et de productivité
agricole dans le monde entier. La détection rapide et précise des virus des plantes est
essentielle pour la mise en place de mesures de lutte efficaces. Cependant, les
méthodes traditionnelles de détection des virus des plantes, telles que les tests
sérologiques et moléculaires, ne détectent pas les nouveaux virus.

Le développement et la validation d'outils de séquencage innovants pour la détection
rapide et efficace des virus des plantes a beaucoup avancé ces derniers temps. En effet,
les méthodes de séquencage suivies d'analyses bioinformatiques peuvent détecter
plusieurs virus a la fois (y compris les nouveaux) et les caractériser, permettant un
meilleur suivi de la présence des virus. La sensibilité de la détection virale par HTS
est supérieure a celle des tests moléculaires et sérologiques, ce qui permet d’observer
les infections a bas niveau de concentration plus efficacement.

Il'y a cependant des inconvénients a l'utilisation du séquencage, tels que le codt, les
exigences techniques élevées et les problemes de contamination croisées. Le co(t de
la détection par séquencage est supérieur a celui des méthodes traditionnelles, mais
I'écart de colt diminue. Il est nécessaire de posséder des compétences techniques plus
élevées pour séquencer un échantillon de plante, mais les protocoles deviennent de
plus en plus connus, ce qui facilite I'apprentissage et I'application de ces techniques.
Enfin, la haute sensibilit¢ du HTS signifie que la contamination croisée est un
probléme encore plus pressant que pour les méthodes traditionnelles.

La contamination croisée est probablement I'un des principaux problémes lors de
l'utilisation de HTS pour la détection virale. En effet, si un transfert de matériel
génétique inattendu se produit entre deux échantillons dans le laboratoire, un virus
peut étre séquencé dans l'autre échantillon. Comme la sensibilité du séquencage est
élevée, HTS est plus enclin a détecter ce virus de contamination croisée. Cela peut
entrainer une détection erronée du virus (car il est réellement présent dans les données
bioinformatiques) alors qu'il n'était pas présent dans la plante. Heureusement, un
contréle alien (un type spécifique de contrble externe) peut étre utilisé pour surveiller
la contamination croisée dans HTS. En effet, un filtre basé sur cet alien peut étre
appliqué pour trouver la limite de détection a utiliser. De cette facon, la confiance de
la détection devrait-étre suffisamment élevée pour étre utilisée dans le diagnostic des
virus de plantes.

Les inconvenients de l'utilisation de HTS pour la détection des virus des plantes sont
de plus en plus limités et les avantages importants de la méthode ce qui lui permet de
présenter un grand potentiel pour améliorer la gestion des maladies virales des plantes.






Acknowledgements

I would like to express my heartfelt gratitude to my supervisor, Sébastien Massart,
for is unwavering guidance, support, and encouragement throughout the entire
duration of my research. He accepted to share his experience and expertise in plant
virology with me which influenced my vision of science and research and have made
a significant impact on the quality of this thesis. | truly thank you.

I would also like to thank the members of my thesis committee, Yves Brostaux, Luc
Willems, Marie Lefebvre and Macha Nikolski, for their valuable feedback, insightful
comments, and constructive criticism, which helped me improve and refine my
research. | would also like to thank Jean-Philippe Renvoise, Herve Vanderschuren
and Haissam Jijakli who accepted to join the thesis’ jury.

I consider myself fortunate to have been part of the INEXTVIR project and am
grateful to have discussed with the participants, ESRs, supervisor and advisor. Those
exchanges undoubtedly enrich myself, and this work.

I am thankful to the Gembloux plant phytopathology team member (past and
present), | am going to miss our discussions, ideas and coffee breaks. Their
contributions have been instrumental in making this study a success.

I would like to express my deepest appreciation to the participants who generously
gave their time and energy to take part in my research.

Lastly, my thoughts also go my friends Wei Rong, Arnauld Blouin, and Benedicte
Lebas which where indispensable to the advancement of the thesis and overcoming
the work during COVID lockdown. And of course the Goonies, as we shared our fears
and motivations in the good and bad moments. Mercé pel temps passat amassa, sera
pas jamai oblidat.

Aquela tesi serié pas estada possibla sens la contribucion de totes e de ma familha,
soi plan reconeissent per vostre suport.



VI



Table of contents

ADSTTACT ... s |
RESUIME ... bbbttt Il
ACKNOWIEAGEMENTS ... V
Table OF CONENES ... VII
List of Abbreviations and ACIrONYMS .........ccoirirerereneeeeees s XI
List of external liNK ..........ccoooiiiiiiiie e X1
Thesis structure and ODJECLIVES.........ccvcveiiiecicre e -1-
TRESIS SETUCLUIE ...t -3-
THESIS ODJECLIVES ...ttt st sre s -4 -
General INtrOAUCTION ........coveiieiieiee e -7-
1. WREE IS 8 VITUS ..eeeviieciiete e -9-
110 VIFUSES IN NALUIE ..ottt -9-

1.2. Detection of viruses in plant..........ccoccoovivineieiiii e -11-

2. Impact Of PIANT VIFUSES .......coviireieieieisisee e -12-
2.1, FO0Od Production SYSTEM ........ccccuririrenerierieieiee e -12-

2.2.  Plant virus detection and food Safety..........cccccovviiviiinincnenennn. -13-
Sequencing Of PIANT VITUS ........coiiiiiiieeice e -17 -
1. Sequencing MELNOUS.........cccoeieiiiiirese e -19-
1.1.  Plant virus detection by SEQUENCING .......cocevvviieviiiiiececece e -19-

1.2.  Sequencing Preparation ............cccoceeoeveeeenenieerenesee e ees -20-

1.3.  Types of datasets obtained...........c.ccooeveeeeniiiieeiiiee e -22-

2. Analysis of sSequencing data ..........ccceverereeirniee e -24 -
2.1 ANAIYSIS STEPS ...eetiiiie ittt -24 -

2.2, Analysis reliability.........cccoooioiiiiiii e -27 -
Validation of Virus deteCtion ...........ccoevrerieiieiiiisie e -31-
ATEICIE Lo -33-



Validation of high throughput sequencing as virus indexing test for Musa
germplasm: Performance criteria evaluation and contamination monitoring using

AN AlIEN CONTIOL ... s -33-
INEFOAUCTION ... -35-
Materials and MEthods...........cooiiiiiiie -39-
RESUIES ... - 45 -
DISCUSSION. ...ttt -57 -

Automation of Virus deteCtion ............coeoireiiiiinciieeee e - 69 -

ATEICIE 2. -71-
Cont-1D: Detection of samples cross-contamination in viral metagenomic data

...................................................................................................................... -71-
BaCKGrOUNd. ........oviieiiiii e -73-
MEENODS: ... -75-
RESUIES ... -85-
T U] o] o S -92-

Genome characterization of detected VIrus ..........ccoeovveiiiciniiiiiiecee -119 -

Variant analySisS .......ovcveiiiiic e -121 -
Variant impact 0N NOSE..........ccoiviiiiiiic e -121 -
Tracking viruses with mutation profile ............cccooeiiiiiici e -122 -

ATEICIE 3 -123 -
Virus SNPs Detection by High-Throughput Sequencing: Large-Scale

Performance Testing of Sequence Analysis Strategies............ccocvvvervrienen -123 -
INEFOTUCTION ... e et sne s -125-
Materials and Methods ..o -127 -
RESUILS ...t sttt srennes -135-
[T oSt o] o USSR - 144 -

Discussion and fUtUre ProSPECT........ccccveiiiierire et - 169 -

VIral DELECTION .....eiiecisee e -171 -

NOVEI VITUSES ... -172 -



Viral analysis ProOSPECT ......cccviiiiieiiiece e e

Cross-contamination MONITOIING ......c.ccvvviveiiiieie e

Limitations and improveMENtS..........cccocvvveiereeie s

Reference






List of Abbreviations and Acronyms

Abbreviations

ANSES
BBTV
BLAST
BSCAV
BSGFV
BSIMV
BSMYV
BSOLV
BSV
BWA
BYDV
CIRAD
CMV
COVID
DNA
DSE
ELISA
EPPO
HGT
HTS
ITC

ITS
LCA
NCBI

Definition

Agence nationale de sécurité sanitaire de I'alimentation
Banana Bunchy top virus

Basic Local Alignment Search Tool

Banana streak CA virus

Banana streak GF virus

Banana streak IM virus

Banana streak MY virus

Banana streak OL virus

Banana streak virus

Burrows-Wheeler Aligner

Barley yellow dwarf virus

Centre de Coopération Internationale en Recherche Agronomique
Cucumber mosaic virus

Coronavirus Disease

Deoxyribonucleic acid

Diagnostic Sensitivity

enzyme-linked immunoassay

European and Mediterranean Plant Protection Organization
Horizontal gene transfer

High Throuput Sequencing

International (Musa Germplasm) Transit Center
(nuclear ribosomal RNA) internal transcribed spacer
Lowest Common Ancestor

The National Center for Biotechnology Information

Xl



PCR Polymerase Chain Reaction

PVY Potato virus Y

RNA Ribonucleic acid

RT Reverse Transcriptase

SAM sequence alignment and map
SNP Single Nucleotide Polymorphism
SRA Sequence Read Archive

TBIA Tissue blot immunoassay

TOL Tree of life

VANA Virion-Associated Nucleic Acids

Xl



List of external link

Information Link
Chapter 3 Supplementar
P pplementary Supplementary 3
data
Chapter 4 Supplementar
P da?af) y Supplementary 4

Chapter 4 scripts

Cont-1D

Chapter 5 Supplementary
data

Supplementary 5

X1

e >
> &
* -
’6 '-%..'
‘
* L
""':I'i'
Q- >
* 0.0 *
+*
-

¥
.1.,;.‘&%‘, "'l:-
=].L.r .'ﬁ C


https://drive.google.com/drive/folders/1M8gPEWGVHsU2ArIv4xCISy8h7elYoNTP?usp=sharing
https://drive.google.com/drive/folders/1z6l3m2Yb5jnbJwhWXT07nbqVGHnJIdjh?usp=share_link
https://github.com/johrollin/Cont_ID
https://drive.google.com/drive/folders/1z0AwpKGf1C7ge1xnZIfcnI4FUzLOLJs3?usp=sharing

Chapter 5 scripts

SNP_comparison

Presentation
demultiplexing

Demultiplexin

Presentation viral

. Detection
detection
=] I| g 'I
_ '| |:.|:' : '- '
Presentation Galaxy Galax 'Ill |||| ,||| :
Europe =aay | Toh
||'|'|'|| " |u|:'
- | ‘Q" -Q ':'
] i, i .I.-:||
RN I g
Presentation Serratus DB Serratus

XV


https://github.com/johrollin/Variant_calling_comparison
https://docs.google.com/presentation/d/13kZEEnwEzfJXP8-lzg_Ojirf7L7i46yp/edit?usp=sharing&ouid=110861803000920318623&rtpof=true&sd=true
https://docs.google.com/presentation/d/11xru_g7qN0g8XP2l9rkBlXtjzreAOt_c/edit?usp=sharing&ouid=110861803000920318623&rtpof=true&sd=true
https://drive.google.com/file/d/1FFycJy7mGLHKCrckbJ5beav03zlIJg4W/view?usp=sharing
https://docs.google.com/document/d/1ak2Zg9gLqqaW4LPJbqm6D70-83i-nJMM/edit?usp=sharing&ouid=110861803000920318623&rtpof=true&sd=true

XV



XVI



Thesis structure and objectives







Thesis structure

This thesis's introductive section (Chapter 1: General introduction) provides a
general view of scientific knowledge of viruses with a focus on plant viruses. This led
to the explanation of how they are detected, their impact on the food system and their
societal impact (food safety) to finalize their presentation on the control measures to
prevent virus spread. Therefore, this chapter aims to understand plant virus detection's
challenges and importance.

The second part (Chapter 2: Sequencing of plant virus) is a technical introduction
to how to address the challenges described in Chapter 1. It focuses on sequencing and
the difference between alternative techniques. First, the sequencing steps are
described, followed by an overview of how the resulting data should be analysed. The
confidence of plant viral detection is also discussed, highlighting the new knowledge
brought by this thesis on cross-contamination handling, the improvement in detection,
and the resulting viral characterisation.

How to validate virus detection by HTS taking into account the cross-contamination
occurring between samples is addressed in the next chapter (Chapter 3: Validation of
virus detection). What are the important criteria for HTS viral detection? Can HTS
be used for diagnostics tests? Those are questions that are addressed in this chapter.
The light was shed on cross-contamination and the use of alien control to monitor it.
This monitoring allowed a better determination of the analytical sensitivity by setting
a alien-based control metrics. This filter can help define and adapt the actual limit of
detection on each independent sequencing.

Automation of virus detection (Chapter 4). With the definition in the previous
chapter of filters as a limit of detection for plant virus detection in HTS, other alien
control metrics can be used to further improve the detection reliability. In this chapter,
other alien control-based metrics are explored, and the automatic processing of very
sensitive detection for curation is proposed via a new bioinformatic tool: Cont-ID.
This tool considers several metrics from the alien control to predict the viral detection
as (true) infection or cross-contamination.

Genome characterization of detected virus (Chapter 5). The variant calling
allows us to know the specific mutation that had occurred in the virus genome.
Those mutations can change some viral traits and therefore are important to track. In
this chapter, | focus on evaluating the factors influencing the variant calling analysis,
allowing a better mutation prediction. Compared to the traditional exploration of
variant detection, consisting in evaluating many parameters of bioinformatic tools by
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a single or a few laboratories, our original methodology relied on a large-scale
evaluation by end-user laboratories.

In the general discussion of this thesis (Chapter 6: Discussion and future
prospect), the major research findings of each of the previously described aspects
are discussed along the detection taxonomy level (often species level) relevance.
Indeed, after formal detection, complementary analyses can be made that are also
important for the evaluation of virus threats. Perspectives on plant viruses and the
HTS' role in food safety are also considered.

Thesis objectives

This thesis' general aim is to strengthen the HTS usability to reliably detect plant
viruses and increase food safety. Indeed, plant virus monitoring in the field via
traditional methods can be enriched with sequencing to improve detection reliability.
To achieve it, several axes are developed:

e | intend to show that HTS is a non-targeted, sensitive, scalable (with
multiplexing) method meaning it can be a very good surveillance tool for
plant pests.

e | aim to demonstrate that HTS virus detection can be more reliable by
using alien control while being more sensitive that the alternative method
(PCR).

e | also want to show that with alien control, automatic analysis can
improve HTS detection, proving that HTS is a reliable method even with
limited human interpretation.

e Virus variant tracking can be important for field surveillance. | intend to
improve viral variant detection by describing important steps for a
successful analysis.
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Chapter 1 : General introduction

1. What is a virus

1.1. Viruses in nature

Viruses and tree of life

The definition of life relies on the distinction between what is considered a living
organism and an inanimate object (Luisi, 1998). Through time, several definition
attempts were with slight nuance. The Darwinian idea of life is what is capable of
undergoing evolution through natural selection (Cleland and Chyba, 2002). A more
modern definition adds the concept of a "self-sustaining chemical system" (Ruiz-
Mirazo et al., 2004). The precise limit of how self-sustainable an organism's
metabolism needs to be considered alive is still debated (Chodasewicz, 2014). In fact,
several definitions compete depending on the field of study of their usage
(Chodasewicz, 2014). The comparison of organisms' relationships is called
phylogeny; it relies on studying evolution to classify organisms between them.
Historically, living organisms are classified in the tree of life (TOL). Viruses are
classified apart because of their non-cellular aspect(Moreira and Lopez-Garcia, 2009).

The phylogeny relies on nucleic acid comparison to understand evolution. The
functional information of an organism is stored (and usable) in DNA or RNA (genetic
information). With reproduction, this information can pass to the next generation.
Some errors are made through time and generation; the information can be changed
and sometimes will give advantages, leading to the change being naturally selected.
The study of these modifications of information through time is a field of science
called evolution (Kutschera and Niklas, 2004). Both viruses and organisms from the
TOL contain genetic information. They could be compared, but because viruses are
not considered living, their evolution and the evolution of TOL organisms can be
considered separate. The discovery of horizontal (lateral) gene transfer (HGT)
(Griffith, 1928) changes this separation since it proves that genetic information can
be exchanged between organisms without heredity, even between organisms of
different kingdoms. Indeed, evolution studies need to consider the genetic information
acquired from other organisms (Daubin and Sz6ll6si, 2016). Viruses can perform
HGT and exchange with living organisms (Irwin et al., 2021), meaning that the
separation of the virus tree and the TOL can not be explained by the definition of life
anymore (Harris and Hill, 2020). Other arguments are advanced to maintain the
separation, like the likely fact that viruses are polyphyletic (Moreira and Lopez-
Garcia, 2009). Another critical difference in the taxonomy (classification of
organisms) between organisms in TOL and viruses is the presence of markers.
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Each domain of TOL (Bacteria, Archea and Eukaryota) contains markers
(conserved genetic information throughout the studied group) that can help the
comparison of organisms within domain (Tekle et al., 2010; Wu et al., 2013). No
marker has been found on viruses, even if some attempt, like (Rdrp) gene palm, can
help with some virus subgroups (Koonin et al., 2020). Indeed, the virus biology
diversity makes it difficult to study and edict global rules that can apply to all.

Characteristics of viruses

Viruses share common characteristics with living organisms (like using genetic
material to store and produce function) and completely original ones (like the fact they
do not have a cell organisation). Viruses can be defined as infectious units composed
of nucleic acid and proteins that are intracellular parasites that replicate in living
cells(Modrow et al., 2013). Viruses evolved over millions of years and have adapted
to their hosts, leading to a huge biological diversity between them (Choua et al., 2020).
Viruses present a wide range of genetic material, RNA/DNA, single/double. They can
infect virtually all organisms in TOL as they have been described in Eukaryotes,
Bacteria and Archea (Hull, 2014).

Viruses were originally classified based on their shape, size, and type of disease
they cause (Dimmock et al., 2016). The replication of viruses occurs in three main
steps. First, the enter the host cell. Once inside the host cell, the virus begins the
process of gene expression and replication. This involves synthesising proteins
encoded by the viral genome and replicating the viral genome itself (Dimmock et al.,
2016). The viral genome can be replicated through different mechanisms, depending
on the virus type (in the nucleus for DNA, in the cytoplasm for RNA). Finally, the
virus assembles and releases infectious viral particles (or naked acid nucleic), which
can spread the infection to other cells (Dimmock et al., 2016; Hull, 2014).

Plant viruses are composed of genetic material encased in a protein shell called a
capsid. Plant viruses are comprised of a majority of single-stranded RNA of positive-
sense polarity (Hull, 2014). These genomes can contain diversity in a number of genes
from (replication-associated) proteins, coat proteins (particle assembly), movement
proteins (cell-to-cell movement within the plant) and additional functions (like
countering host defence system). Another infectious agent that can infect plants:
viroid. Viroids are naked (no capsid) RNA molecules with a size from 250 to 450 nt
approximately that do not code for any proteins; they use plant proteins to be
replicated or move in a different cell. Throughout the studies of plants of interest, we
can link diseases observed and infectious agents. For example, on grapevines, more
than 70 viruses are known with 31 inducing symptoms, and seven viroids are
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described with at least two linked to symptoms (Martelli, 2017). The study of plants
of interest (mainly of agricultural importance) and their virus propagation and impact
is important to provide good practice recommendations on food production systems.

1.2. Detection of viruses in plant

Several methods can detect viruses in plants, and the choice of method will depend
on the specific virus being sought. Some common methods for detecting viruses in
plants include:

Serological tests: These tests involve using antibodies to detect the presence of viral
proteins in plant samples. ELISAs (enzyme-linked immunosorbent assays) (Clark and
Adams, 1977) are the most popular serological test in which a specific viral antibody
is immobilised on a solid surface of a wheel in a plate and exposed to a sample
containing antigen. The antibodies will bind to the antigen if the sample contains the
corresponding virus.

Molecular tests: These tests involve several techniques, among which the most
popular are polymerase chain reaction (PCR) (VUNSH et al., 1990) or reverse
transcription PCR (RT-PCR) (Roberts et al., 2000) to amplify and detect viral nucleic
acid (DNA or RNA) in plant samples. PCR is a highly sensitive and specific technique
that can be used to amplify small amounts of DNA or RNA from a variety of sources,
including plant tissue or other biological materials. There is a lot of possible variation
in the PCR processing virus sample, allowing a good adaption for better detection in
specific virus cases.

Bioassays: These tests involve infecting healthy plants with a plant sample and then
observing the plants for symptoms of viral infection. Bioassays can be used to confirm
the presence of a virus in a plant sample, but they can be time-consuming and may
not be suitable for all viruses (Legrand, 2015).

Tissue blot immunoassay (TBIA): This test involves transferring proteins from plant
tissue onto a membrane, which is then probed with labelled antibodies to detect viral
proteins (Whitfield et al., 2003). TBIA can detect viral proteins in tissue samples
rather than in the extracted form, which can be more representative of planta
situations.

Electron microscopy: This method involves using an electron microscope to observe
plant samples at high magnification to look for characteristic structures of viruses,
such as capsids or envelopes (Williams, 1954). Electron microscopy can be used to
identify viruses based on their size, shape, and other morphological characteristics
and can be a useful confirmatory test when other methods have indicated the presence
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of a virus in a plant sample. It is nevertheless no more widely used in diagnostic,
except for the viral particle characterization of newly identified viruses.

Sequencing: This is a regroupment of different methods, from Sanger sequencing
(Sanger and Coulson, 1975), or High Throughput Sequencing (HTS) via
Pyrosequencing (Roossinck et al., 2010), very small reads (SRNA) (Kreuze et al.,
2009), short reads (Illumina) (Adams et al., 2009), long read (nanopore, pachio)
(Liefting et al., 2021). The common characteristics of those sequencing methods are
to informatically reconstruct plant viruses' nucleic acid material (DNA or RNA) and
therefore allow its detection and characterisation.

HTS is a method for rapidly sequencing large amounts of nucleic acid. It involves
using specialised sequencers that simultaneously generate large numbers of sequence
reads in a single run. HTS has several applications in plant virology, including
identifying and characterising viruses, analysing viral gene expression, and detecting
viral variants.

All the listed methods here are not equivalent as some are targeted or not, and the
achievable specificity/sensitivity are different. Therefore, the choice of the method to
use should be considered according to the type of virus expected and the purpose of
the test. For plant virus diagnosis, the serological and molecular test seems the more
used, but the more recent HTS technologies raise a growing interest as they add new
possibilities it can lead to the analysis of a large amount of data/plants and increase
the potential for new virus characterisation. (Jeong et al., 2014; Rubio et al., 2020).

2. Impact of plant viruses

2.1. Food production system

The food production system refers to the process of producing, processing,
distributing, and consuming food. This includes all the steps involved in getting food
from the farm or fishery to the consumer, including growing and harvesting crops,
raising livestock, processing and packaging food products, and distributing them to
markets and stores. Food production systems can vary in size and complexity, from
small-scale, local operations to large, industrial systems that produce food on a
worldwide scale. They can also involve different food production methods, such as
conventional, organic, or aquaponics. The goal of a food production system is to
produce safe, nutritious, and affordable food for a population while also considering
environmental and social impacts.
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Virus in food production systems

There are several ways in which viruses can impact food production systems. Some
viruses, such as those that cause diseases in plants or animals, can directly affect the
productivity of a food production operation. For example, plant viruses can reduce
crop yields and quality, leading to economic losses for farmers and disruptions in the
food supply chain. However, for plant viruses, the public health risks of the product
consumed as food are low (Aguado-Garcia et al., 2020; de Jonghe, 2020). It is
important to note that the impact of viruses on food production systems can be
mitigated through various measures, such as implementing effective biosecurity
practices, developing resistant or tolerant cultivars, vaccines (such as CH2 PepMV)
(Aguero et al., 2018) and other preventive measures, and adapting to changing market
conditions.

Plant disease is an important component of global economic and human health.
Indeed, One Health (Mackenzie and Jeggo, 2019) is a concept that recognizes the
interconnection between the health of humans, animals, and the environment. It is
based on the idea that the health of these three systems is interconnected and that
addressing one system's health can impact the others. One Health approaches are often
used to address complex health issues that involve multiple sectors and disciplines,
such as emerging diseases, food safety, and environmental health. They involve the
collaboration of professionals from various fields, including human medicine,
veterinary medicine, public health, environmental science, and other disciplines.

The relationship between plant disease and food safety in the One Health framework
has been studied (Rizzo et al., 2021). Even if the study did not include plant viruses,
it is a legitimate claim to say that virus-induced plant disease affects food safety and
human health similarly to non-virus plant diseases.

2.2. Plant virus detection and food safety

There are several ways in which plant virus detection can be used to enhance food
safety. One way is through the use of rapid and sensitive detection methods, such as
molecular techniques like PCR, which can detect low levels of viral nucleic acid in
plant samples. This can allow for the early identification of viruses in crops or seeds,
which can help prevent the spread of infection and protect the quality and safety of
the crops (Food et al., 2019; Savary et al., 2019).

In addition, plant virus detection can be used to verify the effectiveness of measures
taken to control viral infections in food crops. This can include the use of virus-
resistant crops or the implementation of good agricultural practices. By monitoring
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the presence of viruses in crops, it is possible to determine whether these measures
are effective at controlling viral infections and ensuring the safety of food crops
(Giovani et al., 2020; Ristaino et al., 2021).

Overall, plant virus detection plays an important role in ensuring the quality and
safety of food crops and is an important tool for protecting public health and food
security. The food security strategy, therefore, relies on the grower (responsible for
the agricultural practice), the testing bodies (responsible for accurate virus detection)
and the regulator's authorities that need the balance the burden of the testing/good
practice implementation with the reality of the situation in the fields (Ward, 2016).

Action to prevent pest spread

Several studies try to evaluate the impact of plant viruses from perception (Hilaire
et al., 2022) to economics (Rybicki, 2015). Direct virus impact varies from yield
reduction on crops of interest or food quality deterioration. The mechanism allowing
the plant virus infection is described as the most impactful one (Scholthof et al., 2011)
and methods to limit the infection and/or the virus impact (while in the field) are
proposed. The way to respond to plant virus varies depending on the plant(s) of
interest and the method of production, the virus biology (including its transmission
pathways and host range), the criticality of the potential yield loss...

Most actions to mitigate pest spread depends on factors that rely on the interaction
between several entities: scientific bodies, growers and regulatory authorities.

e On the scientific aspect, several outputs are expected: the ability to
confidently detect the pest with minimal time and effort, the deliverance of
information such as the pest danger and spread mechanisms assessment or the
possible action needed to limit the pest spread or impact.

e The regulatory authorities, along with growers, have to balance the money,
time and effort to provided by the scientific community with the potential
output. In addition, they have to decide on the action to perform to limit pest
impact based on the danger assessment of the scientific community and the
burden (cost and effort) to implement it.

The action against pests has been studied by modelling new pest spreading (Fennell
et al., 2012) linked to pest management options (Cunniffe et al., 2014; Ward, 2016).
We tend to observe a lag between the real status of a pest, the detection ability, and
the answer to it (Figure 1-1)

-14 -



Chapter 1 : General introduction

Frewvent | | Eradicate | | Contain I | Give up

I SR I

FPest
CIOSESS
“border”

RS RF R

Pest is mowing

towards area of i
interest ==eme ] L Past enters, establishes and spreads

------ 2. Symptoms appear

— —-= 3. Awareness of the pest
e 4 \Nillingness to spend

= & Cost effectiveness of spend

Figure 1-1 Typical progression in a standard emerging outbreak of a plant pest, illustrating the time
lags between pest population, symptoms, awareness and willingness to spend, alongside the cost-
effectiveness of spending. This figure is originally from (Ward, 2016) and has been adapted (colour and
response phase added) by Glynn Jones (unpublished).

Figure 1-1 shows all the delays that add up during a pest entrance, first, between the
pest presence and the appearance of symptoms. Secondly, with symptoms, the
exploration starts with identifying the pests, followed by the danger, and spreading
mechanism evaluation while raising awareness. With the awareness of the pest
danger, the willingness to spend rises, but spending is less effective when made late
as the pest is more present. Figure 1-1 also describes the different phases of controlling
pests. When a pest exists but is not present in our area of interest, action can be taken
to prevent pest entry (it relies on the ability to detect new pests). At an early stage, if
the pest has just arrived in the area, action can allow the eradication of the pest from
the area (it relies on a fast detection system). If the pest is already present in numbers
too big to be removed from the area, a containment strategy can be implemented (it
relies on an accurate detection system). Finally, if all the previous actions failed,
instead of focusing on the pest presence, the action will try to limit its effect (like
switching to a less impacted plant variety).
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These actions rely on the scientific community to provide accurate information, so
studying pests (plant viruses being one of them) is essential. The detection of
pests/viruses is the cornerstone of the possible strategies. It required some adjustments
depending on the action (rapidity or accuracy) envisioned and the propagation's
danger (specificity or sensitivity). The decision made by the pest spread prevention
decision will lead to the scientific choice of detection strategy. Technical advancement
allows the choice between several methods (serological, molecular test, HTS ...);
inside those methods, adjustments can be made to implement the best-adapted strategy
(Jones, 2014; Kalimuthu et al., 2022).
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1. Sequencing methods

1.1.

Plant virus detection by sequencing

Characteristic of viral detection test
Several characteristics are important for a reliable plant virus detection test (Rubio et
al., 2020):

Analytical sensitivity: it is the metric that measures the ability of the detection
to perform with small amounts of virus. This is important because early
detection of a viral infection can help prevent the virus's spread to other plants.
When high, it also allows testing a pool (mix) of several plants in one test.
Analytical specificity: A plant virus detection test should be specific, meaning
it should accurately detect the specific virus it is designed to detect without
detecting other types of viruses or non-viral sequences.

Accuracy: it is a metric considering both the (diagnostic) sensitivity and
specificity abilities of the detection that represent the capacity to obtain
accurate results that can be relied upon. This is important for deciding how to
manage a viral infection and for research purposes.

Simplicity: A plant virus detection test should be easy to perform, with clear
instructions and a simple protocol to ease reproducibility.

Reproducibility is the ability of a test to provide consistent results when
applied to aliquots of the same sample tested under different conditions (e.g.
time, persons, equipment, location) (EPPO standard, PM 7/76, 2018).
Speed: the time used for detection is important. A detection test should be
able to produce results in a reasonable amount of time, as early detection of a
viral infection is important for preventing the spread of the virus.
Cost-effectiveness: A plant virus detection test should be cost-effective,
considering the time and resources required to perform the test and the
importance of the results.

Traditionally, plant pest laboratories used molecular and/or serological tests to
detect plant viruses (mainly PCR and ELISA), as they fit most of the characteristics
(EPPO standard, PM 7/98, 2021). But recently, interest in using HTS for plant virus
detection tests was raised, and guidelines were made available (Lebas et al., 2022;
Massart et al., 2022a), as HTS fit even better the needed characteristics and provides
several other advantages. HTS is an untargeted method (PCR and ELISA are not),
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meaning that, in theory, HTS can detect any virus in a plant, including unexpected
ones. Several new or previously uncharacterised viruses have been detected thanks to
sequencing(Barba et al., 2014; Maliogka et al., 2018). Another advantage is the ability
of HTS to detect mixed virus infections at once, which would require several PCR or
ELISA.

The historical reason why HTS is not used more is the (lack of) simplicity and the cost
that is still higher compared to PCR/ELISA. However, the cost of sequencing is going
down, and the sequencing protocol is more and more optimised and shared, making it
easier for the community to use and reproduce HTS testing.

1.2. Sequencing preparation

The sequencing starts with the sampling, followed by laboratory steps leading to
sequencing and ending with sequencing data analysis, as described in Figure 2-1
(Lebas et al., 2022). The sampling is the same as with PCR or ELISA, it corresponds
to the selection of material (most of the time plant) on which virus presence is to be
tested. This material will then be used as a matrix for nucleic acid extraction. The
extraction, library preparation and sequencing steps are done in the laboratory, while
the later steps (reads analysis, identification, analysis, interpretation) are done behind
a computer and are considered bioinformatic steps.
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Figure 2-1: Schematic representation of the main steps of the high-throughput sequencing (HTS)

process used in plant health diagnostics (Lebas et al., 2022)
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Nucleic acid extraction & library preparation

From the biological material previously sampled (like plant leave), the genetic
material (target of sequencing) needs to be extracted. The expected type of nucleic
acid is as diverse as the virus's genetic support (DNA/RNA, single/double). In
addition, to reduce cost, the sample to extract can be a mix of several plants (pool)
instead of only one(Lebas et al., 2022).

Following the nucleic acid extraction, the library preparation will directly act on the
genomic material. Indeed, the nucleic acid should be isolated and fragmented (if
needed) and then very short (known) sequences called adapters will be added at both
extremities. The adapters will allow the sequencing machine to attach the nucleic acid
fragment in order to start the sequencing. To further reduce the cost, several samples
can be combined (multiplexing) to sequence as one. In that case, known indexes (short
nucleic acid fragments) for each sample should be previously added to the adapters to
be able to assign the sequences to its original sample afterwards (Lebas et al., 2022).

In case of an RNA virus is expected, an RT-PCR should be performed to provide
cDNA (with adapter) to the sequencer (although sometimes RNA sequencing is
possible). In plant virus detection, it is also advised to remove non-target sequences
(for example, ribodepletion) or to perform an enrichment (for example non-specific
PCR based amplification) (Adams and Fox, 2016). The library preparation can be
modified to be targeted to a specific genomic-part/organism (amplicon sequencing),
or it can be untargeted (shotgun) (Lebas et al., 2022).

Several adaptations in extraction and library preparation should be made, as a small
difference in plant/virus composition has a huge impact (Sabatier et al., 2020). For
plant viruses, several protocols are described for alternative extraction/library
preparation, such as Total-RNA (Ofiate-Sanchez and Vicente-Carbajosa, 2008),
Virion-Associated Nucleic Acids (VANA) (Filloux et al., 2015), smallRNA (Kreuze,
2014) or double-stranded (ds)RNA (Marais et al., 2018a). Methods can differ between
DNA and RNA viral extraction (specially for full length genome sequencing). Careful
consideration of what protocol to use, with which sample type and to what end should
be done before starting the extraction.

1.3. Types of datasets obtained

The isolated nucleic acid fragments with adapters are used by a sequencing machine
that will amplify (if needed) and then copy the sequences anchored to the machine.
During the copy, a signal corresponding to the composition of the sequences is
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obtained and informatically processed (base calling) with a quality score associated
with each base (nucleotides). Finally, all the sequence fragments (reads) obtained are
concatenated in a computer file (read file). All further analyses are going to be
founded upon this document.

The different preparation may give different base calling since it changes the
presence of certain nucleic acids (like ribodepletion). In addition, different sequencers
are available with different characteristics that can also change the output (Maljkovic
Berry et al., 2020). In bioinformatics, there is a distinction to make with the possible
different sequencing outputs. Indeed, if the difference resides inside the data without
changing its representation, the data interpretation will change, but the same
bioinformatics analysis can be done. For example, two datasets can be obtained with
different extraction protocols and different sequencers for the same sample. The two
files obtained can have similar read characteristics (read number, read size, read
guality), meaning the same bioinformatics analysis can be performed on both files
(but different results in sample virus composition can be obtained). However, if the
differences are also on the reads file characteristics (read number, read size, read
guality), then different bioinformatics analyses will have to be considered.

The different characteristics of reads files that impacted the later bioinformatic
analysis are:

e Paired or single ends (depending on whether the genomic fragments were
sequenced from both ends or not). Paired ends provide more information
but are more expensive

e Read numbers (sequencing depth); if the number is too low, we may lack
information; the higher it is, the more computational power will be required
for the analysis and the higher the price is.

e Reads quality represents the possible error during the base calling; the
higher, the better (fewer errors), but more effort (and money) is required to
improve the quality.

¢ Reads length greatly impacts the analysis because it can be very variable.
From very small reads (<50 nt) (Kreuze, 2014), short reads (50>1000 nt)
and long reads (>1000 nt) (Tedersoo et al., 2021).

The biologist decides these criteria as he/she can decide which read size, humber,
and quality to aim for. Several sequencing protocols are available as many
combinations between those criteria are possible from different providers (lon-Torren,
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Illumina, Nanopore, PacBio...). The decision should be motivated by the price, time
required for the sequencing and the expected impact on the bioinformatic analysis that
will follow.

2. Analysis of sequencing data
2.1.  Analysis steps

First, the prior events have to be considered as data reflect the type of extraction and
sequencing they originated from. In general, there are two distinct phases in the
bioinformatic analysis, called "analysis of raw reads" in Figure 2-1 (also refer as "read
cleaning" or "pre-processing') and the analysis itself allowing the identification of
targets thanks to the control and possible exploration (variant discovery, phylogeny
...) corresponding to the step 6 and 7 in Figure 2-1.(Maljkovic Berry et al., 2020;
Rivarez et al., 2021). In this thesis (chapter 3 and 4), | will demonstrate that the
“analysis of control” (step 7) should be considered part of the “identification of
targets” (step 6) as the use of control allows improvement in identification reliability.

Pre-processing

The pre-processing of sequencing data corresponds to cleaning raw data, which can
include everything corresponding to the reads preparation for their accurate analysis.
The reads obtained from sequencing need to be controlled to remove the low-quality
ones, the adapters, and the artefacts that can be present. This step can also include
demultiplexing (if needed) to separate the multiplex samples thanks to the index added
to the adapters. In addition, if possible, the reads can be paired (association of 5' end
and corresponding 3' end) and merged together. Finally, a procedure called host
removing can be considered; it consists of identifying and removing the host-linked
reads letting in the dataset only very informative reads about potential pests.

Most of these steps allow the improvement of accuracy in later analysis (including
detection) (He et al., 2020). The correct level of cleaning is to be tested (depending
on the data and protocol used) as cleaning too relaxed may let erroneous reads that
can bias the later analysis. On the contrary, a cleaning too strict can remove too many
reads, not letting enough information in the dataset to reach a conclusion. Some
procedures like host removal should be used with caution as it can have an undesired
effect; as in the case of an integrated virus (a virus for which their genome can be
integrated into the host genome), the viral reads will be removed, as those reads can
be considered as host by the tools.
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Identification of target

In metagenomic analysis, the first aim is to identify the organism that constitutes
the datasets. Some alternative strategies and tools provide advantages and drawbacks.
Those strategies can be classified into few categories (Brinkmann et al., 2019)
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Figure 2-2: Simplified comparison of different bioinformatics workflows for virus identification used
in the COMPARE virus proficiency test. The plus sign is a representation of the machine usage
(Brinkmann et al., 2019)
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In Figure 2-2, pre-processing step's elements trimming (quality reads removing) and
background subtraction (host removing) are displayed. In addition, there are three
other categories, taxonomic binning, assembly and alignment.

Taxonomic binning corresponds to the direct taxonomic assignation of reads via
matching reads on (previously) prepared taxonomic databases. Several tools can
perform it with slight differences in the matching algorithm and the (taxonomic)
assignation that ensue. Indeed, in this category, there is a specificity problem because
read size (often between 50-250 nt with Illumina type sequencing) sometimes doesn't
allow species' specific part of the genome to be on each related read. Some of the
binning tools like Kraken (Wood and Salzberg, 2014) use a lowest common ancestor
strategy (LCA) which allows the assignation to the upper taxonomic level (Genus,
Family ...). This method should not be used with very small reads (<50 nt), as it may
lead to wrong results. Nevertheless, taxonomic binning is an interesting detection
method because, despite possible specificity issues and the high computational power
required, it provides fast detection with high sensitivity (Wood et al., 2019).

Assembly is not a detection method per se, as it is more a preparation to further
analysis. It consists of elongating reads into longer sequences (called contig) that
should ideally correspond to sequenced genomes. Longer sequences are interesting as
they allow more analysis possibilities because there is more chance to have organisms’
specific parts on them. Among the assembler (tools doing the assembly), SPAdes
(Bankevich et al., 2012) is broadly used. The assembly requires high computational
power and is not very fast, but it allows a more specific detection afterwards.

Alignment is the traditional detection method; it is the alignment of the longest
sequence possible (here, contig) on a database of known sequences. It can be
performed in nucleotide form or amino acid to improve the specificity (due to the
degenerate aspect of the genetic code). The historical tool for performing an alignment
is BLAST (Camacho et al., 2009), but a huge diversity of tools can also perform
sequence alignment. The range of time, computational power, specificity and
sensitivity for alignment depend on the chosen tools (Steinegger and Séding, 2017).
Alignment almost always relies on performing assembly before.

Direct taxonomy binning and assembly and alignment are the two main strategies
to detect organisms in metagenomic datasets. Both provide different advantages and
drawbacks, which make them partially complementary.
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Exploration

After the detection, exploratory analysis can be done to improve the knowledge of
the dataset. The range of possible analysis is very diverse: proteomic prediction
leading to functional information can be done, phylogeny study can be performed to
try to unveil pest origin and relationship with already sequenced isolates,
epidemiologic work can help understand virus propagation, variant analysis can
provide information on relative variant danger... Most of these complementary
analyses will use the contigs resulting from the assembly as their starting point. In the
case of a new virus or new variant detection, additional investigations are needed to
establish a plan of action to eradicate or prevent the virus from spreading(Massart et
al., 2017).

2.2.  Analysis reliability

The reliability of the virus detection analysis refers to the level of certainty that a
particular virus detected in the generated sequences is present in the sample tested
(risk of false positive) and that a virus present in the sample tested is detected in the
generated sequences (risk of false negative). Several factors, such as sensitivity,
specificity, or sample composition, can affect confidence in virus detection analysis.
A high sensitivity and specificity test provides higher confidence in the results. The
sample composition impacts confidence, as the more complex the dataset (more plants
pooled together, a lot of different viruses present or a high difference in relative virus
concentration), the less confident the results will be. For example, if the sample is
cross-contaminated (organisms not linked to the host are unwillingly added) or
partially degraded, the test may not be able to accurately detect the virus. The
detection test can be confirmed by testing again with another method like sequencing,
PCR or ELISA.

Control

To improve confidence in detection, it is good practice to add control to the test
(Massart et al., 2022a). Controls are monitoring datasets that are added to the main
analysis to monitor certain criteria. There are a lot of different controls, each type
monitoring a certain aspect. The most known and used for a long time are the external
positive control (checking the correct detection of an already known target) and the
external negative control (checking that no detection is made in the absence of
targets). Internal control can also be used as a positive control for checking steps (like
extraction). The use of control is very efficient in adding confidence to the detection.
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Cross-contamination

Cross-contamination is a major problem for detection confidence. Indeed, an
organism unrelated to the host , or its DNA/RNA, can be unwillingly added at any
step of the detection process, from initial sampling to the result generation. Meaning
that the test can legitimately detect an organism not originally present in the sample.
Limiting or at least monitoring cross-contamination is very important for confidently
detecting pests. In theory, a new type of control introduced for HTS tests and called
alien can help monitor cross-contamination. "An alien control corresponds to a matrix
containing one or several targets (called alien targets) which belong to the same group
as the target organism(s) but cannot be present in the samples to be tested" (Massart
etal., 2022a) This means that cross-contamination can be monitored by detecting alien
reads in the samples of interest or unexpected reads in the alien sample. I will discuss
later (in Chapter 3) the use of alien control and its improvement to plant virus
detection.

Interpretation of detection

A difference between molecular/serological tests and sequencing is the
interpretation range. In most of the PCR/ELISA, the interpretation is more
straightforward, for sequencing leading to absence or presence prediction. It is due to
the fact that those techniques are targeted and have been more studied through time
allowing to improve the interpretation (Minic et al., 2020). In sequencing results, a
certain number of reads (or contigs) could be considered as virus detection. The
interpretation can change depending on the different metrics (or contigs). The
threshold that switches the interpretation from presence to absence (considering
therefore the detection in those samples as originating from contamination) is not yet
addressed but it can depend on several metrics (sequence number, match quality,
genome coverage, specificity/sensitivity expected) and the context of the analysis. As
discussed in Chapter 1, the purpose of the test is important as it will impact the choice
of a relaxed or strict threshold for the prediction. Predicting three situations might be
more interesting in some aspects: absence, confirmation needed and presence. This
will be discussed in more detail later (in Chapter 4).

Viral characterisation

Viral characterization consists of determining the specific genome of viruses present
in a plant to further explore its biology. Indeed, HTS technologies can first detect the
presence of viruses. The detection is able to identify the virus (often to the species
level), characterising the virus to go a step further by determining its precise
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characteristics. To that end, a consensus genome of the viruses can (in most cases) be
reconstructed by keeping the major nucleotide in each position. Additional work can
be done to try to obtain variants (especially below 50% frequencies) that could be
hidden by the consensus sequence. This can lead to haplotype characterization
(reconstruction of genomes present in the plant). The study of the mutation profile of
the virus can be done by using variant calling analysis. As shown in Chapter 4, the
CMV case mutation’s profiles can help track cross-contamination (also discussed in
Chapter 5).In addition, variant analysis is important since it has been shown that
variants can change the threats (virulence, replication rate ...) of viruses, like in the
case of Potato Virus Y (Kogovsek et al., 2010). The important analysis points for
accurate variant calling were studied in a performance testing and are discussed in
Chapter 5.

Bioinformatic viral detection improvement

The main problem of virus detection from generated sequencing datasets does not
seem to be the lack of methods. Indeed, there are already many tools using several
different methods to detect viruses in plants (see Figure 2-1). To better understand
their specificities, those tools have been benchmarked extensively (Brinkmann et al.,
2019; de Vries et al., 2021; Jones et al., 2017). Workflow can be made by combining
tools to efficiently use their individual strengths while limiting their weaknesses, so
more accurate predictions can be obtained. The community has already done a lot of
work (boosted by the COVID-19 pandemic) (Baizan-Edge et al., 2019; Ferguson et
al., 2022; Rosenthal et al., 2022; Waite et al., 2022). Therefore, improving known
virus detection by adding another tool or workflow to the list seems difficult. Instead,
this thesis focuses on improving confidence in virus detection by clarifying the choice
of the metrics leading to the interpretation and monitoring the cross-contamination.
By improving the reliability of plant virus detection by sequencing, this thesis aims to
increase food safety in the agricultural system.
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Abstract
High-throughput sequencing (HTS) technologies have brought tremendous

improvements in the ability to detect plant viruses and have a great potential for
application in virus routine diagnostics. The performance criteria of an HTS test need
therefore to be estimated and compared to traditional virus indexing tests before it can
be used in routine diagnostic. In this study, 78 Musa accessions previously indexed
for viruses by molecular tests and/or electron microscopy were tested individually or
in pools using an HTS protocol based on total RNA sequencing. The analytical
sensitivity of HTS and RT-PCR was also compared by independent testing on serial
dilutions of RNA extracts. In total, 136 libraries were sequenced in five batches, and
the sequences analyzed for virus detection. The external alien control, a wheat sample
infected by BYDV, monitored the contamination burden and determined an adaptative
detection threshold. Overall, HTS test displayed a better analytical sensitivity
compared to RT-PCR and a better inclusivity than the classical indexing protocol, as
distant isolates and new viral species were only detected by the HTS test.
Repeatability and reproducibility of virus detection were both of 100% although
differences in number of sequencing reads per virus were observed between replicates.
The diagnostic sensitivity was very high but false positive results were observed.
Finally, the results also underlined the need of expert judgement in the interpretation
of the results. In conclusion, the HTS test with an alien control and completed by
expert evaluation has fulfilled the criteria of virus indexing protocol for Musa
germplasm.

Keywords: high-throughput sequencing; Musa; virus, contaminant, diagnostics,
detection, performance criteria
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Introduction

Plant viruses are a major threat for crop production and food security worldwide
(Calil and Fontes, 2017). The ability to provide a fast, cost-effective, and reliable
diagnostic test for any given plant virus infection is a key parameter to control these
ubiquitous pathogens and to support efficient plant quarantine or certification
programs (Kumar et al., 2021; S. Massart et al., 2014a; Soltani et al., 2021a). From
the first discovery of a plant virus in 1898, the ability to detect plant viruses has
followed the technological evolution throughout time (Maclot et al., 2020). In the first
part of the 20th century, the detection of plant viruses relied on symptomatology on
natural hosts and indicator plants (bioassays), biochemistry, and electron microscopy
(Boonham et al., 2014)(De Clerck et al., 2017). Bioassays have several drawbacks,
including asymptomatic responses in investigated plants, reduced number of
indicators results by bud grafting failure, relatively long testing period before release
(Al Rwahnih et al., 2015; Soltani et al., 2021b). Further on, the detection of plant
viruses was steadily improved by the development of targeted serological and
molecular tests (Boonham et al., 2014). These tests are generally sensitive and rapid
but they require a priori knowledge of the targeted viruses and can lack inclusivity for
viruses with high genetic diversity (Maree et al., 2018; Thomas et al., 2015).

The development of high throughput sequencing (HTS) technologies represents a
very promising method for universal virus detection (S. Massart et al., 2014b). The
sequencing machine will produce millions to billions of sequences that will be called
reads in this publication to differentiate them from assembled sequences or genomes.
Since their first application for plant virus detection, HTS technologies have become
easier to perform, both at laboratory and bioinformatics levels, and cheaper. Their use
is therefore increasing for research purposes and, progressively, their adoption is
envisioned for virus diagnostics (Olmos et al., 2018a). HTS has been used as part of
routine virus diagnostic workflows in several diagnostic laboratories to identify novel
viruses from plant hosts (Adams et al., 2018), as well as in complement to
conventional methods to inform diagnostic workflows in the identification well
characterized pathogens (Adams et al., 2014) or new pathogens following initial
detection using targeted generic tests (Fox et al., 2018).
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Transferring an HTS-based detection test from research toward routine application
in diagnostics is a challenging task. A workflow allowing this transfer has been drafted
by an international consortium of plant pest diagnostics specialists (Massart et al.,
Accepted EPPO bulletin). First, one or several protocols that fit the purpose of the test
should be selected and evaluated within the laboratory. Once a protocol is defined and
well described, its performance characteristics should be evaluated through a
validation scheme. Several performance criteria are proposed in international
guidelines such as EPPO standard PM7/98: analytical sensitivity, analytical
specificity (including inclusivity and exclusivity), selectivity, repeatability, and
reproducibility. The diagnostic sensitivity, corresponding to the ratio between the
number of infected samples tested positive and the total number of infected samples
and the diagnostic specificity, corresponding to the ratio between the number of
healthy samples tested negative and the total number of healthy sample, are both a
key performance criterion for a diagnostic test. The evaluation of performance
characteristics of various HTS tests, and their comparison with classical tests based
on targeted detection and/or bioassays, has already been carried out for several crops
including grapevine, Prunus, Malus, Pyrus, Citrus and ornamentals (Bester et al.,
2021a; Di Gaspero et al., 2022a; Gauthier et al., 2022a; Rott et al., 2017a; Soltani et
al., 2021b; Thomas et al., 2015).

An HTS test can be divided in eight steps, among which laboratory (sampling,
nucleic acids extraction, library preparation, sequencing) and bioinformatics (analysis
of raw sequencing reads, identification of targets, analysis of controls) steps are
completed by the last step of confirmation, interpretation and reporting of the results
(Lebas et al., n.d.). It is mandatory to have a fixed and well described HTS protocol
before starting the validation. Indeed, whatever the protocol used (total RNA
sequencing, small RNA sequencing, dsRNA sequencing), several scientific
publications underlined that each step of an HTS test can impact its performance:
sampled tissue (Di Gaspero et al., 2022b; Malapi-Wight et al., 2021), RNA extraction
(Bester et al., 20214a), library protocol (Bester et al., 2021a; Di Gaspero et al., 2022b;
Maachi et al., 2021; Pecman et al., 2017a), sequencing technology (Bester et al.,
2021b), sequencing service provider (Gauthier et al., 2022b), number of generated
sequences per sample (Gauthier et al., 2022b; Pecman et al., 2017b; Visser et al.,
2016a), bioinformatics analysis (Bester et al., 2021b; Gaafar et al., 2021; Galan et al.,
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2016; Gauthier et al., 2022b; S. Massart et al., 2019; Tamisier et al., 2021a) and the
diagnostic laboratory performing the test (Gaafar et al., 2021).

In side-by-side comparisons published in the literature, the inclusivity of HTS tests
was identical or better than the other compared tests (molecular, immunological or
bioassays) (Hanafi et al., 2020a; Thomas et al., 2015; Velasco and Padilla, 2021). On
the other hand, the exclusivity of HTS test is intrinsically high but it depends on the
number of reads generated for the detected virus (and the genome coverage of the
virus), and the quality of these reads as well as the bioinformatic procedure (e.g., the
software, the parameters and the database used) at each step of the bioinformatics
analysis. The repeatability and the reproducibility of HTS tests have been evaluated
in the literature and were generally very high with up to 100% of repeatability and
reproducibility for virus detection (Bester et al., 2021b; Di Gaspero et al., 2022b;
Soltani et al., 2021b).

A key performance criterion is the analytical sensitivity and the corresponding limit
of detection of the HTS test. When compared to reverse transcription PCR (RT-PCR),
the limit of detection of the HTS test for virus detection was often improved, for
example by 10X for PVY (Santala and Valkonen, 2018). The analytical sensitivity of
an HTS test is theoretically very low as a single read from a target can be potentially
identified by an appropriate bioinformatics pipeline. Nevertheless, the analytical
sensitivity is limited by the cross-contamination level between samples (Massart S et
al., n.d.). Although cross-contamination is long known to occur during the detection
of plant viruses by HTS, very few reports analyzed it extensively and none used
controls to monitor it in routine settings. Cross-contamination between samples was
previously estimated to range between 5 and 10% (Sinha et al., 2017) and between
0.2 and 6% (Costello et al., 2018a) of the reads. Although improvements were gained
at specific steps, for example by improved washing between sequencing runs or by
alternating sequencing indexes between runs, contaminations can still potentially
occur at any step of the process. High proportions could cause false positive detections
that complicate the data interpretation. As a consequence, the limit of detection should
take into account the cross-contamination level between samples to minimize false
positive rate while maintaining an analytical sensitivity (limit of detection) and a
diagnostic sensitivity (limiting number of false negative due to very low level of
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infection) fitting the purpose of the test. This issue and its impact on false positive rate
have been discussed recently for plant viruses based on reference samples with
characterized virus infection (Gauthier et al., 2022Db).

In this context, it is recommended to monitor the cross-contamination burden when
using HTS tests. For this purpose, a new type of external control should be used during
the validation and in routine diagnostic: the alien control. For plant virus diagnostics,
an alien control corresponds to a plant sample previously sequenced and containing
one or several plant viruses (called alien viruses) that should not be present in the test
tissues. Therefore, the detection of reads from an alien virus in a sample or another
non-host control can be unequivocally considered as a cross-contamination from the
alien control (Massart et al., Accepted EPPO bulletin). The alien control should be
preferred over the negative control to monitor the cross-contamination. Indeed, it has
the same role as a negative control for viruses infecting the tested plants as any read
from a host virus can be considered as cross-contamination (controlling the reads
exchange from any sample to a single sample). In addition, the alien control also
monitors the cross-contamination from a single sample to any other sample by
detecting alien virus reads in all the samples. The monitoring of cross-contamination
is therefore greatly improved.

This paper reports the validation of the main performance characteristics of an HTS
test, based on the high throughput sequencing of ribosomal depleted RNA, to detect
viruses infecting Musa germplasms. It worth mentioning that most edible bananas
belong to the genus Musa with a genome predominantly originating from M.
acuminata (A genome) and/or M. balbisiana (B genome). They can be diploid,
triploid or tetraploid and comprised solely of A genomes or have combinations of A
and B genomes. B genomes have an important specificity as they almost universally
carry sequences of one or more banana streak virus (BSV) species within their
chromosomes, some of these integrant sequences can be activated and they can trigger
an infection with viral particle of BSV.

The performance criteria, e.g. analytical sensitivity, analytical specificity,
repeatability, reproducibility, diagnostic sensitivity, and diagnostic specificity
(focusing on false positives), were evaluated considering the cross-contamination
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burden, monitored for the first time in plant pest diagnostics by an alien control, as
well as the biology of the tested viruses with the BSV particularly.

Materials and methods

Plant materials

The list of plants included in the validation experiment is detailed in supplementary
table 3S1. A total of 78 distinct Musa accessions were used and they were provided
by Bioversity International Musa Germplasm Transit Center (ITC, Belgium), ANSES
(from La Reéunion, France), CIRAD (from Montpellier, France) and The University
of Queensland (Australia). The plants were previously tested following the standard
virus detection protocols (Geering et al., 2000; Thomas et al., 2015) and the following
9 virus species were detected in at least one sample: banana mild mosaic virus
(BanMMYV), banana bract mosaic virus (BBrMV), banana bunchy top virus (BBTV),
and cucumber mosaic virus (CMV), banana streak OL virus (BSOLV), banana streak
CA virus (BSCAV), banana streak GF virus (BSGFV), banana streak IM virus
(BSIMV), banana streak MY virus (BSMYYV). These plants were either sequenced
individually or in pool (corresponding to a single sequencing library) in five different
batches.

For each batch of sequencing, at least one pool of five positive controls was
sequenced together with the samples. These positive controls were plants maintained
from more than a decade in the greenhouse of Gembloux Agro-Bio Tech (Liége
University, Belgium) and used as positive control during the routine virus detection
tests based on molecular tests and electron microscopy (De Clerck et al., 2017). The
positive control plants from batch 1 was pooled using the same quantity of tissue from
each plant before the RNA extraction for batch 1 (e.g. using 20 mg per plant instead
of 100 mg) For batches 3, 4 and 5 a different proportion for each virus was used
(BBTV : BanMMV : BSV (either BSMYV or BSOLV) : BBrMV : CMV : Healthy
plants = 6:4:4:2:1:5). This adaptation of proportion was carried out to standardize read
numbers above a theoretical limit of detection of the test (as BBTV tend to provide
less read, and CMV a lot). The analytical sensitivity was also evaluated using serial
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dilutions of 4 pools of 5 plants (see hereunder), always using the same proportion per
sample (20 mg).

For each batch of sequencing, at least one alien control (wheat plant infected with
BYDV) was processed in parallel with the samples as an external control. The goal of
an alien control is to monitor the cross-contamination level among the samples in a
single batch (Massart et al., Accepted EPPO bulletin). Leaves of wheat plants infected
with barley yellow dwarf virus PAS and PAV (BYDV-PAS and BYDV-PAV) and
maintained in the greenhouse of Gembloux Agro-Bio Tech were sampled by the same
process as for banana plants. The concentration of virus reads in the sequence dataset
from such sample was observed previously as very high in the growing conditions of
the greenhouse ((Tamisier et al., n.d.). Importantly, Musa species are not a host for
BYDV, so the presence of reads from BYDV in any Musa sample reveals a cross-
sample contamination.

In total, the sequenced samples corresponded to 78 different plants on which 702
(78*9) individual predictions could be done with the nine virus species mentioned
above.

Sampling and nucleic acids extraction

For the accessions grown in greenhouse, one third of the uppermost fully expanded
leaves were sampled from four individual plants for each accession and 100 mg of
tissue (random punches of 0.6 cm diameter circles) was used for nucleic acids
extraction. For samples received from collaborative laboratories, 100 mg of tissue
(random punches of 6 mm diameter) and 10 mg of tissue (from randomly selected
leaves part) were sampled from fresh or lyophilized leaves respectively (weight used
were adapted to maintain homogeneity between fresh and dry sample). The same
process was carried out for the alien control.

Total RNA was extracted from the sampled leaves using RNeasy Plus Mini Kit
(Qiagen, Venlo, Netherlands) according to the manufacturer’s instructions and DNase
treated with DNase I, Amplification Grade (Invitrogen, CA, United States) according
to the manufacturer’s instructions. The RNA samples were aliquoted and stored at -
80 °C before sending for sequencing or confirmation analysis.
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For confirmation study on BSV detection, genomic DNA was extracted from the
sampled leaves using DNeasy Plant Mini Kit (Qiagen, Venlo, Netherlands) according
to the manufacturer’s instructions.

PCR-based protocols

The five above mentioned banana viruses were detected by PCR and RT-PCR using
cDNA generated from extracted total RNA, respectively. The sequences of these
primers used are listed in Table 3S3. For targeted RT-PCR, cDNA was synthesized
from 1 pg of total RNA with SuperScript 111 Reverse Transcriptase (Invitrogen™, CA,
United States) according to the manufacturer’s instructions and random hexamers
(Invitrogen™, CA, United States) was used. PCRs were performed in twenty-five pl
reactions. The mix used for BanMMV, BBrMV, BBTV, and CMV contained 2 pl
cDNA, 1 pl forward primer (25 pmol 1), 1 pl reverse primer (25 pmol 11), 5 pl 5X
PCR buffer, 1 pl 50mM MgCl,, 0.5 pl 10 mM dNTPs mixture, 0.5 pl Mango Tagq™
DNA Polymerase (Bioline, London, United Kingdom), and 14 pl sterilized and
distilled water. The temperature cycles used for each virus are as described hereunder:

BanMMV: 94 °C for 1 min; followed by 35 cycles of 15 s at 94 °C, 20 s at 60 °C,
and 20 s at 72 °C; final elongation step at 72 °C for 3 min.

BBTV, BBrMV, and CMV: 94 °C for 1 min; followed by 35 cycles of 20 s at 94 °C,
20 s at 60 °C, and 40s at 72 °C; final elongation step at 72 °C for 3 min.

BSV detection (from cDNA ): 2 ul cDNA, 2.5 ul primer mixtures (see primer list
in Table 3S3, the final concentration for each primer was 1 pmol 1*tand 2 pumol 1*
for BSMYV detection primers), 5 pl 5X PCR buffer , 0.75 pl 50mM MgCl,, 0.5 pl
10 mM dNTPs mixture, 0.5 pl Mango Tag™ DNA Polymerase (Bioline, London,
United Kingdom), and 13.75 pl sterilized and distilled water. The PCR and RT-PCR
programs used for BSV were as follow. The PCR cycle consisted of a pre-incubation
step at 94 °C for 30 s; followed by 35 cycles of 15 s at 94 °C, 30 s at 60 °C, and 1 min
at 72 °C; and a final elongation step at 72 °C for 10 min. For confirming the HTS
detection of BSMYV and BSIMV previously undetected by virus indexing, the same
mastermix and temperature cycles were used with the only change in reverse primer
sequence (see supplementary Table 3S3).
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For evaluating the presence of BSV and BanMMV viral particles, previously
described protocols based on immunocapture followed by (RT-)PCR were applied
(De Clerck et al., 2017).

The obtained PCR products were separated on a 1.0 % agarose gel in TAE 1x stained
with GelRed® Nucleic Acid Gel Stain (Biotium, Fremont, CA, United States).

High throughput sequencing of total RNA extracts

The library preparation and the sequencing were carried out at the Interdisciplinary
Center of Biomedical Research of Liége University (GIGA, Liege, Belgium). Before
sequencing, RNA concentration and RNA integrity number (RIN) of each sample
were analyzed (qPCR, using KAPA kit). Stranded Total RNA library Prep
Human/Mouse/Rat (Illumina, CA, United States, hereafter referred as “old kit”) or
TruSeq® Stranded Total RNA Library Prep Plant (Illumina, CA, United States,
hereafter referred as “new Kkit”) were used for batches 1-2 and 3-5 respectively. As
ribosomal depletion step was not included in the old kit, Ribo-Zero™ Plant Leaf Kit
(Mumina, CA, United States) was used before applying the old kit. The prepared
libraries were quantified, pooled and paired-end sequenced on a NextSeq 500
sequencer (2 X 150 bp read length for batches 1, 2, 3, 4) and NovaSeq 6000 for batch
5 from Illumina and operated by GIGA facilities of Liége university. Sequencing
batches were processed at the following dates: April 2018 (batch 1), October 2018
(batch 2), January 2019 (batch 3), September 2019 (batch 4) and November 2020
(batch 5).

For small RNA sequencing, a single batch was prepared and sequenced. The library
preparation and sequencing were carried out in GIGA facilities using the SMARTer
smRNA-Seq Kit, (Clontech — Takara Bio). The sequencing of 1x50 nt was carried out
on NextSeq 500.

Bioinformatics analyses

The obtained sequence reads (FastQ file format) were quality controlled on both ends,
using a minimal nucleotide Phred quality score of 25 and a minimal length of 35bp
with BBDuk (Kechin et al., 2017) (v38.37). Then, the trimmed reads were merged
and duplicated merged reads were removed using Dedupe (Bushnell et al., 2017)
(v38.37) with kmer seed 31.
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All the cleaned reads (merged and unmerged) were mapped to the custom-built
database with 820 whole genomes of BanMMYV, BBrMV, BBTV, BSV, CMV, and
BYDYV, which were available from NCBI (accessed 12/12/2020, see Supplementary
Table 354, Table 3S4). Except BanMMYV, all the other tested viruses had more than
one reference genomes available, and all the cleaned reads were mapped to these
available references at the same time. The mapping tool from GeneiousPrime
(2020.0.5, Biomatters) was used as high sensitivity mapping method. We used the
default parameters associated with “Low sensitivity / Fastest” profile allowing two
iterations and manually setting 20% mismatch and maximum 3 nucleotides gaps
allowed. Those parameters were used for all samples except for small RNA on which
adapted parameters (2 iterations, 10% mismatch and maximum 3 nucleotides gaps
allowed) were used. No reads with multiple best matches between different viruses
were observed. The BSV species detection was considered separately for the test
performance characteristics.

De novo assembly with rnaSPAdes (Bushmanova et al., 2019) (v3.13.0) to obtain
contig, and tBlastX with RefSeq (November 2020) analysis were performed to check
the presence of new or known unexpected virus (not targeted by PCR test). For new
virus detected, we combined tBlastX with NCBI non-redundant database (November
2020), and pairwise alignment (GeneiousPrime, 2020.0.5, Biomatters) to identify the
closest reference.

Evaluation of analytical sensitivity

The analytical sensitivity between RT-PCR and HTS was compared using four
pooled samples from five plants each infected by one viral species: BanMMV,
BSOLV, BBTV, BBrMV or CMV (see Supplementary Table 352). RNA extractions
were carried out individually for each plant and pooled together using the same
guantity of RNA from each extract. Each pool represented a 5x dilution for each virus.
The pools were further diluted to reach 100-, 1,000-, and 10,000-time dilutions. The
pools were diluted in RNA extracted from virus-free plants. All the RNA pools were
aliquoted and immediately stored at -80°C.

Evaluation of repeatability and reproducibility

Eight independent samples (including positive, negative and alien controls) were
analyzed in replicates from different sampling of plant tissue from the same plant at
the same time. The number of replicates analyzed in parallel ranged between 2 to 5

(T3]

and are indicated by “r” in sample code column from supplementary table 3S1.
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The reproducibility of the HTS test over time was also evaluated on the positive
control mix at each sequencing batch (five independent sequencing starting from plant
material, although in different proportions in batches 3 to 5 compared to batch 2). In
addition, 3 samples among the replicates were tested in two different sequencing
batches (ITC1543, Sample J, Sample EM4). The samples tested for reproducibility
over time always corresponded to new sampling of plant tissue. The impact of library
preparation kit was also evaluated due to the disruption of the first kit used during this
validation by using the last reagents available for three samples.

Bioinformatics analyses to investigate false positive detections

To investigate false positive detections, SNPs profiling was done, and comparative
de-duplication was performed between supposed contaminating and contaminated
samples. When the reads abundance allowed it, SNP were detected using Geneious
(Prime 2020.0.5, Biomatters) “find variant” functionality (only variants with more
than 25% frequency were kept). Then the distribution of the SNP was compared
between samples. The second strategy aimed to evaluate the number of identical reads
between contaminating and contaminated samples. It was performed using a
comparative de-duplication strategy. The mapped unique reads from sample with a
putative false positive detection and from samples positives for the targeted virus were
grouped into a single pool (using “Group sequences into a list”). Then, the
deduplication tool Dedupe V38.37 (Bushnell et al., 2017) (from BBMap) was used
with the parameters kmer seed length, maximum edit, and maximum substitutions set
as “317, “0”, and “0”, respectively.

Calculation of diagnostic sensitivity

The diagnostic sensitivity has been calculated according to recent recommendations
for the statistical analysis of validation datasets (Massart et al., Accepted EPPO
bulletin). The known formula has been used (True Positive/(True Positive + False
Negative)) but without taking into account diluted samples nor alien controls. But for
analytical sensitivity calculation, diluted samples were used.. The occurrence of false
positives was monitored and investigated.

Alien controls were used to evaluate the impact of threshold determination on the
balance between diagnostic sensitivity and false positive occurrence.
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Results

Generated sequencing data

In total, 136 libraries were sequenced by HTS from individual or pooled total RNA in
five separate HTS runs, each comprising 19 to 38 libraries (Table 3S1). These
libraries originated from 78 different Musa accessions, nine positive controls
corresponding to the same mix of plants (same for all batches except for batch 1),
seven negative controls (virus-free Musa accessions), 11 alien controls, and 18 pooled
samples (containing Musa infected with BanMMV, BSOLV, BBrMV, BBTV, and
CMV at various dilution levels). The data (about 2 billion reads in total) generated by
each independent sequencing batch is summarized in Table 3-1 and publicly available
(https://dataview.ncbi.nlm.nih.gov/object/PRINA777477 reviewer=15afdqucfeme0t

ps544b5vudlo).

Sequencing Sequencing Sequencing Sequencing  Sequencing  Sequencing
Batch 1 Batch 2 Batch 3 Batch 4 Batch 5 Batch6
totalRNA totalRNA  totalRNA totalRNA totalRNA smallRNA
Number of samples sequenced 27 19 27 38 25 31
Average number of reads generated 8 026 387 10 177 611 9 626 664 26 868 110 12072 128 9 446 662
Maximum number of reads generated 10340172 11379224 12309 622 36 861 696 15597 574 11285911
Minimum number of reads generated 4 678 326 6 888 958 7043 406 20 469 598 9889 872 7 965 444
Average number of contigs generated 52 949 141 862 91 092 102 211 54 746 NA

Table 3-1: General information on the HTS data generated for five independent sequencing batches

Whatever the batch, the minimal and maximal number of reads per sequencing library
were 4.7 and 36.8 M respectively. The average numbers of reads generated per
sequencing batch ranged from 8 to 12M, excepting batch 4 with 26 M. In addition,
the average numbers of contigs generated after de novo assembly for each library
ranged from 52949 to 102211. Small RNA from 27 samples were sequenced in a
single batch. the minimal and maximal number of reads per sequencing library were
8 and 11 M respectively with an average of 9.5 M

Comparison between small RNA and total RNA sequencing

The summary tables (Supplementary Tables 3S1a and 3S1b) show that small RNA
sequencing and total RNA sequencing protocols generated similar number of reads
per sample with an average of 9.5 and 7.9 M respectively. The minimal number of
reads was 8.3 and 4.7 M for small RNA and total RNA respectively. Nevertheless, the
proportion of viral reads in samples sequenced by the small RNA protocol (n =
101,168 reads) was much lower compared to the total RNA sequencing protocol (n
=396,574 reads). The relatively lower number of reads could limit the analytical
sensitivity of the protocol. In addition, 11 detections of viruses were achieved with 10
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or less reads and one false negative result observed. Based on these results, the total
RNA sequencing protocol was selected for further validation of its performance
criteria.

Monitoring cross-contamination burden with the alien control

As Musa species are not a host for BYDV, the cross-sample contamination between
the alien control and any other samples or control can be monitored by identifying and
counting BYDV reads in each sequencing dataset. The results are summarized in
Table 3-2.

Batch # 1 2 3 4 5
Total number of BYDV reads in Alien controls 87 224 259736 125616 61204 102714
Total number of cross-contaminating BYDV reads in banana sample 12 300 660 93 79
Ratio of cross-contaminating reads 1/7,269 1/866 ~ 1/190  1/658  1/1,300
Number of samples cross-contaminated 2 15 21 8 3
Number of samples without cross-contaminating reads 21 1 5 15 34
Maximum number of cross-contaminating reads in a single sample 7 75 288 44 26
Average number of cross-contaminating reads per sample 6 20 31 11 69

Table 3-2: Summary of the BYDV reads detected in the sequencing datasets for each batch of
sequencing

Table 3-2 underlined several trends in the cross-contamination level by analysing
the detection of BYDV reads in Musa samples. First, the cross-contamination level is
highly variable depending on the sequencing batch. Indeed, the ratio between reads
generated in the alien control(s) and the cross-contaminating (BYDV) reads ranged
between 190x and 7,269x in the different batches. In addition, the number of Musa
samples with cross-contaminating (BYDV) reads is also very variable, from less than
10% (n=2 — batch 1) to more than 90% (n=15 in batch 2). It is worth mentioning that
the lowest number of BYDV reads was observed with the first batch processed while,
in batch 2, most samples had less than 20 cross-contaminating reads. In addition,
within a batch, the number of cross-contaminating reads detected in a sample could
vary significantly as it ranged from 0 (five samples) to 288 within batch 3. The very
high ratio of batch 3 is in fact mainly due to two samples with 184 and 288 BYDV
reads. Without these two samples, the ratio dropped to 668x. So, the cross-
contamination detected could be quite constant between samples (batch 2) or
concentrated in few samples (batch 3).
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Determining adaptative detection/contamination threshold and impact on
performance criteria

The cross-contamination burden monitored with BYDV reads, and its observed
variability between and within sequencing batches, raised the fundamental question
of fixing a threshold for detection for the viruses infecting the Musa samples. As
reference samples were used in this study, it was possible to evaluate the impact of
several detection thresholds on the false positive (when a virus was detected while it
corresponded to cross-contamination) and false negative (when a virus infection was
missed because it was considered as cross-contamination due to the low number of
viral reads) rates. We tested two simple contamination thresholds to evaluate their
impact on the accuracy, the false positive rate and the false negative rate compared to
the absence of any threshold. The first threshold was 10 reads which have been
proposed empirically in the literature (Bloom et al., 2021a; Soltani et al., 2021b;
Strong et al., 2014a). Nevertheless, the fixation of a unique threshold did not
consider the variability of cross-contamination burden shown by the alien control. The
second threshold is based on the cross-contamination observed from the alien control
and is therefore variable between batches. Different metrics could be tested (average
number of reads, average or maximum ratio between contaminants and alien reads,
...) but, after preliminary evaluation (data not shown) a conservative threshold
corresponding to the maximum of cross-contaminating reads (here from BYDV)
observed in a sample for each batch was selected. This variable threshold took into
account the inter-batch variability observed and was considered as “conservative”
because the maximum level was selected. The alien threshold for virus detection was
therefore 7 reads for batch 1, 75 reads for batch 2, 288 reads for batch 3, 44 reads for
batch 4 and 69 reads for batch 5 (see Table 3-2).

It is important to mention that an unusual very high abundance of BSV reads was
detected in many samples indexed negative for BSV species, probably due to the
integration of episomal BSV genomes in the B genome of Musa species.
Consequently, the accuracy, false positive and false negative rate was presented
independently for BSV species.
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Filter non BSV viru_s_predication _ BSV virus_p_redication _

Accuracy False positive False negative Accuracy False positive False negative
No filter 49% 51% 0% 14% 86% 0%
Batch 1 10 reads 93% 5% 2% 57% 43% 0%
Alien control| 93% 5% 2% 52% 48% 0%
No filter 29% 1% 0% 8% 92% 0%
Batch 2 10 reads 84% 16% 0% 51% 49% 0%
Alien control|  94% 3% 3% 89% 11% 0%
No filter 43% 57% 0% 13% 87% 0%
Batch 3 10 reads 94% 6% 0% 48% 52% 0%
Alien control|  92% 4% 4% 98% 2% 0%
No filter 86% 11% 2% 17% 83% 0%
Batch 4 (with dilution) 10 reads 88% 3% 9% 48% 48% 4%
Alien control|  77% 2% 20% 2% 21% %
No filter 80% 20% 0% 11% 89% 0%
Batch 5 10 reads 90% 10% 0% 51% 49% 0%
Alien control| 100% 0% 0% 81% 19% 0%

Table 3-3: Evaluation of the impact of three levels of contamination thresholds on the accuracy, the
false positive and false negative rates per batch. For each batch, the first line represents the HTS read
base detection with no minimum read required (non threshold), the second with 10 read required (fixed
threshold) and the third a number depending on the adaptative alien threshold (highest number of
contaminating alien virus (BYDV) identified in a banana sample for the batch).

Table 3-3 shows that, whatever the filter, the false positive rate for BSV species was
particularly high, confirming the necessity to address separately this viral complex.
The absence of threshold allows the detection of all the viruses present in the samples
at the expense of a very high false positive rate (up to 92% for BSV and 71 % for the
other viruses). These results confirmed the overall cross-contamination burden
observed with the alien control.

Despite recent recommendations for the statistical analysis of validation datasets for
plant pests (Massart et al., Accepted EPPO bulletin), the serially diluted samples (up
to 10,000x dilution) were kept in this preliminary analysis (explaining the higher false
negative rate for batch 4). As a result, even with dilutions included, the alien threshold
presented a very low false positive rate (2%) showing that even with a low virus
concentration or number of reads in a sample, no additional misidentification was
observed. In fact, the two false positive for this batch corresponded to two BBrMV
that are discussed later. The application of “10 reads” threshold improved the accuracy
considerably (ranging between 84 and 93% for the viruses other than BSV species)
with up to 10 folds reduction of the false positive rate, while still ranging between 3
and 16%. Interestingly, the false negative rate did not improve for batches 2, 3 and 5
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while it reached 2% for batch 1. The threshold based on the alien control provided
overall the best accuracy (always equal or higher than the “10 reads” threshold) with,
again a marked decrease in false negative rate. Nevertheless, it caused more false
negative results in batches 2 (3%) and 3 (4%) while no false negative was observed
for batches 1 and 5. For further analysis, the alien-based threshold was kept as it
showed the highest accuracy.

Additionally, a background cross-contamination of Musa virus reads was observed
in the alien controls with 1 read in batch 3, 29 reads in batch 1 (4 alien controls), 387
reads in batch 2 (3 alien controls). No Musa virus read was observed in the alien
control of batch 4.

BSV genome integrated in Musa B genome limits the HTS test performance

Table 3-3 suggested a very high rate of false positive results for BSV species. AS
stated earlier, BSV sequences integrated in the genome can be activated and they can
trigger an infection with viral particle of BSV. So far, the complete genome of five
species have been reported in the Musa B genome: BSOLV, BSGFV, BSVNV,
BSMYYV and BSIMV among which BSOLV, BSIMV and BSGFV have proven to be
activatable while partial sequences of BSV are integrated (Chabannes et al., 2021a).
The factors triggering gene transcription and/or spontaneous infection by viral
particles and the plant recovery are not yet well understood and vary between
accessions, growth stage of the plant, environmental conditions and possibly other
unknown factors. This means that reads from integrated BSV could be potentially
detected in the absence of viral particles. To analyse more in depth the false negative
rate, the detected BSV reads were summarized depending on the Musa genome and
the presence of viral particles (see Table 3-4).

Musa genome All genotypes B genome present B genome absent
Detection of viral particles Yes No No

Total number of BSV reads 218 906 7 647 73
Number of samples with BSV reads 33 31 12
Number of samples without BSV reads 0 3 11
Average number of reads 6 633 224 3
Maximum number of reads 66 741 840 40
Minimum number of reads 144 1 0
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Table 3-4: Summary of detection of BSV reads depending on the presence of B genome and the
detection of BSV particles by IC-PCR.

For the plants without BSV particles, a marked difference was observed between
accessions containing a B genome (whatever their ploidy and genome combination)
and accession with only A genome. Indeed, BSV reads were detected in more than
90% of the samples (31 on 34 datasets) with a B genome with an average number of
224 reads. For 12 samples, the number of BSV reads was above the alien threshold of
the corresponding batch. In contrast, 100 times fewer BSV reads were detected in the
samples without B genome with an average number of reads of three. Most of the
samples with A genome had only one or two reads of BSV (contamination
background) while one sample had 17 reads and the other one 44 reads (both under
the alien threshold of the respective batches). To independently confirm the results,
six Musa samples with B genome but without BSV particle detected, 1 Musa sample
with only A genome, one Musa sample with B genome and infected with BSOLV
particles were further investigated. All those samples went through both PCR and
inmmunocapture PCR-(IC-PCR) detection. The comparison on PCR and IC-PCR
results of the selected samples is shown in Figure 1. According to the results,
BSMYV, BSOLV, and BSIMV could be detected by PCR from genomic DNA of
selected samples with B genome but were tested negative by IC-PCR, while no band
was found by PCR or IC-PCR from the sample (ITC1833) with only A genome and a
band was observed by PCR and IC-PCR for the sample infected by BSV particles.

On average, there were 30x more BSV reads in the presence of viral particles of
BSV compared to plants with B genome but without particles. Nevertheless, a clear
threshold could not be set to distinguish both categories. Indeed, the maximum
number of reads (840) of negative accessions with B genome was higher than the
number of BSV reads generated for seven plants infected with BSV particles.
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6 7 89101112 1314 + +

6 7 89101112 1314 + +

Figure 1 PCR (A) and IC-PCR (B) results of BSV species detection (BSOLV, BSMYV, BSIMV) on
selected samples. 1,2: ITC1607 ‘Birbutia’(ABB), BSV un-infected; 3,4: ITC0148 ‘Isansi’ ( AAB), BSV
un-infected; 5,6: ITC1498 ‘Libanga Dark Green’ (AAB), BSV un-infected; 7,8: ITC1565 ‘Halahala’
(AA), BSV un-infected; 9,10: ITC0146 ‘Mushaba’(AAB), BSV un-infected; 11,12: ITC1852
‘Amagaba’(AAB), BSV un-infected; 13,14: ITC1833 ’ShweNi’(AAA), BSV un-infected; +: ITC1867
‘Atili’ (AAB), BSOLYV infected in duplicate, -: ddH20 as templates; M: GeneRuler 100 bp DNA ladder”
from Thermoscientific. When 3 bands are observed, they corresponded to the detection of BSOLV (700
bp), BSMYV (589 bp), BSIMV (400 bp)

Higher inclusivity at isolate and species level for HTS test

The HTS test detected a BSIMV infection in accession ITC1843 and a BSMYV
infection in accession ITC1599 while these samples were indexed as negative for the
respective viruses. To investigate these divergent results, the primers used during
virus PCR detection were aligned with the whole genome sequence generated. Six
and two mismatches were found for the BSIMV and BSMYV sequences, respectively.
Based on the alignment of these new genome sequences and on the available
sequences on NCBI database for each species (accessed on 24/10/2019, with two and
seven whole genome sequences available for BSIMV and BSMYYV, respectively),
new primers were designed (see Table 3S3). These primers were tested on both
accessions and compared with the former primers following the IC-PCR protocol to
validate the presence of viral particles as BSMYV can be integrated in the Musa B
genome. A positive result was only obtained with the newly designed primers (Figure
S1) confirming the higher inclusivity of HTS testing.
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The BLAST annotation of de novo contigs allowed the detection of other virus
species compared to the targeted molecular test and the immuno-capture electron
microscopy protocol (De Clerck et al., 2017). More specifically, contigs presenting
homologies with ampelovirus species were detected in accessions ITC1845, ITC1872
and one of the pooled samples. One contig per sample corresponded to nearly
complete genomes of ampeloviruses. Pairwise comparison of these contigs with
reference sequences of other species belonging to family Closteroviridae confirmed
that these contigs belonged to the genus Ampelovirus but were divergent from known
species. The highest similarity at amino acid level was 85% for one of the contig with
sugarcane mild mosaic virus (SCMMV, GenBank accession No. MN116751). These
results will be detailed and discussed in a future publication. In addition, two contigs
presented homologies with RNA1 and RNA2 of crinivirus species. They were
detected in accession 1TC1905 and corresponded to nearly complete genomes with
the highest genome identity of 63% and 66% with RNAL1 and RNA2 of lettuce
chlorosis virus (Genbank FJ380118 and FJ380119). An in-depth analysis of these
contigs and their presence in Musa germplasm will be presented in another publication
(Rong et al., in preparation). The presence of these contigs related to crinivirus or
ampelovirus species was confirmed by independent RT-PCR (Rong et al., in
preparation)

Diagnostic sensitivity (DSE) of HTS test

The alien control datasets and the datasets from diluted samples were not included
in the in-depth analysis of diagnostic sensitivity, as recommended in the recent
guidelines for statistical analysis of validation datasets (Massart et al., Accepted EPPO
bulletin). So, a total of 111 datasets were included in the analysis, corresponding to a
total number of 999 detection events. Among the 111 datasets, 58 were generated
from plants without viruses while 53 were coming from plant infected by at least one
virus species (and up to five). According to PCR detection results, a total of 120 virus
detection should occur within these 53 datasets.

Using the alien threshold, 115 true positives were detected, representing a DSE of
96 %. Considering only the non-integrated viruses (CMV, BBTV, BanMMV and
BBrMV), 81 virus detections should be observed (among 444 events). Seventy-six
true positives were detected (DSE = 94%). When analyzing the DSE per viral species,
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the DSE dropped to 75% for BBTV. This high rate of false negative is likely due to
low abundance of BBTV reads in the different datasets from infected samples with an
average of 380 reads and a maximum of 2,397 reads per dataset. Noteworthy, the
positive samples with BBTV corresponded to a 5x dilution of the concentration due
to the sample pooling. The alien threshold was fixed based on the abundance of reads
in the alien controls that was between 10x and 72x higher than the maximum number
of BBTV reads. So, even if the number of BBTV reads of several positive datasets is
below the alien threshold, it is unlikely that they come from a cross-contamination.
They could therefore be interpreted as positive results during expert review of the
data.

Repeatability and reproducibility of HTS test

Considering the problem of low BBTV reads number, four samples with a number
of reads under the alien threshold were considered as positive for BBTV in this
analysis (as a consequence of the expert analysis). The repeatability of virus detection
is 100%. The reproducibility of virus detection from the same plants between
sequencing batch was also 100%.

The reproducibility of the library preparation kit was also evaluated as, during the
experiments, the first kit used (Stranded Total RNA library Prep Human/Mouse/Rat,
hereafter referred as “old kit”) was no longer produced by the provider. On batch 3,
another kit (TruSeq® Stranded Total RNA Library Prep Plant, hereafter referred as
“new kit”) was used. A small-scale comparison between old and new Kkits (see
Supplementary Table 3S1) was performed. The same viruses were detected between
both kits (100% reproducibility) with minor differences on the number of reads
mapped to each virus.

Although 100% repeatability was obtained for virus detection, a marked variation
in reads number was observed between biological replicates (e.g. from different
samplings from the sample tissue at the same time). For example, with similar number
of reads generated, the number of reads per virus in the four replicates of the positive
control varied from 835 to 79,496 for CMV or from 22 to 437 for BanMMV. A
similar variation was observed when evaluating the reproducibility. As the sequencing
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of the same sample (sample J) generated 1,519x more BBrMV reads with batch 3
compared to batch 2 (see Supplementary table 3S1a).

Evaluation of analytical sensitivity for HTS and RT-PCR

As the concentration of viruses can be heterogeneous in banana plants, the
comparison of analytical sensitivity between different tests must be carried out from
the same extract. Therefore, the HTS analytical sensitivity was compared with RT-
PCR performance starting from the same RNA extracts.

The limit of detection by targeted RT-PCR was variable depending on the virus
species as BanMMV could only be detected by RT-PCR with 5x dilution, while CMV
could still be detected even after 1,000x dilution. This observation cannot be
generalized as the virus concentration can be variable depending on the genotype and
physiological stage of the plant as well as the virus replication stage. Also, BBrMV
was detected up to 5X dilution for pool C, 100X dilution for pools B and D and 1,000x
dilution for pool A. The total RNA samples with all the dilution levels from Pool 1 to
4 were tested by HTS. All the results are summarized in Table 3-5.

Table 3-5: Comparison of analytical sensitivity between RT-PCR and HTS
A) Virus detection in diluted pooled samples by PCR (non-detection highlighted in red).
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Pool A RT-PCR detection | Mapping detection No filter Mapping detection 10 reads filter Mapping detection alien filter (44)
5X 100X 1,000X 10,000X 5X 100X 1,000X _ 10,000X 5X 100X 1,000X 10,000X 5X 100X 1,000X__10,000X
BanMMV 2726 588 115 19 2726 588 115 19 2726 588
BSOLV 416 121 30 3 416 121 30 416 121
BBTV 613 163 26 3 613 163 26 613 163
BBrMv 4804 914 160 39 4804 914 160 39 4804 914 160
CMV 86915 26199 12875 2535 86915 26199 12875 2535 86915 26199 12875 2535
Pool B RT-PCR detection Mapping detection No filter Mapping detection 10 reads filter Mapping detection alien filter (44) |
5X 100X 1,000X 10,000X 5X 100X 1,000X _ 10,000X 5X 100X 1,000X 10,000X 5X 100X 1,000X__10,000X
BanMMV 1385 421 85 10 1385 421 85 1385 421 85
BSOLV 408 166 338 5 408 166 38 408 166
BBTV 197 54 16 2 197 54 16 197 54
BBrMvV 3021 715 212 56 3021 715 212 56 3021 715 212 56
CMV 5843 3255 367 144 5843 3255 367 144 5843 3255 367 144
Pool C RT-PCR detection Mapping detection No filter Mapping detection 10 reads filter Mapping detection alien filter (44)
5X 100X 1,000X 10,000X 5X 100X 1,000X _ 10,000X 5X 100X 1,000X 10,000X 5X 100X 1,000X__10,000X
BanMMV 1832 i 15 1 1832 i 15 1832 1
BSOLV 539 kel 8 2 539 il 539 el
BBTV 2397 98 1 O 297 968 £ 2397 %8
BBrMv 2553 148 12 5 2553 148 12 2553 148
CMV 24528 2158 287 88 24528 2158 287 88 24528 2158 287 88
Pool D RT-PCR detection Mapping detection No filter Mapping detection 10 reads filter Mapping detection alien filter (44)
5X 100X 1,000X _10,000X 5X 100X 1,000X _ 10,000X 5X 100X 1,000X 10,000X 5X 100X 1,000X__ 10,000X
BanMMV 1157 1118 314 15 1157 1118 314 15 1118
BSOLV 366 305 97 8 366 305 97 366 305 97
BBTV 394 336 139 5 394 336 139 394 336 139
BBrMv 864 684 393 19 864 684 393 19 864 684 393
CMV 248 187 93 20 248 187 93 20 248 187 93
Su ool RT-PCR detection C Mapping detection No filter Mapping detection 10 reads filter Mapping detection alien filter (44) D
b ::'n) ° Mapping reads on HTS Mapping reads based analysis on HTS Mapping reads based analysis on HTS
100X 1000X 10,000 5% 100X 1000X__ 10,000X 5% 100X 1000X 10,000 5X 100X 1,000X__ 10,000X
B — |
BSOLV
88TV R
BBrY T .
omy |
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B) Virus status by mapping HTS reads from diluted pooled samples on all tested virus reference
genomes (if the read number is below the filter, samples are highlighted in red).

C) Number of sample pools in which a virus was detected by PCR depending on dilution.

D) Number of sample pools in which a virus was detected by mapping (HTS) with all reference
genomes, depending on dilution.

C & D) Samples in which the virus could not be detected are highlighted in different shades of red
according to the number of pools in which the detection worked.

First, the impact of any detection threshold on the analytical sensitivity was very
important. Indeed, without threshold, all the viruses are detected, even at 10,000x
dilution, in some cases with a few reads. As previously shown, this very high
analytical sensitivity was nevertheless counterbalanced by a very high number of false
positive detection due to cross-contamination burden. As expected, the limit of
detection varied depending on the threshold and the virus species as the threshold
setting impacted BBTV and BSOLV much more than CMV (with many more reads
generated). So, as for the evaluation of other performance characteristics of the HTS
test, the comparison with RT-PCR was based on the alien threshold. The limit of
detection of HTS tests was between 10X and 100X better for BanMMV, equal or 10X
better for BBTV, equal to 100X better for BBrMV, and equal or 10X better for CMV.
For BSOLYV, the limit of detection of HTS test was equal or even lower. Overall, the
HTS test presented an analytical sensitivity equal or improved compared to RT-PCR
test on the same RNA extracts.

Investigating unexpected results

The DSE reached 100% for the other viruses except for BanMMV. Indeed, one
dataset, (ITC1536) did not generate BanMMV reads while it was indexed positive.
For further verification, the preserved lyophilized leaf and the extracted total RNA
used for HTS was tested for BanMMYV using IC-RT-PCR and RT-PCR, respectively.
BanMMYV was not detected from extracted total RNA, confirming the absence of
BanMMYV RNA in the extract, but a positive result was obtained using IC-RT-PCR.
The most probable origin of this result is the heterogeneous distribution of BanMMV
inside the plant tissues and its absence in the sampled tissue.
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An unexpected detection of CMV in samples ITC1498 and 1565 (batch 3) was
observed as the accessions were tested negative during PCR but 845 and 686 reads
were detected respectively. Mapping of CMV reads on a reference genome presented
a genome coverage (all 3 RNA fragments) of 99.4% with 17.6 mean depth and 97.8%
with 14.7 mean depth for samples 1TC1498 and ITS1565 respectively. When
analyzing the sequence of the primers used during PCR and the reads generated, a
single mismatch was observed. The CMV contigs obtained for this dataset and the
ones generated from other datasets with CMV infection for this batch of samples (two
positive controls and the sample BBrMV2 No0.208) were compared but they were
different with many SNPs between them, suggesting this detection was not coming
from cross-contamination between these samples. As the RNA extract was not
available, an additional sequencing from a new sample prepared from the same plant
(sampled from lyophilized tissue) showed no trace of CMV (0 reads observed on
approximately 9 M reads per sample). We later investigated the case by analyzing the
viral reads presence in samples coming from different projects (RNA extracted in
another laboratory) but with the library prepared and sequenced in the same batch by
the sequencing provider. Importantly, two samples from an independent project
presented a very high quantity of CMV reads: on a total of 12M (10M) reads, there
were 8M (5M) reads, corresponding to 708,736 (1M) unique reads, mapped on CMV
genome. The SNP profile of the alignment was compared with the SNP profile of the
aligned reads from 1TC1498 and ITC1565. Nearly all (>99%) the SNPs detected in
the ITC1565 (1498) were also found in external sample n°1 (n°2) suggesting two
specific cross-contamination events. The SNP list observed after mapping the 4
datasets on RNA3 reference sequence is detailed in Supplementary Table 3S6. The
rate of contamination from the original sample was very low as it corresponded to
0.01% and 0.02% for ITC 1565 and 1498, respectively.

For batch 4, 199 and 121 reads of BBrMV were observed in datasets from ITC1854
and ITC1858 respectively even though both accessions were PCR negative for
BBrMV. After mapping, the genome coverage observed was 72% with 3 mean depth
and 61% with 1.7 mean depth for ITC1854 and ITC1858 respectively. The primer
sequences were not covered by the sequencing reads and the presence of mismatches
could not be analyzed. As the genome coverage and depth were low, a SNP profiling
analysis could not be done, instead, a de-duplication analysis was performed by
comparing these 199 and 121 reads with the 38,666 reads generated from the BBrMV
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most abundant sample. First, the 320 reads were deduplicated, leading to 249 unique
reads (79%). Further on, the duplication analysis of the 38,666 reads from BBrMV
positive samples of batch 4 generated 32,425 unique reads (84%). None of the 249
unique reads was 100% identical to any of the 32,425 unique reads from infected
samples suggesting that cross-contamination between these samples did not occur.
Another high throughput sequencing was carried out from new samples taken from
lyophilized tissue of these two accessions but no BBrMV reads were detected in any
of the sample (Approximately 11 M per sample, unpresented data). No clear
conclusion could be reached on the origin of the detection of BBrMV reads for these
samples.

Discussion

High throughput sequencing of ribosomal depleted total RNA or small RNA are the
two most popular protocols applied for plant virus detection. When comparing the
performance characteristics of both protocols, contrasting results have been observed
as the overall performance of small RNA was better in a study on various commodities
(Gauthier et al., 2022b) while total RNA protocol was better with other commaodities
like tomato, lemon tree or grapevine in several studies (Di Gaspero et al., 2022b;
Pecman et al., 2017b; Visser et al., 2016b). In our study, the ribodepleted total RNA
protocol generated more viral reads and was therefore selected. The plant host, its
physiological status and the viruses to be detected will influence the performance of
either protocol. It is therefore advised to evaluate which protocol fits the purpose of
the test better and, if needed, to carry out a preliminary comparison of protocols as
done in this study.

If a PCR-based result is considered positive or negative depending on the
visualization of a band on a gel or a Ct value, an HTS-based result should be
considered positive if the number of reads of the virus is above the detection threshold.
The determination of the detection threshold, differentiating between infection and
any potential cross-contamination, is therefore a cornerstone of the data analysis.

In this context, our results also underlined the utility of an alien control to evaluate
the cross-contamination burden between samples and to adjust the detection threshold
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performance metric. Cross-contaminations by alien virus reads followed a random
pattern with marked variation between batches for the number of samples with alien
virus reads as well as the total number of cross-contaminating alien reads for each
sample or their maximal reads abundance. Within batches, the cross-contamination
burden was also very variable with the number of alien virus reads ranging from 0 to
288 reads per sample in batch 3 while the maximum number in batch 1 was seven
reads. The presence of a background level of cross-contaminating reads was also
observed on grapevine as, in 46 cases of samples negative for one viral species,
between one to 10 viral reads were observed (Soltani et al., 2021b). Putative cross-
contaminating reads were also observed in another study, causing a false discovery
rate of up to 11% (Gauthier et al., 2022b). So, the determination of a threshold for
detection, taking possible cross-contamination into account, is a way to limit the false
positive rate of an HTS test. The threshold of 10 reads has often been proposed in the
literature (Bloom et al., 2021b; Soltani et al., 2021b; Strong et al., 2014b) but it does
not consider the possible variability in cross-contamination burden. With a threshold
of 10 reads, a very high false discovery rate (21%) was observed on grapevine (Soltani
et al., 2021b) but an in-depth analysis of the results showed that 40% of the false
positive corresponded to samples with less than 30 reads for the detected virus. So,
we recommend that the threshold for plant virus detection should be adapted to each
sequencing batch using the alien control. We proposed here a conservative threshold,
corresponding to the highest number of cross-contaminating alien reads per sample
for each batch but this conservative threshold caused false negative detection for
viruses always at low abundance like BBTV. We tested (unpresented results) other
thresholds based on the alien control such as average number of contaminating reads
per sample for each batch or the ratio between contaminating virus alien reads in the
samples divided by the virus alien reads in the alien control. These thresholds raised
significantly the number of false positive and reduced the accuracy. Anyway, these
results underlined that further research is needed to optimize the determination of
detection thresholds, for example by considering ratio of normalized viral reads
abundance of a virus species between samples (Gauthier et al., 2022b) that could be
adapted for alien virus. As example, the maximum number of reads in a sample was
2,397 for BBTV, 288,675 for BBrMV and 86,915 for CMV. So, detecting a few reads
of BBTV in a sample is less likely a cross-contamination event than for BBrMV or
CMV when 36x or 120x more reads have been generated in at least one sample. An
alien control can be an efficient alternative to the use of several positive and negative
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controls at several steps of the HTS test to monitor cross-contamination as it can
generate an adaptative threshold taking into account the cross-contamination burden
observed for each batch. Nevertheless, the alien control as used in this study still
presents some limitations that need to be discussed. Indeed, it is not able to determine
at which step the exchange occurred. The addition of different alien control at different
steps of the process (as sample tissue, RNA extract, and/or prepared library) would
allow an improved cross-contamination analysis at the expense of higher cost as more
samples need to be processed. An alien control is also not able to identify one-time
cross-contamination events occurring between two samples during the test (including
with samples from other projects) as demonstrated for CMV. In addition, our
threshold (based on maximal cross-contaminating alien reads number) might not be
ideal for viral species which typically present a low abundance of reads like BBTV.
Nevertheless, our alien threshold was selected to minimize false positive results.
Indeed, the determination of the threshold is not easy as it will always follow a trade-
off between the ability to detect low level infection (raising true positive ratio) and
baseline cross-contamination (raising false positive ratio). The most appropriate
threshold should therefore be determined during the validation process for each HTS
test in the laboratory so the threshold can optimize the downstream interpretation of
the results and ensures that the HTS still fits the purpose of the diagnostics.

To complement the alien threshold, an expert analysis was needed to identify one-
time cross-contamination between samples, taking into account the other samples
from the project and the viral read abundance of the species in these samples. We have
shown for CMV that it is also important to consider any other sample from other
projects processed at the same time as the studied samples as they might be also the
origin of cross-contamination. The analysis of SNP profile between samples as well
as a duplication analysis between the hypothetical sample of origin and the potential
cross-contaminated samples can improve the identification of one-time cross-
contaminations and should be carried out to investigate dubious results.

Even with the conservative threshold used in this study and expert analysis of the
results, two unconfirmed detections of BBrMV remained unclear as the confirmation
tests were all negative for these viruses. The sample inversion is unlikely as these 2
samples are the only ones infected by BanMMYV in the sequencing batch and
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BanMMYV reads were detected. On the other hand, the current geographical spread of
BBrMV is restricted to Asia (Thomas et al., 2015) and its presence on samples from
Congo is unexpected although not impossible.

In conclusion, we recommend the use of adaptative threshold based on an alien virus
control read detection in the samples of interest. With an expert review of the data
taking into account the relative abundance of viral reads in samples for each viral
species. The determination of such threshold should be evaluated during validation
and will anyway correspond to a trade-off between the diagnostic sensitivity
(improving while the threshold is diminishing and calculated at 100% without
threshold) and the diagnostic specificity/ false discovery rate (worsening while the
threshold is diminishing). The determination of our adaptative threshold based on the
alien viral reads was the cornerstone for the downstream evaluation of performance
criteria and, in routine diagnostics, will be also a key factor for discriminating viral
infection from cross-contamination.

In this study, the HTS test presented higher inclusivity, analytical sensitivity, and
diagnostic sensitivity than RT-PCR or IC-RT-PCR. A previous report on banana
viruses underlined already the ability of HTS test to detect distant isolates of
BanMMV that were not amplified by existing primers (Hanafi et al., 2020b). In this
publication, HTS test detected isolates of two BSV species and triggered the
development of new primers able to detect them. This underlined again the usefulness
of HTS data to improve the inclusivity of targeted PCR-based protocols as suggested
earlier (Adams et al., 2018). Another report on virus detection from other banana
samples demonstrated the higher inclusivity of HTS test as a new virus infecting Musa
plant was detected only by HTS test (Hanafi et al., 2022a). In this report, at least two
new viral species were detected by HTS test and are currently characterized. Similar
cases of new viral species discovery when evaluating HTS test on a broad range of
samples have been reported previously (Pecman et al., 2017b; Rott et al., 2017b). The
application of HTS test on banana in vitro plants (Hanafi et al., 2022b) also revealed
a better diagnostic sensitivity of HTS test compared to RT-PCR carried out on the
same RNA extract, most probably caused by its deeper analytical sensitivity as
demonstrated in this publication.
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It is also important to mention that HTS test performed poorly (high false positive
rate) for detecting BSV species, most particularly the BSV species whose genome is
integrated in the Musa B genome (BSOLV, BSMYYV, BSIMV, BSGFV and BSVNV).
This biological constraint makes it necessary to complement the HTS test with an I1C-
PCR targeted test (detecting viral particles) when viral reads from integrated BSV
species are detected particularly in samples containing the B genome. In addition,
BSV sequences from hypothetical species of clade 2 (no viral particle has been
detected for them so far) have been detected in the A genome but there is no proof of
transcription nor production of viral particles (Chabannes et al., 2021a). So, it will be
important to specifically identify the BSV species detected in A genome to evaluate
the risk of presence of viral particles. More globally, other virus species, for example,
badnavirus or geminivirus, are known to be integrated in the genome of their plant
host as a complete or partial sequence. If these sequences can be transcribed, it must
be considered when evaluating the performance criteria of a HTS test for virus
detection with those plant species. Underlining again the importance of knowledge on
the biology of detected viruses when analyzing the results.

The repeatability and reproducibility of virus detection were 100%, confirming very
good results observed during previous evaluations on grapevine or Citrus sp. (Bester
et al., 2021b; Di Gaspero et al., 2022b; Soltani et al., 2021b). Behind this 100% value, a
huge variability in reads number wasobserved between replicates within- and between
different batches. This variability was confirmed by the evaluation of the number of
reads observed per sample for the dilution series. One of the probable origins of this
phenomenon is the heterogeneity of virus distribution in Musa plants. This
heterogeneity is high as a complete virus indexing of an accession requires testing a
pool of at least four plants with midribs and limbs from the 3 last leaves in order to
minimize the risk of false negatives (Thomas et al., 2015).

The minimal sequencing depth for appropriate virus detection has been evaluated in
several publications through subsampling reads (also called read rarefaction). For
example, one million reads were considered as appropriate for some viruses although
this number was not applicable to all viruses (Gauthier et al., 2022b; Visser et al., 2016b).
The reads subsampling and its normalization between samples were also proposed to
minimize the detection of cross-contamination events, limiting the false positive
detections (Gauthier et al., 2022b) although it can reduce the genome coverage and
depth. The use of the alien threshold follows the same objective without the need for
subsampling. Indeed, a subsampling will have no effect as it also reduces
proportionally the alien threshold for detection by rarefying the number of cross-
contaminating alien virus reads in the samples.
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In conclusion, our report demonstrates the usefulness of an alien control to monitor
cross-contamination burden although specific cross-contamination events remain
difficult to trace back. For routine virus detection of Musa germplasm, the use of the
HTS test and the alien threshold, completed by an expert analysis of the results fitted
the purpose of viral detection. In addition, the HTS test must be complemented by a
targeted IC-PCR for BSV if BSV reads are detected in datasets generated from
germplasm containing B genome to confirm the presence of viral particles.
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Background: High Throughput sequencing (HTS) technologies completed by the
bioinformatic analysis of the generated data are becoming an important detection
technique for virus diagnostics. They have the potential to replace or complement the
current PCR-based methods thanks to their improved inclusivity and analytical
sensitivity, as well as their overall good repeatability and reproducibility. Cross-
contamination is a well-known phenomenon in molecular diagnostics and corresponds
to the exchange of genetic material between samples. Cross-contamination
management was a key drawback during the development of PCR-based detection
and is now adequately monitored in routine diagnostics. HTS technologies are facing
similar difficulties due to their very high analytical sensitivity. As a single viral read
could be detected in millions of sequencing reads, it is mandatory to fix a detection
threshold that will be informed by estimated cross-contamination. Cross-
contamination monitoring should therefore be a priority when detecting viruses by
HTS technologies.

Results: We present Cont-1D, a bioinformatic tool designed to check for cross-
contamination by analysing the relative abundance of virus sequencing reads
identified in sequence metagenomic datasets and their duplication between samples.
It can be applied when the samples in a sequencing batch have been processed in
parallel in the laboratory and with at least one specific external control called Alien
control. Using 273 real datasets, including 68 virus species from different hosts (fruit
tree, plant, human) and several library preparation protocols (Ribodepleted total RNA,
small RNA and double stranded RNA), we demonstrated that Cont-ID classifies with
high accuracy (91%) viral species detection into (true) infection or (cross)
contamination. This classification raises confidence in the detection and facilitates the
downstream interpretation and confirmation of the results by prioritising the virus
detections that should be confirmed.

Conclusions: Cross-contamination between samples when detecting viruses using
HTS (lllumina technology) can be monitored and highlighted by Cont-ID (provided
an alien control is present). Cont-ID is based on a flexible methodology relying on the
output of bioinformatics analyses of the sequencing reads and considering the
contamination pattern specific to each batch of samples. The Cont-ID method is
adaptable so that each laboratory can optimise it before its validation and routine use.

Keywords:(Lebas et al., 2022)

Bioinformatic, virus, detection, sequencing, contamination, metagenomic
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Background

The advent of high-throughput sequencing (HTS) technologies coupled with the
development of powerful bioinformatics approaches has improved our ability to
detect viruses in a non-targeted way from any sample collected from diverse sources.
Noteworthy, detecting viruses by HTS technologies relies on many steps in the
laboratory: sampling, transport and storage, nucleic acid extraction, library
preparation, and sequencing (Lebas et al., 2022). Compared to other molecular tests
like (RT)-PCR, these steps are much more numerous and complex (Sebastien Massart
et al., 2014).

The analytical sensitivity, e.g. the ability to detect viral species at very low
concentration in a sample, has been demonstrated to be similar to or even better than
RT-PCR for animals (Charlebois et al., 2020) or plant viruses(Rong et al., 2022;
Soltani et al., 2021b)). In addition, the inclusivity of HTS technologies, e.g. the ability
to detect all isolates from a species and all species whose nucleic acids are present in
enough quantity in a nucleic acid extract, is particularly high compared to any other
detection test (Maree et al., 2018; Sebastien Massart et al., 2014). Consequently, the
use of HTS technologies is currently expanding at a rapid pace in research and is also
progressively used for the diagnostic of viruses threatening humans (Ng et al., 2018),
including SARS-Cov-2 (Kumar et al., 2020), livestock (Vereecke et al., 2021) or plant
health (Olmos et al., 2018b).

The broader application of HTS technologies for virus detection, with the
simultaneous analysis of tens to hundreds of samples, is raising a significant challenge
that needs to be addressed: the management of cross-contamination between samples.
Scientists and diagnosticians already faced such challenges decades ago during the
development of PCR-based techniques for detecting plants (Grosdidier et al., 2017,
Lau and Botella, 2017) or animal viruses (Moonen et al., 2003; Watzinger et al., 2006)
and this phenomenon might worsen with the use of HTS for virus detection (Sebastien
Massart et al., 2014). The higher complexity of laboratory operations, the intrinsically
very high inclusivity, and the very low limit of detection (few viral reads are enough
to detect the virus) of HTS make cross-contamination a more pressing issue. This is a
frequently observed but, until recently, rarely reported observation in many, if not all,
laboratories that have tested these technologies for virus detection. In many cases,
these problems are frequently limited to a low number of reads and are of little
consequence. Still, the specifics of the diagnostics field, with the need to detect viruses
that can be at very low titre in the sample, clearly give more impact to such potential
contamination problems (Sebastien Massart et al., 2014). The occurrence of
contamination is, therefore, a key element to consider when interpreting the viruses
detected in HTS datasets.

The consequences of erroneous detection due to cross-contamination between
samples can be catastrophic, as described for tuberculosis prior to HTS (Martinez et
al., 2006) but also using HTS for human and plant viruses (Bukowska-Osko et al.,
2017; Gauthier et al., 2022c).
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So, even if the cross-contamination issue of HTS, and particularly with the widely
adopted Illumina technology, is long known and discussed in the scientific
community, proper methodologies and dedicated algorithms to address it are still
missing. Until now, the burden of detection confirmation relied on the virologist's
expertise and the use of laboratory tests to independently confirm the presence of the
virus in the sample, which is a fastidious, costly, and time-consuming task. To
minimise the confirmation burden, arbitrary thresholds (like 5 or 10 reads) (Bloom et
al., 2021b; Soltani et al., 2021b) have been proposed to consider a detection valid.
Still, these thresholds are subjectively fixed based on the sequencing/detection tools
or the scientist's experience. In addition, it has been shown recently that the cross-
sample contamination burden can be very variable between sequencing batches and
that an adaptative threshold is required(Rong et al., 2022). Therefore, the need for
formal bioinformatic pipelines for HTS-based data that consider the possible cross-
contamination is growing (Ballenghien et al., 2017).

To handle cross-contamination, several laboratory protocol improvements have
been implemented over time: laboratory or reagent decontamination, alternate dual
indexes, inter-run washing (Champlot et al., 2010; Costello et al., 2018b) or, more
recently, the use of a specific external control called alien control. An alien control is
defined as "a matrix infected by a target (called alien target) which belongs to the
same group as the target organism to be tested in the samples, but that cannot be
present in the samples of interest.” (Massart et al., 2022b). It is processed as external
control alongside the sample to be analysed. It is preferably the same type of matrix
as the analysed samples: plant tissue, water ... Ideally, the alien target, in our case a
virus, should be at a high concentration in the alien sample as it allows a better analysis
of cross-contamination between samples. Indeed, the probability of detecting any
virus at a low level due to cross-contamination rises if this virus is very abundant in
at least one of the processed samples. A high abundance of the alien virus will
therefore allow better monitoring of contaminations, including for other viruses highly
abundant in at least one tested sample. The presence of sequencing reads from the
alien virus in any tested sample can be considered the consequence of contamination
from the alien control to this sample. The concentration of the alien virus should
nevertheless remain close to the highest expected concentration of the viruses to be
detected to avoid overestimation of cross-contamination. Such information can be
used to monitor the cross-contamination level between samples within the sequencing
batch.

Many generalist bioinformatic tools, such as Kraken (Wood et al., 2019) or BLAST

(Camacho et al., 2009) can detect the presence of viruses in HTS datasets with very
high analytical sensitivity, as the detection is possible from a single viral read or
contig. Some of them, like VirHunter (Sukhorukov et al., 2022), VirAnnot (Lefebvre
et al., 2019) or VirusDetect (Zheng et al., 2017), have been specifically developed for
that purpose. Nevertheless, they have not been designed to detect cross-contamination
in the input datasets. Instead, they will detect a virus, whatever its origin: virus
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infection in the biological sample or contamination from another sample. The risk of
contamination is particularly acute for viruses in very high abundance in one of the
samples sequenced as a few contaminating reads can be detected by the bioinformatic
tools in other samples prepared in parallel. The situation's impact is growing,
especially in the diagnostic field (Sebastien Massart et al., 2014) as false positive
results due to contamination can lead to inaccurate data interpretation, which can
cause tremendous health and trade issues.

According to EDAM ontology (Ison et al., 2013), tools that address cross-
contamination issues should be labelled as "Sequence contamination filtering"”. We
used these EDAM terms along with usual ones (virus reads contamination, cross-
contamination, ...) to identify existing tools potentially useful to detect cross-
contamination in HTS viral diagnostic assays. Some tools address similar issues like
contamination on bacterial isolates (ConFindr- (Low et al., 2019) or bacterial
metagenome (GUNC - (Orakov et al., 2021). They both use methods relying on
operons organisation of genes that are not applicable for viruses. Croco (Simion et al.,
2018) uses an approach mainly based on bacterial quantitative data. Finally,
DecontaMiner (Sangiovanni et al.,, 2019) can be applied to metagenome data,
including viruses but is based on a combination of detection methods (mainly mapping
and Blast) that try to assign the dark matter (reads from unknown origin) more than
formally detecting the cross-contamination material. To our knowledge, there is no
tool specifically addressing cross-contamination during virus detection in
metagenome datasets. It means that some risks of false positive results remain
unmonitored for virologists, and the burden of confirmation of detection in case of
false positive is still not addressed.

To solve this issue, we present Cont-1D, a method designed to check sample cross-
contamination for viruses previously identified in metagenomic datasets. It relies on
a simple requirement: every sample in a sequencing batch should have been processed
at the same time and followed the same steps in the laboratory with at least one alien
control as external control. Cont-1D uses a voting system to classify every species
prediction on each sample of the sequencing batch into (true) infection (trully presence
of the virus in the sample) or (cross) contamination. This tool will help the virologist
to distinguish virus presence and virus cross-contamination in HTS data generated by
Illumina technology, improving the reliability of viral detection and the efficiency of
downstream confirmation and characterisation analyses. It can also help to improve
feedback on upstream steps that might be linked to cross-contamination events. Cont-
ID is an open-source python (v3) based script method freely available here:
https://github.com/johrollin/viral_contamination.

Methods:

Implementation
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In viral metagenomics, detecting multiple viral species in the same sample is
frequent, and a virus species can be seen with different confidence levels in several
samples of the same sequencing batch. Therefore, Cont-I1D aims to determine whether
a given detected virus in a sample is likely to be a contaminant or not by comparing it
to the results from the other samples of the same sequencing batch, e.g. samples
processed in parallel and following the same laboratory steps.

Cont-1D does not require any development or maintenance of database as it only
relies on data generated by usual bioinformatics tools for lllumina dataset analyses
and, most specifically, two elements: (i) the normalised abundance estimation
(number of reads assigned per sample to each detected virus species, subtype - or any
relevant taxonomical level) and (ii) the number of identical reads among pairs of
samples (deduplication ratio). These input metrics are easy to obtain as the abundance
estimation can be calculated by using any mapping tool like BWA (Li and Durbin,
2009a) or a read classifier like Kraken/Bracken (Lu et al., 2017; Wood et al., 2019),
and the number of identical reads from a virus between two samples can be obtained
by running any deduplication tool like BBduck (Kechin et al., 2017). A tabulated file
containing these numbers associated with the detected virus name and the unique ID
for each batch sample is used as input for Cont-1D, as shown in Figure 4-2. Each virus
predicted on each batch sample is considered a distinct element and corresponds to a
line in the generated table. A separate table is generated for the alien virus.

Computing the two elements mentioned above into three different metrics for the
alien virus and each detected virus, Cont-ID can predict through three rules if a given
viral species detection is likely a cross-contaminant or not in the sequencing batch, as
described in Figure 4-1.
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Figure 4-1: Cross-contamination prediction with Cont-ID. Controls 1, 2 and 3 and rules 1, 2 and 3 are
described in detail in figure 4-2.

There are two input files, one for the alien data and one for the samples data. Alien file is used to
calculate control thresholds which are then used along with the sample data to apply rules to a voting
system (step 1). The votes are then counted to decide for each virus on each sample (element) either if
it is a (cross)contamination or an infection (step 2).

The three rules classify as contamination or infection each element according to
the pattern of reads number observed among the samples and the alien control for
the alien virus and the considered viral species. Rules one and two both use the
(normalised) reads abundance estimation, while rule three uses the assessment of
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unique (identical) reads. Rules are calculated after normalising the number of reads
per sample and are described more precisely in Figure 4-2.

Reads abundance estimation
& Deduplication estimation
v h
Sample input Alien input
Sample Virus Moresds |Deduplieaten| Sample Virus Noresds [Deduphestion| Indaxing
name mapped % name mapped %
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to the most abundant sample for that virus (Using Total read nb) (NBas + NBag+. . +NBan) | (35d)
T Thm n
maz(NBym) NBppm
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(Dae + Dag+... +Dan)
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Correspond to Deduplication % (nb of n
reads identical to reads from the most ¥
abundant sample for that virus) /-'_—~-\ \
D Data Alien
Metrics Control

| Metrics |

Rule 1:
Mapping_ratio = (Control_1/ X)

Rule 2:
NB_read = (Control_2 /)

Rule 3:
Deduplication_ratio <= (Control_3 / Z)

k Threshold D
Figure 4-2: Cont-ID rules explanation.

There are two input files, one for the alien data and one for the samples data. Alien file is used to
calculate each alien control metric after normalisation (except control 3 ). The sample file is used to
calculate each data metric after normalisation (except deduplication ratio) (the small “r” in table stand
for “raw”). Each alien control metric is associated with a user (manually) designed adaptability metric
(X, Y or Z) to compose each rule's threshold. Finally, each Data Metric is compared to the corresponding

threshold in order to obtain the three rules used in Cont-1D.
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The first rule uses the mapping ratio of each virus in each sample (corresponding to
an element): the number of reads of each element is divided by the maximum number
of reads of the corresponding virus in one of the samples. This first rule compares this
mapping ratio for the element with the Control 1 metrics calculated for the alien virus
and corresponds to the average number of reads mapped on the alien virus in the
samples for which the alien is a cross-contaminant, plus three times the standard
deviation of this average. The second rule relies on the number of reads of the element
in the sample. The rule compares it with Control 2, corresponding to the number of
alien reads identified in the alien control. The third rule is based on each element's
deduplication ratio, which is compared with Control 3. The average deduplication
ratio of the alien virus reads between each tested sample and the alien control.

We aimed to find the most reliable formula for threshold calculation on each rule
while allowing a part of adaptability according to the biological system used. As the
system variability can come from the laboratory using HTS, the host and type of
sample (fruit tree, herbaceous plant, human, animal ...), the type of virus (integrated
or non) or the extraction protocol used (dsRNA, total RNA, small RNA...), each rule
includes a third number (represented by X, Y or Z) that is called adaptability metrics
(see Figure 4-2). The X will impact the first rule that considers the relative proportion
of reads of a virus in this sample compared to the sample with the maximum read of
this virus. This threshold is a refinement of the "alien threshold" described
earlier(Rong et al., 2022). The default value proposed is 2. The Y divides the number
of reads from the alien virus in the alien control for comparing it to the number of
reads of each virus in each sample. In this publication, a default value of 1,000 has
been fixed for Y, and it was in the range of the expected (cross) contamination ratio
(number of reads in the truly infected sample versus the number of reads in
contamination one). The Z metric impacts Control 3 and the evaluation of the
proportion of identical reads between different samples. The proportion of identical
reads can be influenced by different factors (mutation rate, respective genome length
...). The role of Z is to consider those different factors. A default value of 1.5 is
proposed.

Default values of the three adaptability metrics have been provided in this
publication after their optimisation on the banana datasets and their evaluation of other
datasets. Nevertheless, users can independently modify them during the evaluation or
validation of Cont-ID applied to their datasets. A careful evaluation of the adaptability
metrics by the user is recommended to evaluate their impact on the diagnostic
performance of the test. In addition, several sets of adaptability metrics can be run in
parallel for further improvements in diagnostics performance. The value given to the
adaptability metrics and controls resulting is always recorded in an additional log file
(see Supplementary File 1 [log_file]). This log file help to ensure traceability allowing
the user to check the pertinence of the chosen numbers and to adapt them when
needed. As each of the three rules has two possible decisions (contamination or
infection), a majority vote will be obtained with two or three votes. The decision of
each vote is available in the generated result to support the result interpretation and
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let the user decides on the confidence to give to each individual rule according to the
biological system tested.

In addition, the proper quantitative comparison of sequencing reads datasets relies
on normalising the number of reads per sample, for example, as always done for
transcriptomic or microbiome studies. This assertion is also true for Cont-ID and
corresponds to an adaptative parameter. To limit some bias due to the difference in
sequencing depth between samples in the same batch, we also normalise by default to
5 000 000 reads in this publication. Still, it is manually changeable by the user.

Finally, Cont-ID also has another level of flexibility: the script is desing for easy
change of rules in the code that can complete or replace the existing ones.

Conditions of application for Cont-1D

Three main conditions are essential to run Cont-ID. First, an alien control should be
used, alien control should contain a high but realistic (close to highest expected
concentration of viruses in the analyzed samples) concentration of the alien virus, so
reads from that viral species are more prone to be detected in other samples when
cross-contamination occurs from the alien control to the other samples. Similarly, if
another virus is found in the alien control sample, that is also an indication of potential
contamination (although not used so far by Cont-ID). The alien control is
bioinformatically processed exactly as the samples of interest to generate the alien
metrics for each sample (in a separate tabulated file). In the absence of external alien
control, it is still possible to analyse sequencing batches if they include samples from
different host species and some detected viruses, preferably at high abundance, are
known to infect only some of the host species. In such a case, the alien file should be
filled with the selected virus as if it was an alien (with the status of alien present/absent
in the file). Nevertheless, the threshold set-up and the results will be less accurate and
include fewer samples (the samples corresponding to species that can be hosts for the
virus could not be considered). In addition, a high degree of confidence is needed
regarding the actual infection of the sample selected as alien control by the virus
selected as an alien virus. Cont-ID always requires at least one (cross) contamination
in the alien file to be reported; otherwise, the threshold calculation will fail; in that
case, the tool will state it.

The second application condition is related to the processing of the samples and the
alien control. The alien control and all the other samples in a given batch should have
been processed together in parallel for all the laboratory steps (RNA/DNA extraction,
library preparation, sequencing) and bioinformatics (Reads cleaning, host removing
...). This is a good diagnostic practice, but it is even more important here as the goal
is to observe cross-contamination levels. The assumption is that the level seen with
the alien represents what could have happened in samples of interest. Therefore, this
assumption depends on processing all samples and control in parallel.
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The third condition is that, once the user has fixed the adaptability metrics, the
analysis should be carried out batch per batch. The calculation of sample and alien
metrics is dynamically done for each batch as cross-contamination patterns can
strongly vary between batches, as recently shown for banana samples (Rong et al.,
2022).

Sequencing reads datasets

The first datasets (batches A to D) were generated in our laboratory by total RNA
sequencing protocol with ribodepletion applied to RNA extracted from banana plants
(belonging to the Musa genus) (Rong et al., 2022). These data were generated to
compare the test performance criteria of high throughput sequencing with classical
virus testing protocols that include ImmunoCapture (IC)-(RT)-PCR and electron
microscopy (De Clerck et al., 2017). The alien control corresponded to wheat plants
infected by two species of barley yellow dwarf virus (BYDV-PAS and BYDV-
PAV)(Rong et al., 2022). In total, four sequencing datasets (called A, B, C, and D)
composed respectively of 27, 20, 27 and 25 samples were generated independently. A
fifth batch generated during this validation experiment using diluted samples for
evaluating the limit of detection (analytical sensitivity) was not included in our
analysis according to the recent guidelines proposed for statistical analysis of
validation datasets for plant pest detection (Massart et al., 2022b). All samples used
here have been tested with (RT)-PCR for all the possible virus known in Musa,
making the viral status known for every sample (Rong et al., 2022) A total of 10
different viral species were infecting these samples, including banana mild mosaic
virus (BanMMV), banana bract mosaic virus (BBrMV), banana bunchy top virus
(BBTV), cucumber mosaic virus (CMV), and five species belonging to the banana
streak virus (BSV) species complex. In addition, two other sequencing protocols were
applied to some banana plants, small RNA sequencing (Rong et al., 2022) starting
from the same RNA extract as total RNA sequencing (for 21 samples in a single batch)
and double-stranded RNA (dsRNA) enrichment and sequencing protocol (Marais et
al., 2018b) applied from plant tissue of 13 samples in a single sequencing batch.
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Table 4-1: list of datasets used on Cont-1D

BSV is a species complex (genus: Badnavirus, family: Caulimoviridae) among
which five species were included in our samples: banana streak CA virus (BSCAV),
banana Goldfinger virus (BSGFV), banana streak IM virus (BSIMV), banana streak
Mysore virus (BSMYYV), and banana streak OL virus (BSOLV). Notably, some
species of this complex have their genome fully or partially integrated into the plant
genome as endogenous viral elements (EVE), most specifically in B genomes
originating from M. balbisiana. These EVE can be transcribed in the plant, and for
some BSV species, they can even trigger an infection with viral particles of BSV in
the plant (Chabannes et al., 2021b). It is well documented that BSGFV, BSIMV and
BSOLYV are constitutive of Musa balbisiana (B genome) but can be activated in some
conditions (Ricciuti et al., 2021). In addition, BSMyV is also integrated into the Musa
B genome, although the ability to produce infectious viral particles is not yet
demonstrated. This brings additional complexity as EVE can be transcribed without
the presence of a viral particle. It has been recently demonstrated that the detection of
BSV transcripts by a HTS test must be confirmed by an independent test such as
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immunocapture (IC)-PCR for confirming the presence of viral particles (Rong et al.,
2022).

The other datasets used in this work came from publicly available datasets listed in
Table 4-1 and were already included in peer-review publications. They were selected
because they fit two criteria: (i) having all virus presence checked in all the samples
and (ii) having a virus species that could act like an alien control for the input file.
First, another set generated to detect viruses from diverse plant samples by high
throughput sequencing of total RNA extraction was kindly provided by Queensland
University of Technology (Gauthier et al., 2022c), corresponding to a total of 19 plant
viruses and viroid in 5 samples. In addition, the datasets generated from human
samples came from published data from 3 different sources, with a total of 129
samples containing 39 viral species (Bal et al., 2018; Boheemen et al., 2020; Li et al.,
2020). These three human datasets allowed us to test Cont-ID with a large diversity
of viruses, with different extraction and sequencing methods listed in Supplementary
File 2.

In total, ten sequencing batches, including 273 samples and the presence of 68 viral
species, were used to test the potential impact of a different host, extraction, and
sequencing method on Cont-ID performances. All the data generated are available
with the link and procedure applied to obtain them described in Table 4-1; the
indexing status of each virus in each sample is also available in Supplementary File
2.

Bioinformatic analyses

Quality control and mapping of sequencing reads

For all datasets, read quality control (quality trimming, reads deduplication) was
performed using a standard procedure described in a previous publication: “The
obtained sequence reads (FastQ file format) were quality controlled on both ends,
using a minimal nucleotide Phred quality score of 25 and a minimal length of 35bp
with BBDuk (Kechin et al., 2017) (v38.37). Then, the trimmed reads were merged
and duplicated merged reads were removed using Dedupe (Bushnell et al., 2017)
(v38.37) with kmer seed 31, the request of 100% identity and the option of eliminating
shorter reads 100% identicals.” (Rong et al., 2022). The cleaned reads were then
mapped to a custom-built database (DB) containing all complete genome sequences
from previously detected viruses in the datasets. For banana samples, all the complete
genome sequences of the viruses were downloaded from NCBI nt database on
(12/12/2020) to serve as mapping DB. While the BYDV reference (KU170668 — for
the alien control) was selected as it was the closest sequence from our isolate. More
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information on the composition of each mapping DB is available elsewhere (Rong et
al., 2022).

The reads were mapped on the custom DB using Geneious mapper (Prime 2020.0.5,
Biomatters). First, the profile parameters "Low sensitivity / Fastest” were selected
(with 20% mismatch and a maximum of 3 nucleotides gap allowed). To improve the
results by aligning reads to each other in addition to the reference sequence, the fine-
tuning for mapping was set to "lterate 2 times". The "multiple best matches" option
was set to "Randomly™ (no multiple best matches between two different viruses were
observed in any sample processed). In the coming result section, we will refer to these
parameters as "relax". A second mapping referred to later on as "strict" was carried
out using the same parameters except for the mismatch allowance that was lower than
10%. Only the second mapping was carried out for small RNA (20% mismatch is too
much for small RNA). Indeed, using mismatches up to 20% should allow better
inclusivity of the analysis by mapping reads from isolates that can be genetically
distant from the reference sequences, especially if few reference genomes are
available in the literature. Mapping with a strict parameter was done to use small RNA
and confirm this hypothesis. The tolerance of mismatches of 20% is also close to many
ICTV demarcation criteria to distinguish two different species (although these criteria
are often considered for only one or a few genes and might vary between families).
Another test with more relaxed parameters would increase the risk of adding non-
specific reads (e.i. not generated from the viral genomes) and was not considered.

Deduplication of identical reads between samples

To investigate cross-contamination between samples, additional deduplication of
identical reads between samples was performed using dedupe V38.37 (from BBMap)
embedded in Geneious (Prime 2020.0.5, Biomatters) and with the parameters kmer
seed length, maximum edit, and maximum substitutions set as "31", "0", and "0",
respectively. For each virus and sample, the mapped reads from each tested sample
and the sample with the highest number of mapped reads in the batch were grouped
into a single pool (using "Group sequences into a list" in Geneious) and deduplicated.
The deduplication percentage equalled the number of reads removed as duplicates
divided by the lower number of reads between the two tested samples. The
deduplication percentage was not calculated on samples if less than 5 reads from raw
data were mapped to target viruses (as there might be higher random variation with
few reads sequenced for a virus). For those samples, the rule (number three)
automatically votes contamination. While for the samples with the highest number of
reads for a given virus, the deduplication ratio was set as reference (i.e. "RF"), and the
vote for rule three is infection.

Confusion matrix and performance criteria calculation

-84 -



Chapter 4: Automation of virus detection

We used a confusion matrix for each batch's results to have standard metrics for
comparing batches and samples. We compared the tool prediction for each element to
the indexing status of the dataset assimilating infection as a positive result and
contamination as a negative result, as explained in Table 4-2.

A
. ) Prediction
Cont-ID confusion matrix - — — -
Infection (Positive) | Contamination (Negative)
. Infection True Positive (TP) False Negative (FN)
Indexing status — .
Contamination False Positive (FP) True Negative (TN)
B
Diagnostic sensitivity (DSE) TP/(TP+FN)
Diagnostic specificity (DSP) TN/(TN+FP)
False omission rate (FOR) FN/(FN+TN)
False discovery rate (FDR) FP/(FP+TP)
Accuracy (TP+TN)/(TP+TN+FP+FN)

Table 4-2: (A) Confusion matrix based on Cont-ID results. (B) The formula is used to calculate
accuracy.

Based on the confusion matrix, we have four possibilities after a prediction: False Positive (FP) when
the tool wrongly predicted an infection, True Positive (TP) when the tool correctly predicted an infection,
False Negative (FN) when the tool wrongly predicted contamination and True Negative (TN) when the
tool correctly predicted contamination. In addition, we calculated and focused our analysis on the
accuracy as described in table 4-2. To calculate performance criteria automatically (accuracy as well as
diagnostic sensitivity/specificity, false omission/discovery rate), we used an automated script available
on the same GitHub (https://github.com/johrollin/Cont_1D/tree/master/further_analysis).

Results

We used Cont-ID on ten metagenomic datasets, including a total of 273 samples, as
a proof of concept (see details in method). These datasets covered a broad range of
use for Cont-1D as they were generated from plant or human samples according to
three library preparation protocols (8 for total RNA, 1 for small RNA and 1 for double
stranded (ds) RNA). The sequencing reads were always paired 2x150 nt for totalRNA
and dsRNA while, for small RNA, the reads corresponded to 1x50 nt (21-24 nt after
adapter trimming (5)).

Set up adaptability metrics datasets on the banana datasets

When applying for the first time Cont-ID on banana datasets generated from
reference samples with known viral status, the first objective was to determine the
most appropriate values for the adaptability metrics (X, Y and Z), allowing to
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minimise both FP (over-prediction of infection) and FN (over-prediction of
contamination). This was particularly complex as raising the value of an adaptability
metric could lead to an over-prediction of either contamination or infection by the
rule, while lowering it had the opposite effect.

Analysis Prediction Interpretation

Case 1

" comparison:
Infection =

=

Infection
Infection

Case 1

Case 1 comparison:

PR Contamination
Eo infection :l>_
Cont-I1D e Contamination
o Contamination
Rule 1: / =Y
Mapping_ratio > {Control A / X) :>
Rule 2:
> [ Case 1
NB_read = (Control_B /) \ — comparison:
Contamination
Rule 3 Favour |::>
Deduplication_ratio <= (Control_C / Z) contamination unconclusive
Infection
X=0.002
Y =500
Z=15
Case 1
B comparison:
Infection

— unconclusive
Contamination

Figure 4-3: Cont-ID prediction when using the two default cases

During the set-up of the method, we looked for the most adapted set of values to
balance our rule prediction on Musa datasets A, B and C. We tested several ranges of
values aiming at limiting both wrong predictions (FP and FN). The optimised single
set of values maintaining FP and FN low in the three datasets was not found. Indeed,
variability was observed between batches, as any set limiting FP and FN in one or
several batches was not optimal for the other batch(es).

Indeed, the uneven proportion and pattern of cross-contaminations observed in
different sequencing batches made it very difficult to decide on a unique set of values.
Instead, it seemed more efficient to apply two different sets of values (called "case 1"
and "case 2" further on) that favoured the prediction of either true infection (TP - case
1) or true contamination (TN - case 2) from the same datasets. The combination of the
prediction from both cases would give additional information for interpretation. We
proposed values that gave the best performance criteria on our training datasets on
bananas, and the purpose of the diagnostic test was to minimise the risk of false
negatives (priority 1) while keeping the confirmation burden manageable (priority 2).
Importantly, those sets of values can be manually adapted by the user to improve one
or several performance criteria of the test, to better fit the purpose of the HTS tests
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carried out and its associated risks (risk of false positive or false negative) or to limit
the "grey zone" of inconclusive results (see under).

Therefore, we propose to run Cont-1D with two sets of adaptability metrics every
time to compare the results so what a high level of confidence is reached for the
elements with identical predictions between both cases. The combination can also
highlight elements for which the prediction changed; they correspond to the "grey
zone" with metrics of abundance and/or duplication close to thresholds. In such cases,
the automated prediction might not be accurate. At this stage, it is mandatory to carry
on additional verification, such as checking the confidence (2 or 3 votes) for each
prediction or comparing the threshold numbers (also provided in the result) with the
sample metrics. Cont-ID provides the list of votes for each rule in each case to
facilitate this additional verification. Then according to the additional information and
the test's purpose, the user can decide on the status (infection or contamination) or
keep it inconclusive but decide to test the virus presence independently by another
test. For the presentation of the result, the result is mentioned as "inconclusive" when
both cases disagree.

Evaluation of the method accuracy on banana samples

Based on the results obtained with the two sets of adaptability metrics, the tool
predictions were compared with the biological status of each reference banana sample
(batches A, B, C and D Supplementary File 2), allowing us to predict the cross-
contamination on the four tested batches with an average accuracy of 90%, excluding
23% of elements classified as "inconclusive™ (see table 4-3A).

A - Relax mapping B - Strict mapping
Batch A | B ] c | o A | B ] c | b
Sequencing method TotalRNA TotalRNA
Total element tested 105 93 143 128 76 65 93 68
Expected Infection/Contamination 28/77 14/79  34/109  19/109 | 28/48 14/51 34/59 17/51
3 votes accuracy 91% 87% 86% 90% 100% 92% 94% 87%
Case 1 2 votes accuracy 60% 60% 45% 80% 69% 62% 46% 69%
overall accuracy 73% 67% 66% 85% 78% 68% 62% 75%
3 votes accuracy 99% 95% 100% 96% 95% 92% 100% 94%
Case 2 2 votes accuracy 58% 69% 87% 67% 70% 59% 64% 44%
overall accuracy 85% 85% 93% 91% 83% 78% 80% 82%
accuracy % 88% 82% 94% 95% 82% 78% 81% 90%
Cases inconclusive % 23% 20% 33% 16% 5% 17% 32% 28%
. correct prediction 71 61 90 103 59 42 51 a4
combination e
wrong prediction 10 13 6 5) 13 12 12 5
inconclusive (occurrence) 24 19 47 20 4 11 30 19

Table 4-3: Percentage of the accuracy of case 1 and case 2 analysed alone or in combination on
banana samples sequenced by ribodepleted totalRNA sequencing for each element (virus detected on
each sample). Each case is presented with the proportion of correct or wrong predictions according to
the number of votes obtained (2 or 3) by comparing Cont-1D prediction the the viral status (displayed in
expected infection/contamination). The percentage is given by three votes confidence count only the
result with three votes while the overall accuracy aggregates the 2 and 3 vote results. When combining
results from both cases (described in Figure 4-3), the percentage of inconclusive results and the number
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of correct or wrong predictions are stated. Two different mapping parameters were tested, allowing
respectively 20% of mismatches (part A) or 10% of mismatches (part B)

The predictions with the three votes using default mapping parameters
("relax mapping") are very trustworthy as the accuracy is higher than 86% and 95%
for cases 1 and 2, respectively. These promising results are obtained on the fraction
of the elements representing 25-50% and 48-84% for case 1 and case 2, respectively.
The remaining elements are classified with two votes (more information is available
in Supplementary File 3). The prediction accuracy with two votes is much lower,
whatever the case. So, knowing the number of votes obtained by each element is
crucial when the results need to be interpreted (and this number is always given in the
report generated by Cont-ID). For case 1, most elements were predicted with two
votes meaning that one of the (three) rules had conficting prediction, which might
explain why the accuracy was lower. While for case 2, the majority of the elements
were predicted with three votes. The explanation is probably in the "expected
Infection/contamination” row in Table 4-3A: for all batches, there is more
contamination than infection (from 28 infections for 77 contaminations — batch A to
only 19 infections for 109 contaminations - batch D). As stated above in the text and
Figure 4-3, Case 2 is designed to favour contamination detection at the expense of
infections occurring at a low concentration that tend to be considered contamination
(FN). Nevertheless, as a direct consequence, true contamination (TN) detection is high
(see confusion_matrix in Supplementary File 3).

Overall, case 2 presented a higher accuracy (85-91% relax mapping) than case 1
(66-85%), while the combination of the two cases reached a similar one (82-95 %
relax mapping). Those good results from combination accuracy mean that very few
predictions are wrong (5 — 13) in both cases, but 16-33% of elements are not counted
in the accuracy percentage because they are inconclusive. The combination's
importance relies on maintaining a high accuracy while highlighting the inconclusive
prediction to prioritise them for manual expertise.

The mapping parameters impacted the input files and the Cont-ID
performance

In Table 4-3, we explored the impact on the prediction of two levels of mismatch
tolerance (20% and 10%) when mapping the sequencing reads on the viral genome
DB. The goal was to explore if changing a parameter from the primary bioinformatics
step delivering the input files of Cont-1D could have an impact on the prediction. Strict
mapping tends to lower the total number of elements tested due to a decrease in the
number of samples for which we have very few reads mapped to a candidate virus
(samples for which the number of reads was already very low with relaxed mapping).
Cont-1D has more samples to process with a relaxed mapping, which should be better
for threshold calculation. Logically, the elements lost by the strict mapping parameter
should be predicted as "contamination™ and present a relatively low number of reads.
Indeed, those elements are most likely more distant reads (between 20 and 10 %
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mismatch with the reference genome) mapped on the virus. They could correspond to
non-viral reads wrongly mapped in datasets from samples tested negative by classical
indexing. For example, for batch B, on the 28 differential mapping results, the number
of reads mapped ranged from 1 to 10 (except for two). Of those 28 elements, 24 are
classified as "contamination”, 2 as infection (the two that have more than 10 reads),
the two remaining are labelled inconclusive. In batch C, there are 50 differential
elements between the two parameters, with 37 correct (13 from BSV), 11 inconclusive
(10 from BSV) and 2 wrong (2 from BSV) classified elements. In total, 25 elements
(on the 50 - batch C) are from the non-integrated virus, of which 24 are labelled
contamination (one inconclusive). The separation between integrated and non-
integrated viruses is explained in Table 4-4 and another publication (Rong et al.,
2022).

Using the relaxed mapping parameter seems beneficial for prediction as the
accuracy is better (82-95% relax, 78-90% strict). Moreover, thanks to the combination
strategy, we can focus on the proportion of inconclusive; it is uneven with an
important increase, 5% (strict) to 23% (relax) for batch A, while in batch D, it
decreases from 28% to 16 %. However, when we look closely at the accuracy
improvement, most comes from differential elements (present only with relax) that
are 'obvious' contamination with few reads. So, most of the accuracy improvement
did not come from very informative elements, except in some rare occurrences where
it helped classify well elements in relax parameters that were inconclusive with strict
or classified inconclusive elements in relax that were wrong with strict parameters.
As an example, in batch C, on the 24 elements for BanMMV, BBRMV, BBTV and
CMV common in both conditions (relax and strict), elements prediction is improved
(from inconclusive [strict] to correct [relax]) for three of them (sample 3B1, 3B2 and
3B14 with BanMMV).

There is, therefore, a slight improvement with relaxed mapping parameters, and we
set these parameters by default to generate the input files. Indeed, with the relaxed
parameters, the number of reads for each element (including alien) increases along the
rise of the number of elements in the batch. This means that we change the rule's value
of the threshold (see Figure 4-2), in a way that seems more representative of reality
than strict mapping. In these batches, some element metrics are very close to the value
sused by the rules and slightly changing those metrics or the alien metrics (the alien
control metrics are obviously changed by the mapping parameters) can modify the
prediction.

As we did not know the divergence of the virus genomes between different samples
and the reference genomes, it seemed more logical to use relaxed mapping parameters
by default. According to the virus system the user is working on and the ICTV
demarcation criteria that go with it, these parameters should or could be adapted.

The virus biology can impact Cont-ID performance: the case of virus
integration in the host genome
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A - Non-integrated Virus B - Integrated Virus (BSV)
Batch A [ B | c¢c | b A | B | c | b
Sequencing method TotalRNA TotaRNA
Total element tested 40 31 51 55 65 62 92 73
Expected Infection/Contamination 19/21 9/22 22/29 10/45 9/56 5/57 12/80 9/64
3 votes accuracy 100% 91% 96% 100% 82% 83% 68% 54%
Case 1 2 votes accuracy 94% 70% 75% 100% 47% 56% 43% 78%
overall accuracy 98% 77% 94% 100% 58% 61% 50% 74%
3 votes accuracy 100% 85% 100% 100% 97% 100% 100% 93%
Relax Case 2 2 votes accuracy 50% 91% 82% 67% 62% 58% 89% 67%
mapping overall accuracy 88% 87% 92% 96% 83% 84% 93% 88%
accuracy % 100% 88% 96% 100% 79% 79% 92% 91%
inconclusive % 15% 16% 6% 4% 28% 23% 48% 25%
Cases correct prediction 34 23 46 53 37 38 44 50
combination wrong prediction 0 3 2 0 10 10 4 5
inconclusive 6 5 3 2 18 14 a4 18
(occurrence)

Table 4-4: Percentage of the accuracy of case 1 and case 2 analysed alone or in combination on
banana samples sequenced by ribodepleted totalRNA sequencing with relaxed mapping parameters for
each element (virus detected on each sample). Each case is presented with the proportion of correct or
wrong predictions according to the number of votes obtained (2 or 3) by comparing Cont-1D prediction
the the viral status (displayed in expected infection/contamination). The percentage given by three votes
confidence count only the result with three votes while the overall accuracy aggregates the 2 and 3 vote
results. When combining results from both cases (described in Figure 4-3), the percentage of
inconclusive results and the number of correct or wrong predictions are stated. Two types of viruses
were tested, Non-integrated virus (part A) or integrated virus (part B).

To highlight the potential impact of the virus biology on the results of Cont-ID, the
analysis of banana batches was split between integrated and non-integrated viruses.
Indeed, several species of BSV are integrated into its host genome, which complicates
the reliable detection of BSV infection from sequencing datasets. Consequently, it has
been recommended to confirm any detection of BSV reads by an independent PCR
test combined with immunocapture of viral particles (Rong et al., 2022).

Table 4-4 shows better accuracy and a lower proportion of inconclusive results for
non-integrated viruses compared to BSV. More elements with contamination status
are obtained when looking for BSV than non-integrated viral species. This over-
representation of contaminants might be caused by the transcription of integrated
sequences of BSV even without viral particles, which will raise the number of detected
reads. These are two points that reduced the efficiency of our method on BSV and, by
extension, might also concern any other viral species integrated into the host genome
and able to produce transcripts.

The global accuracy is lower for BSV species (79-92%) compared to the other
viruses (88-100%), even if the maximum accuracy obtained with batch C (92%) was
high. In addition, the proportion of inconclusive results should also be considered, and
this proportion was much higher for BSV (23-45%) than for the other viruses (4-16%).
So, the overall performance of Cont-ID is lower when applied on BSV and did not
solve the issues of appropriate detection in sequencing data of viral infection from
viruses integrated into the plant genome. Consequently, BSGFV, BSIMV, BSMYYV,
and BSOLV, which correspond to different but closely related species of Banana
streak virus (BSV) integrated into the Musa genome, were excluded from the
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calculation of performance criteria for the banana datasets. BSCAV was also excluded
(despite not being integrated) because of its similarity with other BSV species.

Performance of Cont-1D on diverse datasets

The performance of Cont-ID using the two cases was further evaluated while
diversifying the hosts (fruit trees, grasses, humans) and the sequencing protocols (total
RNA, small RNA, dsRNA).

Batch AlBJc]Ip] E [F G H 1 J
N ) l()(?;:tmepr( Human| Human H_uman
Origin Banana (own sequencing) etal, (Bal et |(Boheemen| (Lietal
2022) al 2018) | et al 2019) | 2020)
Sequencing method TotalRNA [smallRNA[dsRNA TotalRNA Average
Total element tested 40 31 51 55 20 12 51 112 62 206 64
Expected
Infe ction/Gontamination 19/21 9/22 22/29 10/45  19/1 5/7 18/33  37/75 25/37  50/156
3 votes accuracy | 100% | 91% | 96% |100% 100% 100% 100% 96% 100% 90% 97%
Case 1 2 votes accuracy | 94% | 70% | 75% | 100% 36% 67% 86% 71% 54% 63% 72%
overall accuracy | 98% | 77% | 94% | 100% 55% 92% 92% 87% 73% 77% 84%
3 votes accuracy | 100% | 85% |100% | 100% 33% 100% 97% 92% 92% 95% 89%
Case 2 2 votes accuracy | 50% | 91% | 82% | 67% 63% 50% 92% 68% 84% 78% 72%
overall accuracy | 88% | 87% | 92% | 96% 45% 92% 96% 86% 89% 87% 86%
accuracy 100% | 88% | 96% | 100% 50% 100% 98% 93% 93% 92% 91%
inconclusive % 15% | 16% | 6% | 4% 20% 17% 8% 15% 29% 24% 15%
Cases correct prediction 34 23 46 53 8 10 46 88 41 144 49,3
combination [ wrong prediction 0 3 2 0 8 0 1 7 g 12 3,6
inconclusive 6 | s | 3| 2 4 2 4 17 18 50 14,4
(occurrence)

Table 4-5: Percentage of the accuracy of case 1 and case 2 analysed alone or in combination from
sequencing with relaxed mapping parameters (except for small RNA) for each element (virus detected
on each sample). Each case is presented with the proportion of correct or wrong predictions according
to the number of votes obtained (2 or 3) by comparing Cont-ID prediction the the viral status (displayed
in expected infection/contamination). The percentage given by three votes confidence count only the
result with three votes while the overall accuracy aggregates the 2 and 3 vote results. When combining
results from both cases (described in Figure 4-3), the percentage of inconclusive results and the number
of correct or wrong predictions are stated. Several virus datasets were tested, banana samples (only non-
BSV viruses are considered), a mix of plants, and human datasets.

Table 4-5 shows the method's accuracy on all datasets with relaxed mapping
parameters (except for small RNA, see method). Overall, the accuracy of Cont-1D was
94%, with 15% of inconclusive results. The SRNA dataset provides a poor accuracy
(50%) with 20% inconclusive; this can be explained by the (almost) absence of
contamination (Expected Infection/Contamination 19/1) by the low level of reads
found (see Supplementary Files 2 & 3 for more information). Apart from small RNA,
the worst accuracy (88%) has been obtained from the batch B sequencing dataset of
banana. Noteworthy, this protocol was independently evaluated for virus testing in
banana, but its performance for virus detection was much lower than total RNA
sequencing (Rong et al., 2022). The accuracy calculated from the single batch of
dsRNA, with only 9 samples and 12 elements, was 100%. Even if not enough
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representative dataset was used for dsSRNA, the method accuracy seems not too far
from what we obtained in Total RNA, indicating that, Cont-ID is independent of the
extraction method. On Total RNA, for banana samples, the accuracy ranged from 88%
to 100%, with 4% to 15% of inconclusive results. The accuracy of the plant mix (G)
was also very high (98%), with 8% of inconclusive results. On human datasets, the
accuracy remained high (92-93%), but the inconclusive results reached up to 15 -
29%. Overall, the application of Cont-ID on human datasets reached similar
performance in accuracy; the slightly worse inconclusive metrics can be explained by
the fact that the adaptability metrics might not be the best ones for the human dataset
and underlined the importance

to adapt metrics and parameters of Cont-1D to specific dataset types.

For most of the datasets, case 1 performed worse than case 2, probably due to the
design of the case metrics (see Figure 4-2), where case 1 values were determined to
favour infection. The expected infection/contamination ratio showed that for all the
datasets but E (small RNA), there was a lot more contamination than infection;
therefore, case 1 overpredicted infection, lowering its accuracy. In the E dataset, case
1 (55%) performed better than case 2 (45%) as expected; it is also the case for the
human dataset H (97% case 1, 96% case 2), even if the ratio (37/75) leans toward
contamination.

Those results indicated that Cont-ID performed well in classifying cross-
contamination in very different virus-host systems, even if some adjustments may be
needed in some cases in the future. The different levels of flexibility of Cont-1D made
such adjustments possible. To provide an example of analysis, all the information
regarding batch C from the input file to the analysis file (including raw results) is
available in Supplementary File 3.

Discussion

Despite significant efforts to limit cross-contamination (dual indexes, inter-run
washing ...), this still represent a concern and the appropriate distinction between low-
level infection, and cross-sample contamination is crucial for the large-scale
development of HTS technologies as a diagnostic test. Furthermore, it should be
adequately managed because identifying and monitoring the cross-contaminations
improves the detection results' reliability. In other words, it can help to find the source
of contamination in the laboratory, take appropriate measures to minimise it, and raise
confidence in the detected viruses.

This publication improved a preliminary work on determining an adaptative
contamination threshold for the detection of plant viruses (Rong et al., 2022) which
uses the maximal number of alien virus reads contaminating a sample as the threshold
of detection for each sequencing batch. So, instead of using a fixed number for the
contamination threshold as done in the literature, the threshold is adapted to the level
of contamination monitored in the batch thanks to the alien control. The former
publication used a single threshold corresponding to the maximum number of alien
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virus reads in a sample. Some limitations of this previous threshold, for example,
overestimating contamination when viral reads are in low number for a virus,
underlined the need for improvements. This was achieved with Cont-1D through the
definition of multiple formal rules, the automation of calculation and the ability to
adapt the thresholds and rules by the user. The tool's prediction relies on basic and
usual information generated by bioinformatics analysis of sequencing data (mapping
and duplication numbers) and the use of external alien control. The criteria based on
reads (relative) abundance of each virus in each sample and the (approximation of)
number of identical reads for a virus between samples performed well while being
relatively easy to generate. Our objective with this tool was to show that exploring
data generated by standard bioinformatic procedures can facilitate the identification
of cross-contamination between samples.

Cont-1D discriminated virus infection and cross-contamination between samples
within a sequencing batch with a global accuracy of 91 % (median=95%) on the
diverse range of datasets included in its evaluation. The diversity of situations
included viral species belonging to diverse viral families with cellular hosts belonging
to plant or animal kingdoms and three different library preparation protocols.
Importantly, the default values of adaptability metrics determined from banana dataset
predicted cross-contamination with high accuracy (96%, on banana excluding small
RNA) and remain high even on human datasets (94%). Noteworthy, these additional
datasets were carefully selected to check that they fit the Cont-ID requirements (alien
control and samples processed in parallel). To further help the user in the analysis, we
provide the detailed votes prediction in the result file (see Supplementary File 3). This
is, therefore, a solid basis for the diagnostician to check the level of confidence in the
generated results. Indeed, each prediction made by the method uses at least two rules
to determine the classification of the element for each case. A prediction with three
votes is more confident than with two votes. But all predictions with two votes do not
provide the same confidence as it depends on which rules predicted what. Of our three
rules, two rely more or less directly on abundance estimation, which means that when
that metric is not obtainable in a reliable way, the tools' predictions will be impacted,
and predictions with those rules might be less confident. On the other hand, rule three
(deduplication ratio) is less effective when the read numbers are low. Depending on
the scenario, users should consider the relative confidence of each rule when trying to
confirm Cont-ID prediction. This underlines again the importance of proper
interpretation of the obtained results based on the virus biology

The prediction quality is deeply impacted by the input data quality, meaning that
the deduplication and mapping parameters are essential and should be carefully
considered while evaluating their impact on the results. For example, some
deduplication tools remove reads if a (small) read is contained in another (larger)
read; having that option active or not will significantly impact the deduplication ratio.
For example, the inclusion of PCR amplification step in the library preparation
protocol, the very high abundance of viral genomes in the sample or the low
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complexity of the library can impact this deduplication ratio and should be taken into
account when setting up the parameters for Cont-I1D application.

As shown in the results, mismatch parameters are very impactful for the mapping.
Considerations like ICTV demarcation criteria or what parameters the biologist would
use to reconstruct the whole viral genome are helpful in deciding the ones to use for
Cont-1D input. In that regard, testing and expertise in bioinformatics analysis are
heavily beneficial. Here, the 20% mismatch parameter performed well; it might be
different in other datasets (viral composition) configurations or when working with
databases containing many reference genomes. Indeed, independently of the
mismatch parameters used, using more genome references for each expected species
could also improve the ability to detect sequences from distant isolates by better
covering the genetic diversity of the virus.

The biology of the virus should also be considered, as shown by the results obtained
with viruses with functionally integrated genomes in the host, like BSV species. Our
conclusion is that they should be considered independently from the non-integrated
viruses. It was challenging to extract a reliable metric for BSV as the differentiation
between reads from integrated genomes and reads from viral particles is impossible.
Indeed, the biology of viruses integrated into the host genome differs from non-
integrated viruses, as viral genome transcription can happen without viral particle
production. We have not tested our method on species with different biological
behaviour like viroids or phages. But optimisation of the adaptative metrics might
likely be required in order to use Cont-ID with high accuracy. Viroid genomes are
generally smaller than viruses, while the phage genomes tend to be much larger and
has specific biological features. For example, a different level of identical reads and
abundance (calculation based on reads number) could be obtained between the
different scales of genome size.

For these reasons, Cont-ID allows the evaluation of other values for adaptability
metrics (X, Y, Z) by each user to adapt the tool and optimise its diagnostic
performance depending on the biological matrix, the protocol and the purpose of the
test. Independently, the user can also adapt the metrics to reach the appropriate
balance between FN and FP by deciding if, for the purpose of the test and the available
resource for confirming detection, it is preferable to be overpredicting contamination
to be confident that all the virus detection remaining are true infection or the opposite
(overpredicting infection to be sure not to miss any).

In our tests, the analysis of the wrong predictions showed that none of the proposed
rules (and adaptability metrics values) allowed us to reach satisfactory accuracy with
a proper balance between FN and FP (see Supplementary File 1). We have observed
that using two sets of adaptability metrics (one to favour contamination and the other,
infection prediction) gave a higher accuracy. In a real scenario (with infection status
not known for the samples), it is difficult to know if HTS virus detection (at low
concentration) is in the majority due to true infection or cross-contamination. The
two-case strategy allows the biologist to predict both scenarios with at least one case
accurately. Indeed, if the expected ratio of infection/contamination is unknown, the
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relative performance of cases 1 or 2 will be unknown, so it seems preferable to use
the combination results instead of the individual.

If both cases agree, the assumption is that the prediction is correct. Nevertheless,
combining the results will provide a list of interesting inconclusive results. Each
inconclusive result means that the two cases delivered opposite predictions.
Therefore, the scientist should address those results when analysing Cont-ID
prediction by checking the number of rules for each prediction, for example, knowing
if 2 or 3 rules agreed and checking the results of each rule : How close to the threshold
was the read abundance/ratio and/or the duplication rate? Spotting the few errors that
may occur requires excellent manual expertise as the usual manual verification
methods may also indicate the wrong decision (if there are many reads from cross-
contamination, the mapping results can be wrongly positive and/or the (RT)-PCR can
also be wrongly positive if the contamination occurred at an early stage and the (RT)-
PCR was carried out on the same nucleic acids extract). Other information about the
virus-plant interaction should be considered, like virus-species-cultivar compatibility
or geographical virus distribution (see investigation on unexpected viruses (Rong et
al., 2022)).

Cont-1D also presents some limitations that need to be discussed. First, the number
of identical reads estimation comes from the deduplication procedure, which is an
approximation, and that can be a problem because it can consider the non-specific
reads (reads that are not coming from cross-contamination but that are identical to
another sample from a common area of the genome) as identical to the probable source
of contamination by mistake. Indeed, this can be the case if, for example, two samples
are infected by the same virus isolate at very different concentrations. The presence
of duplicated reads might suggest contamination instead of a low-level infection. The
risk of such an extreme situation is limited using two other rules, although interpreting
the data will require good expertise in virus genomic variability and detailed
information on the sample origins and virus prevalence and diversity. External source
of contamination (for example, foreign samples in sequencing facilities) are not
considered by Cont-ID and therefore can also be source of error if they involve the
same virus specie as the one of interest.

Also, identification up to species subtype (like expected for Influenza A virus) was
not considered during testing phase. When considered relevant, such subspecies
distinction could be used with care, ensuring the unequivocal assignation of the reads
to its corresponding subspecies. In other words, the genomes of the subspecies need
to be different enough and the mapping parameters adapted to avoid unspecific
mapping of reads between subtypes. In such case, thresholds used should be
monitored carefully to unsure integrity and reliability of the analysis.In addition, the
duplication metric assumes that contamination (if any) comes from the sample with
the highest number of reads. This theory seems logical since the more reads in a
sample, the higher the probability of detecting a few reads from it contaminating other
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samples (potential of contamination). Nevertheless, it can create a bias when a virus
is highly abundant in two (or more) samples and detected with a low frequency in
others. In that case, it is difficult to determine the true origin of cross-contamination.
Such a case could be a fundamental limit of our current method. If several samples
with a very high abundance of reads are present in a batch, as developed here, Cont-
ID should be applied as many times as the number of highly abundant samples.
Ideally, Cont-ID should include the read duplication comparison of each sample to all
other samples for a virus, but this can raise additional issues (like contamination from
several origins at the same time), and, at this stage, it was not implemented.

We must also keep in mind that the relative quantity of genetic material between
samples might change because the biologist normalises the quantity of DNA/RNA at
two steps of the process: before starting library preparation and during the pooling of
the prepared libraries, meaning that the differential in genomic material concentration
(potential of contamination of a sample) is resettled. If cross-contamination happens
before that step, it can lowers Cont-ID predictions accuracy. This bias in the
estimation of abundance is another limitation of our method.

Using an (alien) control helps to know the expected level of contamination but is
also impacted by the limit of detection inherent to the standard bioinformatic
procedures. Indeed, working with very few reads for some viruses makes some
analyses impossible when below their detection limit. For example, the calculation of
the duplication rate below a minimal number of reads (in this study, we chose 5) of a
virus did not make sense. The limit of calculation of the input metrics is another
limitation of Cont-ID.

Cont-ID accuracy was high, but additional improvements can probably be explored.
For example, by exploiting the ability of other metrics generated during bio-
informatic analyses (like RKPM, genome coverage percentage, relative coverage
depth repartition, ...) to help detect contamination. In fact, some of these metrics with
several thresholds were tested for Cont-ID before selecting the three rules described
in Figure 4-2 that provided the highest accuracy (in both contamination and infection
determination). Importantly, values leading to a perfect scenario were not identified,
and a two-cases classification system was set up (more information in Supplementary
File 1).

Nevertheless, adding more metrics will also complexify the decision system. If more
metrics are considered for cross-contamination prediction, other implementations
(decision tree, machine learning ...) might be envisioned to replace the current voting
system. On the other hand, the detection in the alien control of sequencing reads of
other viruses detected in the tested samples is also the consequence of contamination
from one of the tested samples toward the alien control. This information is not used
now but could also be considered for future improvements as it requires less complex
modifications to implement. In addition, it might allow refinement of Cont-1D,
potentially introducing an adaptation of threshold per virus instead of a single
threshold for all samples from the sequencing batch. The idea is that two viruses
present in the same batch may have different relative abundance behaviour in the
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samples, so setting up a limit that can adapt for each virus should improve the tool's
ability to distinguish real infection from cross-contamination. Finally, working with
the combination of all/some viruses profile instead of each individually for
contamination check (similarly to what is used in metabarcoding of bacteria) can also
be considered. Indeed, when a sample contaminates another, it is expected that all the
viruses (highly frequent) from the contaminating sample can be found in the
contaminated samples. Monitoring the virus detection profile of samples can provide
additional information for cross-contamination (and ease the quest for contamination
origin). Even if there is still improvement to be made, Cont-ID has already delivered
an excellent ability to consider the level of contamination genuinely present in a batch.

In conclusion, detection of cross-contamination is complex; in the age of
sequencing, the issue of

cross-contamination across samples is increasingly important; therefore, Cont-1D
will facilitate the interpretation of results by the virologist/diagnostician and reduces
the confirmation burden. We demonstrated that simple metrics like relative abundance
estimation and redundancies of genetic material (reads duplicates) could help monitor
contamination occurring in the laboratory. The method accurately distinguished cross-
contamination from infection in very diverse HTS viral datasets generated by short
reads Illumina technology. Our standard parameters allowed very good accuracy
(median = 95%); in addition, Cont-1D has several levels of flexibility and can be
adapted by each user to take into account the specificities of the detection test (purpose
of the test, type of samples, viruses to be detected, laboratory work, available
resources....). We believe this is a first significant step toward increasing the
monitoring and management of sample cross-contamination when using HTS
technologies for virus detection.

Availability and requirements:

Project name: Cont-1D

Project home page: https://github.com/johrollin/Cont_ID
Operating system(s): Platform independent
Programming language: Python (v3.7)

Other requirements: pandas; NumPy

License: GNU GPL-3.0

Any restrictions to use by non-academics: none
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Variant analysis

After virus detection, a more precise characterization can be performed. Comparing
the genetic variations of different viral strains allows the determination of different
isolates within a species. As the different isolates can have different biological
properties. This can provide important information on the evolution and spread of the
virus, as well as its potential impact on crop yields and the development of new control
measures.

Variant calling is the process of identifying specific genetic variations within a
genome, which can include single nucleotide polymorphisms (SNPs) (insertions,
deletions or substitutions of genetic material). The process generally involves the
following steps (Koboldt, 2020a; Schilbert et al., 2020):

e Mapping: The sequenced reads are aligned to the closest known genome
(reference) using alignment software such as BWA (Li and Durbin, 2009b).

e Variant calling: Software such as SAMtools (Danecek et al., 2021) is used
to identify genetic variations between the reference and the reads.

o Filtering: To remove false positives, the variants calls are filtered based on
(reads) alignment quality, the coverage of the region, and other criteria.

e Interpretation: Finally, the variants are interpreted in the context of the
organism's biology and the specific research question. This can involve
functional interpretation, phylogenetic analysis, and other methods to gain
a deeper understanding of the variants and their implications.

It is important to note that different tools may be used depending on the type of
organism, variant complexity and the research goals (Brinkmann et al., 2019). It is
also worth noting that plant viruses can have multiple variants that can have different
effects on the host (Ling and Scott, 2007).

Variant impact on host

Different variants of a plant virus can cause different symptoms and dangers
depending on the genetic changes within the viral genome. Some variants may be
more virulent and cause more severe symptoms, while others may be less harmful or
even symptomless. The severity of the symptoms and the danger of a plant virus
variant can also depend on the host plant. Some variants may be more pathogenic on
certain plant species or varieties, while others may be less so (Ling and Scott, 2007).

Pepino mosaic virus (PepMV) is a virus from the family Alphaflexiviridae (genus
Potexvirus) known to infect tomato, eggplant and potato plants. PepMV can cause
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severe damage to tomato crops, resulting in reduced yields and economic losses.
Symptoms include mosaic patterns on leaves, leaf distortion, and reduced fruit quality.
PepMV is a small, non-enveloped virus with a single-stranded RNA genome. The
virus has a high mutation rate, and several distinct genetic variants have been
identified, which can have different effects on the host (Hanssen et al., 2009). Indeed
according to the variant present, the symptoms change drastically from asymptomatic
to necrotic (Hasiow-Jaroszewska et al., 2011). Those differences associated with the
tendency to have variant mixed infection (as demonstrated during the Spanish tomato
crop epidemic) (Aglero et al., 2018) make the study of the associated disease even
more complex. It also opens new possibilities for plant protection as a pest control
plan based on intentional infection of harmless variants can limit the impact of
harmful ones (Agtiero et al., 2018; Anastassiadou et al., 2021).

As demonstrated for PepMV, the characterization of plant virus variants is important
for understanding the evolution and spread of the virus, as well as its potential impact
on crop yields. It can also help develop control measures for the specific variant, such
as a virus-resistant variety or a specific treatment.

Tracking viruses with mutation profile

Tracking viruses with mutation profiles is a way of identifying specific genetic
variations within the viral genome and using these variations to trace the spread of the
virus over time or to understand the modification of its biological properties. By
analyzing the genetic makeup of a viral strain, the identification of specific mutations
and classification of the virus into different variants can be done.

Once the variants have been identified, the spread of those viral strains can be tracked
through various samples by comparing the mutation profiles. In addition, the mutation
profile of a virus can be used to monitor the evolution of the virus over time, which
can provide important information on the emergence of new variants and their
potential impact on plant health (Navarro et al., 2022; Rubio et al., 2020).

Variant profiling can also help monitor sequencing cross-contamination by
identifying specific genetic variations within the viral genome and using these
variations to trace the origin of the contamination. An example us such use was
described in Chapter 3 for plant viruses. The usage of broader mutation profiling for
the bacterial source of contamination in food is also well described (Baert et al., 2021).

For all these reasons, an accurate SNPs prediction is important. Parameters leading
to such prediction success or failure were studied and explained in this chapter.
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Abstract

Recent developments in high-throughput sequencing (HTS) technologies and
bioinformatics have drastically changed research in virology, especially for virus
discovery. Indeed, proper monitoring of the viral population requires information on
the different isolates circulating in the studied area. For this purpose, HTS has greatly
facilitated the sequencing of new genomes of detected viruses and their comparison.
However, bioinformatics analyses allowing reconstruction of genome sequences and
detection of Single Nucleotide Polymorphisms (SNPs) can potentially create bias and
has not been widely addressed so far.

Therefore, more knowledge is required on the limitations of predicting SNPs based
on HTS-generated sequence samples. To address this issue, we compared the ability
of 14 plant virology laboratories, each employing a different bioinformatics pipeline,
to detect 21 variants of pepino mosaic virus (PepMV) in three samples through large-
scale Performance-Testing (PT) using three artificially designed datasets. To evaluate
the impact of bioinformatics analyses, they were divided into three key steps: reads
pre-processing, virus-isolate identification, and variant calling. Each step was
evaluated independently through an original, PT design including discussion and
validation between participants at each step.

Overall, this work underlines key parameters influencing SNPs detection and
proposes recommendations for reliable variant calling for plant viruses. The
identification of the closest reference, mapping parameters and manual validation of
the detection were recognized as the most impactful analysis steps for the success of
the SNPs detections. Strategies to improve the prediction of SNPs are also discussed.
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Introduction

Establishing high-throughput sequencing (HTS) technologies and developing
bioinformatics methods for analyzing the generated sequencing data have greatly
improved knowledge of viral diversity, including plant viruses (Pappas et al., 2021).
Complete or nearly complete virus genomes can be generated by de novo assembly of
raw reads into longer contigs. In this process, variants can be identified, differing from
the original virus (considered as the reference) by mutations, like single nucleotide
polymorphisms (SNPs), i.e., insertions/deletions/substitutions (Ramesh et al., 2021).
Finding individual virus variants from a mixed population via variant calling is
essential for understanding viral evolution and genetic diversity. As the recent
COVID-19 pandemic has shown, continuous monitoring of virus genome evolution
is essential to implement societal and sanitary measures for human health (Hirabara
et al., 2022). This monitoring is also key for plant viruses (Rubio et al., 2020),
especially since it is well known that (+)RNA viruses mutate rapidly. Indeed, genome
evolution due to the high mutation and recombination rates may allow RNA viruses
to increase their host range and adapt to new environments [5]-[9]. The generation of
accurate genome is therefore becoming a key challenge for proper integration of
genome data into virus epidemics monitoring. Any base modification of a genome can
be decisive, so the proper detection of single nucleotide polymorphisms (SNPs) in
contigs built from HTS data is a crucial step in bioinformatics pipelines (Kutnjak et
al., 2015) and the identification of SNPs present at low frequencies in the sequences
(and therefore absent in the consensus sequence) is important too and often
overlooked.

Virus low frequency variants are important to detect as they can change the dynamic
of an infection. Indeed, minor variants can change the fitness of Coxsackievirus B3 in
human lung cells (Borderia et al., 2015). In several citrus varieties, Citrus tristeza virus
(CTV) symptoms may be caused by low frequency variants (Cerni et al., 2008).
Therefore, monitoring the viral populations, including the low frequency ones, is
important for plant treatment or disease prevention [9]. Virus population studies often
rely on consensus sequences that may hide the minor variant composition (Domingo
and Perales, 2019). That is why understanding our abilities (and limits) to detect low
frequency variants is important for population studies applications as shown recently
on Uganda cassava brown streak virus (UCBSV) for which the analysis of minor
SNPs identified three distinct haplotypes with contrasted geographical spread
throughout Rwanda [28].
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Most of the benchmarks done on SNPs analysis focused mainly on the variant
calling step (Barbitoff et al., 2022; Deng et al., 2021; Guirao-Rico and Gonzélez,
2021) or dealt with specific issues like polyploidy (Clevenger et al., 2015). It was
observed that mapping (alignment) seems less impactful than the variant caller
(Barbitoff et al., 2022), more amplification cycles led to false positive SNPs detection
(Dengetal., 2021) or to a better understanding of the frequencies impact on the variant
detection (Guirao-Rico and Gonzalez, 2021). For plant viruses, reference samples
have been designed recently (Tamisier et al., 2021b). They can be used in
benchmarking studies for virus detection and genome characterization including, to a
lesser extent, SNPs detection, as each sample addresses specific challenges (closely
related isolates of the same species, presence of SNPs...). In eukaryotes, variants with
frequencies below 5% are considered low-frequency variants and below 1% are rare-
frequency variants [16][19]; in this study, we followed these definitions.

The studies mentioned above corresponded to systematic benchmarks carried out
by a single or a few research teams. Such small-scale comparisons are necessary, but
they will not necessarily reflect the performance of the algorithms once the scientific
community uses them. Therefore, a valuable and complementary methodology is to
organize performance testing, including many laboratories that routinely use
bioinformatic analyses to generate viral genomes and detect SNPs in these genomes.
Performance testing of laboratory protocols by end-users has been a common
approach for over a decade. It has recently been applied also for bioinformatics
analyses focused on detecting plant viruses in 10 HTS samples containing 12 plant
viruses that were shared between 21 participants (Sebastien Massart et al., 2019) or
for both laboratory and bioinformatics analyses (Gaafar et al., 2021). Performance
testing by end-users has been useful in identifying the critical steps in bioinformatics
analyses. For example, the detection results obtained (Sebastien Massart et al., 2019)
underlined the importance of the reads abundance in the detection as well as expertise
in result interpretation. Performance testing is a key step toward the identification of
the strength and weaknesses of protocols and contributes to the definition of reliable
protocols that could be further applied by many laboratories.

Prior to this publication, preliminary performance testing was conducted on real
samples (tomato artificially inoculated by an infectious clone of pepino mosaic virus
(PepMV)) to monitor the laboratories' abilities to detect SNPs (unpresented data). This
preliminary evaluation delivered key outcomes such as the difficulty in validating the
presence of low/rare frequency variants detected by some participants (limiting the
evaluation of the performance of the bioinformatics analyses), the very high

-126 -



Chapter 5: Genome characterization of detected virus

complexity of bioinformatics pipelines relying on multiple steps, and the need to focus
on well-defined questions. Based on these outcomes, the decision was made to reduce
the complexity by generating four artificial samples on only one well-known virus,
pepino mosaic virus (PepMV). PepMV is a positive sense sSRNA classified in the
species Pepino mosaic virus (genus Potexvirus, family Alphaflexiviridae) known to
infect tomato, eggplant and potato plants. Because of the specificity of this study, we
created our own artificial samples keeping in mind the good practices shown in the
community effort on samples production for bioinformatic validation (Tamisier et al.,
2021b) and the usual frequency of PepMV sequences in dataset from infected tomato.
In addition, the complexity of pipelines was managed by dividing the bioinformatics
pipelines for SNPs detection into 3 fundamental steps. The three steps were decided
based on our hypothesis regarding their relative importance on the final results: read
guality trimming, read assembly and SNPs calling. In addition, the expert validation
of SNPs detected was also independently analyzed.

We describe in this study a performance testing of bioinformatics protocols by the
end users, meaning that all the steps from the reception of HTS raw data until the
interpretation of SNPs predicted were evaluated. End-users corresponded to 14 plant
virology laboratories with different levels of expertise in bioinformatic and variant
analyses. The study reported here evaluated the sensitivity and reproducibility of
variant analysis applying various bioinformatic strategies currently used in the plant
virology community. Each participating laboratory received the same datasets at the
same time but without information on its composition in isolates of PePMV (blind
test). To precisely decipher the impact of the 3 above-mentioned steps, data were sent
in different formats in consecutive steps: raw sequencing reads, quality-controlled
reads and aligned reads where the next format was only sent after analysis of the
previous was completed. Our approach is, therefore, complementary to the traditional
benchmarking methodologies already carried out, as it evaluated the overall
bioinformatic analysis, and not only the variant caller algorithm, to show the key
points leading to the failure or success of the variant identification and the SNPs
manual validation.

Materials and Methods

Origin of the sequencing data

Simulated samples from PepMV were generated using the sequencing reads
simulator ART (Huang et al., 2012). ART (V2.5.8) was used for simulating paired-
end reads using the built-in quality profile for HiSeq 2500. The reads were artificially
generated from the chosen genome sequences, with mutations added manually to the
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different samples using multiple criteria (frequencies, length, quality). The detailed
samples composition is shown in Tablel, in addition, all datasets are freely available

(https://doi.org/10.5281/zen0d0.7431632).

Sample Organism Reference Haplotype Number reads Relative frequency

Solanum lycopersicum HG975518.1 Al 1600000 (2x800000) 80%
PepMV DQ000985.1 400000 (2X200000) 20%

A339G, A900-, ins6336T 240480 (2 X 120240) 60.12%

C26684A, G319-, ins2191C 80160 (2 X 40080) 20.04%

G3830C, A5439-, ins5894C 40080 (2 X 20040) 10.02%

Sample 1 A2170T, A3769-, ins3912T 24048 (2 X 12024) 6.01%
PepMV DQ000985.1 A2672C, G4090- 8016 (2 X 4008) 2.00%

G3371C, T6381-, ins2557C 4008 (2 X 2004) 1.00%

A5726C, G4518-, ins3885C 2004 (2 X 1002) 0.50%

A2523G, A2065-, ins2942T 802 (2 x 401) 0.20%

C5328T, G1580-, ins1334G 402 (2 X _201) 0.10%

Solanum lycopersicum HG975518.1 1600000 (2x800000) 66.66%

Dark matter - All 400000 (2X200000) 16.66%

PepMV DQ000985.1 & AJ606359.1 400000 (2x200000) 16.66%

DQ000985.1 A861C 240480 (2 X 120240) 60.12%

A4918T 80160 (2 X 40080) 20.04%

Sample 2 C339G 40080 (2 X 20040) 10.02%
C3830T 24048 (2 X 12024) 6.01%

PepMV T2576G 8016 (2 X 4008) 2.00%

AJ606359-1 G2916C 4008 (2 X 2004) 1.00%

C2523G 2004 (2 X 1002) 0.50%

T1230C 802 (2 x 401) 0.20%

G3024T 402 (2 X _201) 0.10%

Solanum lycopersicum HG975518.1 1496036 (2x748018) 57.71%

Dark matter - Al 400000 (2x200000) 14.28%

ToBRFV MK648157.1 400000 (2X200000) 14.28%

PepMV DQ000985.1 400000 (2Xx200000) 14.28%

Sample 3 no mutation 240480 (2 X 120240) 60.12%

(G1983C, A4031C, A5067G 80160 (2 X 40080) 20.04%

T217G, G2752A 50502 (2 X 25251) 12.63%

Pephv DQoo0g85-1 A5489C, C47684, ins3021A* 24048 (2 X 12024) 6.01%

T1258G, T1602A%, del2363A* 4008 (2 X 2004) 1.00%

A368-, ins1787T, ins3536C 802 (2 X _401) 0.20%

Table 5-1 Composition of samples.

Sample 1 is composed of tomato plants (Solanum lycopersicum ch06) and the targeted virus;
it comprises one isolate and nine variants (26 SNPs in total), with SNPs frequencies ranging
from 60% to 0.1%. Sample 2 is a combination of PepMV, tomato plant and dark matter
(sequence of unidentified origin); it contains two isolates with nine variants (9 SNPs in total),
with frequencies ranging from 60% to 0.1%. Finally, sample 3 is made of PepMV, tomato
plant, dark matter and ToBRFV (tomato brown rugose fruit virus); it contains one isolate with
six variants (14 SNPs in total), with frequencies ranging from 60% to 0.2%. The SNPs
represented with * are SNPs for which the coordinates can be different due to tandem
repetition.

Sample 1 was constructed to estimate the limit of detection of low-frequency SNPs.
This sample was generated by adding one bp substitution (sometimes called single
nucleotide variants (SNVs) by informatic tools), one bp deletion and one bp insertion
in the sequence of PepMV, isolate CH2 with reference DQ000985.1. Nine underlying
variants were generated, each containing several mutations. For instance, the first
variant was generated by substituting an A for a G at position 339, deleting an A at
position 900, and inserting a T after position 6336. This sample was relatively simple,
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as only one isolate is present with 9 (artificial) variants and was a simple combination
of the targeted virus and (host) tomato plant (HG975518.1). It consists of artificial
sequencing reads of 125 nucleotides long with a high-quality score (Q20:94%,
Q30:88%) (see supplementary file 1). The expected difficulty in SNPs detection is on
the low-frequency variants (between 60 and 0.01% frequencies) that might be below
the capacity of detection of most participants.

Sample 2 was constructed to evaluate whether non-identified reads not too closely
resembling the targeted virus may disturb the variant calling. This sample was
generated by introducing mutations on the sequence of two isolates of PepMV - Ch2
(DQ00985.1) and Spanish LE2000 (AJ606359.1; belonging to the EU genotype). In
addition, dark matter reads were created and added. Dark matter is defined as
sequences of unidentified origin that are not assigned to any known taxonomic group,
and may represent a problem in viral metagenomics (Krishnamurthy and Wang,
2017). This dark matter was artificially generated from a randomized sequence
following the organism-specific model of Clostridioides difficile (NZ_CMO000441.1)
using the "random-seq" tool of the RSAT platform (November 2019) (Nguyen et al.,
2018). Overall, this sample was composed of the targeted virus, tomato plant, and
dark matter with reads that were 125 nucleotides long and presented a high quality
(Q20:94%, Q30:89%) (see Supplementary file 1). The difficulty of variant detection
for this sample was supposed to be identifying the two isolates and detecting the low-
frequency variants despite the background noise of the dark matter.

Finally, sample 3 was constructed to examine whether adding sequence noise/dark
matter and reads representing a related virus would impact variant detection. Only one
isolate was used (DQ000985.1), for which the most frequent (60%) variant is identical
to the reference. Variant three was generated at 6% frequency with the reverse of the
positive sense RNA of PepMV, therefore the prediction (T925G, G1646T, ins3392T*
in forward, and reverse A5489C, C4768A, ins3021A*) can be considered as correct.
On variants 3 and 4, there was a mutation in homopolymers (same nucleotide
repetition) area, meaning that the coordinate predicted can change a little. As an
example, the deletion del2363A* is in a region on which there are four 'A" in a row
(2363-2366), meaning the SNPs predictor cannot know which one of the four ‘A’ was
deleted; therefore, any predicted ‘A’ deletion within those coordinates was considered
as correct. In addition to the PepMV, tomato, dark matter (same as sample 2), tomato
brown rugose fruit virus (ToBRFV, MK648157.1) —were added (see Table 5-1). All
reads on this sample are 250 nucleotides long and present a medium quality
(Q20:88%, Q30:59%) (see Supplementary file 1). The background noise (dark matter
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and ToBRFV) is more important than sample 2 and might have a bigger impact on the
variant calling ability (especially with ToBRFV reads closer to PepMV than the dark
matter). The potential impact of the read quality difference could be compared to
sample 2. The longer reads coupled with the lower quality should allow more diversity
between participants’ result of the cleaning of the reads.

Organization of the performance testing

In total, 14 laboratories from eight different countries participated in the
performance testing reported here with the coordination of Liége University
(Belgium). Each participant was free to choose the algorithms and parameters for each
of the three defined steps of the bioinformatics analysis. Importantly, the participants
carried out the process step by step, as described in Figure 5-1.

-130 -



Chapter 5: Genome characterization of detected virus

For each sample

STEP 1: Pre-processing
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Figure 5-1: Analysis steps.

The test was organized into three steps for each sample: (I) Pre-processing of reads, three
datasets were selected from the results to be performed by every lab for the second step. (1)
Identification of target virus reference, three resulting mapping files were selected for the last step.
(111 Variant calling, the way SNPs predictor tools were used, and manual validation of detection
were compared.
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In order to prevent too much diversity in the approaches used, a selection of
intermediate process results was used as common datasets from which each lab had
to start the next step. The overall idea was to allow the comparison of
method/laboratory performance as each participant used the same input files for each
step. The information on the bioinformatics analyses (anonymized by replacing
laboratories name by letters) carried out for all steps by the 14 participating
laboratories is available in Supplementary file 2.

Pre-processing step

The participants received the three designed datasets in blind. They might,
in this step, perform actions to select reads to keep for further analysis, like
pairing, merging, trimming, ... or nothing at all. The results they were asked
to send corresponded to a fastq file for each dataset containing sequences
considered ready by the participant for the following steps. In addition, the
bioinformatics analysis carried out had to be reported (algorithm and
parameters used).

To compare the received fastq files (14 files from each sample = 42 files),
the PT coordinator used several criteria (see next chapter). From each original
dataset, three files (referred as B, C, and D) showing the most divergent
conditions of pre-processing reads (relax cleaning, average cleaning and strict
cleaning) were selected for the next step. In addition, the initial files referred
to as A could have been used throughout all steps (optional for each
participant) and were different for each participant (to try to evaluate the full
pipeline impact) as different tools were used. The most pertinent criteria to
define average or strict cleaning was decided according to the result observed.

Identification

The nine fastq files (3 per sample) were sent to all participants in blind (they
just knew the original dataset origin). In addition, the participants carried out
the analysis on their own fastq files generated during step 1. The goal for the
participants was to identify the appropriate PepMV reference sequence(s) and
to align the sequencing reads on it (them) (without the need to search for other
viruses). Many different methods could be applied: de novo assembly,
mapping, Kmer search and dendrogram. The expected result was the mapping
of reads on the correct reference(s) in bam format.

The success of this step depended on the participant's ability to identify the
correct reference(s). Further on, the coordinator analyzed the 140 bam
(alignment) files received (14 laboratories x (3 samples x 3 datasets + own
file)) using several criteria: number of reads mapped, the alignment quality,
and coverage. From each dataset, three bam files were selected based on the
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criteria differences and were called E, F, and G. In total, three bam files per
dataset (9 bam files in total) were selected for step 3.

I1l.  Variant calling
The nine bam files were sent in blind to the participants (they only knew the
original dataset). In addition, each participant also processed the bam file
generated from their own analysis (if any).
This step involved identifying the SNPs present in each bam file by any
method of their choice and confirming the detection (manual confirmation).

Criteria for data analysis at each step

For the pre-processing step, the result comparison was based on classical reads
statistics: number, quality and length. In addition, the tools and parameters used by
the participants (pairing, merging, adapter removing, quality trimming, duplicate
trimming) were gathered. The procedure can change the expected output significantly
if duplicates are removed and reads are paired and merged, generating a lower number
but sometimes longer (when merged) reads. The statistics were obtained from
Geneious Prime (2020.0.5, Biomatters), and the procedure (for all steps) is available
in Supplementary file 2.

In the second step, the mapping result files were compared using Geneious Prime
(2020.0.5, Biomatters) to extract the following statistics: reference used, number of
reads mapped, mean coverage, coverage range, identical sites) while keeping track of
tools used to examine how they affected the observed results.

Finally, for SNPs calling, the comparison was more challenging as there is no
standard way to compare SNPs detection. Due to the high number of files obtained
from different sources (n=140), the analysis of the data files was automated by a
custom script. Furthermore, the use of terminology in fields of the results files was
checked and harmonized between laboratories. As an example, the “Manual
validation field” could contain several different words for the same meaning (“YES”,
“yes”, “ok”, ...), that needed to be replaced with only one term per meaning.

The inferred SNPs were compared to the expected SNPs using three parameters: (i)
mutation type (only SNPs were considered), (ii) position of the SNPs, and (iii)
reference/allele correspondence (A/T C/- ... ). The position of each predicted SNPs
was compared to the expected position of the mutation in each sample. A tolerance of
+/-1 was accepted for all positions as some predictors may start to count with 0 or 1.
In addition, some positions were less precise, as a mutation in homopolymer regions
can be reported correctly at several coordinates. Finally, for the third variant of sample
3, the mutation and reads were given from the reverse strand, and all positions for
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reverse and forward strands were checked. The comparison methodology applied for
the analysis of the results is available as a Python notebook (v3.7) here:
https://github.com/johrollin/jupyter variant_calling

Criteria for evaluating SNPs detection.

To be considered “correct”, the detection of SNPs had to pass the three parameters
described above. To obtain the “correctness” analysis, we made two confusion
matrices: the first one is based on the software detection (S). In contrast, the second
one uses the manual validation (MV) performed.

Software (S) Positive Negative

True _ -

False SNPs not expected found | SNPs missed
Manual Validation (MV) | Positive Negative
True SNPs expected & validated (yes) SNPs not expected & validated (no)
False SNPS ot expected & Validated (yes) | SNPs expected & validated (no)

Figure 5-2: Confusion matrices

Confusion matrices used in the frame of the performance testing for SNPs detection. The intersection
of the actual and predicted results is displayed with TP=correct hit, TN=correct rejection, FP=wrong
detection and FN=missed hit. Values were calculated for software detection (S) and manual validation
(MV).

Confusion matrices are layouts that allow the performance monitoring of
predictions. On the software part, we considered as True Positive (TPs) all the
expected SNPs that were predicted (regardless of their validation status by the
participant), the False Positive (FPs) as all the wrong detections of SNPs, the False
Negative (FNs) as the number of expected SNPs that were not predicted. Finally, the
True Negative (TNs) was not calculated as it did not make sense here (the number of
non-predicted SNPs can not be known). We also calculated the True Positive and
False negative rates, which correspond to the percentage of expected SNPs found (TP)
or missed (FN) among the total number of expected SNPs for the sample (see Table
5-1a).
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On the manual validation matrix, a True Positive (TPmv) was an expected SNPs
predicted with a positive validation status. A False Positive (FPmv) corresponded to
the wrong detection of SNPs that were positively validated. A False Negative (FNmv)
was an expected SNPs validated as negative, and, finally, a True Negative (TNmv)
represented a wrongly predicted SNPs that was negatively validated (rejected by
manual validation). We also calculated the True Positive and False negative rates,
which corresponded to the percentage of expected SNPs found and positively
validated (TP) or negatively validated (FN) among the total number of expected SNPs
predicted by the software for the sample.

Results
Result impacting decision on protocol:
Step 1: reads pre-processing

The objective of the pre-processing step was to evaluate the difference in the read-
cleaning strategies of participants and to further evaluate their impact on the next steps
of the analysis. We obtained several FastQ files from each participant (65 files in
total); the statistics on the reads retained after this step files were studied and are
available in Supplementary file 3.

The data transformations carried out by the participants, in various combinations
were:

e Pairing: associate the two reads of the same pair together; the modification
made on one of the reads may impact the second one.

e Merging: merge the two paired reads to obtain one longer read.

e Adapter trimming: removing small (Illumina) adapters that may be on reads
because they can interfere with downstream analyses.

e Quality trimming: remove nucleotides (or read) based on their base calling
quality score.

o De-duplication: remove identical reads if several are present.

Not all of these data transformations were performed by all laboratories, and the
order in which they were performed was also different. These transformations and
their order are important because they can impact the number of reads, their average
length and the quality of the remaining reads, which were the metric for the dataset
selection for the following step. The individual effect of each transformation on reads
is known (Lebas et al., 2022). In our case, it is their combination that is interesting.
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The results were analyzed according to two axes. First, the consistency in read
number, quality, and length between the original file and the cleaned ones were
checked between the three samples. In the second axis, the differences observed in
applied methodology and obtained results were compared between laboratories.

An obvious trend is that a higher average base quality is obtained when more
nucleotides are removed. Merging was performed by three participants and was
identified as a critical step in comparing the different datasets since it significantly
changed the statistics. Therefore, those datasets were analyzed separately from the
non-merged ones. When merging, the quality of the remaining read is higher, but the
number of remaining nucleotides is lower. That is expected since the overlapping part
of a pair of reads is used for merging. On the non-merged resulting FastQ files, we
saw that similar combination of methods provided similar results, with the slight
difference explained by the variation of parameter/version of used tools. No
unexpected results were obtained on these steps when analyzed alone (before
comparing to other step).

To monitor the eventual effect of the pre-processing on the overall analysis, a
selection of datasets to be used by all labs for the next step was performed. The criteria
for the selection were discussed and agreed among participants. A combination of
metrics corresponding to read number and length (impactful on coverage ability which
is believed to be very significant for later variant calling), and quality score was used
to select the datasets that are described in Table 5-2. The Illumina adapter effect on
the trimming was not evaluated as they are not generated by the read simulator tool.

Condition Sample Reads NBlslength raxean lengtan confide Q20 Q30 Q40 NB nucleotides
B 1 979286  30-230 131 38 99% 95% 71% 128377190
B 2 1031979  30-230 133 38 99% 95% 68% 137398669
B 3 1348006  68-400 400 31 94% 73% 19% 538687668
C 1 1246836  20-125 118 37 99% 95% 29% 146452744
C 2 1644810 20-125 119 37 98% 94% 21% 195589523
C 3 898660  20-250 113 30 96% 69% 0% 101325451
D 1 1969770 48-125 116 36 96% 90% 18% 228638480
D 2 2369778  45-125 118 36 96% 91% 15% 278612958
D 3 2660434  50-250 187 29 93% 67% 0% 497181717

Table 5-2 summary of quality metrics of the nine selected datasets for the following steps

The metrics number of reads (Read NB), read length range (minimum to maximum read
length), mean (read) length and the number of nucleotides (NB nucleotides) were used to
monitor the remaining amount of informative data. Mean confidence (based on confidence
scores provided by the base calling program) and the quality score metrics were used to assess
the quality/confidence of the data. Quality scores are an estimation of the probability of a base
(call) being wrong, Q20 represents 1 in 100 error rates, Q30 is 1 in 1000, Q40 1 in 10000,
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meaning that a higher Q score indicates a smaller probability of error, but keeping only the
high quality reads means less informative data kept for further analysis.

Condition B was kept for step 2 to include one file with merged reads as its result
files were more constant in terms of high quality and read number (operations used to
generate each dataset are available in Supplementary file 2). It also presented a higher
number of merged reads than the remaining unmerged reads (Supplementary file 3).
This dataset represented high-quality reads mostly merged. Conditions C had better
guality confidence than average, even if it provided fewer reads than the others, which
may play a key role in the last step. Condition D is similar to the majority of other
datasets by most metrics. The fact that it did not have any outlier metrics made it a
good candidate for the next step as a standard read cleaning case representative.

Step 2: Reference identification and read mapping

The participants aimed to identify the correct reference(s) and to provide a mapping
file for further variant calling. Information about those results was extracted and
detailed in Supplementary file 4. The key result of this step was reference
identification. The participants used a variation of assemblers (Geneious, CLC
Genomics Workbench, Tadpole, Velvet, Spades) and/or alignment (BLAST or
mapping) approaches. Alternative strategies of de novo assembly and mapping to all
PepMV references (and no other virus species) were used by one participant, while de
novo assembly and BLAST to a database containing all PepMV references (and no
other virus species) were used by two participants. Most (8) laboratories used an
approach that works without the virus prior knowledge with (de novo) assembly and
alignment (BLAST) to a database of various (plant) viruses. No major difference
between strategies or tools was found. In total, of the 14 participants, 11 found the
correct (DQO000985.1) reference for sample 1, and 10 labs found the two correct
references (DQO000985.1, AJ606359.1) for sample 2 (2 labs found reference
DQ000985.1 only). Finally, 11 labs found the correct reference (DQ000985.1) for
sample 3. We investigated the methods used to find the reference, focusing on the
case(s) where it failed and identifying four different causes for not identifying the
correct reference(s):

e The alignment (BLAST) database used for reference identification was too
small (the correct references were not present).

e The database (BLAST) contained redundancies, meaning several identical
reference IDs were found. This will not impact variant calling ability.
Nevertheless, if several identical sequences are used for the mapping, the
reads are likely to be divided between references depending on the mapping
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options, impacting the respecting SNPs frequencies and the confidence of
their detections.

o Several PepMV references are described, while only one was correct
(incomplete BLAST selection criteria were applied)

e Only the best BLAST result was kept, meaning that the second reference for
sample 2 was not identified.

We also evaluated the resulting mapping against the selected references using
statistics extracted from the bam file (read number, identical site, mean coverage,
coverage standard deviation, coverage range) (see Supplementary file 4). For samples
1 and 2, the metrics obtained by the laboratories were all close to the expectation. For
sample 3, differences due to the impact of step 1 were observed. Table 5-3 displays
these differences observed between conditions B, C and D.

Sample Condition Step 11D Reference Nb reads Identical site  Mean coverage Coverage range
1 E B DQ000985 364068 1660 (25.6%) 7182 15-7966
1 E C DQ000985 400001 1569 (24.2%) 7797 15-8611
1 E D DQ000985 400003 1571 (24.3%) 7794 15-8611
1 F B DQ000985 364145 1467 (22.6%) 7185 15-7967
1 F C DQ000985 400001 1485 (22.9%) 7798 15-8611
1 F D DQ000985 400007 1484 (22.9%) 7795 15-8611
1 G B DQ000985 366495 162 (2.1%) 7197 1-8058
1 G C DQ000985 400007 1474 (22.8%) 7718 1-8611
1 G D DQO00985 400026 1449 (22.0%) 7677 1-8611
2 E B AJ606359 151023 3642 (56.3%) 2957 9-3320
2 E C AJ606359 159530 3603 (55.7%) 3091 1-3457
2 E D AJ606359 159553 3599 (55.6%) 3091 9-3457
2 F B AJ606359 151053 3455 (51.1%) 2803 1-3320
2 F C AJ606359 159574 3489 (52.5%) 3006 1-3457
2 F D AJ606359 159634 3432 (51.6%) 3002 1-3457
2 G B AJ606359 152220 229 (3.0%) 2795 1-3339
2 G C AJ606359 162033 3384 (50.1%) 3016 2-3457
2 G D AJ606359 162167 3331 (48.7%) 2989 1-3457
2 E B DQ000985 225668 2721 (42.3%) 4450 8-4911
2 E C DQ000985 240481 2672 (41.5%) 4688 9-5220
2 E D DQ000985 240497 2670 (41.5%) 4687 9-5220
2 F B DQO00985 225687 2498 (38.4%) 4349 1-4911
2 F C DQ000985 240482 2569 (39.9%) 4625 1-5220
2 F D DQ000985 240498 2568 (39.5%) 4623 1-5220
2 G B DQO00985 227072 169 (2.3%) 4370 1-4972
2 G C DQ000985 240486 2581 (39.6%) 4544 1-5220
2 G D DQO00985 240502 2545 (39.0%) 4543 1-5220
3 E B DQO00985 199995 7(0.1%) 12503 15-13588
3 E C DQ000985 98022 46 (0.7%) 1577 3-1814
3 E D DQ000985 391777 18(0.3%) 11023 14-12033
3 F B DQ000985 199997 2(0.0%) 12478 15-13593
3 F C DQ000985 97840 41(0.6%) 1581 3-1819
3 F D DQ000985 393289 14 (0.2%) 11050 14-12079
3 G B DQO00985 200004 2(0.0%) 11772 2-13593
3 G C DQ000985 98427 41 (0.6%) 1531 1-1821
3 G D DQ000985 393321 8(0.1%) 10504 1-12079

Table 5-3 mapping metrics of the chosen dataset for the following steps
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Three datasets were chosen from the participant results. The number of identical sites
corresponds to identical di-nucleotide throughout all reads for a given position on the
reference. Mean coverage is the average vertical coverage (also referred to as depth),
corresponding to the mean number of reads covering each reference position. The coverage
range is the minimum to maximum vertical coverage for each position.

All conditions of samples 1 and 2 presented very homogeneous statistics. Only
condition B provided fewer reads as it represented the merged condition (comparison
with non-merged should not be done). On the other hand, only sample 3 showed some
differences, as condition C (High quality) provided fewer reads than others. In all
conditions, the number of identical sites dropped below 1%, probably because sample
3 presented lower-quality reads than the two other samples. Because the difference
between statistics was not so high, we decided to select the new conditions (E, F, G)
for step 3 based on the tool/parameters used.

Condition E represented the mapping results obtained using CLC genomics
(QIAGEN CLC Genomics Workbench) with standard parameters (see lab B mapping
parameters in Supplementary file 2) used; the number of reads in that file was close
to the expectation (see Table 5-1). Condition F is a case with Geneious standard
parameters (see lab D mapping parameters in Supplementary file 2) applied and read
numbers also close to expectation. Finally, Condition G used Geneious with a more
relaxed parameter, using the same parameter set as dataset F but allowing more
mismatches (see lab Z mapping parameters in Supplementary file 2) and presented
divergence on identical site numbers.

The reasoning behind this selection was to test if the same SNPs would be predicted
between the tools/parameters (meaning that the same reads were mapped at the same
position). For example, the comparison between F and G should provide interesting
information since the reads number was very close; the differences seen (if any) would
be due to the very few read differences.

Step 3: SNPs calling

We obtained 9,624 SNPs detections, which were analyzed by comparing them to
the expected SNPs using three parameters (mutation type, position of the SNPs, and
reference/allele). All laboratories gave results using the forward strand coordinate,
meaning that the reads were automatically reversed by the tool(s) used for the

mapping.
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True average NB
Conditions Combination TP %  positive of Snps
rate predicted

Merged highQC +

BE e 88% 53% 11.6
Merged highQC +

BF geneilfusa 78% 54% 11.7
M d highQC +

BG erged highQ 59% 52% 29.7
Geneious relax
Int di C+

CE " ermeCL'é'ry Q 90% 52% 10.5
Intermediary QC +

CF GeniouZQ 77% 51% 11.2

Intermediary QC +
CG . 59% 51% 23.9
Genious relax

DE Standart QC + CLC 92% 54% 9
Standart QC +
DF . Q 73% 52% 12.8
Geneious
Standart QC +
DG andart Q 59% 529% 36.6

Geneious relax

Table 5-4: Impact of the conditions combination on variant calling detection for all samples.

The condition: B (merged + high-quality control), C (intermediary quality control) and D
(Standard quality control) were combined with E (CLC standard mapping parameters), F (Geneious
standard mapping parameters) and G (Geneious relaxed mapping parameters) to provide statistics
on variant calling detection. The True Positive percentage (TP%) corresponds to the definition of
TPs (expected SNPs detected Figure 5-2): percentage of expected SNPs that were predicted on all
detections. The true positive rate is the percentage of expected SNPs on all SNPs expected. "average
NB" corresponds to the average number of SNPs predicted.

Table 5-4 shows the expected SNPs' results compared to the predicted ones grouped
by dataset conditions combined. For example, dataset BE represents the merged reads
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(with high quality) mapped with CLC Genomics with standard parameters. By
knowing the true positive percentages (TP%) and true positive rate, we can deduce
the false positive percentages (FP%) and False negative rate (expected SNPs missed).
There are no major differences between alternative pre-processing datasets (B, C, D),
with 75% TP on average for all three conditions. On the alternative mapping
parameter, the percentage of true positives decreases from dataset E (90% TP) to F
(% 76 TP) and G (59% TP). On G (relaxed parameters for mapping), an overprediction
of SNPs (last column) was observed and explains the lower percentage.

. L average NB of average NB of
. True positive True positive X i
Samples Conditions TP % (all) TP % (>1%) Snps predicted  Snps predicted
rate (all) rate (>1%)
(all) (>1%)
BE 89% 90% 48% 68% 15/26 14/17
BF 77% 85% 46% 66% 18/26 13/17
BG 64% 68% 44% 66% 38/26 19/17
CE 92% 93% 47% 67% 13/26 12/17
Samplel CF 79% 88% 43% 62% 15/26 12/17
CG 81% 88% 43% 62% 15/26 12/17
DE 92% 93% 47% 67% 13/26 12/17
DF 79% 88% 43% 62% 16/26 12/17
DG 80% 87% 43% 62% 15/26 13/17
BE 87% 95% 56% 76% 6/9 5/6
BF 74% 76% 62% 85% 8/9 7/6
BG 30% 30% 59% 81% 42/9 38/6
CE 87% 91% 56% 76% 6/9 5/6
Sample2 CF 64% 63% 62% 85% 10/9 10/6
CG 15% 14% 61% 83% 48/9 47/6
DE 94% 97% 61% 82% 6/9 5/6
DF 50% 49% 62% 85% 15/9 15/6
DG 14% 13% 62% 85% 58/9 56/6
BE 89% 89% 54% 69% 8/14 8/6
BF 84% 84% 54% 68% 9/14 8/6
BG 83% 83% 54% 68% 9/14 9/6
CE 89% 89% 53% 66% 8/14 8/6
Sample3 CF 87% 87% 49% 62% 7/14 7/6
CG 82% 81% 49% 62% 8/14 8/6
DE 89% 89% 54% 68% 8/14 8/6
DF 89% 89% 51% 64% 7/14 7/6
DG 83% 83% 51% 64% 8/14 8/6
Average 75% 77% 52% 71% 17.30 14.07

Table 5-5: Impact of the samples and condition on variant calling detection with alternative
frequencies filters.

The TP% and true positive rate have the same meaning as in Table 5-4. To evaluate the
impact of SNPs with rare-frequency (all frequencies), the performance criteria were also
calculated for the SNPs with a frequency higher than 1%. The average NB of SNPs predicted
is the number of predicted SNPs / expected number of SNPs.
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Contrary to what was expected, sample 3, which was designed to be the most
complicated sample, showed the best results (86% TP for all conditions). Sample 1
also showed very good TP (82%), while sample 2 showed only 57% TP (average TP
% (all)). If we consider the true positive rate (expected SNPs found), sample 1
performs worst with 45%, sample 3 has 52%, and sample 2 shows the best true
positive rate with 60%. There is more overprediction for sample 2 compared to the
number of expected SNPs, which allowed us to recover more correct SNPs than for
the two other samples. There were some discrepancies between conditions depending
on the sample used: BG for sample 1 and condition BG, CG, and DG for sample 2
overpredicted a lot more SNPs than other conditions. This overprediction was always
linked to a worse TP/FP balance, while the TP/FN balance was not different. For
sample 3, performance metrics are less variable across different conditions. The
overpredictions of the relaxed mapping condition (G) are observed in the cases where
the number of identical sites was lower for G than other conditions (see Table 5-3).

Most of the participating laboratories correctly identify SNPs with relative
frequencies above 1%. This is largely, because as described in Supplementary file 2,
most the bioinformatics pipelines are tailored to identify SNPs with frequencies above
1%. The important difference between detections for all frequencies and frequencies
above 1% came from the true positive and false negative rates. Indeed, they rose when
rare-frequency variants were no longer considered. First, the number of SNPs to
consider is 17 (instead of 26) for sample 1, 6 (9) for sample 2 and 11 (14) for sample
3. At the same time, the true positive rate (expected SNPs predicted) rose to 65%
(instead of 45%) for sample 1, 82% (60%) for sample 2 and 66% (52%) for sample 3.
It indicated that a large part of the expected SNPs that were missed (false negative
rate) are the ones with low frequencies. Additional analysis on SNPs frequencies
showed that all laboratories obtained different frequency detections compared to the
expectation for sample 2 (Supplementary file 5).

Once the SNPs detection was done, the participant could manually check the
prediction to confirm or reject the SNPs detection. The criteria used varied between
laboratories, but common criteria can be highlighted. Almost all participants visually
examined the mapping and focused their efforts on areas more prone to error (mapping
low coverage or SNPs with low frequencies). Then they evaluated if the detection
might have come from mismapped reads by analyzing the quality of the alignment
and quality of the read sequences. More precise information on the manual validation
process is available in Supplementary file 2.
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average NB
True of Snps
Samples |Conditions] TPmv% FPmv% TNmv% FNmv% positive predicted
rate and with
validation
BE 79% 5% 5% 11% 88% 13.35
samolel BF 66% 16% 9% 9% 89% 16.28
ample BG 51% 5% 36% 8% 80% 315
(Average
exvected CE 83% 4% 1% 12% 87% 11.42
SNFE)within CF 68% 15% 7% 10% 88% 14
ediction: CG 70% 13% 7% 10% 87% 13.5
P 13.04) ’ DE 83% 4% 1% 12% 87% 11.42
' DF 68% 15% 7% 10% 88% 13.92
DG 69% 13% 8% 10% 88% 13.57
BE 83% 9% 5% 4% 96% 5.21
Samole2 BF 67% 8% 22% 4% 96% 7.35
(Aamp € BG 25% 7% 67% 2% 96% 39.85
verage
ox ecti g CE 83% 13% 0% 4% 96% 5.21
pectec CF 58% 9% 29% 4% 96% 9.14
SNP within
o CG 12% 15% 72% 1% 96% 44.14
prediction:
5.97) DE 93% 3% 0% 4% 96% 5.07
’ DF 43% 11% 42% 4% 96% 13.71
DG 16% 10% 73% 1% 95% 46.14
BE 88% 1% 0% 11% 89% 6.85
Samle3 BF 83% 2% 5% 10% 90% 7.5
(Aamp € BG 82% 1% 6% 10% 90% 7.57
ver:
erage CE 85% 0% 0% 15% 85% 6.57
expected
SNP within CF 82% 2% 1% 15% 84% 6.42
o CG 76% 2% 8% 15% 84% 7.14
prediction:
8.23) DE 84% 0% 0% 16% 84% 6.71
' DF 83% 0% 0% 17% 83% 6.35
DG 75% 0% 8% 17% 83% 7
Average 69% 7% 16% 9% 90% 13.96

Table 5-6: Manual validation of the variant calling depending on the sample.

Table 5-6 shows the complete confusion matrix (FPmv, TPmv, TNmv, FNmv) for
the manual validation of SNPs predicted by the variant caller, allowing the evaluation
of the manual validation of the detection. The TPmv corresponds to the expected SNPs
found and positively validated, FPmv shows the unexpected SNPs positively
validated, TNmv represents unexpected SNPs negatively validated, and finally, FNmv
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shows expected SNPs found and negatively validated. Here, the true positive rate
represents the expected SNPs found and validated and the false negative rate the
expected SNPs found but not validated. In this table, the number of SNPs to consider
depends on the amount predicted by the variant calling step.

The average expected SNPs detection was 13 (instead of 26) for sample 1, 6 (9) for
sample 2, and 8 (14) for sample 3. Interestingly, the TPmv follows the same pattern
as in Table 5-5, where the E condition provides better results than F and G, and the
overprediction of condition 1 BG and conditions 2 BG, CG and DG lower the FPmv.
This is expected as most of the correct SNPs are missed by the variant calling for those
conditions. As an example, in sample 2 condition BG, 25% of the SNPs were correctly
found and validated (TPmv), but only 2% were correctly found and rejected by the
validation (FNmv). Most of the overprediction was in TNmv (67%) as the validation
rejected the wrong detections; only 7% (FPmv) of the wrong detection was validated.
That means that the manual validation was very efficient in differentiating between
correct and wrong detections. As evidence by the true positive and false negative rates,
with true positive rates on average of 87% (sample 1), 96% (sample 2) and 86%
(sample 3). The strategy of focusing on key areas of the mapping, and discarding SNPs
predicted in a suspicious zone (badly aligned reads), seemed very efficient.
Nevertheless, as it relies on manual (visual) examination, the quality might vary
depending on the expertise of the scientist.

Discussion

The division of the overall analysis into three steps, from the reception of the reads
to the SNPs detection, was very beneficial to structure the comparison between
laboratories, conditions and to have checkpoints where the differences between
laboratories can be traced to. It also highlighted some important points on specific
steps regarding variant calling.

The relative importance of pre-processing

Our results showed that the pre-processing step was not very impactful as not much
difference was observed between participants' read files (see Supplementary file 3) or
sample treatment. The sample started with Q30:88% | Q20:94% (samplel), Q30:89%
| Q20:94% (sample 2) and Q30:59% | Q20:88% (sample 3). The main difference was
the merged reads that provided different statistics (fewer but longer reads). Neither
the alternative cleaning at a different level of read quality (conditions C and D) nor
the merge (condition B) impacted the SNPs detections. No real difference in the
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resulting true positive rate was observed in the results. These results seemed to
indicate that above a certain minimal quality limit (here Q20 > 90%), any additional
quality trimming does not change the variant calling ability. No attempt on trimming
with a minimum quality of 30 was made (it would have had a larger impact on sample
3). More tests with lower-quality data should be performed to confirm this hypothesis
and identify the quality limit. Additionally, the effect of the presence of Illumina
adaptor was not evaluated.

Importance of reference identification

The second step, including the identification of the reference genome to be used for
mapping, was very important as, if it failed, the variant calling would be strongly
biased. We identified the database composition as the main reason for the possible
failure. Indeed, the scope of the reference database is important because if not enough
representative sequences are present, the compared sequences might be too distant,
and overprediction of SNPs can occur. In fact, the more reference sequences in the
database, the better it is for the detection, but the analysis will take longer. In general,
using the most closely related reference as possible is more beneficial, but if another
(little bit less related) reference is used, this will also allow to reconstruct the genome,
and investigate SNPs.

Most participants used a de novo assembly to obtain contigs (sequence fragments
easier to identify). They then performed a first BLAST against a RefSeq database
(including only one representative sequence) to have a first (quick) overview of the
putative identity of the contigs. Then, as the contigs linked to PepMV were identified,
they used the contigs (all of them or the pre-selected PepMV one) as input for a second
BLAST analysis against a larger database containing all PepMV sequences to select
the closest reference.

One of the laboratories used an alternative approach that also worked; first, the virus
identification was performed using a similar approach (assembly and alignment)
through the VirusDetect pipeline (Zheng et al., 2017). Once the PepMV virus was
confirmed, all reference sequences for that virus were downloaded, and whole genome
alignments with a phylogenetic tree construction were performed. Then one reference
from each clade in the tree was selected, and all original reads were mapped to this
group of diverse references. Once it was clear which clades of references were present,
the procedure was repeated (with different combinations of references) to find the
most closely related reference. A possible advantage of this approach is that mapping
is faster than BLAST. Also, by analyzing the references in more detail

- 145 -



Sequencing tools for the detection of plant virus

(phylogenetically), more insight was obtained in the relationships between the
publicly available sequences.

Read alignment and variant calling

The alternative mapping parameters comparison (condition E, F or G) showed some
differences. Indeed, a similar true positive rate was obtained with each condition but
with different levels of background noise (SNPs wrongly predicted). Condition E
(mapping with CLC) and condition F (mapping with Geneious) used relatively similar
parameters (described in Supplementary file 2), but F gave more false positive than
E. Condition G (mapping with Geneious with relax parameter) generated the most
background noise with SNPs overpredictions, this was very variable between
conditions. We believe that the wrong detections with relaxed parameters can be
explained by erroneously adding some reads in the mapping that provided mismatches
interpreted by the variant calling tool as SNPs. Even if that hypothesis seems very
logical, it does not explain overpredictions in G, nor the differences seen between E
and F. Table 5-3 showed that, between the three conditions, the metric on reads was
very similar, which made the difference even more surprising. The differences
between conditions corresponded to 100 reads, while the mean coverage was close to
10,000 reads (depth). This would indicate that if the wrong reads leading to wrong
detections are among the 100 differential reads, we should have most of the false
detections near a 1% frequency. Since Table 5-5 showed that most of the wrong
detections are not below a 1% frequency, the explanation for the difference in
mapping remains unclear. An additional analysis focusing more on mapping
methods/parameter differences would be required to understand how the (minor)
modifications in the read pool and placement can impact the variant calling
afterwards.

Using different variant caller tools did not change the results; the only change
observed was in the number of SNPs predicted when the frequency used as the limit
of detection was different between laboratories. This differs from most of the variant
caller benchmarks (Barbitoff et al., 2022; Deng et al., 2021; Guirao-Rico and
Gonzélez, 2021). But they focus mainly on the variant caller step with only sometimes
considering the previous step (mapping or de novo assembly), which probably tends
to highlight variant caller differences. One other explanation is also that we have a
less complex sample (fewer SNPs to predict for each sample) compared to most of
the benchmark samples (between 1 3274 SNPs (Deng et al., 2021)).

Impact of sample complexity on detection ability
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The samples were designed with different levels of complexity. Sample 1 was
simple, with tomato plant and PepMV reads present. The presence of two isolates
(with 78% nucleotide identity) in sample 2 did not seem to impact the SNPs detection
but rather the frequencies of the prediction compared to the expectation. Sample 3 was
supposed to be the more complex as it provided lower sequencing quality
(Q30:59%]Q20:88% instead of Q30: 88%]|Q20:94%) and the additional viral
background noise but with longer reads to compensate. Our method to build simulated
samples was similar to the one in [16] but it differed from (Deng et al., 2021)
(resequencing from known viral strain mixed). As both the read cleaning step and
viral background noise were not very impactful on SNPs detection, it is not surprising
that sample 3 (longer reads) provided the best result, and overall, all samples
performed well.

Importance of manual validation

A manual validation step might be very important as it allows the biologist to discard
SNPs that are not correct and filter the SNPs relevant for downstream analysis. In this
study, most of the participants performed a visual examination of the mapping to point
out the positions that could be problematic for the variant caller. This method was
very efficient since, in all conditions for all samples, it allowed to discard some of the
wrongly predicted SNPs. On average, the true positive rate was 90% in table 5-6 (all
samples, all conditions). Meaning that the validation confirms 90% of the expected
SNPs that the variant caller predicted. The manual validation discarded most of the
overprediction (TNmv > 67% for condition G on sample 2). This indicates that most
of the over detections were on positions where the alignment was visually doubtful.

The experience with SNPs detection was very variable among participants, as three
out of 14 did not employ any manual confirmation. Of the 11 laboratories that
performed it, that step was very beneficial for 10 of them (see Supplementary file 6).
A too-strict manual filter caused the failure to improve the result with the manual
examination (>10% frequencies) for the remaining laboratory. In real life several
aspects can make the expert curation more difficult, as too many SNPs can be
predicted making manual checking a slow and long process. However, expert
validation of SNPs detection is a very important step of the variant calling, and even
if performed by non-experienced scientists, it remains beneficial.
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Conclusion
In this study, we simulated three plant samples containing PepMV with different

variants at several frequencies. Then, a performance study with 14 laboratories was
carried out to highlight the key points leading to the failure or success of the SNPs
detection in plant viruses. We showed that steps often considered very important
(Kaoboldt, 2020b), like pre-processing, were not that impactful when the base quality
was already decent (Q30 > 88% for sample 1 and 2). The effect of the complexity of
the datasets was not as conclusive because the dark matter or the viruses mix did not
add the expected level of complexity. In addition, the SNPs frequency analysis only
showed us that higher frequencies SNPs are easier to predict than low frequencies.
The two most important factors corresponded to the strategy to identify the closest
reference for mapping and the manual validation of the predicted SNPs. Finally, the
mapping parameters impacted our results, with relaxed conditions performing worse.
The laboratory obtained overall high TP prediction, with the same SNPs missed by
most of them which show a high repeatability on the variant calling. The more
experienced participants obtained improved performance thanks to their manual
validation. This performance testing is useful to show a variety of strategies leading
to variant calling; the community-based performed analysis shows applicable
pipelines that can be used to improve end-user variant calling.
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Viral Detection

The detection depends on the balance between the intent of not missing a virus and
not (over)predicting viruses that are not truly present. In the previous chapters, |
considered HTS viral detection when the metrics for this virus in the sample are above
an (alien) filter. In chapter two, | showed that several other categories (mapping, read
assignation, alignment) for HTS analysis leading to detection existed. As those
categories can be complementary on several points, combining them for detection
seems to be a good idea (Brinkmann et al., 2019; Garcia-Etxebarria et al., 2014).
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Figure 6-1: Detection workflow for known viruses.

In Figure 6-1, a workflow for plant virus detection is proposed. It combines the
standard assembly and alignment with a taxonomic binning tool for a large-scale pre-
detection. The idea is to combine methods that make sense and are easy to apply for
non-bioinformatician users. The use of method combinations for improving analysis
has been documented (Garcia-Etxebarria et al., 2014; Marttunen et al., 2017; Tejano
et al., 2019). For virus detection in metagenomic datasets, such a combination of
analysis methods is also advised (Lambert et al., 2018). The combination | propose
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here is especially strong since taxonomic binning tends to overpredict virus presence
while alignment (with strict parameters) tends to predict only the most concentrated
viruses. The predictions that are considered reliable (based on reads number and
alignment metrics) can be confirmed by performing a mapping on the selected
reference. The mapping results can then be used to check cross-contamination before
determining the list of present viruses. In addition, on the technical side, all analysis
can be done using a user interface (Geneious, CLC genomic or Galaxy) or in
command lines on a personal computer or on a High-Performance Computing cluster
(HPC).

Exploratory analysis can be done on the virus identified to better understand them
(like their mutation profiles or geographical dispersion). Other in case of suspicion of
novel virus presence, other analysis should be performed.

Novel viruses

There are two cases for not yet known viruses: either we can detect it with a
workflow like described in Figure 6-1, meaning that the evolutionary distance with
the known viruses is not high, or we missed it. If missed, (machine learning) tools
aiming at new virus detection, like VirHunter (Sukhorukov et al., 2022), can help
detect them. However, no method allows us to be absolutely certain that the analysis
does not miss a new virus.

If a new virus is detected, an alignment can be done to try to compare it with the
already discovered viral diversity. That alignment success depends on the distance
between the novel virus and the closest reference in the database, it is then logical to
use the most complete database possible. Proteomic analysis should be done if the
genome size is large enough and the genes used in taxonomic demarcation criteria are
sequenced. It may improve the initial alignment interpretation. Indeed, due to the
degenerate property of the genetic code, amino acid (protein) based alignment can hit
a more distant target. In addition, from proteins, information related to function can
be found by looking at their structural domain. Finally, protein architecture on the
genome can help linking the new virus to a known viral family that may show similar
architecture.

A virus can be considered new if the ICTV (International Committee on Taxonomy
of Viruses) species demarcation criteria are not met. These criteria are decided by
experts from the virus family and can vary according to where on the taxonomy the
virus is supposed to be close (Simmonds et al., 2017). Most of the time the criteria are
based on genes similarities such as often RdRp and CP. Those criteria and the linked
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taxonomy are updated regularly to continue to fit the current knowledge on viruses
(Walker et al., 2022). The generalization of sequencing and the more frequent (and
numerous) new virus discoveries create a lot of debate over the rules that should be
used for viral classification, as shown for the Betaflexiviridae family (Silva et al.,
2022). In addition, new technologies allowing the screening of sequencing datasets
present in SRA found 105 potential novel RNA viruses (Edgar et al., 2022; Neri et al.,
2022). The idea of using polymerase barcode sequences is gaining more ground
(Babaian and Edgar, 2022). With such an important number of data to process and the
current limitation of the system, the debate over the taxonomy and the classification
criteria is going to gain even more importance in the near future.

As a number of new sequences of viral origin are being discovered at a previously
unseen rate, an update of the framework for the detection and characterization of new
viruses is currently under writing to take into account the numerous new genomes
produced and the new possibilities of analysis (Fontdevila et al., n.d.) (“Managing the
deluge of newly discovered plant viruses and viroids: an optimized scientific and
regulatory framework for their characterization and risk analysis”). It corresponds to
a framework proposal for prioritizing the biological characterization steps after
discovering a new plant virus to evaluate its impact at different levels. The main goal
is to allow efficient biological characterization to follow the increased virus discovery
rate by prioritizing steps for filling knowledge gaps via diverse methods.

The improvement described in HTS for viral detection makes it a good candidate
for plant diagnostic. In addition, there is still room for improvement in the HTS
method. Indeed, sequencing cost is expected to continue to decrease while easiness to
use is improving. On virus characterisation, the new screening methodology available
with the release of Serratus (Edgar et al., 2022) helps to overcome (a little) the
knowledge gap on virus taxonomy. Palm-1D (Babaian and Edgar, 2022) and the
associated serratus database allow the exploration of RNA viruses in all the
sequencing datasets available in SRA (10.2 petabases). This can improve the ability
to characterize novel viruses and improve the host range and geographical knowledge
of RNA viruses (Rivarez et al., 2022). As more and more viruses are known, more
and more data are generated and our ability to explore them is improving, the potential
for virus discovery is only raising. The question left is:

Are the bioinformatics analyses able to follow the amount of data generated?
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Viral analysis prospect

Recent machine learning improvements in protein structures may also have an
indirect benefit for viral detection and exploration. New structural predictors
Alphafold (Jumper et al., 2021; Varadi et al., 2022) and RosettaFold (Baek et al.,
2021) have already changed protein structural knowledge by adding a huge amount
of protein structure in databases. In virology, new characterization (or even detection)
based on structure similarity (instead of sequence) can now be envisioned for future
analyses. It should allow raising the taxonomical range of analysis to even more
different viruses than possible at the moment.

A direct improvement in sequencing technologies with the now possible
combination of short reads (lllumina) and long reads (Nanopore or PacBio
technologies) sequencing may change the bioinformatic analyses (Kutnjak et al.,
2021). Long and short reads association change the dynamics of the genome
reconstruction (de novo assembly). Those changes are likely to improve the accuracy
of the genome obtained, meaning more precise alignment possibilities (so better
detection) and better characterization as the resulting protein exploration might also
be improved. In addition, the long reads methods can lower the time required before
starting the analysis, which would be beneficial in plant pest monitoring (Liefting et
al., 2021).

Timing and accuracy are keys to action to prevent pests from spreading. Reducing
time and raising accuracy are very beneficial to efficiency for eradication and
containing new pests’ entry (see Figure 1-1). Even more important, the potential for
preventing new pest entry is very high with HTS. Indeed, global monitoring of viruses
can be done with more possibility of detecting unknown or emergent viruses. This
monitoring can be done for border crossings to lower the risk of pest importation with
collaboration between plant protection organizations (Carvajal-Yepes et al., 2019).
This approach will be very dependent on the number of tests made during inspection.
Water surveillance can also be useful for monitoring the spread of plant viruses in
agricultural systems and identifying the source of outbreaks. Irrigation water
surveillance is a method used to monitor plant viruses by analyzing the water used for
irrigation. It can provide important information for developing effective prevention
and control strategies as it is close to real-time monitoring of virus spread (Bac¢nik et
al., 2020; Maksimovic Carvalho Ferreira et al., 2022).

It's worth noting that this method can be useful for early warning, but it should be
used in combination with other methods. A combinatory approach, using HTS for
global pest surveillance allows faster response and monitoring of not yet quarantined
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viruses and can be coupled with traditional PCR/ELISA methods for precise and cost-
effective checking of the well-known dangerous virus, should be considered for
improving the control of pests spread.

Cross-contamination monitoring

The general aim of this research was to improve the ability of high-throughput
sequencing (HTS) to detect plant viruses in order to increase food safety. Traditional
methods for plant virus monitoring can be limited in their ability to detect all viruses
present. However, the detection reliability can be improved by incorporating
sequencing into the monitoring process. Indeed, HTS is a powerful tool for the
detection of plant viruses. It allows a comprehensive analysis of the viral population
in a sample, providing information on the presence of known and unknown viruses.
Additionally, the characterization of viral variants can be done, which provides
important information on the evolution and spread of the virus, as well as its potential
impact on crop yields and the development of new control measures.

The performance characteristics of HTS-based protocols were evaluated during this
thesis, showing a better analytical sensitivity and an improved analytical specificity
for HTS compared to traditional test protocols based on PCR and electron microscopy
(Chapter 3). The cross-contamination issue was handled for the first time with alien
control that can monitor the transfer of genetic material (DNA/RNA) between
samples. This alien-based monitoring allows quantifying the material exchange and
determining an alien filter to distinguish low-level infection from contamination. The
filter represents the limit of detection adapted to the specific cross-contamination
situation for the current sequencing batch. The analytical sensitivity of HTS for plant
virus detection, even with the alien filter, remained better than with the traditional
detection methods.

Limitations and improvements

Other metrics allowing for tracking cross-contamination were described (Chapter 4)
with an attempt at detection automatization. The pertinence of the selecting metrics
allowing for monitoring cross-contamination was proved along with the failure to find
a universal formula for such monitoring for all types of viral datasets. At the moment,
the combination of the (automatic) metrics usage is more efficient when linked to an
expert (manual) review that can adapt the virus-specific levels of presence
(concentration) during sequencing. In the future, such limitation might be overcome
by using a combination of aliens representing several expression levels that could act
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like an ‘“amplification ladder”. This would allow us to calculate the cross-
contamination filter adapted to the level of cross-contamination observed in the
sequencing batch (like now) and also adapted to the relative expression level of each
virus in the sample.

Using an (alien) control provides some information regarding the expected level of
contamination but with some limitations. Starting with the current limit of detection
inherent to the standard bioinformatic procedures. Indeed, the difficulties of detection
due to a (very) low level of expression that can be below the limit of detection
threshold, or the new viruses difficult identification are also preventing cross-
contamination monitoring. It is documented that when internal (spike) controls are
used in too high concentration it can mask the virus of interest (Massart et al., 2022a)
because of competition for replication in the tube. We can logically have the same
events happening in datasets with mixed viral infections (with different
concentrations). As the dynamic of the change in relative proportions in the tube is
not well known, the impact it has on viral detection and cross-contamination
monitoring is unclear. To track cross-contamination, we rely on the identification of
the origin of contamination, with the idea that the highest the concentration of a virus
is the highest the cross-contamination potential is. There are biases that can change
the relative proportion of each virus in each preparation step (sampling, extraction,
amplification, sequencing). In addition, we have to consider the population of
different viruses and how they impact each other in relative proportion during those
steps. All that is a current limitation on our ability to clearly identify to cross-
contamination potential of viruses in samples and, therefore, to monitor the cross-
contamination event. A more precise understanding of virus concentration change
through sequencing steps and population dynamics can help to improve cross-
contamination monitoring.

The current monitoring method is also missing local cross-contamination. If two
samples have material exchange but not the alien, the monitoring is not going to work.
To solve this, a different internal alien could be added to each sample, but the biases
(especially on the “concentration mask potential” explained in the previous
paragraph) and the added complexity (in both feasibility and analysis) are the reason
why it was not tested. The cross-contamination between batches is also not really
addressed in this thesis apart from showing (in Chapter 3) a deduplication and SNP-
profile comparison to manually track down an external source of contamination. To
improve that aspect, a more systematic rotation of alternative alien control used
between several sequencing from laboratories work should be implemented. Ensuring
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that sequencing A (with alien A), sequencing B (alien B) and sequencing C (alien C)
contains different aliens. It can help to monitor external contamination if alien A is
found in one or the two other sequencings. With strict registration on a date and
material used in the lab, the traceback of which tools can be the cause of such
contamination (and what this tool have been used for in the meantime as it could have
carried contaminating viruses) can be made easier all thanks to a simple alien rotation.

Other metrics (Reads per kilobase of transcript per Million reads mapped [RPKM],
coverage) could be indicative of cross-contamination and therefore be useful to
monitor it. Maybe a machine learning method can be developed to identify and
combine the metrics linked to cross-contamination in order to improve its monitoring
furthermore.

Despite those limitations, the use of aliens is improving the reliability of HTS viral
detection up to a point where it can be envisioned as an efficient diagnostic method. |
think the main reason of not being widely used is that the information about aliens
and how to use them in diagnostic is very recent (the guidelines that explain the alien
role were published in 2022) and the diagnostic protocols require time for their
validation prior to their application in routine testing. In addition, the interpretation of
alien sequences (when found in unexpected samples) requires a little bit of experience,
meaning that the accessibility level of the interpretation should be improved (which |
tried to do during this thesis).

Once the detection is done, more exploration can be performed to better characterize
viruses. Different exploratory analyses can be performed (Chapter 5). Among them,
the identification of minor SNPs is among the most important as they allow the
tracking of minor and potentially emerging variants for field surveillance. The steps
for accurate SNPs predictions were described (Chapter 5), improving the community's
understanding of predicting virus variants.

By strengthening the usability of HTS for plant virus detection, via the description
of important analysis steps and the use of alien control, sequencing has been shown
to be a reliable, comprehensive method for monitoring plant viruses in the tested
samples thant can correspond to a single plant up to field based sequencing with
bulked plants, therefore improving food safety. This can help to identify outbreaks
and ensure that crops are safe, which can prevent economic losses for farmers and
ultimately protect the consumers' food diversity supply.
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Appendix 2. Overview of the thesis.

Development and validation of innovative HTS tools for the fast and efficient detection of
virus and virus-like agents in selected crops
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Appendix 3. Sumary achievement of the thesis
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