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Abstract: High-throughput sequencing (HTS) technologies have become indispensable tools assist-
ing plant virus diagnostics and research thanks to their ability to detect any plant virus in a sample,
without a prior knowledge. As HTS technologies are heavily relying on bioinformatics analysis of
the huge amount of generated sequences, it is of utmost importance that researchers can rely on
efficient and reliable bioinformatic tools and can understand the principles, advantages and disad-
vantages of the tools used. Here, we present a critical overview of the steps involved in HTS as
employed for plant virus detection and virome characterization. We start from sample preparation
and nucleic acid extraction as appropriate to the chosen HTS strategy, followed by basic data anal-
ysis requirements, an extensive overview of the in-depth data processing options and taxonomic
classification of viral sequences detected. By presenting the bioinformatic tools and a detailed over-
view of the consecutive steps that can be used to implement a well-structured HTS data analysis in
an easy and accessible way, this paper is targeted at both beginners and expert scientists engaging
in HTS plant virome projects.
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1. Introduction

High-throughput sequencing (HTS) technologies have become an integral part of re-
search and diagnostics toolbox in life sciences, including phytopathology and plant virol-
ogy [1]. HTS enables the untargeted acquisition of extremely large amounts of sequence
data from diverse sample types and thus represents an ideal and unique solution for ge-
neric detection of highly diverse viruses. In the past decade, sequencing prices have sig-
nificantly decreased and the technology has become accessible to many more research and
diagnostic labs. From the first uses of HTS for detection of plant viruses in 2009 [2-5], the
use of this technology for detection of known and new plant viruses and the characteriza-
tion of viromes in different plant species has escalated dramatically. Many different bio-
informatics tools have been developed and different pipelines have been used to detect
and identify plant viruses represented in HTS datasets. The variation in results associated
with the use of different pipelines in different labs has highlighted the significance of un-
derstanding different approaches [6]. Arguably, one of the main challenges for less expe-
rienced users of HTS is to understand, select and properly use tools for the analysis of
HTS data intended for detection and identification of plant virus sequences. In this review
we aim to present the different and often complementary approaches used for analysis of
HTS data for the detection of plant viruses. Here, we provide a short introduction to the
laboratory work required and then describe the possible steps in data processing for de-
tection of plant viruses, including: quality control and trimming of the sequences, de novo
assembly, sequence similarity searches and taxonomic classification of the identified viral
sequences. By including a short glossary (Figure 1), checklists and comparison tables, we
aim to present the topic to the widest possible audience and thus encourage the use of
HTS technologies by researchers with limited experience in the field.

2. What should I anticipate and how should I prepare?

Modern sequencing platforms can generate massive amounts of data, and not all la-
boratories wishing to use HTS in their projects have the necessary infrastructure and bio-
informatics expertise, which, for example, is one of the main challenges identified for the
adoption of these technologies in diagnostic laboratories [7]. The cost of the bioinformatics
analysis in a HTS project was estimated to be around 15% of the total cost of a program
(an example for whole genome analysis in cancer research), and includes the salary of the
bioinformatician and cost of data storage [8].

Some commercial sequence analysis software is able to handle HTS data (see section
4.3.8), with dedicated modules for common operations (e.g., mapping and assembly).
These software solutions are usually easy to use, regardless of the user’s bioinformatics
skill, but they are also quite expensive and might be limited for some analyses (specific
applications). Furthermore, some “all in 1” viral-detection focused pipelines are available
(see section 4.3.8), which require only limited bioinformatics knowledge or only the help
of a skilled (bio)informatician at the installation stage.

However, to analyze HTS data, particularly for some specific applications, the use of
dedicated bioinformatics software, without easy-to-use graphical user interface, is often
needed to optimize time and efforts. These programs have in a large part been developed
and optimized for the Linux platform, can be used in the command line only and so re-
quire specific computing skills. Considering the number of steps with the average HTS
analysis pipeline and the number of samples studied, automation quickly becomes a pri-
ority. This can be achieved by writing scripts, as well as grouping and ordering all the
steps of the analysis, which also require expertise in programing languages (e.g., shell,
Python, R). Finally, for the interpretation of the analysis results, skills beyond pure bioin-
formatics are needed. A close collaboration between a bioinformatician and a plant virol-
ogist (or a plant virologist trained in bioinformatics) is needed to achieve a meaningful
interpretation of the results.
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Glossary of terms

BLAST:
Barcodes:

Bit-score (in BLAST):

Command line:

Contigs:

Coverage:

De novo assembly:

Demultiplexing:

E-value (in BLAST):

High-throughput sequencing (HTS):

ICTV:

Index hopping (or cross-talk, bleeding):
K-mers:

Mapping:

Metagenomics:

Phred quality score:

Pipeline (bioinformatics):

Reads:

Sequence identity:
Sequencing library:
Scaffolding:

Single Nucleotide Polymorphism (SNP):

Trimming:

VANA:

Virome:
99
100

101 detection.

Adapters:

specific DNA molecules added to the ends of the nucleic acid fragments during the sequencing
library preparation.

Basic Local Alignment Search Tool: an algorithm to find sequences similar to a query sequence
in a database.

specific, identifiable sequences within adapters that allow samples to be mixed together in the
same sequencing run/lane and then separated again during analysis.

a normalized score that reflects the size of the database, which you would need to search to find
a match with at least this score by chance. The value is independent of the database used. Higher
values indicate higher significance.

text-only computer interface, enabling input of commands only by typing.

longer nucleotide sequences assembled from overlapping shorter sequencing reads (see de novo
assembly).

might refer to at least two different descriptors. When expressed in percentage (%) it refers to the
length of the reference genome which is “covered” by read/contig data after mapping (also called
length coverage or horizontal coverage). This information gives an idea about the completeness
of the sequenced genome. When expressed in per (X), it indicates how many times on average
every single position of the reference genome is covered by reads after mapping, which gives
information about the sequencing depth (also called read depth or vertical coverage).

combining shorter overlapping sequencing reads to obtain longer sequences (contigs) without
using a reference genome.

a process of discriminating sequencing reads from different samples sequenced in the same
run/lane (based on the sample-specific barcode sequences).

expected number of random hits for the given query sequence in the database used. A lower E-
value means a higher significance.

a type of sequencing, where multiple molecules are sequenced in parallel (also massively parallel
sequencing) resulting in millions of sequencing reads. Sometimes also referred to as next
generation sequencing (NGS), although the latter term does not cover newer HTS sequencing
technologies, such as nanopore sequencing or PacBio sequencing.

International Committee on Taxonomy of Viruses.

erroneous assignment of sequencing reads to a sequencing library.

all possible sub-sequences of a sequence with length K.

alignment of sequence reads against a reference genome.

study of the genetic material of all the organisms present in a given sample.

a measure of an error probability associated with a corresponding nucleotide in the read.

a connected compilation of data analysis algorithms and/or software, which enable integrated
analysis of specific data sets.

individual sequences generated during a HTS run. In case of short-read (e.g., Illumina)
sequencing, typically millions of short sequences are generated (ranging trom 50-300 bp), while
Oxford Nanopore Technologies or PacBio sequencing results in fewer yet much longer sequences
(up to several kb or even few Mb, depends on the input).

the percentage of nucleotides (or amino acids) identical between two nucleotide (or protein)
sequences.

a collection of DNA molecules with added adapter (and possibly barcode) sequences, which can
be sequenced using an appropriate HTS platform.

linking together contigs in a scaffold sequence by introducing known sequences (e.g., from
long read data or mate pair libraries) and/or gaps of approximately known length.

single nucleotide substitutions within a sequence.

a bioinformatic process of removing the nucleotides from the ends of the sequencing reads,
usually based on their specific sequence (e.g. primers or adapters) or based on low sequence
quality values.

Virion-associated nucleic acid extraction: procedure to extract viral RNA (or DNA) from plant
fractions enriched in viral particles.

all of the viruses and virus-like organisms associated with a particular organism, sample or
ecosystem.

Figure 1. Glossary of terms commonly used in bioinformatics analysis of HTS data for plant virus
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102 Beyond the skills of users, IT resources must also be addressed. The amount of data
103 generated by each project must be anticipated in order to have raw data storage space
104 available beforehand, and to ensure that data is safely stored at least for several years after
105 the end of projects. Depending on the sequencing platform, the total size of the raw data
106 can become very large. For example, the Illumina NextSeq platform can generate from 120
107 to 300 Gbases (Gb) per run leading to file sizes varying between 39 and 170 GB depending
108 on the read length. A stable and fast internet connection is often needed to facilitate effi-
109 cient transfer of large data files. The computing resources also need to be anticipated. For
110 time efficient analysis, it is often necessary to have a more powerful machine than an av-
111 erage workstation to run the various parts of pipelines, regardless of the software used.
112 An alternative to the acquisition of a powerful computer is making use of online bioinfor-
113 matics platforms and cloud computing solutions. These platforms generally have a struc-
114 ture adapted to the use of software making high demands on system resources (e.g., com-
115 puting clusters). Many research centers or Universities host a Galaxy instance, which rep-
116 resent a very good alternative to the Linux platforms, in a more “user friendly” presenta-
117 tion.

118 3. Starting the project: How do I prepare samples and sequence nucleic acids?

119 Sampling, nucleic acids extraction, viral enrichment and sequencing library prepara-
120 tion are essential steps before HTS itself. Since these steps can influence the sequencing
121 results, we briefly summarize here the most important considerations for some of these
122 processes. Extensive description of how to control all of these steps is in preparation in
123 forthcoming international guidelines for the use of HTS tests for the diagnostic of plant
124 pests [9]. After obtaining the nucleic acids suitable for further analysis using HTS, approx-
125 imate amount of sequence data required per each sample should be estimated according
126 to the goals of the study. If external sequencing provider will perform HTS, this number,
127 together with some general characteristic of the samples, should be communicated with
128 the provider.

129 3.1. Input material and nucleic acids preparation

130 The extraction step separates the nucleic acids (including viral nucleic acids) from
131 other cellular components. There are many methods that can be used to obtain high qual-
132 ity nucleic acids intended for HTS [10-13]. The efficiency of an extraction method is eval-
133 uated by the quantity of nucleic acids obtained, their integrity and the absence of contam-
134 inants that inhibit the enzymatic activities involved in the preparation of sequencing li-
135 braries. Irrespective of the chosen nucleic acid extraction procedure and library prepara-
136 tion methodology, it is recommended to collect several samples per plant to overcome the
137 uneven distribution of viruses within the plant, especially in the case of low titer viruses.
138 Different types of nucleic acids can be used as inputs for HTS, combined with different
139 viral enrichment methods. No method is universal [11,14], each favors certain viral fami-
140 lies or certain experimental objectives [15]. For example, total RNA or small RNA sequenc-
141 ing might be most straight-forward and universal to use for single samples. On the other
142 hand, for sequencing of pools of many samples, or to optimize the detection of viruses
143 with a low titer, methods that allow the enrichment of viral nucleic acids, such as Virion-
144 Associated Nucleic Acids extraction (VANA) or the purification of double-stranded RNA
145 might be preferred. The choice for one of the approaches should be based on the research
146 question and study design. The purpose of the following paragraphs is to help making
147 the most appropriate choices for sample preparation.

148 3.1.1. Total RNA/DNA

149 Extraction of total RNA and/or, to a lesser extent, DNA is a widely used approach for
150 HTS analysis of plant tissues infected with viruses. Simple and robust, the method can be

151 carried out according to several standard extraction protocols in solid phase or in liquid
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152 phase (Tan and Yiap, 2009) or using commercial kits (mostly based on silica-membrane or
153 magnetic bead purification). Extraction and sequencing of total DNA can be sometimes
154 used specifically for the detection of DNA viruses, while sequencing of total RNA is a
155 very generic approach and can be used for detection of all types of DNA and RNA viruses
156 and viroids [15]. The high abundance of nucleic acids from the host plant co-extracted
157 with viral nucleic acids can greatly limit the sequencing sensitivity. The relative propor-
158 tion of viral sequences in the total extracted RNA can be increased by the depletion of the
159 plant ribosomal RNA [16,17] and the proportion of sequences of circular DNA viruses in
160 extracted DNA can be enriched by rolling circle amplification [18-20].

161 3.1.2 Small RNA (sRNA)

162 The plant immune system responds to the presence of viruses by activating a defense
163 response which leads to the cleavage of double stranded forms of viral RNA into small
164 RNAs (sRNA) of 21 and 22 nucleotides (nt) as well as, more marginally, of 24 nt [21]. The
165 analysis of SRNAs facilitates the reconstruction of the complete genomes of infecting RNA
166 and DNA viruses or viroids, as well as those of integrated endogenous viral elements
167 (EVEs) if they are transcribed [2,15,22,23]. Since sSRNAs are more stable than longer RNA
168 molecules, the method is promising for use in old or even ancient plant samples [24] and
169 since only very short reads are needed to sequence sRNAs, the method is relatively cost
170 efficient. On the other hand, de novo assembly from short sequences is complex and might
171 lead to chimeric sequences in case of multiple infections with different virus strains [25]
172 and for the same reason, pooled samples used in metagenomic studies including large
173 number of plants are not recommended to be analyzed with sSRNA sequencing. Due to
174 their short lengths, analyses of recombination events on a read level are also not feasible
175 with sRNA [22].

176 3.1.3 Virion-associated nucleic acids (VANA)

177 The extraction of Virion-Associated Nucleic Acids (VANA) enriches the samples in
178 nucleic acids of viral origin by semi-purifying the viral particles by ultracentrifugation.
179 Viral particles are separated from most of the organelles and plant debris by one or two
180 differential ultracentrifugation cycles depending on the viral family and the plant mate-
181 rial. After purification of the particles, and a nuclease treatment to degrade non protected
182 nucleic acids, the viral nucleic acids are extracted according to a standard extraction pro-
183 tocol also used for the extraction of total RNA/DNA. Initially developed for the biochem-
184 ical characterization of viral particles in the 1970s, VANA was used in pioneering studies
185 of prospecting for viral diversity in wild asymptomatic plants before the advent of HTS
186 [26,27]. The approach was then extended to the preparation of nucleic acids intended for
187 HTS [28,29]. It achieves balanced enrichment in high quality viral RNA and DNA and
188 allows the use of up to several hundred grams of starting material. However, it is based
189 on the stability of the viral particles mainly determined by the pH and the concentration
190 of salts in the extraction buffer. Unsuitable for high throughput, and relying on numerous
191 laboratory operations, the approach only identifies the encapsidated viral nucleic acids as
192 well as the viruses of the Endornaviridae family, devoid of capsids but encapsulated in
193 membranous vesicles [28,30]. Moreover, certain viral families are difficult to purify and
194 VANA is also not the method of choice for extraction of viruses from plants with high
195 content of phenolic and polysaccharide compounds [31].

196 3.1.4 Double-stranded RNA

197 The majority of plant viruses have RNA genomes, accounting for 75% of the total
198 number of viruses reported [32]. While plants do not produce large quantities of double-
199 stranded (ds)RNAs, RNA viruses generate high molecular weight dsRNA structures dur-

200 ing replication, so their enrichment is a popular strategy used for virus diagnostics
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201 [10,13,33,34]. Extraction of dsRNA purifies nucleic acids from double-stranded RNA vi-
202 ruses, but also from most single-stranded RNA viruses, viroids as well as from some DNA
203 viruses [35-38]. This approach allows the detection of a very wide range of RNA virus
204 species [30,39]. Sequencing of dsRNA is likely not the most effective method for detection
205 of negative sense single stranded RNA viruses [37]. It is also a laborious approach, even
206 if, a number of modified protocols have been developed to overcome this limitation
207 [13,34,40-42].

208 3.2 Library preparation and sequencing

209 Following nucleic acid extraction, different methods have been developed for library
210 preparation using commercially available kits and automated systems. As inputs, the ex-
211 tracted and possibly virus-enriched nucleic acids described in previous paragraphs can
212 be used. The type of the library preparation and exact protocol is dependent on the input
213 nucleic acids (e.g., total RNA or DNA, sRNA, dsRNA). Specific libraries are prepared for
214 different HTS platforms. The library preparation step usually consists of shearing the nu-
215 cleic acids to the size appropriate for intended sequencing platform and the ligation of
216 short oligonucleotides (adaptors) at one or both extremities of the nucleic acids in order
217 to allow the sequencing. There are two main groups of HTS platforms: (i) short read HTS
218 (also termed next generation sequencing — NGS), producing reads up to several hundred
219 nucleotides, and (ii) long read HTS (also termed single molecule sequencing — SMS), pro-
220 ducing reads up to hundreds of kilobases (kb). Currently, the most commonly used se-
221 quencing platform is [llumina (short read HTS), and, for long read HTS, Pacific Biosci-
222 ences (PacBio) and Oxford Nanopore Technologies. Nanopore sequencing is rapidly de-
223 veloping and is expected to be more widely used in the future [43]. Most of the available
224 protocols recommend assessing the quality and quantity of the nucleic acids before library
225 preparation. The integrity and purity of the nucleic acids can be assessed using spectro-
226 photometric and fluorescence-based assays. For some enrichment approaches (e.g.,
227 VANA, dsRNA extraction), the concentrations of the obtained nucleic acids frequently are
228 below the input required for library preparation so that a random amplification step is
229 required prior to library construction [13].

230 Several samples can be pooled and sequenced in the same sequencing run (multi-
231 plexing). In this case, the oligonucleotides ligated to the nucleic acids during library prep-
232 aration also include specific sequences corresponding to barcodes unique for each sample.
233 After sequencing, the reads are allocated to the appropriate samples according to the bar-
234 codes used. Most commonly, sequencing reads are contained in a fastq file format, which
235 also contains some technology-specific descriptors and nucleotide quality values. The
236 fastq files represent an input for the bioinformatics analysis described in the following
237 paragraphs.

238 4. How do I analyze the data?

239 The first step towards successfully annotating viral reads or contigs is to perform a
240 quality control of the raw HTS data. After quality control of raw data and prior to any
241 downstream analysis, it is important to perform pre-processing steps including trimming
242 low-quality bases, removing adapter sequences and discarding very short and low-qual-
243 ity reads. These steps are explained in more detail in section 4.1. Afterwards, the quality
244 of pre-processed reads can be checked again. Resulting reads can then be analyzed for
245 similarity with known viral sequences in several ways as depicted in Figure 2. Trimmed
246 and filtered reads can be analyzed directly, or they can be first assembled into longer con-
247 tigs (section 4.2). The contigs can then be analyzed for similarity with viral sequences.
248 Specifically, reads or contigs resulting from assembly can be used directly for similarity
249 searches against sequence or domain databases, or can be first mapped to a host reference
250 genome, if available, so that sequences originating from the host can be removed. Reads

251 that do not map to the host genome can optionally be assembled into longer contigs. The
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contigs obtained from the de novo assembly step can then be annotated using different
strategies depending if they represent known or putative novel viruses. Contigs associ-
ated with known viruses can be mapped to the corresponding viral reference genome. In
the case of putative novel viruses, a search of conserved motifs in the translated theoretical
protein sequences can be performed alongside similarity searches at the protein level us-
ing BLASTx or DIAMOND tools as explained in section 4.3. Results of those analyses need
to be carefully inspected and further analyses often need to be performed for correct tax-
onomic classification of the sequences (section 4.3.7). The described steps can be per-
formed using the tools indicated in the flow chart (Figure 2) or other available tools. Fi-
nally, the same analyses can also be performed using user-friendly free software with
graphical user interfaces (GUI) available online or using commercial software as described
in section 4.3.8.

Preprocessing of reads (< 4.1):

Quality + trimming
dHtTSfra‘:, —{control (=4.1) —|+ adapters removal
ata (fastq) [FastQC, + quality filtering
Poretools*]

[Trimmomatic, BBtools, Porechop®]
ITL

To start off, familiarize
yourself with the
terminology (# Fig1) and
the requirements (= 2) for
performing succesful
analysis of HTS data. Help
yourself with the checklist

(= Fig 4), Re—

De novo assembly (#4.2)

If analyzing reads [SPAdes, Velvet, Canu*]
directly: unmapped
reads or all the

————————%

Removal of host sequences:
mapping to the genome
(#4.3.3) [BWA, bowtie2, Minimap2*|

reads classified as ]
viral can be used
How do I find viral sequences Crsseno] 4 [¢
in my data?
(=4.3) [BLASTN] (+°4.3.2) Mapping to reference (#4.3.3)

Taxonomic classification

of the virus
(=4.3.7)

(nt or subset of nt database)
% input: contigs

[BLASTx] (+4.3.2)

(nr or subset of nr database)
S input: contigs

[DIAMOND] (+4.3.2)

(nr or subset of nr database)
- input: reads, contigs

(e.g., viral RefSeq) [BWA, bowtie2]
Y input: reads, contigs

Protein domain searches [HMMER]
(+4.3.4) (pFam database)

Y input: contigs

K-mer based classification

(#°4.3.5) [ClarkS, Kraken2]
S input: reads, contigs

2y} Jo eseAas Buipnppul sauljedid uni-o)-Apeal :(g'¢'p<) SPOYlaLW MBS YIIND

[youagyIoAA SOIWOUBE) D) ‘Bl SNOIBUAS) ‘IO JIA ‘PUIJIA ‘10818qsniIA “Ba]
uononJIsuos auejedid Bullgeus ‘eJeM)JOS [BIDJOWWOD aSN-0}-Asea Jo sda)s sishjeue

What to do w|

hen the data

Complete/partial genomes?
ICTV demarcation criteria
Literature search
Phylogenetic analysis

*Fig 5

- Confirmatory testing
- Biological assays

« Sharing data

« Further bioinformatic analyses

analysis is
concluded?
(= 4.4)

Figure 2: Flowchart representing different approaches for the analysis of HTS data for the detec-
tion of plant viruses. Boxes represent different steps in data analysis and interpretation. Arrows

connect different possible sequences of the analysis steps. As an example, a non-exhaustive list of
possible analysis tools is added in the square brackets at each of the analysis steps. Tools desig-
nated with * are intended for use with long-read or, specifically, nanopore sequencing data. Point-
ing hands lead to the text sections (or figures) with more detailed description of the corresponding
steps.
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272 4.1. Demultiplexing, quality control and trimming

273 Each sequencing platform produces a series of quality metrics associated with the
274 data produced from each sequencing run. A discussion of the metrics with the sequencing
275 data provider is important before accepting any sequencing data.

276 If the run was successful, the first step is the demultiplexing of barcoded samples,
277 which usually carried out using the sequencing platform software or performed by the
278 sequencing data provider. In the event that data has not been demultiplexed, third party
279 tools such as Cutadapt [44] can be used to demultiplex the Illumina data by looking for
280 specific barcode sequences present in the samples. Alternatively, demultiplexing tools de-
281 veloped by the sequencing platform provider are frequently accessible as stand-alone
282 tools, such as [llumina’s bcl2fastq software [45], or Oxford Nanopore Technologies’ guppy
283 barcoder script [46].

284 Adapter sequences introduced during the library preparation process need to be re-
285 moved. Tools such as Cutadapt [44], Trimmomatic [47] and Porechop [48] or NanoFilt [49]
286 can be used to carry out this process, with the latter two working specifically for data
287 generated using nanopore sequencers. At this step, contaminant filtering for synthetic
288 molecules and/or spike-in is also recommended.

289 Sequencing data is usually provided in the fastq format, which consists of four lines
290 per sequence [50], including sequence identifier, raw nucleotide sequence, a separator line
291 (containing + sign) and sequence quality values. Quality values present in a fastq file rep-
292 resent Phred quality scores, which are encoded as ASCII characters. The quality score (Q)
293 associated with each nucleotide represents the estimated probability of an error. For ex-
294 ample, a quality score of 0 represents a 100% chance of an error, Q10 = 10% chance of an
295 error, Q20 = 1% chance of an error etc.

296 Nucleotides with a low-quality score should be removed to ensure that only high
297 accuracy bases remain. With Illumina data, values such as Q20 (1% error) and Q30 (0.1%
298 error) are often used when trimming data, but this value depends on the application and
299 the sequencing platform used. If accuracy is of the utmost importance (e.g., for detection
300 of SNPs), selecting a higher quality score will be beneficial. If accuracy is less important
301 (e.g., for detection of virus), then relaxing constraints on quality when trimming will allow
302 more data to be available for downstream applications.

303 Quality control reports can be generated by tools such as FastQC [51], MultiQC [52],
304 or, specifically for nanopore sequencing data, Poretools [53] or NanoStat [49]. This allows
305 for the visual inspection of metrics such as per base sequence quality, sequence length
306 distribution and GC (guanine-cytosine) content. These reports can be generated both be-
307 fore and after trimming, to assess the impact of trimming on different quality parameters.
308 A number of tools exist to trim sequencing reads based on quality scores, sequence length
309 or other metrics. These include, but are not limited to, Sickle [54], Trimmomatic [47],
310 Cutadapt [44], BBDuk (https://sourceforge.net/projects/bbmap/) and NanoFilt for
311 nanopore sequencing data [49]. lllumina data, particularly longer MiSeq reads, suffer
312 from lower quality towards the 3’ end of the read. Many trimming strategies start at the
313 3" end of such reads and determine the position at which the quality (or the average qual-
314 ity in a region) is high enough to keep.

315 The order in which these processes are carried out can vary, and some tools can be
316 used to carry out multiple steps at the same time. The final output should be a series of
317 demultiplexed samples with reads that have an acceptable sequence quality and no longer
318 contain sequences added during the sequencing process (e.g., adapters, barcodes).

319 4.2 De novo assembly

320 Sequencing technologies have improved in quality and amount of the data generated
321 in the last ten years. However, up to now, it is not possible to obtain the full-length ge-
322 nome of many organisms in a single high quality read. HTS technologies provide us with

323 shorter (e.g. Illumina) or longer (e.g. Oxford Nanopore Technologies, PacBio) sequence
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324 fragments, which usually need to be assembled in silico to reconstruct complete or near-
325 complete genomes. Compared to bacteria or eukaryotes, viral genomes are simpler and
326 smaller. Nevertheless, high mutation rates and consequently the great diversity of some
327 viral populations [55] might represent a challenge for in silico genome reconstruction. As-
328 sembling a genome is like solving a “Jigsaw puzzle”. Similar to a puzzle there could be
329 pieces fitting together (overlapping reads), missing pieces (regions with low coverage, se-
330 quencing bias) and damaged parts (sequencing errors). The process for which individual
331 reads sharing sequence similarity are merged to form longer fragments is named de novo
332 sequence assembly and the nucleotide fragments obtained through this process are called
333 contigs or contiguous sequences [56].

334 Depending on the platform used, the sequence reads can be large or small and from
335 the computational point of view, different intrinsic features of these two types of output,
336 led to the development of two major groups of assembly algorithms: (i) de Bruijn graph
337 (DBG) and (ii) the overlap-layout-consensus (OLC) methods. In the first case, DBGs are
338 constructed using k-mers, which are substring of the reads of length k; whereas for OLC,
339 the overlap graphs are constructed directly from reads, eliminating the redundant ones.
340 The use of k-mers is more widely applied for the assembly of short reads, whilst the OLC
341 approach is most appropriate for long read data [56,57].

342 For short HTS reads, many de Bruijn graph assemblers are available, such as
343 SOAPdenovo2 [58], ALLPATHS-LG [59], ABySS [60], Velvet [61], IDBA-UI [62] and
344 (rna)SPAdes [63-65]. One of the first and most widely used and cited assembler [66] in
345 viral metagenomics [67], is the open-source software Velvet, followed by the more user-
346 friendly and commercially-available CLC Genomics Workbench (https://digi-
347 talinsights.qiagen.com) and Geneious Prime (https://www.geneious.com). The latter has
348 the advantage of providing a graphical interface for command-line assembly programs
349 like Velvet and Spades.

350 Different factors can positively influence the quality of the de novo assembly, e.g., a
351 preliminary filtering step to eliminate the genomic host plant reads [23] or the selection of
352 appropriate k-mer values based on the read length [67]. Moreover, approaches in which
353 de novo assemblies using different k-mer values are generated and then reassembled can
354 generally improve the completeness of de novo genome assemblies, but this can be a labo-
355 rious and computationally lengthy process. Usually higher sequencing depth and a higher
356 fraction of viral reads in the dataset will positively affect the completeness of assembled
357 viral genomes, however, extremely high coverage might have a negative effect on the
358 completeness of the assembly when using some assemblers, thus, in such cases, assembly
359 of subsampled data might give better results [15]. Since reads of some viruses can be pre-
360 sent in a very low number, it is important not to set too low cut-offs for contigs length [67],
361 e.g., a number around or slightly above the 2x length of an average read length is recom-
362 mended. Finally, the use of an additional scaffolding step when using paired-end data can
363 sometimes further increase the length of the contigs. Nevertheless, despite improvements
364 in de novo assembly algorithms, 3" and 5" ends of viral genomes usually cannot be obtained
365 in full through de novo assembly.

366 Although long read HTS platforms can produce reads close to full-length viral ge-
367 nomes, a major issue that could affect the de novo assembly step is the higher error rate (5-
368 15%) of these technologies [68]. Long-read assemblers can algorithmically correct base er-
369 rors before/when building contigs. PBcR [69], Canu [70], Falcon [71] and Pomoxis [72] are
370 some of the OLC-based de novo assemblers available. Long read nanopore sequencing has
371 recently been successfully applied to virus discovery, detection and reconstruction of vi-
372 rus genomes, in these studies, Canu is the most cited assembler [73-76].

373 Contigs generated by de novo assembly can be used in subsequent similarity searches
374 and finally viral contigs can be used for phylogenetic or recombination analysis. If this is
375 so, it is important to check the quality of such contigs by mapping the trimmed reads
376 (explained in section 4.3) to the viral contigs followed by visual inspection of the mapping

377 and checking the completeness of expected open reading frames contained in this contigs.
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378 For contigs generated by de novo assembly of nanopore sequencing reads additional qual-
379 ity checking steps might be needed such as assembly polishing [75] or correction of the
380 consensus sequences using quality data of mapping reads [76].

381 When the presence of specific viruses is already known, viral genomes can be recon-
382 structed by mapping the reads (explained in section 4.3) to the closest reference sequences
383 obtained from sequence databases (after initial similarity searches, section 4.3). This is
384 then followed by the extraction of new consensus sequence from the mapping, an ap-
385 proach known as reference guided assembly. Sometimes, parts of the viral genomes are
386 obtained by de novo assembly and parts through reference guided assembly; such an ap-
387 proach is also known as combined assembly.

388 4.3 How do I find and classify viral sequences in my data?

389 Identification of viral reads/contigs in massive datasets produced after HTS is most
390 frequently performed by comparing sequences against known and annotated sequences
391 in databases. Because longer sequences in almost all cases improve the ability to identify
392 similarities regardless of the method or databases used, an assembly of quality checked
393 raw reads is generally recommended prior to similarity searches. At the same time, a prior
394 assembly will also generally reduce the computing time needed for the similarity search
395 steps as up to millions of reads can be assembled in a single contig. Annotation of HTS
396 reads, or contigs, on the basis of similarity with known viral sequences can be performed
397 using three main strategies: homology searches with tools such as BLAST [77], read/contig
398 mapping against reference viral genomes using tools such as BWA [78] and the search for
399 encoded, conserved protein motifs using tools based on Hidden Markov Models (HMMs)
400 such as HMMER [79]. Each of these approaches and, in turn, each of the specific programs
401 used to perform them, has advantages and drawbacks. In many cases, they should be seen
402 as complementary rather than mutually exclusive possibilities. Several additional alterna-
403 tives have also been proposed. For example, the use of e-probes (short unique pathogen-
404 specific reference sequences) [80] or the analysis of the frequency of specific k-mer se-
405 quences (see section 4.3.5). A summary of tools commonly used for similarity searches is
406 presented in Table 1.

407 4.3.1 Databases

408 The database(s) against which sequences are compared is/are of utmost importance
409 for the efficiency and completeness of the annotation process. The more complete the col-
410 lection of viral sequences, the greater the likelihood of detecting and identifying the pres-
411 ence of a virus. For BLAST and BLAST-like approaches, the most used databases are the
412 non-redundant nucleotide database (nr/nt, named also just nt) hosted by NCBI, the non-
413 redundant GenBank protein database (nr) or the viral RefSeq database. The GenBank non-
414 redundant nucleotide and protein databases are the most comprehensive and most fre-
415 quently updated public databases, limiting the time from discovery of a novel virus to its
416 availability for comparisons (provided the local version of these databases is also regu-
417 larly updated). However, the size of these databases has the drawback of increasing the
418 computing time/power needed to perform a comparison. The reduced viral RefSeq data-
419 base has the benefit of better annotation/curation at the expense of the number of included
420 sequences and of less frequent updates. For read mapping approaches, smaller dedicated
421 databases are generally used, such as a subset of all viral sequences from the NCBI nt
422 database, viral RefSeq or a smaller, locally developed and curated database (for example,
423 one or several isolates of every virus known to infect the crop of interest). For conserved
424 protein motifs searches, the most common databases are PFAM [81] and CDD [82]. Iden-
425 tification of viral sequences is critically dependent upon the quality of the database(s)
426 used. For example, some plant derived proteins might also be misidentified as viral if only
427 a virus sequence database is used for similarity searches, because some viral proteins are

428 related to plant encoded proteins. Typical examples are heat shock proteins (i.e.,. Hsp70)
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proteins found in closteroviruses [83], or reverse transcriptase proteins of Caulimoviridae
that have homologs among retrotransposons. Wrongly annotated sequences in the public
databases can also lead to erroneous annotations.

Table 1. Summary of the most commonly used similarity search strategies with advantages and
limitations for each of the strategies.

Tool name Advantages Limits and considerations Important thresholds

BLASTx or BLASTn  High accuracy  Slow, intensive use of computing power if large =~ Minimum percentage of identity;
database is used, BLASTx needed for detection of length of identified region of simi-
divergent novel viruses, BLASTn needed for de- larity; minimal e-value, bit-score.
tection of viroids and noncoding regions of viral
genomes or satellites; performance improved by
prior assembly of contigs.

MegaBLAST Faster than Less sensitive than BLASTn, only useful for detec- Minimum percentage of identity;
BLASTn, tion of nucleotide sequences very similar to the length of identified region of simi-
handles longer  ones in the used database; performance improved larity; minimal e-value, bit-score.
sequences by prior assembly of contigs.

BLASTp High accuracy  Slow, need to translate nucleotide sequences to Minimum percentage of identity;
proteins first; performance improved by prior as-  length of identified region of simi-
sembly of contigs; not applicable for viroids or larity; minimal e-value, bit-score.
noncoding regions of viral genomes or satellites.

DIAMOND Faster than Less sensitive, annotation less accurate than Minimum percentage of identity;

BLASTx

BLAST; performance improved by prior assembly
of contigs; only available for searches against pro-
tein databases; not applicable for viroids or

noncoding regions of viral genomes or satellites.

length of identified region of simi-
larity; minimal e-value, bit-score;

use sensitive mode.

Burrows-Wheeler

transform-based map-

Does not re-

quire prior as-

Only allows detection of known agents. Difficult

to adjust mapping stringency to (1) allow detec-

Mapping stringency (e.g., mis-

match penalties, gap open/exten-

ping algorithms (e.g., sembly of con-  tion of divergent isolates while (2) avoiding cross- sion penalties, percent of read
BWA or Bowtie2) tigs, high sensi- mapping between related agents; prior assembly  length matching reference, mini-
tivity for short  of contigs reduces cross-mapping between related mum percentage of identity...)
sequences agents.
HMMER or HMM- High efficiency =~ Annotation more complex for protein families Minimal e-value.
Scan for detection of shared between cellular organisms and viruses;
distant homo-  not applicable for viroids or noncoding regions of
logs viral genomes or satellites.
K-mer based classifi-  Fast Requires large computer memory; accuracy may  C/Q ratio for Kraken (advise the

cation algorithms

(Kraken or Taxono-

mer)

be limited for the shorter genomes of plant vi-
ruses; the confidence scoring of the results is not

straight forward.

manual).

4.3.2 BLAST and BLAST-like approaches

BLAST programs are the most widely used and among the most accurate in detecting

sequence similarity [84]. The BLAST suite [85] comprises different algorithms, each with
its own use:

BLASTn can be used to compare a nucleotide sequence with a nucleotide database.
It is less computationally intensive than BLASTx, but because of the higher diver-
gence rate of nucleotide sequences, it is less efficient for the annotation of novel vi-
ruses not represented in the database used.
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442 2.  BLASTp can be used to compare a protein sequence with a database of protein se-
443 quences.

444 3.  BLASTX can be used to compare a nucleotide sequence translated in all six reading
445 frames with a database of protein sequences. While computationally intensive, it is
446 the most efficient BLAST program for the annotation of novel viruses.

447 4. tBLASTn can be used to compare a protein sequence with all six possible reading
448 frames of a nucleotide database and is often used to identify proteins in new, unan-
449 notated genomes.

450 5. tBLASTx can be used to compare all six reading frames of a nucleotide sequence with
451 all six reading frames of a nucleotide database. It is the costliest in computation time.
452 6. MegaBLAST can be used to compare nucleotide sequences expected to be already
453 present or closely related to those in a nucleotide database. It can be much faster than
454 BLASTn and is able to handle much longer sequences but deals less efficiently with
455 very divergent sequences.

456 Short sequences may lead to false positives in BLAST searches and for this reason,
457 other approaches should be preferred for very short reads or contigs. All BLAST programs
458 return a table of results, which contain several parameters, among which some are partic-
459 ularly important to check: the identity threshold (threshold for the % of identical nucleo-
460 tides between the query sequence and a hit in a database), e-value (expected number of
461 random hits in the used database for a given query sequence) and query coverage (% of
462 the query sequence covered by the database hit). It is very important to consider that some
463 of these values depend on the size of the database used and that the use of too stringent
464 parameters (e.g. identity threshold >85% and e-value smaller than 10-%) may lead to a fail-
465 ure to detect some divergent viruses [6]. BLAST is very widely used, but remains, in the
466 case of millions/billions of reads analyses, a time-consuming algorithm. Restricting the
467 database used to specific taxa (e.g., viruses) can speed up BLAST searches but care should
468 be taken as this frequently leads to the identification viral reads which on closer examina-
469 tion, using complete databases, are in fact host sequences (e.g., plant sequences). An ex-
470 tremely fast but considerably less sensitive alternative to BLAST is BLAT (BLAST Like
471 Alignment Tool) [86]. Another faster alternative to BLASTx is DIAMOND [87] which runs
472 at 500-20,000x the speed of BLAST, while maintaining a high level of sensitivity, especially
473 if using the sensitive mode. The DIAMOND annotations have however been observed to
474 be less optimal in virus species identification than BLAST ones (ML & TC personal obser-
475 vations).

476 4.3.3 Mapping reads (or contigs) to reference database

477 Mapping tools are commonly used as a filtering step to remove host genome se-
478 quences or as a complement to similarity searches on short nucleotide sequences. Reads
479 originating from the host genome can be partially removed by mapping the complete da-
480 taset to reference genomic sequences of corresponding host (if available) and then using
481 only unmapped reads for further analyses. A reference genome sequence of the host must
482 be chosen carefully, since it can affect the analysis. Choosing divergent variety/genotype
483 of the host might reduce the efficiency of the host reads removal. Furthermore, reference
484 host genomes might contain contaminating or genome-integrated viral sequences, thus,
485 some viral reads can be lost in this step.

486 Mapping tools can be also used to perform the alignment of reads or contigs against
487 a reference viral database (e.g., NCBI Viral RefSeq database or a custom developed data-
488 base containing one or more complete or partial genomes). In comparison to BLAST pro-
489 grams, most of the mapping tools such as Bowtie2 [88] or BWA [78] build an index for the
490 reference genome or the reads, increasing the speed of the analysis if used against a lim-
491 ited, virus-specific database. The mapping strategy is potentially more sensitive to detect
492 viruses with low number of reads in analyzed datasets [6], in particular when using 21-24

493 nt sSRNA sequences. Consequently, it is also sensitive to cross-sample contamination due
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494 to index-hopping, which may require the development of strategies to set a positivity
495 threshold. On the other hand, mapping strategies are inefficient at detecting novel viruses
496 or viroids that are absent from the database used. Mapping stringency parameters (see
497 Table 1) critically affect the outcome of the analyses and should be optimized keeping in
498 mind the objective of the experiment. Too stringent parameters may result in the failure
499 to detect divergent viral isolates. Too relaxed parameters may also give rise to erroneous
500 results, through the mapping of related host genes on a viral genome or through cross-
501 mapping of reads of a virus on the genome of a related virus. It is therefore highly recom-
502 mended to carefully analyze mapping results. An efficient strategy, besides counting the
503 number of mapped reads on a particular reference genome considers the portion of this
504 genome covered by the mapped reads, the percentage of similarity between mapped
505 reads and the reference or other similar indicators to eliminate potential false positive re-
506 sults. Including suitable reference samples as controls during sample preparation and se-
507 quencing can help to eliminate such errors [9]. Similar to reads, contigs generated by de
508 novo assembly can also be mapped to the reference databases. Due to the greater length of
509 the contigs, less erroneous mapping results are expected. However, the same recommen-
510 dations for careful inspection of mapping results apply.

511 4.3.4 Protein domain searches

512 Searching for known viral domains by matching translated protein sequences of
513 reads/contigs with Hidden Markov Models (HMMs) of known protein domains using
514 programs such as HMMER [89] or HMMScan is a popular alternative to BLASTx. With
515 this method, sequences are first translated in all possible reading frames and the trans-
516 lated protein sequences are compared to a database of conserved protein motifs such as
517 PFAM [81] or CDD [82]. These approaches are faster than BLAST-based homology
518 searches and more effective than mapping or BLAST searches for the detection of very
519 distant homologs [90] and therefore, possibly for the detection of novel, very divergent
520 viruses. Like with BLAST, a significance e-value is calculated, allowing the evaluation of
521 the significance of a match. This e-value can be used to filter results, striking a balance
522 between low values and the reporting of false-positives, and high values and the failure
523 to detect a divergent virus.

524 4.3.5 K-mer approaches and machine learning-based approaches

525 Nucleotide k-mer-based approaches can be used to annotate sequences based on the
526 presence and frequency of specific k-mers. Comparing these frequencies is computation-
527 ally less demanding and faster than sequence alignment but requires a lot of computer
528 memory. Even if most of the k-mer-based classification tools, such as Kraken [91,92], Kaiju
529 [93] or Taxonomer [94], are not dedicated toward detection of plant viruses, they can be
530 used for such purpose. Kodoja [95] uses a combination of such tools for the taxonomic
531 classification of plant viruses in metagenomic data. Most of the tools are not very user
532 friendly and the use of k-mer tools for plant virus detection is fairly new, thus some ques-
533 tions remain to be answered, e.g., the usability of k-mer tools on small RNA data sets [95].
534 Methods based on machine learning are being developed for detection of viral se-
535 quences in metagenomics datasets. Several tools have already been published, e.g., Vira-
536 Miner [96], DeepVirFinder [97] or Virnet [98] for human virus detection purpose. Given a
537 metagenome with known composition, a machine learning approaches attempt to find
538 some meaningful patterns that allow to differentiate the host from the virus. When un-
539 known metagenome dataset is provided, the software should be able to discriminate virus
540 sequences from host sequences using the learnt pattern. Machine learning tools are new
541 in this field, thus, we still lack their in-depth comparison with the more known approaches

542 discussed above.
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Most important considerations to keep in mind during the data processing

L. Quality control and sequence preprocessing

a.

=k

f.

What is the average quality of the sequences? [For Illumina, the Phred values histogram have the peak
around 37-40]

Is the size distribution of sequences in accordance to library preparation approach? [For example, peak at
21-24 bp for sSRNAs]

Do you have a sufficient number of reads for the detection limit you want to achieve? [In general, we
recommend 3 - 5 million reads (150-250 nucleotides long) per sample for total RNA-seq or 1-4 million reads
for sSRNAs. A million reads would suffice for both in most cases. However, in some cases, e.g., for detection
of viruses in fruit trees, much more reads will be needed ]

Are there not too many read duplicates? [In case of lots of reads duplicates, for example> 20%, there might
have been too many PCR cycles during the library preparation, leading to a low diversity library which
lowers the limit of detection.]

Are the adaptor, primer, barcode sequences, spiked sequences etc. removed?

[f the end of the reads is of lower quality, did you consider quality trimming?

II.  Demnovo assembly

a.

Are the parameters set according to the input sequence data? [For examplek-mer length for de Brujin
graph assemblers. |

Are the cut-off values set to accommodate detection of widest possible range of viruses? [Coverage, contig
length cut-offs: set contig length cutoff at low lengths, e.g., twice the length of the reads to detect also
possible low-titer viruses assembled only in short contigs.]

I1I. Similarity searches

a.

Does the method or combination of methods you use allow for detections of known and unknown viruses
and viroids? [Perform similarity searches both on level of nucleotide and translated protein sequences]

Is the database used up to date?

How reliable are the viral hits? Are the E-values etc. interpreted correspondingly to the used database? [Use
more stringent filtering parameters or expect much more false-positive hits with smaller, e.g., virus only
databases; check the relevant results manually and by another analysis approach.]

What portion of the length of the viral genome is covered by the reads / contigs, and how many
reads/contigs are assigned to the virus? [If only a very small fraction of genome is covered or very small
number of reads is assigned, it might be a false positive.]

What fraction of the reads is assighed to be of viral origin, and does this more or less agree with your
expectations based on the literature and your experience? [The expected number of viral reads depends
partially on factors you can control such as quality of RNA extraction, addition of rRNA removal step, but
it can also be out of your control since this also depends on the host plant and the viral load]

Can any of the hits be a process or index-crosstalk contaminations?

Can any of the viral sequences correspond to inactive viral sequences integrated in the host genome or host
sequences with reported similarity to host genes?

What are the % identities between the reads/contigs and the detected virus? Are detected viruses new or
known viral species (go to Figure 4)?

Figure 3: Checklist of the most important considerations to keep in mind during HTS data pro-
cessing for detection of plant viruses

4.3.6 Which analysis approach should I choose?

The variety in similarity-based annotation approaches is striking. Choosing the most
relevant one will depend on criteria such as the aims of the study (diagnostic, meta-
genomics) and the time/computational power available. Whichever program/approach is
selected, it is important to consider its limitations and to properly set the key parameters
to avoid false-positive or false-negative results. Fast programs can be used as a filtering
step and then validated by slower approaches, or alternatively, two approaches can be
used to validate each other. If computational time or power is not a serious limitation,
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554 combining several approaches may enhance the ability to obtain an accurate annotation
555 [99]. We also provide a checklist, identifying the most important considerations, which
556 should be taken into account when analyzing HTS data (Figure 3).

557 Moreover, when analyzing the data obtained from long-read technologies, one
558 should pay special attention to using approaches which enable efficient processing of such
559 data. Mapping algorithms have been developed for processing of long read data with
560 higher error rates, such as Minimap2 [100]. For BLASTx-like similarity searches, algo-
561 rithms, which can handle frame-shift mutations (caused by the relatively higher error
562 rates), such as DIAMOND [87], are preferred. Assembly and polishing of long read data
563 can improve further processing [101] and improve the chances for correct identification of
564 viral sequences in the data.

565 4.3.7 Taxonomic classification

566 To assign viruses to taxonomic ranks species demarcation criteria specifically set for
567 different viral genera need to be followed. Often, identities <75% at the nucleotide or pro-
568 tein level are indicative of a new viral species, however, the threshold might be also lower
569 or higher, such as at <91% for begomoviruses. Identities <60% might be indicative of a
570 new viral genus, however, the threshold might be also lower or higher, such as <45%
571 within Befaflexiviridae family. As noted, these criteria differ substantially between virus
572 families and genera but up-to-date information is published by the International Commit-
573 tee on Taxonomy of Viruses (ICTV) in the latest taxonomy reports [102,103] that can be
574 found online (https://talk.ictvonline.org/taxonomy/). Once a sequence is identified to a
575 family or genus level, a pairwise sequence comparison (PASC) webtool [104] to support
576 virus classification, hosted by NCBI (https://www.ncbi.nlm.nih.gov/sutils/pasc/), can
577 quickly provide an indication on how a new sequence fits in that genus or family. In cases
578 where virus sequence identity is near the limit of the identity cut-off values for different
579 species, additional information and/or justification may be required for their definite clas-
580 sification. These could include biological information such as host species, vector species
581 or symptom types, but if enough isolates have been sequenced population genomics ap-
582 proaches can also be employed [105].

583 Strains of viruses do not fall under official taxonomy. Rather, they are definitions
584 utilized by communities of practice around virus species and would thus require a review
585 of the literature concerning the specific virus species to be able to classify the sequence to
586 a particular strain or phylotype. This is a process that generally includes phylogenetic
587 analysis of the identified sequence with published virus (reference) sequences.

588 The approach described above can be rather straightforward if complete genomes of
589 viruses with a single genome segment have been assembled. However, things can become
590 more ambiguous in situations where a new virus has multiple genome segments or have
591 been incompletely assembled, resulting in several contigs corresponding to different parts
592 of a viral genome. The individual contigs for a novel virus may be equally distantly related
593 to several known viruses and can then show the highest level of similarity with different
594 viruses, which could lead to the erroneous interpretation that several new viruses are
595 found in the same sample. This issue will often manifest itself in the previous step of sim-
596 ilarity searches, and to resolve this the first recommended step is to identify the taxonomic
597 position of all the best hits identified for the different viral contigs. If several best hits fall
598 within the same genus or family, one could suspect they may correspond to the same
599 virus. The next step would be to investigate the general viral genome structures in the
600 identified genus or family from the ICTV reports and ascertain if the different best hits
601 correspond to the same or different genomic regions for that type of virus. If they are all
602 different, it is likely that a single new species is present, if the same region is covered by
603 multiple contigs which differ significantly from each other, then the scenario of multiple
604 new viruses belonging to a similar taxonomic group is more probable. A checklist in Fig-
605 ure 4 contains most important points to keep in mind for taxonomic classification of viral

606 sequences obtained by HTS.
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Taxonomic classification
I. If you obtained one or more single apparently full-length sequences of clearly distinguishable viruses:
a. What taxonomic group does the virus correspond to, based on database annotations?

b.  What are the taxonomic demarcation criteria for the identified taxonomic group
(https://talk.ictvonline.org/taxonomyy/)?

c.  If falling within a known family or genus, how does the sequence fit, based on taxonomic criteria of that group
(https://www.ncbinlm.nih.gov/sutils/pasc/)?

i. If clearly falling within or outside of a taxonomic group based on sequence demarcation and genome
organization criteria, define species or new species. Perform phylogenetic analysis with other isolates
from same and related species for support.

. Define strains based on literature if relevant.

ii. If not clearly falling within or outside of the corresponding group, consult disdplinary literature for
guidance, or define as unclassified related virus and refer to ICTV.

d. If falling outside of known taxonomic groupings based on ICTV criteria, perform phylogenetic analysis of
conserved proteins with most closely related virus groups to determine evolutionary position. Based on these
analyses, suggestions can be made for new taxonomic groupings for consideration by the ICTV.

II. If you obtained apparently partial sequences or sequences corresponding to multiple genome segments of one or more
viruses:

a. Do sequences show highest similarity to same or different viruses?

i. If highest similarity is always the same virus, follow checklist starting from step La. using each
individual contig to check for consistency in step L.c. If inconsistent, perform phylogenetic analysis of
individual contigs for evolutionary consistency.

ii. If highest similarity is to different viruses, check if sequences correspond to the same taxonomic
grouping at family or genus level

. If yes, check if contigs cover the same or different parts of the viral genome

o If contigs cover different parts of the genome, they probably correspond to asingle
virus, follow checklist starting from step l.a. using each individual contig to check for
consistency in step [.c. If inconsistent, perform phylogenetic analysis of individual
contigs for evolutionary consistency.

o If contigs cover the same part of the genome, separate contigs covering similar regions
and analyze them individually following the checklist from L.a. checking for consistency
in step Lec. If inconsistent, perform phylogenetic analysis of individual contigs for
evolutionary consistency.

Figure 4: Checklist of the most important considerations during taxonomic classification of plant
viruses detected by HTS.

New viruses belonging to previously undescribed families and/or genera can often
only be reliably aligned by using the translated amino acid sequences of conserved genes
such as polymerases and coat proteins. In these cases, phylogenies generated with viruses
from related genera or families are needed to determine the exact taxonomic position.
Additional criteria, such as number of open reading frames and overall genomic organi-
zation need to be considered to classify a virus as a member of a new genus or family.
When there is uncertainty, viruses can be categorized as unclassified new species, until
new evidence arises that can support a definite classification.

Irrespective of the situation encountered, to become officially recognized species,
generally a near complete genome sequence, including the complete coding sequence in-
formation, is required by the ICTV to assign a ‘sequence only’ virus to a species level. If
relevant supportive biological data is available that rule is more relaxed and will be de-
termined by the relevant virus family study groups.
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4.3.8 “Quick start” methods

Depending on the computational background of the user, there are different ways to
approach the analysis. Many software solutions are available for detecting the presence
of (plant) viruses in HTS datasets, summarized recently by several reviews [106,107]. For
beginners or newcomers in the field, all these tools can be overwhelming. The quick-start
guide (Figure 5) might be handy to select an appropriate tool or pipeline.

Quick-start guide to start analyzing HTS data for virus detection

Where do I get (test) data?

Using well-characterized datasets is crucial to evaluate the classical performance criterin of an analysis pipeline, such as
diagnostic sensitivity (depending on false negatives), reproducibility and false discovery rate (depending on false positives).

What?

More information

Links

10 Mumina sRNA datasets used in performance
testing study involving 21 labs

Massart et al., 2019
[67]

https://github.com/plantvirology/COST_Action
_PT/releases

7 semi-artificial datasets composed of real lllumina
RNA-seq datasets from virus-infected plants spiked

with artificial virus reads, 3 real datasets and 8

Tamisier et al., 2021

completely artificial datasets. Each dataset addresses  [118]

specific challenges that could prevent virus
detection.

Preprint:
https://zenodo.org/record/4293594# X8D6GLPj]
EY

Data:

https://gitlab.com/ilvo/VIROMOCK challenge

How do I choose an analysis pipeline?

The choice of a suitable analysis pipeline depends on the type of data, the application, available resources and bioinformatics
skills. Regardless of these considerations, each pipeline must roughly contain the different analysis steps as explained in the
main text (chapter 4) and in Figure 2. Somne suggestions for pipelines for analyzing Illumina RNA-seq data for virus detection

are given below (summarized on hitps://gitlab.com/ilvo/phbn -wp2-training).

Bioinformatics skill Available resources
level

Recommended type of
pipeline

Suggested software (more info: Table 2)

Low to moderate Low

Web- or cloud-based tool

VirFind®, VirusDetect*, IDTaxa, Kaiju
“dedicated lo plani virus detection

Meoderate, willing to pay

Low to moderate .
license fee

GUI-based commercial
software

CLC Genomics Workbench, Geneious Prime
Pre-built pipelines available at:
hittps:/igitlab.com/ilvo/phbn-wp2-training

Moderate, limited to

Low to moderate
open source software

GUl-based open source
software

VirTool, Galaxy with Kodoja plug-in installed
Ask your IT department to set up a local instarice.

VirusDetect, virAnnot, Kodoja®, Angua’

Moderate to high Dedicated and-li . .
Moderate to high ‘_:) crateto ug eclicated command-ihe *Available as conda package, which eases

(Linux-based OS) software packages . .

installation.
Custom-built pipeline Combination of selected tools for each step
, Moderate to high combining ditferent mentioned in Figure 2, automated using a shell

High . . . S g :

(Linux-based OS) command-line software script or pipeline building software (e.g.,

packages

Snakemake, Nextflow).

How do I interpret the data?

The interpretation of the results is highly dependent on the pipeline you use. Make yourself familiar with the different steps of

the chosen pipeline and possible drawbacks of each step by thoroughly reading the manual(s). A helpful guide to identify the
weak points of your pipeline can be the checklist in Figure 3. Also, the taxonomic classification of your sequences should not be
taken for granted, and should be considered cavefully as explained in Figure 4. Finally, a confirmation of your virusfviroid
present by an independent technique is strongly recommended as discussed in chapter 4.4.1.

Figure 5: Quick-start guide assisting selection of analysis approaches for plant virus detection

from HTS data.
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632 Among these options, easy-to-use pipelines that do not requiring extensive compu-
633 tational expertise might be a good start. These pipelines present a user-friendly interface
634 on-line or directly on the computer. A first group of pipelines can be considered as “all in
635 one”: they automatically start on the raw data to deliver the final results as a list of viruses
636 detected. They may or may not allow the adaptation of parameters. A second group cor-
637 responds to pipelines for which the different steps of the process have to be done sepa-
638 rately and independently. This is the case when using commercial software such as CLC
639 Genomics Workbench or Geneious Prime, which both also enable the building of custom-
640 ized “all-in-one” workflows. Table A1 summarizes the pros and cons of the most common
641 “easy-to-use” analysis solutions. Ease of use may generate a false sense of confidence in
642 the results and as with all pipelines. Understanding of the steps and the parameters of the
643 pipelines, as well as critical interpretation of the results is always required.

644 4.4 What to do when the data analysis is concluded?

645 4.4.1 Identity confirmation by an independent technique

646 As for many other test methods, HTS may sometimes provide false positive results.
647 If consequential, it is therefore important that HTS results are confirmed.

648 The need to confirm the identity of a pest depends on the context of the analysis and
649 on the type of organism identified (e.g., identification of a quarantine compared to an en-
650 demic pest). The results must be confirmed in cases considered critical to national or in-
651 ternational plant protection programs. These are the detection of a pest in an area where
652 it is not known to occur or in a consignment originating from a country where it is de-
653 clared to be absent; and also, when a pest is identified by a laboratory for the first time
654 (EPPO PM 7/76, 2019). The identity of any uncharacterized pest with potential risks to
655 plant health should also be confirmed by another test. Whilst a virus in its common host
656 is unlikely to require confirmation (if not regulated), it may be useful if associated with
657 different symptoms (e.g., an emerging strain) or if detected in a new host.

658 When confirmation is needed, it is recommended to use a test or a combination of
659 tests based on different biological principles (e.g. ELISA or targeted PCR instead of rese-
660 quencing the sample using the same protocol). If available, validated tests should be used
661 and a new sample extract obtained for analysis. The selection of confirmatory tests de-
662 pends on the performance characteristics required, the general characteristics of methods
663 for plant virology have been reviewed by Roenhorst et al. (2018). If no other tests are avail-
664 able to confirm the identity of the pest (i.e., poorly characterized and uncharacterized or-
665 ganisms), primers should be designed and tested, based on the HTS sequence data and
666 available sequence information in the sequence databases. Alternatively, generic primers
667 that enable the amplification of viruses within a genus or family, including the targeted
668 one(s), followed by Sanger sequencing of the amplicons could be used to confirm the iden-
669 tity.

670 4.4.2 Biological characterization post HTS detection

671 Based on HTS, the list of thus far unknown or poorly characterized viruses for which
672 only genome data are available is rapidly increasing [109]. This presents a challenge for
673 the further steps necessary to determine the causative relationship to a disease and guide
674 phytosanitary diagnostic laboratories on data interpretation and recommendations. Vi-
675 ruses for which only genome data are available can indeed be taxonomically assigned but
676 the real challenge is to attribute biological meaning to their detection. The interpretation
677 of the biological relevance applies mainly to poorly characterized and uncharacterized or
678 newly discovered viruses. For example, the viral sequences detected may correspond to a
679 bona fide virus infecting other organisms associated with the sample, including bacteria,
680 fungi or arthropods [110,111] or to viral sequences integrated into the plant genome
681 [112,113]. As stated previously [113], relevant scientific expertise is essential for sound

682 biological interpretation of HTS results, in particular when identifying a target with a low
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683 titer, a poorly characterized species, an uncharacterized organism or sequences integrated
684 in the host genome [67,114].

685 The extent to which additional biological characterization is performed depends
686 largely on the potential risk the organism(s) would pose to plant health, although acqui-
687 sition of such data may take time or may not be possible (e.g., lack of human and/or fi-
688 nancial resources). The scaled and progressive scientific framework proposed by Massart
689 et al. (2017) is a useful tool for guiding the biological characterization and the risk assess-
690 ment of an uncharacterized or poorly characterized plant virus detected by HTS.

691 4.4.3 Sharing data to leverage knowledge

692 After the detection of the virus in the laboratory, the researcher or diagnostician faces
693 an important dilemma: when and how to share data publicly. As shown by recent exam-
694 ples [115-117], pre-publication data sharing between laboratories brings valuable infor-
695 mation to address the risks raised by a virus. Sharing data will give a more global picture
696 of its geographical repartition, its genetic diversity, its host range and symptomatology,
697 allowing a contextualized risk analysis and avoiding unnecessary regulatory action.
698 When shared, the genome information usefulness is leveraged. Data sharing must also
699 include metadata from the sample (e.g., origin, species, cultivar, time point, organ of sam-
700 pling). Nevertheless, data sharing is not always easy due to regulatory implications and
701 for commercial work laboratories may be bound by confidentiality agreements [7]. Be-
702 sides sharing sequence data itself, sharing of analysis pipelines, protocols and experiences
703 between labs can greatly contribute to the harmonization of the field and provide useful
704 resources for newcomers to the field. The recently established Plant Health Bioinformatics
705 Network (PHBN) aims to foster this approach and provide protocols, pipelines
706 (https://gitlab.com/ilvo/phbn-wp2-training) and reference datasets
707 (https://gitlab.com/ilvo/VIROMOCKchallenge) [118] that can be widely employed. It also
708 aims to organize community efforts to advance certain aspects of plant health bioinfor-
709 matics (https://gitlab.com/ilvo/PHBN-WP4-RNAseq Community Screening).

710 4.4.4 Additional bioinformatics analyses

711 Further analyses, beyond viral detection and taxonomic classification, can be per-
712 formed on HTS data, depending on the goal of the study. For instance, the large amount
713 of sequence generated by HTS allows a good resolution of the within-host genetic diver-
714 sity of the viral populations. Assessing the genetic diversity within and among viral pop-
715 ulations can provide a better understanding of virus evolution and help to determine pop-
716 ulation genetic parameters or epidemiological patterns. This can be done using single nu-
717 cleotide polymorphism (SNP) calling algorithms, which need to allow detection of low
718 frequency variants expected in virus populations. Other analysis, like genetic recombina-
719 tion detection, can also be performed. The most popular software solutions, which detect
720 recombination patterns comparing full or partial viral genomes and run on Windows, are
721 RDP4 [119], SimPlot [120] and TreeOrder Scan [121]. ViReMa (Viral Recombination Map-
722 per) can be used for detection of recombination junctions, as well as insertion/substitution
723 events and multiple recombinations within single reads [122], and has been successfully
724 applied for the analysis of recombination events in plant virus genomes [22,123,124]. Phy-
725 logenetic relationships among the detected and previously known viruses can also be in-
726 vestigated using fast neighbor-joining algorithms [125], more precise maximum likeli-
727 hood approaches [126,127] or Bayesian analysis approaches [128]. Freeware phylogenetic
728 analysis suites, such as MEGAN [129], or phylogenetic analysis algorithms integrated
729 within commercial software, such as CLC Genomics Workbench and Geneious Prime, can
730 be used. Studying the time of emergence of viral species and strains including the distri-
731 bution of the genetic diversity across geographical sites can be done using software such
732 as BEAST [130] and SPAGeDI [131].

733
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734 5. Conclusions and outlook

735 In this review we aimed to provide an informative primer on the generation and
736 analysis of HTS data for detection of plant viruses. Even though the field of HTS is trans-
737 forming rapidly and new platforms and analysis tools are being developed constantly, the
738 basic concepts of data analysis reviewed here will remain relevant in the future. In the
739 next few years, we expect a great increase in the use of the long read HTS platforms. New
740 algorithms and pipelines for analysis of data will continually be developed, building on
741 some of the concepts described above. These developments are likely to focus in two main
742 areas. Firstly, the adoption of deep learning approaches will likely be more and more in-
743 tegrated into the field of virus detection, on different levels, from similarity searches to
744 the estimation of detection confidence levels, to enable the more robust detection of virus
745 sequences that are more distantly related to those we currently recognize. Secondly, with
746 the further development of nanopore sequencing-based platforms, potentially facilitating
747 on-site HTS analysis of samples, we will need faster and more memory-efficient analysis
748 approaches to enable rapid data analysis, potentially away from centralized facilities.
749 Moreover, guidelines are being developed to enable validation and verification of HTS-
750 based detection of plant pathogens in research and diagnostic settings, which also include
751 bioinformatics steps of the analysis [9]. These guidelines will provide detailed information
752 on how to use appropriate controls and which specific results parameters to use to ensure
753 the validity of the results, briefly covered in Figure 3 and Figure 4 in this text. Finally, we
754 encourage the readers to use this guide as a starting point for the selection of appropriate
755 analysis approaches and to get further informed about the specifics of the algorithms (Fig-
756 ure 5). By combining knowledge on the analysis approaches with a sound plant virology
757 background, we can maximize the potential of these technologies and provide sound in-
758 terpretation of the results.
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770 Appendix
771 Table A1: List of selected easy-to-use analysis solutions for detection of plant viruses with their pros and cons
Lo Brief descrip- Web link / Pub-
Pipeline . L Pros Cons
tion lication
e  Uses complete NCBI GenBank database for vi-
Easy to use: single command to run one or multiple datasets ruses (divided along host type) for reference map-
simultaneously. ping and identity searches. NCBI GenBank se-
Performs de novo assembly and reference mapping in parallel, quences are poorly curated and may lead to re-
including optional host genome subtraction and identified ports of wrong results.
contigs through BLASTn & BLASTx. e  Creating & formatting new custom or up to date
Virus discovery http://vi- Automatic results organization and presentation in html table NCBI GenBank reference library is not very
Virasdetect using sSRNA and  rusdetect.fei- providing key metrics on coverage, sequence depth, virus and straightforward and ready formatted updates are
RNAseq se- lab.net genus name and link to visual map and NCBI GenBank refer- not uploaded very regularly to the VirusDetect
quences [132] ence sequence. webpage.
Options to modify key assembly, mapping and reporting pa- e  Currently requires Linux environment, which is
rameters. an impediment for many diagnosticians.
Windows version with visual interface & automatic quality e Default reporting cutoff settings are optimized for
control and trimming to be released in 2021. siRNA to minimize false positives due to index-
Available via user account online. hopping, however may lead to non-reporting of
low concentration viruses.
Open source modern graphical optimized for cloud compu-
ting.
www.virtool.ca User and group control with password protection; sample
HTS sample . ) . )
manager with vi- data management; security and QA features. e  Requires some more computational skills for user
rus detection, https://github.co Support for multiple workflows and versioned databases for (or help of informatician) to install a local server
Virtool . m/virtool/vir- viral and non-viral pathogens. on Linux operating system.
discovery and . . e .
analysis work- tool Can process short and long reads (Illumina, Oxford Nanopore e  limited ability to change parameters within a
Technologies). workflow.
flows
[36] Result visualization, filtering, and sorting.

HTTP API for automation or integration with other services
such as LIMS.
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Lo Brief descrip- Web link / Pub-
Pipeline . Lo Pros Cons
tion lication
Wide options to modify assembly, mapping, annotation and
Command-line clustering parameters. e  Requires a Linux environment, which is an imped-
tool for virus de- Performs parallel analysis of samples from the same dataset. iment for many diagnosticians.
virAnnot tection and viral ~ [133] Estimation of viral diversity through Operational Taxonomic e Need a cluster access for the annotation step.
diversity estima- Units (OTUs). ¢  Requires a good knowledge of command-line and
tion Easy results visualization with Krona and phylogenic trees. Unix packages installation.
. . . http://virfind.or Available via user account online. e Analysis by online version can take several days.
. Online virus dis- ) ] . )
VirFind tool Performs reference mapping, de novo assembly and conserved e Output only in text files: experience needed for
covery too
v [134] domain searches in parallel or subsequently. further interpretation.
Simple - can be executed with one command, but has a num- . Requires a Linux environment, which is an imped-
ber of parameters/tools which can be tweaked iment for many diagnosticians.
Command-line https://fred.fera. Uses full nt and nr GenBank databases so is sensitive e  Dependent on locally stored nt and nr GenBank
Angua tool for virus de-  co.uk/smc- Manual inspection of results with a local MEGAN installation databases.
tection greig/angua3 improves accuracy e  Blastx stage can take a long time.
Supports single and paired-end analysis e  Manual inspection of results with a local MEGAN
Supports blastn/MEGAN parallelisation installation is required.
k-mer based https://github.co Available as Galaxy plug-in or as command-line tool that can . . .
] A ] ) e Requires a Linux environment for the command-
. command-line m/abaizan/ko- be installed using conda. ) o ] ] .
Kodoja . . . . line tool, which is an impediment for many diag-
tool for virus de-  doja k-mer based rather than assembly and mapping, which makes i
nosticians.
tection [95] it more sensitive and computationally less intensive.
e  Undescribed virus or viral strain will not be de-
. tectable using this pipeline.
Targeted virus ) . . .
] ) . L e  Only grapevine and citrus viruses are available,
detection using Results easy to interpret, good sensitivity. .
Truffle [135] ) ] ) however e-probes for other viruses can be de-
e-probes based Requires relatively low computational resources. irred
signed.
approach & . . . c1 .
e  Requires a Linux environment, which is an imped-
iment for many diagnosticians.
. L Both standalone and web server available. . ) .
Online meta- http://kaiju.binf. ] ] o o ) e Not specifically made for virus detection.
. . . Quick analysis not requiring any knowledge in bioinformatics . . .
Kaiju genomic analysis  ku.dk/ . e  Protein based, hence blind for non-coding se-
and data analysis. o .
tool [93] quences (viroids, satellites).

Prepared downloadable databases available.
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Lo Brief descrip- Web link / Pub-
Pipeline . Lo Pros Cons
tion lication
Workflow sys- https://usegal- Web-based platform. e  Limitin data upload, unless if you establish own
Galaxy tem for compu- axy.org Open source. local galaxy server.
tational analyses  [136] Vast choice of computational biology tools. e Not specifically made for virus detection.
e Not possible to change parameters of the work-
Online meta- https://id- Easy-to-use visual interface of results. flow.
ID-Seq genomic analysis  seq.net Quick analysis not requiring any knowledge in bioinformatics ¢  Complementary software needed for reads align-
tool [137] and data analysis. ment.
e Not specifically made for virus detection.
Graphical interface.
Multiple plugins available, including some frequently used
Software for mo-
. freeware assembly algorithms. . Licensed, including license fee;
. . lecular biology https://www.ge- . . . .
Geneious Prime . Automated, customizable workflows. e  HTS data analysis requires computational re-
and sequence neious.com .
vsi Constant release of updated versions and customer support. sources.
analysis
Y Nice and efficient visualization tools.
Free trial version available.
https://digi-
talinsights.qi-
agen.com/prod-
Comprehensive  ucts-over- Graphical interface.
. software solu- view/discovery- Automated, customizable workflows. e  Expensive ongoing licensing fee.
CLC Genomics
Workbench tion of molecular  insights-portfo- Constant release of updated versions and customer support. e  HTS data analysis requires computational re-
orkbenc

biology analysis

tools

lio/analysis-
and-visualiza-
tion/giagen-clc-
genomics-work-
bench/

Nice and efficient visualization tools.

Free trial version available.

sources.
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