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Abstract

Background ONT sequencing has been previously evaluated for its ability to detect plant viruses and viroids. Its
advantages, such as longer read lengths and real-time analysis, compete with extensively validated Illumina platforms
for possible incorporation into routine pathogen detection. The continuous development and improvement of ONT
sequencing along with the discontinuation of older equipment and reagents, necessitate a renewed comparison of
these sequencing platforms, specifically in citrus where only limited research is available.

Results This study compared the ability of Oxford Nanopore Technologies (ONT) sequencing, using the MinlON
flow cell, with lllumina sequencing, on the NovaSegX platform, to accurately detect three viruses and three viroids
in citrus. Both technologies were able to identify all pathogens using both reference-dependent and independent
methods. While Illumina sequencing re-established the high sensitivity, coverage and accuracy seen previously,
ONT compensated for fewer pathogen reads and lower depth with longer reads that enabled reasonable genome
coverage and sequencing identities comparable to that of lllumina. Moreover, the pooling of data from different
ONT barcode datasets from a single sample, improved comparability to lllumina results as small variations in library
preparation, sample loading and flow cells can lead to a significant decrease in sequencing data. Reference gene
expression profiles were also investigated to evaluate internal controls and check outlier samples. The ONT platform
also had a shorter turnaround compared to lllumina sequencing.

Conclusion The use of ONT sequencing may offer advantages for small-scale routine pathogen detection. It has
the potential to accurately detect pathogens and discover novel viral agents. This comparison between lllumina

and ONT platforms highlights the strengths associated with each approach and offers new insights into the possible
application of high-throughput sequencing (HTS) within plant health surveillance and biosecurity programs.
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Background
High-throughput sequencing (HTS) technologies have
altered the landscape of pathogen identification and
detection by offering various advantages over con-
ventional methods. It has the ability to detect novel
pathogens, analyse and elucidate mixed infections simul-
taneously, offer new insights into pathogen biology and
ecology as well as the potential for accurate and rapid
diagnostics. This makes it an attractive technology to
implement in viral disease management [1-6]. Vari-
ous agriculturally important crop industries are glob-
ally threatened by an array of viral pathogens. Due to
the nature of viral pathogen transmission; surveillance,
certification and quarantine programs are crucial to pre-
vent the introduction and dissemination of potentially
harmful pathogens. The cornerstone of these programs
is reliable, accurate and, to a certain extent, rapid patho-
gen detection [1, 7, 8]. These programs could, therefore,
greatly benefit from the inclusion of HTS and various
countries are currently in different stages of incorporat-
ing this technology into their plant disease management
protocols [2, 4, 9, 10]. Given the relative recent develop-
ment of this technology, the issues regarding standardisa-
tion and optimisation for routine implementation thereof
persist. The difficulty in adopting HTS for these pro-
grams is largely because the technology is still evolving.
New developments and improvements occur constantly
while older reagents, instruments, software and analysis
pipelines are discontinued. As a result, established proto-
cols must be continually updated and adapted [2, 8, 11].
Consequently, multiple platforms based on different
sequencing chemistries have been developed and vali-
dated for plant viral pathogen diagnostic use [1, 3, 5, 6,
9, 12]. Notably, the most widely used platform is Illu-
mina, which provides high-throughput, short-reads with
very low error rates [3, 10]. Recently, third-generation
technologies like nanopore sequencing from Oxford
Nanopore Technologies (ONT) have come to rival the
performance of Illumina by offering alternative advan-
tages while maintaining an adequate sequencing quality.
ONT generates long-read sequences that are preferred
for certain applications and it has the added benefit of
possible real-time analysis [13, 14]. Furthermore, ONT
has scalable options for sequencing including the por-
table MinION device that can be ideal for use in small
laboratories and possible in-field applications [8, 15].
This variation in sequencing options also implies that the
amount of data generated varies. Compared to Illumina,
ONT produces a relatively large error rate [14], although
according to the newest release from ONT, the kit V14
chemistries used in conjunction with R10.4.1 flow cells
enable over 99% (Q20) accuracy across all read lengths
[16].
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The comparison between Illumina and ONT for appli-
cation in plant virology is currently fairly limited, even
more so for viroid detection, especially given the fact that
most of the consumables used in previous studies have
been replaced and/or discontinued [5, 6, 8, 11, 15, 16].
A study conducted by Pecman et al. in 2022 [8] was the
first to use ONT for viroid sequencing. The ONT Min-
ION sequencer was compared with the Illumina MiSeq
benchtop sequencer using tobacco plants with estab-
lished mixed infections of viruses and/or viroids. This
study not only compared sequencing platforms but also
included a comparison of different ONT sequencing
approaches. They found that cDNA-PCR sequencing of
rRNA-depleted total RNA was most comparable with
[lumina results. Main findings highlighted that while
ONT can produce a similar percentage of virus reads
in the dataset, Illumina still outperformed it regarding
viroid detection. The authors also emphasised that with
an adequate amount of data generated, high quality viral
genomes with high sequence identity could be recon-
structed. These results regarding the efficacy of cDNA-
based ONT sequencing approaches and good genome
coverage for some viral pathogens have also been corrob-
orated in additional studies on apples, citrus and grape-
vine [5, 6, 11]. Contrary to this, in a study conducted on
wheat in 2023 [15], sequencing on the MinION device
with a Flongle adapter showed lower viral genome cover-
age and sequence identity compared to data generated by
the Illumina Hiseq 4000. This was attributed to low data
throughput and high error rates [15] which is likely due
to the use of the Flongle flow cells which produce less
sequencing data than MinION flow cells. Concerns were
also expressed regarding ONT’s ability to detect viruses
at low titer [15]. Recently, in a study on apples, the Min-
ION and Illumina NextSeq2000 were considered, and
this particular study investigated seven cDNA synthe-
sis treatments preceded by a template-switching cDNA
amplification protocol [11]. While relative ONT virus
abundances were higher when certain ¢cDNA synthesis
treatments were used, the Illumina platform still gener-
ated more viroid reads [11]. Interestingly, the treatments
that produced the most favourable results for viruses and
viroids, were not the same indicating how differences in
pathogen genomes might also influence detection with
ONT.

As previously mentioned, ONT has also been used for
citrus virus identification [5, 17, 18], most notably for
citrus tristeza virus (CTV) [5, 18]. Citrus is a globally
important fruit crop [7] with South Africa designated as
the second largest exporter of fresh citrus [1] making it
an important crop to investigate HT'S for pathogen detec-
tion. Including a range of pathogens is imperative for a
panoptic comparison of sequencing platforms [8] and cit-
rus provides a natural host for various viruses and viroids
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[1, 7, 19]. In the present study, three plants were infected
with three viruses; CTV, citrus virus A (CiVA) and citrus
tatter leaf virus (CTLV); and three viroids; citrus exocor-
tis viroid (CEVA), citrus dwarfing viroid (CDVd) and hop
stunt viroid (HSVd). These plants were subjected to Illu-
mina (NovaSeqX) and ONT (MinION) sequencing. Data
generated from these platforms were critically compared
based on their ability to accurately detect all pathogens
using reference-dependent and independent bioinfor-
matics approaches. All of these pathogens are currently
incorporated into the citrus improvement scheme of
South Africa and results obtained in this study could
directly contribute towards the validation of the use of
HTS in not only citrus but various plant quarantine and
certification programs. Comparing Illumina and ONT
strategies and carefully evaluating all factors surrounding
these platforms, may help diagnosticians find the middle
ground between performance and practicality in plant
virus diagnostics.

Methods

Plant material and total nucleic acid extraction

Three Citrus sinensis (L.) Osbeck cv. ‘Madam Vinous’
sweet orange plants with established infections were
selected to perform the comparison between ONT and
[lumina sequencing platforms (MV4, MV5 and MV9).
These plants were previously graft inoculated with a
source plant with a pathogen profile well-characterised
by both HTS and RT-PCR [1]. This virus profile included
CTV with a 19.3 kb positive-sense single-stranded RNA
genome (+ ssRNA) [20], CiVA with a negative sense sin-
gle-stranded (-ssRNA) bipartite genome of 6.5 kb (RNA1)
and 2.3 kb (RNA2) [21] and CTLV which is 6.5 kb and
also +ssRNA [7]. The viroid profile included CDVd (297
nt), CEVd (372 nt) and HSVd (302 nt).

Total nucleic acid was isolated from the leaf midribs
and petioles using a protocol adapted from Arruabarrena
et al. (2016) and Onate-Sianchez and Vicente-Carbajosa
(2008) [22, 23]. Most modifications made included the
upscaling of the extraction protocol to accommodate
a larger amount of input plant material (0.457 + 0.138
g) but the content and concentration of all buffers and
solutions remained the same. Briefly, plant material was
homogenised in 5 ml cell lysis solution (pH 4) in a Bio-
reba extraction bag and incubated at room temperature
for 5 min. Approximately 2 ml plant liquid was trans-
ferred to clean microcentrifuge tubes and centrifuged
(17 136 relative centrifugal force (rcf)) at room tem-
perature for 1 min to pellet debris. 1.2 ml of the super-
natant was transferred to a new microcentrifuge tube
and 400 pl of protein-DNA-precipitation solution was
added and microcentrifuge tubes were inverted to mix
contents. These tubes were then incubated on ice for 10
min, and centrifuged (17 136 rcf) for an hour at 4 °C. The
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supernatant was then transferred to new microcentrifuge
tubes (1 ml) and to precipitate total nucleic acid, 1x iso-
propanol was added to each sample and centrifuged (17
136 rcf) for 15 min at 4 °C. After precipitation, the super-
natant was poured off and the pellet was washed with
600 pl cold 70% ethanol and centrifuged (17 136 rcf) for
1 min at 4 °C. Ethanol was removed and the nucleic acid
pellet was resuspended in 100 pl Milli-Q° water (Merck).
Total nucleic acid was extracted from each plant once
and the same extract was used for both Illumina and
ONT sequencing.

HTS sequencing

A ribo-depleted RNA library for Illumina sequencing was
constructed for each sample with the Illumina TruSeq
Stranded Total RNA Sample Preparation kit with Plant
Ribo-Zero at Macrogen (South Korea). Paired-end HTS
(2x150 bp) was performed on an Illumina NovaSeqX
instrument (Macrogen, South Korea).

ONT sequencing preparation was divided into three
main steps: ribosomal RNA depletion, 3’ polyadenylation
of RNA (poly-A tailing) and then finally library prepara-
tion. Ribo-depletion of samples was performed with the
RiboMinus™ Plant Kit for RNA-seq (ThermoFisher Sci-
entific). The polyadenylation of samples was carried out
as described in the protocol provided by Oxford Nano-
pore Technologies [24] which included the use of E. coli
poly(A) polymerase (New England Biolabs). The cDNA-
PCR Barcoding Kit 24 V14 kit (SQK-PCB114.24, Oxford
Nanopore Technologies) was used for library construc-
tion (according to the manufacturer’s instructions). Each
sample was barcoded with four different barcodes, (MV4
with Barcode 1-4, MV5 with Barcode 5-8 and MV9
with Barcode 9-12). The barcodes were pooled to ensure
a final library for each sample. Each pooled library was
then sequenced on a separate flow cell (R10.4.1) for 72 h
using the MinION device (Oxford Nanopore Technolo-
gies) and MinKNOW 24.11.10 software. Base-calling and
demultiplexing were carried out with the MinKNOW
software using the super-accurate base-calling (SUP)
4.3.0 model. For each sample (plant) individual datasets
associated with each barcode as well as the combined
barcodes per sample, which consisted of the sample data
without demultiplexing, were analysed. Each sample was
barcoded using four barcodes to simulate sample multi-
plexing to evaluate the impact on data generation.

Sequencing quality assessment and trimming

The Illumina sequencing quality was assessed using
FastQC 0.12.1 [25] and SeqKit 2.7.0 [26]. Adapter
sequence removal and quality trimming were performed
using Trimmomatic 0.39 [27] (SLIDINGWINDOW
of 3 nts with Q20, MINLEN of 20 nts) [28]. A quality
threshold of Q10 was applied to ONT data as part of the
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base-calling step using the SUP model of the MinKNOW
sequencing setup. Similar to the Illumina data, the
ONT data was subsequently first visually assessed with
NanoQC 0.9.4 and then basic sequencing statistics were
obtained with NanoStat 1.6.0 [29]. Quality trimming of
the ONT data was carried out with NanoFilt 2.8.0 (mini-
mum length of 20 and minimum average read quality
score of 10) [29]. The poly-A tails of reads, generated
during library preparation, were removed using Cutadapt
1.9.1 [30].

De novo assembly and taxonomic sequence classification
Trimmed Illumina data was subjected to de novo assem-
bly using SPAdes 3.14 and default parameters [31]. The
assembled contigs were identified using BLAST+ stand-
alone against a local copy of the NCBI GenBank nucle-
otide database (downloaded January 2025) using the
Blastn 2.15.0 algorithm [1, 28]. Given the long reads
generated with ONT sequencing and the relatively small
genome size of viroids, trimmed and unassembled ONT
reads were identified using Blastn following the same
identification procedure used for the Illumina data. For
further comparison, Kraken2 2.1.3 taxonomic sequence
classification [32] was performed on Illumina and ONT
datasets using the unassembled trimmed data for both
platforms. Applicable graphs were constructed using R
available from the Comprehensive R Archive Network
(CRAN) [33] and the package ggplot2 [34].

Electronic diagnostic nucleic acid analysis

Trimmed data from Illumina and ONT platforms were
subjected to Electronic Diagnostic Nucleic Acid Analysis
(EDNA) on the MiFi® bioinformatics platform [35]. Suit-
able electronic probes (e-probes) were selected from the
e-probe database available on the platform. The e-probes
(Additional file 1) were selected based on the pathogen
profile of the source plant but also included additional
probes for all possible citrus viroids.

Read mapping

The trimmed reads of Illumina and ONT datasets were
mapped to reference genomes obtained from Genbank
corresponding to the pathogen profile of the source plant
(Additional file 2). In order to have an adequate repre-
sentation of CTV diversity, eight CTV genotypes were
included in the read mapping analysis [28]. The trimmed
datasets were also mapped to a set of 12 genes, retrieved
from Genbank (Additional file 2), that were previously
evaluated as C. sinensis reference genes [36]. Pathogen
and reference gene mapping were performed separately
but followed the same general pipeline. For Illumina data,
the Burrows-Wheeler Alignment Tool (BWA) 0.7.18
was utilised [37] and the ONT data was mapped using
minimap2 2.26 [38, 39]. All mapped reads were filtered
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for 80% similarity over 50% of the read and the cover-
age was determined using samtools 1.20 [28, 40]. Addi-
tionally, for the pathogen genome mapping, the per base
(position) read depth was calculated with samtools and
the consensus sequences were extracted (samtools and
bcftools 1.19) [41], aligned with MAFFT 7.49 [42] and
the sequence identities between Illumina and ONT con-
sensus sequences determined. The minimum depth cut-
off was set at one, positions with zero coverage where
masked (by using “-”) and IUPAC nucleotide ambiguity
codes were used where appropriate.

In order to make comparisons between samples and
platforms, the read count of each reference gene and
pathogen was normalised for biological and techni-
cal variation by calculating the transcripts per million
(TPM) [1]. This was done separately for each mapping
instance. To determine the TPM of a sample, the read
count per kilobase of sequence (RPK) was calculated for
every reference sequence. The sum of all the RPKs was
then divided by a million to yield the denominator for the
TPM calculation. The TPM of each reference sequence
was then determined by dividing the sequence’s RPK
with the specific denominator. Where appropriate, com-
parisons between ONT and Illumina data were substan-
tiated with statistical analyses using R [33]. Significance
testing was performed separately for each reference
(genes and pathogens) with the Kruskal-Wallis rank sum
non-parametric test [43, 44] followed by multiple com-
parison testing (n = 3) with Dunn’s test using Bonferroni
correction [45, 46]. All graphs were constructed using the
ggplot2 package [34].

Sequencing cost calculation

The sequencing cost for a single sample was estimated
for Illumina and ONT sequencing platforms. Quotes and
prices that are pertinent to the specific research environ-
ment were used in a context-specific platform cost evalu-
ation. Illumina sequencing was carried out by Macrogen
(South Korea), and the cost of sequencing was calculated
with the quoted amount provided by the service provider.
For ONT sequencing, the cost of the amount of each
reagent necessary for a sequencing reaction with only
one barcode on a single flow cell was determined. This
comparison between platforms comprised of the relevant
reagents and consumables and not equipment-associated
expenses.

Results

Sequencing data quality

Illumina sequencing generated on average 24 million
paired-end reads with an average of 3.64 gigabases (Gb)
per sample (Table 1). This platform yielded exceptional
sequencing quality with an average data retention of
96% per sample after quality trimming. ONT sequencing
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quality was assessed individually for each barcode dataset
(MV4 Barcode 1-4, MV5 Barcode 5-8 and MV9 Barcode
9-12) as well as the combined barcode dataset for each
sample (Table 1). Each sample was sequenced on a sepa-
rate flow cell which varied with regards to pore activity
at the start of sequencing. The sequencing run of MV4
had 1279 available pores at the start of sequencing and
yielded 9.10 Gb of raw combined data, MV5’s run had
considerably fewer active pores (815) and generated 3.78
Gb and MV9’s flow cell performed similarly to the first
sequencing run with 1053 pores that produced 9.54 Gb.
Overall, a single barcode generated an average of 3 mil-
lion long reads per sample which corresponded to an
average of 1.87 Gb. After quality trimming and removal
of poly-A tails, 90% of the ONT data was retained.

De novo assembly and blast

De novo assembled contigs from the Illumina dataset
and trimmed ONT datasets were subjected to Blastn
analysis to determine the virus and viroid component of
each (Table 2). Clear differences in trends were observed
between ONT and Illumina. Illumina had a higher aver-
age fraction of both viruses (6.9%) and viroids (0.016%)
compared to ONT (0.15% and 0.002%). MV9 had a larger
proportion of virus and viroid contigs/reads for both Illu-
mina and ONT compared to the other plants, although
the composition profile still followed the general trends
observed for each sequencing platform. Overall, the vari-
ous datasets from each plant were very consistent with
one another when considering ONT but the MV5 Bar-
code 7 dataset had a larger proportion of unidentified
reads than the other ONT datasets and the MV5 Barcode
6 dataset was the only dataset in which no Blastn hits
were attributed to HSVd.
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Kraken2 sequence classification

Similar to Blastn, Kraken2 also provided an indica-
tion of the proportion of sequences attributed to the
host genome and various pathogens through taxonomic
sequence classification (Table 3). On average 78% of
trimmed Illumina reads and 74% of ONT trimmed
reads were identified as host genome. Although the Illu-
mina data had more unclassified contigs (5.6%), it also
had a larger proportion on average of virus (8%), and
viroid (0.02%) sequences compared to the ONT data
that had 0.09% virus and 0.002% viroid sequences. Nota-
bly, Illumina also had a considerably larger percentage
of sequences attributed to bacteria (0.24%) and fungi
(0.01%). Across different plants, the Illumina datasets
exhibited high concordance. In contrast, the nanopore
datasets showed greater variability, with MV9 differing
from MV4 and MV5 due to a lower proportion of reads
assigned to the host genome. Additionally, all samples
had sequences classified to the species level correspond-
ing to the complete viral and viroid profile expected,
except the MV5 Barcode 6 dataset where no sequences
were classified as HSVd.

Electronic diagnostic analysis with MiFi®

All e-probes that correspond to the expected pathogen
profile indicated a positive diagnostic call on the MiFi°
bioinformatics platform (Additional file 3). The probe set
designed to detect multiple citrus viroids also indicated a
positive call owing to the ability of this probe set to detect
CDVd. The additional viroid e-probes (CVd V, CVd VI
and CVd VII) were negative for all samples as expected.
Similar to the Kraken2 results, no reads associated with
HSVd was present in dataset MV5 Barcode 6.

Table 2 Blastn results from de novo assembled illumina data En trimmed Oxford nanopore technologies (ONT) data across barcode

datasets

Classification* Percentage of contigs / sequences classified (%)

MV4 Barcode 1 Barcode 2 Barcode 3 Barcode 4 Combined lllumina
Virus 0.0922 0.0947 0.0900 0.0882 0.0913 5.7560
Viroid 0.0006 0.0008 0.0009 0.0008 0.0008 0.0143
Other 99.7897 99.6800 99.6577 99.7140 99.7046 93.3404
Unidentified 0.1174 0.2245 0.2514 0.1970 0.2033 0.8894

MV5 Barcode 5 Barcode 6 Barcode 7 Barcode 8 Combined [llumina
Virus 0.0987 0.0971 0.0929 0.0982 0.0968 3.6803
Viroid 0.0017 0.0006 0.0013 0.0011 0.0012 0.0150
Other 99.7469 99.6967 98.9887 99.6494 99.5091 954491
Unidentified 0.1527 0.2055 09171 0.2513 0.3929 0.8556

MV9 Barcode 9 Barcode 10 Barcode 11 Barcode 12 Combined lllumina
Virus 0.2789 0.2888 0.2878 0.2516 0.2732 11.3271
Viroid 0.0041 0.0034 0.0037 0.0043 0.0040 0.0201
Other 99.5977 99.5597 99.5765 99.6124 99.5911 87.7048
Unidentified 0.1193 0.1481 0.1320 0.1317 0.1316 0.9479

*The percentage of identified contigs/reads using Blastn were categorised into four groups: virus, viroid, unidentified and other which refers to all other types of

hits as well as host genome
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Table 3 Kraken2 sequence classification per sample across illumina and Oxford nanopore technologies (ONT) platforms

Classification*

Percentage of contigs / sequences classified (%)

Mv4 Barcode 1 Barcode 2 Barcode 3 Barcode 4 Combined lllumina
Unclassified 0.1330 0.5343 0.5821 0.6069 04846 5.3000
Bacteria 0.0008 0.0043 0.0047 0.0061 0.0042 0.1556
Fungi 0.0001 0.0006 0.0005 0.0005 0.0004 0.0076
Viruses 0.0373 0.0617 0.0576 0.0571 0.0546 8.0950
Viroids 0.0008 0.0007 0.0008 0.0008 0.0008 0.0260
Citrus sinensis 794408 84.3585 82.8263 85.9280 83.3546 79.6795
Other 20.3872 15.0399 16.5280 13.4006 16.1008 6.7362

MV5 Barcode 5 Barcode 6 Barcode 7 Barcode 8 Combined lllumina
Unclassified 1.1332 0.7240 0.8987 0.7909 0.9030 52883
Bacteria 0.0781 0.0133 0.0111 0.0082 0.0287 0.1264
Fungi 0.0009 0.0009 0.0012 0.0009 0.0010 0.0099
Viruses 0.0561 0.0684 0.0572 0.0587 0.0590 7.5684
Viroids 0.0015 0.0006 0.0015 0.0010 0.0012 0.0192
Citrus sinensis 74.3720 84.8229 79.5019 784349 785117 82.0959
Other 24.3582 14.3699 19.5285 20.7054 20.4955 4.8920

MV9 Barcode 9 Barcode 10 Barcode 11 Barcode 12 Combined lllumina
Unclassified 0.4898 0.4497 0.5296 0.4059 0.4603 6.1457
Bacteria 0.0335 0.0509 0.0381 0.0219 0.0340 0.4392
Fungi 0.0041 0.0049 0.0039 0.0058 0.0048 00167
Viruses 0.1501 0.1568 0.1539 0.1309 0.1456 8.6088
Viroids 0.0038 0.0031 0.0035 0.0039 0.0036 0.0263
Citrus sinensis 58.8556 59.0234 60.1470 56.8859 584527 72.9903
Other 404630 403112 39.1240 42.5457 40.8990 11.7730

*The four categories include viroids, specifically citrus viroids (species level), viruses representing citrus viruses (species level), bacteria (root, R1), fungi (kingdom),
unclassified and Citrus sinensis (species level) as designated by Kraken2 taxonomic assignment. R1 is a taxonomic rank code indicating a taxon is between root
and domain ranks. The category “other” represents all sequences not included in the six previously mentioned categories and includes sequences that were not

classified to the level required for each category

Reference gene-associated read mapping

[lumina and ONT reads were mapped to C. sinensis
reference genes to indicate the biological variation asso-
ciated with each sample as well as to compare the expres-
sion profiles of genes across platforms (Additional file 2).
Twelve genes were selected and the TPM count of each
gene was utilised to compare the proportion of mapped
reads to a specific gene (Additional file 4 and 5). Regard-
ing the ONT data, there was little to no variation evident
amongst the barcodes from a sample and even across
samples, the overall portion of TPM associated with spe-
cific reference genes seemed to reiterate one another.
This was also applicable to Illumina data where the TPM
profiles of the three plant samples were congruent. There
was, however, a clear distinction between the TPM pro-
files associated with ONT and Illumina data (Additional
file 4). The genes with the highest average TPM in the
ONT dataset were GAPCI closely followed by UBC9
whereas the TUB gene had the highest average TPM for
the Illumina data (Additional file 5). The significant dif-
ference in TUB’s TPM between platforms (p-value < 0.05)
had a prominent impact on the differential TPM pat-
tern observed (Additional file 6). Additionally, the stark
contrast of the proportion of reads mapped to SAND
(p-value <0.05) and DIM1 (p-value <0.05) between ONT

and Illumina also contributed to the visually distinct
profiles observed (Additional file 4). The only genes that
remained statistically similar between platforms were
UBC21 and Unknown (p-value>0.05) (Additional file
6). Conversely, there was also no significant differences
observed between the combined ONT dataset and the
individual barcode datasets.

The gene coverage (span from the first to the last base
of the reference sequence) for each reference gene per
ONT sample is indicated in Additional file 7 as the cov-
erage distribution of the associated barcodes from that
sample. The gene coverage per Illumina sample is also
indicated (diamond points). All reference genes in the
[llumina data had an average gene coverage of more than
96%, except UBC21 (88%), whereas the gene coverage
of the combined ONT dataset (for each sample, square
points) exceeded 93% for the majority of the reference
genes. However, some genes had more varied gene cover-
age amongst barcode datasets, notably BOX, SAND, PTB,
Unknown and UPL7. These genes were also associated
with relatively low TPM counts (Additional file 5).

Pathogen-associated read mapping
Pathogen reference genomes for all three viruses and
three viroids that correspond to the full pathogen
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complement of the source plant were used in read map-
ping analyses to compare Illumina and ONT datasets. In
order to achieve this, the TPM of each pathogen relative
to the other pathogens in a specific sample was used to
evaluate differences in relative abundance. Relevant CTV
genotypes were also included, and the sum of all geno-
types was used to determine the CTV component of each
sample. Except for dataset MV5 Barcode 6, the expected
pathogen profile was detected in all ONT barcode-spe-
cific datasets and Illumina datasets (Fig. 1). As it was
with Blastn, Kraken2 and MiFi°, dataset MV5 Barcode 6
did not contain any reads that mapped to HSVd. In spite
thereof, when comparing the overall TPM distribution of
pathogens, it is evident that the viroid component was
larger in ONT samples. Therefore, while the pathogen
component was smaller in ONT datasets (as indicated
by Kraken2 and Blastn), the relative viroid component
within the pathogen component was larger compared
to Illumina. Conversely, Illumina samples had a larger
virus component within the pathogen component, but
the distribution amongst viruses was noteworthy. CTV
had the highest TPM count which accounted for an aver-
age of 85% of pathogen reads while in the ONT datasets,
although it was still the pathogen with the highest TPM,
it on average merely accounted for 38.9% of pathogen
reads (Fig. 1). Therefore, CTLV and CiVA-RNA2 com-
prised a significantly larger portion of the ONT TPM
profiles. Furthermore, statistically significant differences
between the ONT and Illumina datasets (p-value <0.05)
were observed for all pathogens, except CiVA-RNA1 and

1000 000

750 000

500 000

Transcripts per Million (TPM)

Barcode_1 Barcode_2 Barcode_3 Barcode_4 Combined lllumina

Plant ID

Barcode_5 Barcode_6 Barcode_7 Barcode_8 Combined lllumina
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HSVd (Additional file 8). As with the reference gene map-
ping, there were also no significant differences observed
between the combined ONT dataset and the individual
barcode datasets. Although the overarching TPM pattern
and trends observed in barcode datasets within a specific
plant were consistent, variation amongst barcode datas-
ets was less pronounced in MV9 compared to MV4 and
MVS5 for all pathogens except CiVA-RNA1 where MV4
barcode datasets had the least amount of variation (low-
est standard deviation).

Pathogen genome coverage

Virus and viroid read mapping also allowed the calcula-
tion of the fraction of each reference covered (genome
coverage) per sample (Fig. 2). The genome coverage of
CTLV, CDVd and CEVd was more than 99% across all
ONT and Illumina datasets (Fig. 2). Contrary to this,
ONT had more variability in HSVd genome coverage,
particularly in the MV5 Barcode 6 dataset, while Illu-
mina datasets all resulted in a consistent 100% cover-
age. CTV (RB) had the highest CTV genotype coverage
and remained fairly consistent across Illumina and ONT
datasets (Fig. 2). For the majority of remaining genotypes,
[llumina sequencing conferred a higher genome cover-
age. When comparing the CiVA genomes, there was also
a discrepancy between the performance of the platforms.
While more than 96% coverage was obtained for RNA2
regardless of plant or platform, Illumina had an average
coverage higher than 99% for RNA1 while ONT cover-
age had an expanded range (22% —100%) across plant

CDvd
CEVd
HSVd

Hl CiVA-RNA1
CiVA-RNA2
CTLV

M CcTV

Barcode_9 Barcode_10Barcode_11Barcode_12 Combined lllumina

Fig.1 Stacked column graph displaying the transcript per million (TPM) values for each pathogen reference pathogen genome across Oxford Nanopore
Technologies (ONT) datasets and Illlumina samples. Combined refers to the pooled data of all four barcode datasets of a specific sample. The pathogen
reference genome abbreviations are listed on the right: citrus dwarfing viroid (CDVd), citrus exocortis viroid (CEVd), hop stunt viroid (HSVd), citrus virus A
RNAT and RNA2 (CiVA), citrus tatter leaf virus (CTLV) and citrus tristeza virus (CTV). Note that CTV as indicated here is depicted as the cumulative value of
all genotype TPM counts included in the read mapping analysis: A18, T30, T3, 768, HA16-5, RB, VT and S1
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Fig. 2 Box and whisker plots of the genome coverage of each pathogen reference genome across samples. The boxplots represent the coverage distri-
bution within a sample using Oxford Nanopore Technologies (ONT) sequencing (each sample has four barcode datasets). The square points are indica-
tive of the combined dataset (pooled barcodes) genome coverage per sample. The diamond points show the coverage for each sample using Illlumina
sequencing. Pathogens included are citrus dwarfing viroid (CDVd), citrus exocortis viroid (CEVd), hop stunt viroid (HSVd), citrus virus A RNAT and RNA2
(CiVA), citrus tatter leaf virus (CTLV) and citrus tristeza virus (CTV) genotypes A18,T30, T3, T68, HA16-5, RB, VT and S1

samples where only MV9 showed full genome coverage.
Notwithstanding, it is important to note that the genome
coverage offered by the dataset of the pooled (combined)
barcodes was always equal to or, more often than not,
higher than what was obtained with a singular barcode
dataset. This was especially evident for CiVA-RNA1 in
sample MV5 where a single barcode specific dataset on
average managed 37.66% coverage and the combined
barcode data improved coverage to 80.18% (Table 4).

Sequencing depth across pathogens

The sequencing depth of each pathogen was estimated
as the number of reads that cover a single base of the
reference sequence during read mapping. As expected,
the sequencing depth obtained for each pathogen was
higher for the combined ONT dataset in comparison to
the average of a single barcode dataset per plant sample

(Table 4). However, the Illumina sequencing depth was
considerably higher than even the depth of the combined
ONT dataset of all barcodes per plant sample. Despite
this, more than 99% genome coverage could be achieved
with ONT datasets with relatively low average depth for
various pathogens including CDVd, CEVd, CiVA-RNA2,
CTLV and CTV(RB) (Table 4). The depth distribution
across pathogen genomes showed slight differences
between sequencing platforms (Fig. 3, Additional file 9).
The viroid depth profiles were similar for Illumina and
ONT data although ONT depth distribution seemed
to be more spread out across bases. Both Illumina
and ONT had somewhat irregular coverage for CiVA-
RNA1 across bases. Conversely, CiVA-RNA2 indicated
a decrease in depth around the middle of the genome
for both ONT and Illumina datasets. This decreased
depth area is however larger (more bases affected) with
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Table 4 Genome coverage (%) and average depth across plant samples
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Pathogen Accession Average ONT barcode dataset Combined ONT barcode dataset lllumina dataset
Genome Coverage (%) Average Genome Coverage (%) Average Genome Cov- Average
Depth Depth erage (%) Depth
Mv4
Cbvd KY110718.1 100.00 5.88 100.00 32.05 100.00 74745
CEvd KY110721.1 100.00 7.96 100.00 36.90 100.00 2536.53
HSvd KY110716.1 93.46 3.34 100.00 14.44 100.00 790.34
CiVA (RNA'1) MT720885 62.52 3.72 94.20 557 100.00 637.20
CiVA (RNA 2) MT720886 99.55 22.88 100.00 53.38 99.93 1513.50
CTLV (TL107) MH108976.1 97.39 10.08 100.00 12539 99.63 271.74
CTV (T30) AF260651 4272 241 57.89 17.38 7863 2049.68
CTV(VT) EU937519 87.08 842 96.59 28.06 99.90 5247.70
CTV (A18) JQ798289.1 13.07 9.22 24.21 6.17 71.89 804.24
CTV(ST) KU589212.1 71.56 9.34 83.00 13.16 90.78 2742.68
CTV (RB) KU883265 99.55 3417 100.00 89.58 100.00 18949.87
CTV (HA16-5) KU883267.1 4546 5.63 48.05 39.13 6841 4635.73
CTV(T3) MHO051719 90.28 2.16 99.95 34.89 99.51 6198.44
CTV (Tes) MKO033511 30.09 13.71 38.80 17.67 67.74 2504.27
MV5
Ccbvd KY110718.1 99.66 4.56 100.00 23.21 100.00 827.34
CEvd KY110721.1 100.00 5.19 100.00 18.61 100.00 1817.52
HSvd KY110716.1 96.47 297 100.00 9.78 100.00 933.32
CiVA (RNA1) MT720885 37.66 3.1 80.18 2.30 99.84 1201.38
CiVA (RNA 2) MT720886 9742 10.99 98.65 17.25 99.96 1830.28
CTLV (TL101) MH108976.1 99.59 2.01 100.00 78.80 99.80 561.70
CTV (T30) AF260651 4174 338 53.88 14.14 78.02 2860.54
CTV(VT) EU937519 78.76 5.82 95.30 17.14 99.81 9087.51
CTV (A18) JQ798289.1 10.90 4.65 21.30 6.07 73.06 807.81
CTV(ST) KU589212.1 60.76 442 8443 8.95 9134 4094.61
CTV (RB) KU883265 96.70 19.78 100.00 4251 100.00 19443.02
CTV (HA16-5) KU883267.1 2791 2.69 39.88 5.61 70.10 2192.69
CTV(T3) MHO051719 67.51 1.23 8830 1351 99.89 5466.91
CTV (T68) MKO033511 24.52 4.37 39.69 6.64 70.10 416893
MV9
Cbvd KY110718.1 100.00 32.80 100.00 150.93 100.00 655.26
CEvd KY110721.1 100.00 3551 100.00 13941 100.00 354847
HSvd KY110716.1 100.00 26.31 100.00 92.09 100.00 121040
CiVA (RNA 1) MT720885 100.00 42.03 100.00 82.52 99.87 1364.07
CiVA (RNA 2) MT720886 100.00 87.20 100.00 240.97 100.00 1921.72
CTLV (TL107) MH108976.1 100.00 9.15 100.00 149.13 99.58 608.39
CTV (T30) AF260651 63.99 23.02 70.09 119.76 7823 5721.07
CTV (VT) EU937519 98.59 37.73 99.37 14091 99.79 8402.00
CTV (A18) JQ798289.1 27.99 34.85 37.70 7813 73.77 1286.19
CTV(ST) KU589212.1 91.12 23.21 9237 165.86 91.14 8045.44
CTV (RB) KU883265 100.00 37.28 100.00 348.81 100.00 2729181
CTV(T3) MHO051719 42.07 18.98 51.59 29.86 74.33 2468.26
CTV (HA16-5) KU883267.1 99.01 20.63 100.00 91.91 97.71 7007.04
CTV (T68) MKO033511 44.14 60.24 51.68 64.83 7435 379714

lumina sequencing. A striking difference in CTLV
depth was observed because, unlike the Illumina datas-
ets with even depth distribution, the ONT datasets had
a gradual depth increase from the start to the middle of
the genome followed by a sudden decrease and gradual

incline again, that culminated in a relatively high depth
at the end of the genome. The CTV distribution of depth
obtained with ONT sequencing also varied with two
major sequencing hotspots in the middle of the genome
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MV4 - Combined Barcodes
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Fig. 3 Bar graph distribution of the depth (number of reads) per base (position) of the pathogen reference genomes for MV4 across datasets. Blue bars
show lllumina data. Orange bars represent a single Oxford Nanopore Technologies (ONT) barcode dataset, in this case Barcode 1. Green bars indicate the
combined barcodes dataset. Only one CTV genotype (RB) is showed as a representative of all CTV genotypes. Pathogens included are citrus dwarfing
viroid (CDVd), citrus exocortis viroid (CEVd), hop stunt viroid (HSVd), citrus virus A RNA1T and RNA2 (CiVA), citrus tatter leaf virus (CTLV) and citrus tristeza
virus (CTV) genotype RB. For all other plant and barcode depth distribution graphs, see Additional file 9

not observed with Illumina although both platforms had
an indication of increased depth at the 3’ end (Fig. 3).

Virus and viroid read mapping consensus sequences

The ONT consensus sequences obtained for each patho-
gen from each sample’s barcode specific dataset were
evaluated for sequence identity compared to the consen-
sus sequences obtained with Illumina datasets (Fig. 4).
An overall average of 99% sequence similarity was
obtained when comparing ONT consensus sequences
to Illumina. In some datasets, 100% identity was shared
between platforms for CEVd and CiVA-RNA2. There
was also no considerable difference in identities obtained
between the combined ONT datasets and the individual
barcode datasets. For all three plants, CDVd had the low-
est identity compared to Illumina sequences. Consensus
sequences were also evaluated for the number of ambigu-
ous bases present (Fig. 4). Both Illumina and ONT con-
sensus sequences contained ambiguous bases for the
majority of sequences obtained. CDVd sequences also
had the overall highest percentage of ambiguous bases
for ONT and Illumina. Notably, in some cases both the

[llumina and ONT consensus sequences had ambigu-
ous bases but when aligned, these bases were in the
same position and had similar symbols leading to 100%
sequence identity between platforms.

Platform cost comparison

The approximate cost of Illumina sequencing was four
times less expensive than ONT sequencing for a single
sample. The cost of Illumina sequencing using a service
provider included all aspects of sequencing and a data
delivery fee that applied once to a single order regardless
of the number of samples within that order. The equiva-
lent calculation for ONT sequencing was divided into the
three main steps of sequencing preparation, and although
library preparation was the costliest of these three steps,
the largest expense of ONT was attributed to the flow
cell. This was the consequence of the singular usage of
flow cells, meaning that a new flow cell was used for each
sample.
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Percentage consensus sequence identity (%)

Percentage ambiguous bases in consensus sequence (%)

Sample  Pathogen
Barcode_1-  Barcode 2-  Barcode_3- Barcode 4 - Combined - Barcode_1 Barcode_2 Barcode_3 Barcode_4 Combined lllumina
lllumina lllumina lllumina llumina lllumina
CcDvd 96.59 97.62 97.27 97.9 2.03 3.38 1.68 441 4.39
CEVd 0.27 0.27 0.27 0.27 0.27 0.27
Hsvd 0 0 0 0 0 0.33
CiVA (RNA 1) 0.08 0.17 0.11 0.16 0.17 0
MV4 CiVA (RNA 2) 0.18 0.15 0.11 0.15 0.15 0
CTLV (TL101) 0.08 0.17 0.08 0.13 0.06 0.02
CTV (VT) 0.75 0.89 0.57 0.67 1.62 1.57
CTV (1) 0.38 0.48 0.26 0.38 0.42 0.17
CTV (RB) 1.09 1.17 1.08 1.06 1.34 0.21
CTV (T3) 0.5 0.48 0.51 0.83 1.36 0.74
Balzlcod'e _5- Barcode - Barcode 7- Barcade 8-  Combined- Barcode_5 Barcode_6 Barcode_7 Barcode_8 Combined lllumina
umina lllumina lllumina lllumina lllumina
Ccbvd 96.62 95.85 96.28 97.63 94.93 0 0 3.04 1.69 3.03 1.35
CEVd 0 0.54 0 0.27 0.27 0.27
HSVd 0 NA 0.33 0 0.33 0.33
CiVA (RNA 1) 0.1 0 0.04 0.05 0.13 0
MV5 CiVA (RNA 2) 0.26 0.19 0.15 0.15 0.04 0
CTLV (TL101) 0.08 0.11 0.11 0.09 0.08 0.03
CTV (VT) 0.2 0.16 0.22 0.1 0.22 0.77
CTV (81) 0.14 0.02 0.05 0.17 0.17 0.09
CTV (RB) 0.4 0.67 0.65 0.55 0.66 0.3
CTV (T3) 0.26 0.08 0.09 0.17 0.34 0.28
Barcode 9 - Barcode_10- Barcode_1- Barcode_f2-  Combined - Barcode_9 Barcode_10 Barcode_11 Barcode_12 Combined lllumina
llumina llumina llumina lllumina lllumina
CDvd 95.25 94.56 95.27 94.93 94.56 1.39 4.39 4.75 3.04
CEVd 0.54 0.54 0.54 0.54 0.54 0.27
HSVd 0.33 0 0 0.33 0.33 0
CiVA (RNA 1) 0.06 0.09 0.04 0.03 0.03 0
MV9 CiVA (RNA 2) 0 0 0 0 0 0
CTLV (TL101) 0.14 0.06 0.09 0.06 0.03 0
CTV (VT) 0.07 0.07 0.05 0.04 0.03 0.03
CTV (S1) 0.22 0.27 0.24 0.23 0.23 0.15
CTV (RB) 0.73 1.04 0.97 0.94 0.73 0.3
CTV (T3) 1.17 1.07 0.78 1.19 1.1 0.72
I
Lowest value Highest value L\?:;’:st peizt:tile H\;g?:est
(94.56%) (100%) (0%) (0.22%) (4.75%)

Fig. 4 Heatmaps of the percentage sequence identity of the Oxford Nanopo

re Technologies (ONT) read mapping consensus sequences compared to

lllumina consensus sequences and the percentage of ambiguous bases present in ONT and lllumina consensus sequences. The sequence identity heat-
map is calculated for the entire dataset ranging from the lowest value (light green) to 100% (dark green). Gaps and missing data (bases with no coverage)
are not included in identity estimates and calculated identities only reflect the per base position identity comparison between platforms and not the
completeness of consensus sequences. The ambiguous bases heatmap is calculated for the entire dataset where orange indicates the highest value and

light yellow represents lowest value. The ambiguous bases accounted for incl

uder,y, s, w, k,m, b,d, hand v. Combined refers to the pooled dataset of

all four ONT barcode datasets of a specific sample. Pathogens included are citrus dwarfing viroid (CDVd), citrus exocortis viroid (CEVd), hop stunt viroid

(HSVd), citrus virus A RNAT and RNA2 (CiVA), citrus tatter leaf virus (CTLV) and ci
were selected due to their relatively high average genome coverage (>80%) a

Discussion

In this study, Illumina and ONT sequencing platforms
were compared for their ability to reliably and accu-
rately detect a panel of citrus viruses and viroids across
three plant samples by using both reference-dependent
and independent bioinformatics approaches. Within the
context of this study, platform performance encapsulates
both the library preparation and sequencing steps. For an
extended comparison, the sequencing accuracy of each
platform was also considered. Different ONT sequenc-
ing approaches might offer alternative advantages with
accompanying limitations [5, 6, 8, 11]. cDNA-based ONT
sequencing protocols have shown improved results for
the sequencing of viruses and viroids compared to oth-
ers, notably total RNA approaches [5, 6, 8, 11], and was,
therefore, selected to compare sequencing platforms in

trus tristeza virus (CTV) genotypes T3, RB, VT and S1. These CTV genotypes
cross combined ONT datasets

this study. Importantly, the majority of previous studies
of this nature utilised older ONT chemistries and, there-
fore, direct comparability was fairly limited.

Illumina sequencing was able to positively detect
all pathogens included in this study across all samples
in every bioinformatic methodology used regardless
of whether reference sequences were used to identify
pathogens. ONT nearly replicated this result, but the
MV5 Barcode 6 dataset unfortunately tested negative
for HSVd irrespective of the analysis strategy. Presum-
ably, this is the consequence of flow cell variability which
can influence the amount of sequencing data gener-
ated (Table 1) [47]. However, when considering more
than one barcode dataset, or the entire combined data-
set consisting of the four individual barcode datasets of
MV5, detection of HSVd was possible. This emphasised
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the importance of being aware of the limitations of ONT
and highlighted the need for proper flow cell capacity
dedicated to a sample (for instance more than a quarter
of a flow cell) to overcome possible low pore availabil-
ity and, consequently low data generation, which could
potentially fail to detect low concentration pathogens like
viroids. Within this context, flow cell capacity refers to
the average amount of data that was generated per flow
cell (Table 1) given the specific experimental conditions.
As mentioned, [llumina and the combined ONT data-
sets yielded the same diagnostic calls across all analyses
and that extended to EDNA with MiFi®. This approach
may prove valuable for quick and relatively cost-effective
diagnostic calls [35]. Even with the inclusion of non-
target viroid probes, no false positives were generated
(Additional file 3). When considering the reference inde-
pendent methods, both Blastn results and taxonomic
sequence assignment yielded comparable results. This
was evident although Kraken2 utilised trimmed reads for
both the Illumina and ONT pipelines whereas the Blastn
analyses used de novo-assembled contigs and unassem-
bled trimmed reads, respectively. Given the relatively
long read length and the difficulties commonly experi-
enced with viral genome de novo assembly of ONT data,
mostly attributed to insufficient read numbers and qual-
ity required for assemblers [6, 48], taxonomic classifica-
tion tools like Kraken2, are viable alternatives to Blastn
for viral pathogen identification. For both approaches,
Ilumina datasets contained a larger percentage of patho-
gen reads (Tables 2 and 3). While this was consistent
with previous findings regarding relative viroid abun-
dance, the prominent difference in virus amount between
sequencing platforms was somewhat contradictory
because previously ONT produced viral fractions com-
parable to Illumina [8, 11]. This can be a consequence
of ONT library preparation, relative abundance calcula-
tion or the viruses included in this study considering the
limited research currently available on ONT sequencing
of citrus viruses [17, 18]. Additionally, previous studies
utilised extracted RNA as input prior to library prepara-
tion and sequencing and not total nucleic acid as in this
study which may also have contributed to the decrease of
pathogen sequences obtained [8, 11]. Various difficulties
have, however, been reported when utilising the ONT
platform for viroid sequencing. Their circular genomes
might lead to difficulties during library preparation with
polyadenylation and their small genome size may be bet-
ter suited for short-read sequencing as performed by
lumina platforms [8, 11]. The currently limited research
available on viroid ONT sequencing emphasises the need
for improvements and validation of all aspects of the
sequencing pipeline including nucleic acid extraction,
library preparation and bioinformatic diagnostic meth-
odologies. In particular, library preparation poses a major
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variable considering the various kits currently available
and being developed. Further enhancements to aid kit
efficacy like the evaluation of alternative cDNA synthesis
methods [11], in the case of the cDNA-based kits, could
contribute towards the improved sequencing of certain
pathogens like viroids.

The relative number of reads designated as host with
Kraken2 was similar across platforms, despite the refer-
ence gene read composition varying considerably (Addi-
tional file 4). Evaluation of the reference gene expression
profiles can provide valuable insights by functioning as
an internal control for nucleic acid extraction efficiency
and library preparation [1]. Reference genes can also be
used to normalise pathogen relative read counts or TPM
making direct comparison between samples possible. The
twelve selected genes of this study were previously identi-
fied as reference genes in citrus [36] and assessing their
relative expression profiles enabled comparison across
samples and the identification of possible outliers. The
distribution profiles within platforms were very consis-
tent and along with the gene coverage (Additional file
7) associated with each gene, provided valuable insights
as to which reference genes were more appropriate for
a specific platform. In the ONT dataset, it was evident
that reference genes with a lower TPM were associated
with low gene coverage while Illumina samples retained
a relatively high gene coverage across genes (> 87%)
meaning that less genes were suitable reference genes for
ONT sequencing. This may be due to sequencing biases,
read length preferences or the impact of relative abun-
dance (expression levels) of targets on accurate sequenc-
ing / identification with ONT and Illumina platforms,
although further investigation is required. The consis-
tency of the individual barcode-specific dataset’s TPM
counts (Additional file 4) of the same plant indicated that
the workflow is reproducible and supports multiplexing
on a single flow cell. Within a plant, all barcode datas-
ets produced similar reference gene expression profiles
which was also mirrored by the combined dataset.

In contrast to the consistency observed across the dif-
ferent barcode-specific ONT datasets of a plant sample
for the reference gene expression profiles, there was a
slight increase in variation observed in pathogen TPM
ratios (Fig. 1). Comparing MV5 to MV4 and MV9, it
was clear that more sequencing data lead to less varia-
tion between barcode-specific ONT datasets within a
sample. Reference and pathogen composition profiles
also supported the fact that reduced gene expression, or
pathogens present in lower amounts were most adversely
affected by inadequate data generation. Using more flow
cell capacity, like combining multiple barcode datasets
for one sample in this case, may circumvent potential
issues associated with low data generation as seen with
MV5. The most comparable results between ONT and
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[lumina platforms were observed when considering the
combined ONT dataset.

For all viroids, CiVA (especially RNA2), CTLV and
the most abundant CTV genotypes (RB, VT, T3 and
S1), ONT combined barcode datasets produced simi-
lar genome coverage to Illumina, while single barcode
datasets varied more, most notably for HSVd, CTV (S1)
and CiVA (RNA 1) (Fig. 2). This implied that, despite the
low depth of ONT, even when different barcode-specific
datasets were combined (Table 4), high and comparable
genome coverage could be obtained due to the longer
reads generated. Furthermore, ONT pathogen consensus
sequences shared considerable identity (overall average
of 99%) to that of Illumina consensus sequences (Fig. 4).
CDVd had the lowest identities between platforms, but
given the high number of ambiguous bases present in
both ONT and Illumina sequences, this may reflect a
cascading effect of the CDVd reference genome used for
mapping, which might not be the best representation of
the true CDVd genome within the plants. The elucida-
tion of true sequence variation is further complicated by
ambiguous bases that contribute towards sequence dis-
similarity which can be a consequence of viral diversity
or technical restraints (like sequencing quality). However,
some instances where ambiguous bases aligned, result-
ing in complete similarity, supported the possibility that
these bases may be the consequence of variability com-
pared to the reference genome or the presence of mix
variants in the plant.

The depth distribution along the length of the refer-
ence sequences showed similar trends for the major-
ity of pathogens (Fig. 3). While these distributions were
predominantly dispersed/even, CiVA-RNA-2 had a
unique profile due to its genomic organisation. CiVA, a
member of the genus Coguvirus, has a bipartite genome
and the RNA2 segment has an ambisense coding strat-
egy for ORF2a and ORF2b [49, 50]. These two ORFs
are separated by a long intergenic AU-rich hairpin and
given the position of this hairpin and the area with less
depth seen in Fig. 3, it appears that this loop may have
impeded effective sequencing of this region since this
was observed for both ONT and Illumina. There was,
however, some variability regarding the depth distribu-
tion between ONT and Illumina, particularly for CTLV
(Fig. 3). CTLV is regarded as a variant of apple stem
grooving virus (ASGV) a member of the genus Capillo-
virus, in the family Betaflexiviridae. It is a polyadenylated
positive single-stranded RNA virus where open read-
ing frame two (ORF2) located at the 3’ end, is translated
by sub-genomic RNAs [51, 52]. Present findings had
reduced depth of CTLV at the 5" end and severe bias
was seen at the 3’ end in ONT datasets (Fig. 3). Similar
genome depth distribution has been reported previously
for MinION sequenced polyadenylated RNA viruses [53].
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This was likely the consequence of the library preparation
and sequencing strategy, which selected for polyadenyl-
ated fragments. This led to overrepresentation of certain
parts of the genome, especially at the 3’ end.

Overall, ONT was able to accurately detect the most
prominent pathogen genomes in these plants simi-
lar to Illumina sequencing. Although the total patho-
gen reads component was smaller in ONT datasets,
the reads within this component were more evenly dis-
tributed between viruses and viroids compared to Illu-
mina sequencing where CTV had a dominant read
count. This might point to ONT sequencing being more
suited to detecting diverse viral pathogens within a
sample although further investigation and validation are
required. Regardless, results suggested that having more
data can have a significant positive impact on the perfor-
mance of ONT sequencing. In this study when at least
two barcode datasets were combined, which is the equiv-
alent of half a flow cell’s capacity, accurate detection of all
pathogens across all plants were enabled. The inclusion
of more samples, as well as nucleic acid extraction tech-
nical replicates, can improve statistical power and char-
acterisation of variation between plants across platforms.

The prospect of using barcoding kits for multiplexing
could have certain sequencing cost implications. As it
currently stands, within a South African research envi-
ronment context, ONT sequencing exceeds the service
provider cost of Illumina sequencing. If multiplexing is
applied appropriately, the cost of ONT sequencing can be
greatly reduced. For instance, within the context of this
study, if four samples were run on the same flow cell with
different barcodes, the cost per sample would be similar
to the cost of Illumina sequencing provided that the flow
cell capacity dedicated to each sample is sufficient. Cur-
rently, as observed in this study, a quarter of a flow cell’s
capacity might not produce sufficient data under certain
conditions. With the pooling of libraries, there is also
always a possible risk of cross-contamination [2, 11]. It is,
therefore, imperative to reiterate the importance of being
aware of the constraints of ONT to ensure the most
appropriate application of this technology. In various
situations, the advantages offered by ONT might out-
weigh the possible limitations. The ability to offer short
turnaround times as well as real-time analysis of samples
can greatly benefit routine diagnostic laboratories, there-
fore, contending with other platforms such as Illumina
sequencing for the incorporation into plant quarantine
and certification schemes.

Conclusions

This study encompasses a systematic comparison of
ONT with Illumina sequencing based on their ability to
effectively detect three citrus viruses and three viroids.
Multiple pathogen detection workflows were applied
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with both reference driven and independent methodolo-
gies. Given the present results, it is clear that the amount
of data required to make a positive diagnostic call is not
objective and varies between platforms. While less rela-
tive pathogen read abundance and depth were associated
with ONT data compared to Illumina, the longer reads
compensated for these factors which enabled accurate
pathogen detection. Both Illumina and ONT platforms
were able to identify all viruses and viroids irrespective
of the bioinformatic approach. Sometimes single ONT
barcode-specific datasets performed less optimally which
was indicative of a poorer sequencing run most likely
attributed to variability observed between flow cells (i.e.
the number of active pores available at the beginning of a
sequencing run). Additionally, combining ONT barcode-
specific datasets from a sample, equivalent to using at
least half of the flow cell’s data generation capacity (i.e.
the average amount of data that will be produced by the
flow cell in a specific experimental setup), considerably
increased the quality and reliability of results obtained
and is, therefore, a recommended practice especially if
the sample is of high importance. This study also showed
that cost feasibility can be achieved through multiplexing
of samples and along with other advantages like real-time
analysis and short turnaround times offering scalable
solutions, might be valuable for diagnostic laboratories.

The continued development and improvement of ONT
creates a hopeful outlook on the future of this technology
as constant improvements are being made. This, however
encouraging, does cause some difficulties with incorpo-
rating ONT into routine standard practices. When con-
sidering or implementing new standard practices into
existing programs, validation of all aspects is crucial. This
is especially true for programs and efforts that involve
the distribution of healthy plant material and plant dis-
ease management as various economically important
agricultural industries could be adversely affected by the
introduction and propagation of pathogen infected plant
material. There has been a global increase in the uptake
of HTS in plant certification and quarantine programs
which further drives research and validation of avail-
able sequencing technologies and detection pipelines.
The research presented here encapsulates direct contri-
butions towards the application of HTS within a citrus
industry context and provides an initial investigation of
ONT as a possible detection tool.
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