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Abstract

Sugar beet (Beta vulgaris), a biennial crop from the Amaranthaceae family, is cultivated for
sucrose. Virus yellows is an economic disease affecting sugar beet. It is caused by a complex of
viruses, namely, beet yellows virus (BYV), beet mild yellowing virus (BMYYV), beet chlorosis
virus (BChV), beet mosaic virus (BtMV), beet western yellows virus (BWYV) and beet leaf
yellowing virus (BLYV). Neonicotinoids had been an effective control measure preventing aphid-
mediated transmission of virus yellows until their near-total ban by the EU in 2018. Sugar beet
production stands vulnerable against virus yellows as no resistant cultivars have been released yet,
and the resistance mechanism of plants against virus yellows is not fully known. This project aims
to understand the resistance mechanism of sugar beet and eventually develop resistant cultivars
using the identified wild resistant source. For this purpose, an experiment involving aphid-
mediated inoculation of BMYV and BYV, containing three treatments (virulent aphids, healthy
aphids, and insecticide spray), was carried out for susceptible elite and resistant wild genotypes.
The total RNA (containing RNA from both the plant and the virus) extracted from these samples
went through RNA sequencing and analysis to determine the differentially expressed genes across
different genotypes, treatments and time points. cDNA was synthesised, and RT-gPCR for
absolute guantification was performed to determine the virus titre in BMY'V inoculated resistant
and susceptible plants. Furthermore, RT-qgPCR for relative quantification was performed to
determine the differential expression of the pathogenesis-related genes AGO1, PR1a, and PR5 in
the virus inoculated and non-inoculated healthy plants at different time points. The virus titre was
higher in susceptible plants as compared to resistant plants. The genes PR1a and PR5 were not
expressed in the cDNA mix of samples from resistant and susceptible genotypes. Meanwhile, in
susceptible plants, AGO1 showed increased expression in healthy plants compared to inoculated
plants. In resistant plants, it was probably expressed but probably could not be detected using
primers designed for cultivated sugar beet. For studying gene expression in the resistant genotype,
it will be necessary to design new primers, which could be done using obtained sequence data for

the resistant genotype.

Keywords- sugar beet, virus yellows, BMYV, BYV, absolute quantification, RT-gPCR, RNA

sequencing, relative quantification
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1 Introduction

1.1 Sugar beet

Sugar beet (Beta vulgaris spp. vulgaris, L.) is the second largest source of sugar after sugar
cane (OECD, 2020). It is a biennial crop from the Amaranthaceae family and among the four
cultivated beets in the subspecies vulgaris: red beet (beetroot), fodder beet, leafy beet (chard), and
sugar beet. With an estimated genome size of 714-758 megabases, it is a diploid species with nine
pairs of chromosomes, while polyploid varieties also exist (Zicari et al., 2019). It has a wide
cultivation range, and its leading producers are Russia, France, Germany, the United States and
Turkey (FAOSTAT, 2020). Sugar extracted from its hypocotyl as sucrose, forming 15-20% of its
root mass, accounts for about 28% of the world's sugar production (Zicari et al., 2019). Besides
sugar production, other uses of sugar beet include sugar beet pulp, molasses, bioplastics, and
biofuel (Mukharjee & Gantait, 2022). An important crop in Swedish agriculture, sugar beet
production in Sweden accounts for 1.07% of arable land and is grown in southern parts of Sweden
(Ruus, 2020, Jordbruksverket, 2019).

1.2 Diseases in sugar beet

Fungal and viral diseases are common in sugar beets, which express symptoms in the leaves
or roots, resulting in reduced sugar yields. Major fungal diseases of sugar beet include Cercospora
leaf spot caused by Cercospora beticola, downy mildew caused by Peronospora farinosa and
powdery mildew caused by Erysiphe betae. Major viral diseases in sugar beet include rhizomania
caused by beet necrotic yellow vein virus (BNYVV) and virus yellows (Bayer Crop Science UK,
2018).

Virus yellows is a disease complex caused by viruses from three virus families. Many of
these viruses can infect the plant at the same time, increasing the disease severity (Wintermantel,
2005). Beet yellows virus (BYV) is a member of the family Closteroviridae, and beet mosaic virus
(BtMV) belongs to the Potyviridae family. In a survey in Europe by Hossain et al. (2021), BYV,
BMYYV and BChV were commonly detected, but not BtMV. The four viruses causing virus
yellows in sugar beet belonging to the family Solemoviridae are beet mild yellowing virus
(BMYV), beet western yellows virus (BWYYV), beet chlorosis virus (BChV) and beet leaf
yellowing virus (BLYV) (Yoshida & Tamada, 2019). It is a vector-transmitted disease, the major

vector being the green peach potato aphid (Myzus persicae). The visible symptoms on leaves are
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necrosis, yellowing and eventual thickening, brittleness, and reduced growth (Nilsson & Larsson
1990). The necrotic leaf spots cause reduced photosynthesis, leading to reduced sucrose storage in
the hypocotyl. This reduced photosynthesis, as well as the increase in juice impurities, results in
reduced sugar yields (Bennet, 1960; Stevens et al., 2004).

1.3 Polerovirus

The genus Polerovirus, consisting of viruses with a genome of positive sense, single-stranded
RNA (+ssRNA), was recently moved from the family Luteoviridae to Solemoviridae (Walker et
al., 2021). BMYYV, BChV and BWYYV are classified as poleroviruses, while BLYV is considered
an unclassified polerovirus (LaTourrette et al., 2021). Poleroviruses have a non-enveloped,
spherical virion with icosahedral symmetry and a genome size of 5.3 to 5.7 kb, comprising at least
seven open reading frames (ORFs), as illustrated in figure 1. The genome of poleroviruses lacks a
poly-A tail at the 3' end, and their 5' end contains a viral genome-linked protein (VPg) (Wetzel et
al., 2018). The three ORFs towards the 5' end (ORFO, -1 and -2) are translated directly from the
genomic RNA, while the remaining downstream ORFs (ORF3a, -3, -4 and -5) are translated from
the subgenomic RNAs (SgRNAS) (Stevens et al., 2005a).

Genomic RNA

A
[ ) ORF4
. |T| | ORF2 | [ orrs [ ores | 8
| ORF1 | | ORF3a |

v

Subgenomic RINAs

Figure 1: Genomic organisation schema of poleroviruses, with ORFs. Adapted from Delfosse et al. (2021).

ORFO codes for the PO protein, which functions as a viral RNA silencing suppressor to
counter post-transcriptional gene silencing (PTGS), an RNA-silencing mechanism mediated by
ARGONAUTE 1 (AGO1) as acomponent of the RNA-induced silencing complex (RISC) in plants
(Bortolamiol et al., 2007). Moreover, ORF1 codes for the P1 protein related to viral replication
and VPg (Delfosee et al., 2021). P2, encoded by ORF2 and containing the RNA-dependent
polymerase motif (RdRp), forms a fusion with P1. Furthermore, ORF3a codes for protein P3a,
which is involved in the long-distance movement of the virus, while the P3 protein encoded by



ORF3 is the major coat protein (capsid). The P3P5 fusion protein is formed through the translation
of ORF3 and ORF5 together, and its functions are related to aphid transmission and the systemic
spread of the virus. Finally, ORF4 encodes protein P4, which plays a role in host-specific viral
movement (Wetzel et al., 2018).

The transmission of poleroviruses is persistent, circulative, and non-propagative. Once
ingested from the phloem sap by an aphid, poleroviruses move through its guts, tissues, hemocoel
and finally reach the salivary glands. When the aphid feeds on a new host plant, the viruses can be
injected from the salivary glands into the phloem sap, thus following a circulative transmission
pattern (Gray & Gildow, 2003; Brault et al., 2007). The transmission is also persistent as the virus
is retained by the aphid and remains infective for long periods. However, the virus is non-
propagative, meaning that the virus cannot replicate inside the aphid. Moreover, in the host plant,
the poleroviruses are restricted to the phloem (Hipper et al., 2013). The most efficient vector for
polerovirus transmission in sugar beets is Myzus persicae, while Macrosiphum euphorbiae is also

known to transmit them (Kozlowska-Makulska et al., 2009).

1.4 Closterovirus

Closteroviruses, belonging to the family Closteroviridae, have a genome of +ssRNA with
a size of 15.9 to 19.3 kilobases (Igori et al., 2009). Besides M. persicae, the black bean aphid
(Aphis fabae) is also known to transmit virus yellows causing closteroviruses in sugar beets. The
transmission of closteroviruses by aphids is semi-persistent, meaning that the virus particles are
stored in the mouth parts of aphids for a shorter time (Carr et al., 2020). The 3" end of their genome
lacks a polyA tail, and their virus particles contain two coat proteins (one minor coat protein) (lgori

et al., 2009). The organisation of the genome is illustrated in figure 2.

Genomic RNA
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Figure 2: Schematic representation of the genome organisation of closteroviruses. L-PRO, papain-like
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protease; MTR, methyltransferase; HEL, helicase; RdRp, RNA-dependent RNA-polymerase; HSP70h, heat
shock protein 70 homologue; CPm, minor coat protein; CP, coat protein; p20, 20-kDa protein; p21, 21-kDa
protein.

1.5 Control Measures

Several methods have been used for the control of virus yellows. Cultural practices include
minimising the time sugar beets are placed in a clamp and early sowing (Ruus, 2020). The most
efficient control method previously in practice is the use of insecticides of the class neonicotinoids.
Neonicotinoids are nicotine-like substances that target the nervous system of the aphids feeding
on sugar beet leaves (Bass & Field, 2018). They are used as seed coatings, taken up by the plant,
and transported to all plant tissues. The problem lies in the transport of neonicotinoids to pollen
and nectar, which poses risks to pollinators like bees, causing the European Union (EU) to establish
a near-total ban on neonicotinoids (European Commission, 2018). Other insecticides still in use

are some organophosphates and carbamates (Hauer et al., 2017).

1.6 Resistance Mechanism

In response to viral attacks, plants have developed effective defence mechanisms of
resistance by limiting or preventing the damage caused by virus infection. One of the major
defence mechanisms is through resistance (R) genes which are specific to the pathogen. At the
local infection site, this begins with the hypersensitive response (HR) followed by programmed
cell death (PCD) (Soosar et al., 2005). In tissues that are far from the region of infection, systemic
acquired resistance (SAR) comes into action and activates defence signalling pathways: salicylic
acid (SA) pathway and jasmonic acid (JA) pathway. SA pathway is activated upon biotrophic
infection, while the JA pathway is associated with defence against necrotrophic pathogens and
insects. These pathways induce increased expression of pathogenesis-related proteins. For
example, upon viral infection, the accumulation of pathogenesis-related protein 1a (PR1a) and
pathogenesis-related protein 5 (PR5) is induced by the SA pathway in non-infected regions to
block further virus propagation (Ali et al., 2018).

Furthermore, another major defence mechanism is RNA-mediated resistance or PTGS. It
is an RNA-silencing mechanism involved in the cleavage of double-stranded RNA (dsRNA) into
small interfering RNAs (siRNAs) by the RNAse Dicer. These siRNAs bind to RISC, which
degrades the viral RNA (Lin et al., 2007). Viruses have developed an RNA-silencing suppression
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method to counter this. Bortolamiol et al. (2007) showed that the PO protein encoded by the viral
ORFO degrades the AGOL1 protein, a key component of the RISC complex.

Moreover, tolerance may be present in plants, where the symptoms are either absent or
mild in response to an infection but have a similar virus titre to susceptible plants (Bruening, 2006;
Palukaitis & Carr, 2008)

1.7 RNA sequencing

RNA sequencing is a high throughput sequencing technology that uses next-generation
sequencing (NGS) and elucidates the transcriptional structure of the genes. Comparison of RNA-
seq data of the susceptible and resistant sugar beet genotypes followed by differential gene
expression analysis can show the differentially expressed genes involved in defence pathways (Liu
etal., 2013).

1.8 Aim of the project

Without protection from this insecticide, the sugar beet crop is vulnerable to virus yellows
as no resistant cultivars have yet been released. Moreover, the resistance mechanism is not fully
known as virus yellows did not receive much attention while neonicotinoids remained a viable and
efficient option for control. This ban has severely reduced yields in Belgium, France, Germany,
the Netherlands and the UK. In Sweden, the colder winters do not allow the overwintering of adult
aphids, and they migrate only late in the season to Sweden when the plants have matured, and the
impact of the viruses is less severe. However, that is predicted to change with milder winters due
to climate change favouring aphids overwintering and spreading early in the season in Swedish

fields. There is a dire need for a more sustainable control method against virus yellows.

The aim of this project, which is carried out in collaboration between the Swedish
University of Agriculture (SLU) and the breeding company DLF Beet Seed (previously
MariboHilleshdg), is to understand the resistance mechanism of sugar beet against virus yellows
and eventually develop resistant cultivars using a resistant source identified by DLF Beet Seed.
The thesis project involves RT-gPCR for absolute quantification to measure the BMYV
concentration, RNA sequencing analysis and differential expression analysis, and RT-gPCR for

relative quantification to assess the differential expression of some defence genes.
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2 Materials and methods

As this thesis was a part of a bigger project, some experiments: experimental setup of sugar
beet plants, RNA extraction and RNA sequencing, were performed before the start of the thesis.

2.1 Plant materials

The sugar beet plant materials, one resistant genotype and one susceptible genotype, used
for the experimental setup were prepared at the DLF Beet Seed site in Landskrona, Sweden. The
seeds were sown in the greenhouse at different time intervals, and the plants with the first true leaf

pair were selected for the experiment.

2.2 Inoculation using aphids

The sugar beet plants, resistant and susceptible, with emerged first true leaf pair were
separated into three treatment groups: aphids with virus, aphids without virus and insecticidal
spray. For the virus inoculation treatment, aphids were fed on virus-infected leaves, and 10 aphids
were placed on each plant. The same process was followed for BYV (a closterovirus) and BMYV
(a polerovirus). As a control, plants were exposed to aphids, which had fed on healthy leaves
instead of virus-infected sugar beet leaves. As an additional control, plants were sprayed with
insecticide four days after the start of the experiment. Before starting the experiment, six samples
per genotype were taken. These are considered time point 0 samples and were used as common
control samples for BYV and BMY'V. For each treatment and genotype, six samples were taken

at eight time points: 0, 1, 2, 4, 7, 14, 21 and 28 days post-inoculation (dpi).

Until 4 dpi, samples were only taken from plants exposed to viruliferous or non-
viruliferous aphids, but after this, samples were also collected from plants sprayed with insecticide.
For the BYV experiment, the virus could not be detected at earlier time points, so only samples
from 14, 21, and 28 dpi were included for the RNA sequencing analysis. In addition, samples of
the upper leaf pair directly above the first leaf pair were also collected at 14, 21, and 28 dpi for
both viruses. At 28 dpi, the inoculated leaves had wilted and died, so the inoculated leaves or older
leaves were collected up to 21 dpi. The six samples were taken from six plants and considered
biological replicates. The plants were covered with fleece to avoid cross-contamination through

the movement of aphids across different treatment areas.
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2.3 RNA extraction

The collected leaf samples were received at the SLU, Alnarp Campus, where total RNA
(containing both plant and viral RNA) was extracted. The extraction was carried out using
RNAqueous™-4PCR Total RNA Isolation Kit (ThermoFisher Scientific) following the kit
protocol. The RNA was then quantified using BioAnalyser and sent to SLU, Uppsala Campus.

2.4 RNA sequencing

Three samples were selected for the RNA sequencing out of the six samples collected per
treatment per genotype. For BMYV, five time points (1, 4, 14, 21 and 28 dpi) were chosen, while
for BYV, three time points (14, 21, and 28 dpi) were selected. The control samples collected at
time point O were used as common for both BYV and BMYV. cDNA was synthesised from the
extracted total RNA, whose quality and RIN number were checked. The samples were sent to
SciLifeLab (Science for Life Laboratory) at Uppsala University, where lllumina paired-end
sequencing was used. The sequencing results were analysed with the help of SLU Bioinformatics
Infrastructure (SLUBI).

2.5 cDNA synthesis

The thesis project started with cDNA synthesis from RNA extracted in section 2.3. cDNA
synthesis was performed using Maxima First Strand cDNA Synthesis Kit for RT-qPCR according
to the kit protocol in a BioRad T100 Thermo Cycler. For all samples, 1 ug of RNA was used for
cDNA synthesis, except for two samples with low RNA concentration, where 500 ng of RNA was
taken. Few randomly selected samples were used for reverse transcriptase minus (RT-) negative
controls, and a single no template control (NTC) was taken for each round of cDNA synthesis.
The thermocycler was set for 10 minutes at 25°C, 15 minutes at 50°C and five minutes at 85°C
and was held at 4°C after completion. The cDNA was diluted 10-fold and stored at -20 °C.

2.6 RT-gPCR for absolute quantification of viral RNA

Absolute quantification of viral RNA with RT-qgPCR was performed using Maxima SYBR
Green/ROX gPCR Master Mix (2X) according to the manufacturer’s protocol using samples
shown in Table 1. The experiment was set up in a 96-well plate (Bio-Rad Hard-Shell) with three
technical replicates of each sample and water as a negative control. A standard curve was produced
using five serial dilutions of a plasmid containing the coat protein gene of BMY'V, already created

in the research group, in the order of: 100 pg/uL, 10 pg/uL, 1 pg/uL, 0.1 pg/uL and 0.01 pg/uL.

14



Table 1: List of samples for absolute quantification of BMYV.

Time points Genotypes Treatments Name of samples
0 dpi Resistant Virus with aphids 1,2,3
(old leaves) Susceptible | Virus with aphids 4,5,6
1 dpi Resistant Aphids with virus 7,8,9
(old leaves) Aphids without virus 10,11, 12
Susceptible | Aphids with virus 13, 14,15
Aphids without virus 16, 17,18
4 dpi Resistant Aphids with virus 31, 32, 33
(old leaves) Aphids without virus 34, 35, 36
Susceptible | Aphids with virus 37, 38, 39
Aphids without virus 40, 41, 42
14 dpi Resistant Aphids with virus 61, 63, 65 (old leaves)
(young + old leaves) 62, 64, 66 (young leaves)
Aphids without virus 67, 69, 71 (old leaves)
68, 70, 72 (young leaves)
Insecticide spray 73, 75, 77 (old leaves)
74, 76, 78 (young leaves)
Susceptible | Aphids with virus 79, 81, 83 (old leaves)
80, 82, 84 (young leaves)
Aphids without virus 85, 87, 89 (old leaves)
86, 88, 90 (young leaves)
Insecticide spray 91, 93, 95 (old leaves)
92, 94, 96 (young leaves)
21 dpi Resistant Aphids with virus 97, 99, 101 (old leaves)
(young + old leaves) 98, 100, 102 (young leaves)
Aphids without virus | 103, 105, 107 (old leaves)
104, 106, 108 (young leaves)
Insecticide spray 109, 111, 113 (old leaves)
110, 112, 114 (young leaves)
Susceptible |  Aphids with virus 115,117, 119 (old leaves)
116, 118, 120 (young leaves)
Aphids without virus | 121, 123, 125 (old leaves)
122, 124, 126 (young leaves)
Insecticide spray 127, 129, 131 (old leaves)
128, 130, 132 (young leaves)
28 dpi Resistant Aphids with virus 134, 136, 138
(young leaves) Aphids without virus 140, 142, 144
Insecticide spray 146, 148, 150
Susceptible | Aphids with virus 152, 154, 156
Aphids without virus 158, 160, 162
Insecticide spray 164, 166, 168
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The gPCR was executed using BioRad CFX Connect Real-Time System using the qPCR
program (Figure 3). The results were obtained as viral copy numbers in the BioRad CFX Manager

Version 3.1.

350 C 950 C %0 C 350 C
oo0s | i 0E

720 ¢ / \ f

| | 600 C /030 G
! 030 . o

/B x

Figure 3: Schema of the gPCR run cycles, including amplification cycles and melt curve analysis

The results obtained were checked for their coefficient of determination (R?>0.99), slope
(between -3.1 and -3.6), efficiency (90-110%), and melt curve for the primers (Illumina, 2010).
Primer pair | (forward sequence 5'-CAAAA_G? TATGAGCGGTAGGCA-3' and reverse sequence
5'-CTTGTT(£;' TGAACCGACTGC-3) and primer pair 1l (forward sequence 5_>
AAAGTTATGAGCGGTAGGCAA-3' and reverse sequence 5'-
CTAETTGTTCGTTGAACCGACT-E) were used for quantification of BMYV. The following
equation was used for calculating the viral copy number of standards, based on which the software

calculated the viral copy numbers of the samples.

1 1 1 ng

template length * 660g *10° g

ng of dsDNA x Avogadro constant x

Here, the template length signifies the total length of the PCR template for the standards and ng of
dsDNA means the amount of template (plasmid) used. The results were then analysed through
Microsoft Excel, where an unpaired student's t-test of significance with unequal variance was

performed with a p-value of 0.05.
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2.7 RT-gPCR for relative quantification

Based on the literature review, three genes related to pathogenesis were selected to test
their differential expression between resistant and susceptible genotypes and across different
treatments and time points. This was done using RT-qPCR for relative quantification.

Two genes induced by salicylic acid (SA) mediated defence pathway, pathogenesis-related
protein 1a (PR1a, accession no: AM932128) and pathogenesis-related protein 5 (PR5, accession
no: XM_010680025.2), as well as the gene Argonaute 1 (AGO1, accession no: XM_010688933),
which is involved in RNA-silencing of the virus, were tested. Elongation Factor 2 (EF2) and
glyceraldehyde-3-phosphate-dehydrogenase (GAPD/GAPDH) were used as reference genes. A
study by Fernando Gil et al. (2020) showed these genes to be stable for data normalisation; thus,
they were considered suitable reference genes, and the primer sequences were retrieved from their
publication. Using the gene sequence information in sugar beet from the NCBI website, two primer
pairs were designed for each gene of interest using the Primer-BLAST tool (Ye et al., 2012),

considering basic primer requirements (Table 2).

Table 2: Sequences of forward and reverse primers for target genes and reference genes

Primer sets Forward primer (5°-3”) Reverse primer (5°-3)

AGOL1 1 ATGACCTCGCAACAGTCTGG CACCTCTTGGATGCTGCTGA
] GGTCCTTTCGTCCACCAGTT CAGCCTGCATAGGTGACACA

EF2 AGCTGCGAAAATGGTGAAGT AGCGTTGATTTCCCGTGA

GAPD CACCACCGATTACATGACATACA GGATCTCCTCTGGGTTCCTG

PRlal GCTTCTGGCAAAGTGTGTGG CGACAAAGTTGCCTGGTGGA
I TTGCAACACTAGCCCTAGCC AGGCTGCCACTTGATCATCC

PR5 | CAGGCTGCAATTTCGACACC AAGTCTTGTCCACCTGCACC

I GAGCGTGGTGGCTTGTAAGA TGTAAGCTGTTGGACACGCA

The RT-gPCR was performed using Maxima SYBR Green/ROX gPCR Master Mix (2X),
following the manufacturer’s protocol. Initially, the primers were tested for their efficiency using
a standard curve containing a cODNA mixture of 12 samples (six resistant and six susceptible). The
cDNA stock solution for each of the 12 samples was diluted 10-fold. These diluted solutions were

pooled to make a cDNA mix, from which six serial dilutions were prepared with five-fold dilution
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at each stage. On the first gPCR run, the primer efficiency of the two housekeeping genes was
tested, where water was used as a negative control. Next, the efficiency was tested for both primer

pairs of the three target genes using the cDNA mix.

Furthermore, two separate cDNA mixes were used to determine if the target genes of both the
resistant and susceptible genotypes bind to the primers: one for resistant and another for
susceptible samples. For each genotype, the stock cDNA solutions for three samples were diluted
10-fold. The diluted solutions were pooled, and five serial dilutions were made with a five-fold

dilution at each step.

The BioRad CFX Connect Real-Time System was used for the gPCR, and the results were obtained

in BioRad CFX Manager. The efficiency for each primer was calculated using Microsoft Excel.

Among the genes whose primer pairs had high efficiency and gave lower Ct values, AGO1, EF2
and GAPD, the second primer pair of AGO1 and EF2 as housekeeping gene were selected for
further testing based on the efficiency and Ct values. For the quantification, cONA of samples
collected at time points 14 and 21 dpi from older leaves of susceptible plant exposed to viruliferous
or non-viruliferous aphids were used. For each time point, three biological replicates and two
technical replicates from each biological replicate were tested. On the same plate, the expression

was analysed for AGO1 and EF2. The relative expression was calculated using the Pfaffl method.

2.8 Bioinformatic analysis

A schematic representation of the RNA-seq analysis is given in Figure 4. The RNA
sequencing results obtained at SciLifeLab were received by SLU Bioinformatics Infrastructure
(SLUBI) and stored in the project repository: SUPR-SNIC. The Linux operating system was
required to analyse results and thus was performed using ThinLinc Client 4.14.0. The
supercomputer cluster UPPMAX was used for the bioinformatic analysis. Additionally, Ubuntu
18.04.05 for Windows was used for other operations related to the data in the Linux platform. The
raw reads for a total of 174 samples comprising plant samples inoculated with BYV (54) or BMYV
(120), including the corresponding controls, were then analysed using the nfcore/rnaseq analysis
pipeline, which uses a Nextflow workflow (Ewels et al., 2020), and was personalised for this
project. The workflow starts with visualising the quality (QC) of the raw reads in FASTQ files
using FASTQC, followed by adapter trimming using the tool TrimGalore. The reference genome

of sugar beet was added from the NCBI website (Dohm et al., 2014). Salmon was used for pseudo-
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alignment, and the detailed results for all samples were obtained in a multigc report after quality
control (Ewels et al., 2016; Patro et al., 2017).

Reference Genome

Pseudo-alignment
Salmon
= : : : a
FASTQC TrimGalore!

Quality Control MultiQC

Adapter Trimming

Sequencing reads

Figure 4: Pipeline for RNA-seq analysis

2.9 Statistical analysis

Differential expression analysis was performed on the RNA-seq data using RStudio with
R version 4.2.0. The packages DESegz2, in addition to edgeR, were used for this purpose (Love et
al., 2014; Robinson et al., 2010).

First, using the package tximport, the pseudo counts generated by Salmon as normalised
transcripts per million (TPM) were transformed to non-normalised count estimates for DESeq2
analysis (Piper et al., 2017a). Then, the gene duplications were removed, followed by removing
genes that were not expressed in any samples. The genes were further filtered by removing genes
with less than a total of ten reads across all samples. The samples then underwent DESeq analysis
(Love et al., 2022). For samples from resistant or susceptible genotypes exposed to BYV or
BMYYV, comaparison was between healthy plants and virus-inoculated plants (separate
comparisons for older and younger leaves). Wald Test was performed for hypothesis testing, where

the p-value was set as 0.05.

Moreover, the Benjamini-Hochberg method was used to adjust the p-value and correct the
multiple testing to reduce the number of false positives. The differentially expressed genes (DEGS)
were then filtered based on significance (p-adjusted value < 0.05) (Piper et al., 2017b). And the
results were visualised using PCA plots. Bar plots were generated showing sequencing depth (total
number of gene reads per sample), scatterplots showing mean vs variance for each comparison,

and the number of upregulated and downregulated genes for comparisons between healthy and
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inoculated samples at each timepoint from each leaf age and each virus. (Supplementary Tables 1-
4). The script provided by SLUBI for differential gene expression analysis, with some changes, is

included in the appendix.

3. Results

3.1 Absolute quantification
After virus inoculation, foliar symptoms were evaluated in the plants found on the
susceptible plants, while resistant plants did not show any symptoms (unpublished data from the

research group).

For all runs with primer pair 11 except for samples 31-42, the R? value was optimum (>0.99), while
it was slightly lower when using primer pair | (0.976). Furthermore, the efficiency was within the
desired range for some samples, while samples from 97-168 and repeats of samples 1-6 with primer
pair Il showed lower efficiency. The slope value was also lower than within the desired range for
the samples with low efficiency (Table 3)

Table 3: Coefficient of determination (R?), efficiency, and slope for different PCR runs for absolute
guantification of BMYV

BMYYV samples R? value Efficiency Slope value
1-6 Primer | 0.976 102.2 % -3.271
7-18 + 61-71 Primer Il 0.991 92.6% -3.514
31-42 Primer Il 0.978 100.7% -3.306
72-96 Primer 11 0.997 98.4% -3.453
97-119 Primer Il 0.998 87.8% -3.653
120-152 Primer Il 0.994 83.8% -3.784
154-168 + 1-6 Primer 1l 0.991 79.4% -3.939

The melt curve analysis showed multiple peaks for runs using primer pair | (samples 1-6), while

primer pair Il showed a single peak for all qPCR runs (Figure 5).
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Figure 5: Melt curves generated for gPCR runs with a) primer pair | and b) primer pair I1.

The virus titres from the plant samples of susceptible and resistant genotypes exposed to BMYV
were measured using gPCR in older and younger leaves at five time points (Figure 6, 7). The older
leaves showed an increase in virus titre at later time points. For resistant plants, the highest viral
load was seen at 21 dpi; for susceptible plants, the viral load was highest at 14 dpi, which decreased
at 21 dpi. While the virus titre in susceptible plants is higher than that of resistant plants at all four
time points (1, 4, 14, and 21 dpi), the difference was not statistically significant.
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Figure 6: Bar graph showing the copy number of BMYV in 1 ug RNA in older infected leaves from resistant
and susceptible plants at different time points. Error bar shows standard deviation.
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In younger leaves (leaves directly above the inoculated leaves) exposed to BMYV, the virus titre
in susceptible plants was highest at 21 dpi. The viral load increased at 21 dpi from 14 dpi and
decreased at 28 dpi. However, in resistant plants, the virus titre decreased from 14 dpi to 21 dpi
and then increased at 28 dpi. The viral load at 14 and 21 dpi was lower in younger leaves compared
to older leaves, which was true for both resistant and susceptible genotypes. In yougner leaves, the
virus titre was higher in susceptible plants at all time points; however, this difference between

resistant and susceptible genotypes was only significant at 21 dpi.
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Figure 7: Bar graph showing the copy number of beet mild yellowing virus in 1 ug RNA in younger infected
leaves from resistant and susceptible plants at different time points. Error bar shows standard deviation.

Analysis performed by unpaired student’s t-test with p-value < 0.05*.

3.2 Relative quantification

The gPCR test for primer efficiency of target genes and housekeeping genes using a cDNA
mix of susceptible and resistant genotypes generated very high Ct values (Ct >30) for PR1a and
PR5; thus, they were not tested further. However, the two housekeeping genes (EF2 and GAPD)
and target gene AGO1 showed Ct values lower than 30 and were further tested using separate
cDNA mixes for resistant and susceptible plants. They showed higher efficiency (>100%) and
lower Ct values for samples from susceptible plants but lower efficiency (<60%) and higher Ct
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values for samples from resistant plants (Table 4). Thus, gPCR analyses were only carried out to

monitor the expression of AGO1 and EF2.

Table 4: Primer efficiencies of primers of housekeeping and target genes tested with gPCR

Genotypes Genes tested Efficiency
Susceptible + | EF2 90.20%
Resistant GAPD 91.87%

PR1a n/a

PR5 n/a

AGO1 87.03%, 72.50%

Resistant EF2 53.05%

GAPD 51.64%

AGO1 54.96%
Susceptible EF2 105.35%

GAPD 105.63%

AGO1 101.48%

The results were analysed using the Pfaffl method and the true efficiencies for each run.
Susceptible plants inoculated with BMYV showed lower expression of AGO1 as compared to the
untreated group at both time points (14 and 21 dpi). However, this difference in expression was

not significant (Figure 8).
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Figure 8: Relative gene expression of AGO1 comparing BMYV-inoculated and healthy plants of the

susceptible genotype across a) 14 dpi and b) 21 dpi. Error bars show standard deviation.

3.3 RNA sequencing analysis
RNA sequencing analysis using nf-core/rnaseq (with Nextflow workflow) and DESeq2

was performed to examine transcript level differences across the two genotypes and their
treatments with BYV and BMYV. All four plots of principal component analysis (PCA) in figure
9 show a distinct clustering of gene expression for plants inoculated with BMYV or BYV at

different time points.
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Figure 9: Principal-component analysis (PCA) visualisation of variation in gene expression between
resistant and susceptible plants exposed to BYV or BMYV at different time points. The colours and symbols
in the plots represent time points for A) resistant plants inoculated with BMYYV, B) susceptible plants
inoculated with BMYYV, C) resistant plants inoculated with BYV, and D) susceptible plants inoculated with

BYV.

Additional visualisation of results through bar plot of sequencing depth, scatterplot for
mean vs variance and MA plot portraying the relationship between the base means and log2fold

change of the counts were generated after normalisation. (Supplementary Tables 1-4). For each of
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the mean vs variance comparisons, the variance was higher than the mean, and thus variance

stabilising transformation was performed during differential gene expression analysis in RStudio.

Moreover, an increase in differentially expressed genes (DEGSs) was observed at later time
points. In samples from susceptible plants exposed to BYV, older leaves showed some DEGs,
while no DEGs were present for the younger leaves. In contrast, a comparison of transcript levels
for older leaves from resistant genotypes exposed to BYV showed no DEGs compared to healthy
plants, while 23 genes were downregulated in younger leaves at 28 dpi. Older leaves from
susceptible plants exposed to BMYV showed an increasing number of DEGs with later time points
(14 and 21 dpi), and the same pattern was seen in younger leaves at 14 and 21 dpi, while the DEGs
decreased at 28 dpi. This decrease at 28 dpi was also seen across the comparisons in younger leaf
samples from resistant plants exposed to BMY'V, while in older leaves, the DEGs decreased from
1to 0 at 21 dpi (Supplementary Tables 1-4).

4 Discussion

Virus yellows is a widespread disease in Europe as well as in the United States (Stevens et
al., 2005b). Molecular approaches such as virus quantification facilitate reliable assessment of
viral load. Due to the high sensitivity of this method, the results cannot be swayed by the effect of
environmental factors (Shirima et al., 2017). Such an approach has been applied to measure the
viral load of southern rice black-streaked dwarf virus (SRBSDV) transmitted by the white-backed

planthoppers at different developmental stages in rice (An et al., 2015).

The measurement of BMYYV titre at different time points (in copy numbers) for the two
genotypes showed a general trend of higher viral load in plants of the susceptible genotype
compared to the resistant genotype. Moreover, at later time points (14, 21, and 28 dpi), the virus
titre was found to be higher than at earlier time points (1 and 4 dpi). The patterns of increased or
decreased viral load at later time points differ between the resistant and susceptible genotypes.
Moreover, the absence of symptoms but a significant virus titre (for example, 9.11x10° viral RNA
copies at 21 dpi in older leaves) suggests that the resistant genotype may not be expressing
complete resistance but tolerance. Further analysis of DEGs obtained from RNA-seq analysis in
resistant genotypes could help better understand the type of resistance and the number of genes

involved.
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We assessed the expression levels of PR-1a, PR-5 and AGO1 genes in sugar beet leaf tissue
exposed to viruliferous or non-viruliferous aphids. ARGONAUTES (AGOs) are effector proteins
that play significant roles in RNA silencing/degradation. Wu et al. (2015) revealed that AGO18
positively regulated AGOL1 for its antiviral activity in rice against rice stripe tenuivirus (RSV) and
rice dwarf phytoreovirus (RDV). Moreover, the role of AGO1 in temperature-dependent symptom
recovery in N. benthaminana plants infected with tomato ringspot virus was recorded in the study
by Ghoshal and Sanfagon (2014). As AGO1, a component of RISC, is involved in antiviral
defence, it would be logical that its expression is induced/increased by virus infection. The results
matched our expectations in susceptible genotypes when compared for time points 14 and 21 dpi
(albeit statistically not significant). Further gPCR runs at more time points would more clearly

show the role of AGOL in resistance to virus yellows.

Generally, PR proteins are implicated in plant defence against biotrophic pathogens, and
the accumulation of PR proteins is induced by SA to confer SAR against fungi, bacteria, and
viruses (Ali et al., 2018, Padmanabhan et al., 2004). Okushima et al. (2000) found that PR-17
stimulates defence against tobacco mosaic virus (TMV) in N. tabacum, whereas Park et al. (2004)
recorded the ribonucleolytic role of PR-10 in an antiviral pathway in Capsicum annum against
TMV. A study by Elvira et al. (2008) noted the resistance induction by PR-5 and PR-1 when
induced by pepper mild mottle virus (PMMoV) in Capsicum chilense. An increase in expression
of PR1a and PR5 would mean that the SA-induced defence has been activated. However, this study
could not verify this as the primer testing or PR1a and PR5 showed very low expression when
tested with a cDNA mix of resistant and susceptible samples. The primer efficiency for the genes
PR1a and PR5 should be tested separately in resistant and susceptible samples to understand their
amplification.

The expression of the target and housekeeping genes was not detected in plant samples of
the resistant genotype. The primer sequences used for both the resistant and susceptible genotypes
were derived from the same reference genome of sugar beet. Without an available genome
sequence for the resistant genotype, the difference in gene expression between the genotypes could
not be determined. Transcriptome assembly from the RNA-seq data for the resistant genotype

could be performed to optimise primer design.
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The RNA-sequencing analysis showed a clear distinction in gene expression between the
samples at different time points. Further comparisons should be made (comparing genotypes or
virus treatments) to further understand the variance between samples. The DEGs were increasing
at later time points in older leaves of susceptible plants exposed to BMYV. A similar trend was
not observed for resistant plants. Although at 21 dpi, older leaves of susceptible samples plants
exposed to BYV showed some DEGs (compared to very few DEGs in younger leaf samples of
resistant plants), this number was much lower for samples of plants inoculated with BMYV. It
could be implied that the resistance mechanisms against these two viruses are different.

5 Conclusion

The absolute quantification of BMYV was performed to analyse virus titre in sugar beet
leaf samples. Moreover, relative expression of pathogenesis-related genes was assessed across
different time points comparing virus inoculated and healthy samples from susceptible sugar beet.
This was carried out with the main objective of understanding the resistance mechanism of sugar
beet against virus yellows and developing a breeding program for resistant cultivars. Further
analysis of upregulated and downregulated genes obtained from the RNA sequencing analysis is
required to better understand the resistance mechanism. Details comparisons, as done in this study,
can be followed with bioinformatic analyses and qPCRs to validate the expression of these DEGs
for specific time points or treatments to draw a clearer picture of the defence mechanisms against

BYV and BMYYV in resistant and susceptible genotypes.
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Script for differential gene expression analysis on RStudio

# DGE analysis ----
# Script to perform differential gene expression analysis using DESeq?2 package
# ---- Abu B Siddique, SLUBI, SLU, Uppsala, Sweden

## Burning questions that we will answer today!

# 1. How many genes do we have in total from our reference data?

# 2. How many genes remain after filtering?

# 3. How many genes are expressed and how many are not expressed?
# 4. Sequencing depth reads or genes (how many genes per sample)?
# 5. How many up-regulated & down-regulated genes?

# 6. Plots: PCA, MA, Volcano, Heat maps?

# Step 1. Preparing packages, libraries & uploading data ----

# clean your r environment
rm(list = 1s())

# install packages and load libraries
if ('require("BiocManager”, quietly = TRUE))
install.packages("BiocManager")
BiocManager::install("DESeq2")
BiocManager::install("tximport™)
BiocManager::install("edgeR"™)

library(DESeq2)
library(tidyverse)
library(readr)
library(tximport)
library(edgeR)
library(ggplot2)

## **** Prepare sample metadata before coming here in RStudio!!
## Keep all the salmon samples in one folder, and take other files to another sub-folder
## then do as follows ->

## 1.1. set working directory ---where the salmon folder is.
setwd("your directory where you have the SALMON folder™)
getwd() # you can see where it is

## 1.2. sample meta data (coldata) ----
# Note: Load all metadata (or sample sheet) about your experimental set up and sequencing IDs,
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#You may modify them first according to your wish and then upload it with the following
command
samples <- read_delim("final_salmon_analysis/metadata_samples.csv"”,
delim ="", escape_double = FALSE, trim_ws = TRUE)
# you can call it ‘colData’ too

### 1.2.1. Subsampling ----you can regroup your data and do new analysis from here
# you can do similar subsamplings for BYV

## BMYV

#samples <- subset(samples, virus =="'BMYV') # BMYYV (all BMYYV including resistant and
susceptible)

samples <- subset(samples, virus == 'BMYV' & genotype == 'Resistant’ & time_point ==
'04_DAI') # BMYV + only Susceptible +04_DAI

samples <- subset(samples, virus == 'BMYV' & genotype == 'Resistant’) # Only Resistant
BMYYV samples

view(samples)

## 1.3. count data ----
# Load file named as 'tx2gene’ means transcripts to genes (translation table from the salmon
folders)

library(readr)
tx2gene <- read_delim(*"final_salmon_analysis/salmon_tx2gene.tsv",

delim = "\t", escape_double = FALSE,

col_names = c("transcript_id","gene_id1","gene_id2"), trim_ws = TRUE)
head(tx2gene) # Column '1' is transcript ID and 2" is gene ID , column 3 = column 2

## Note: Now, load the sample name from salmon folders (files as a list from the salmon folder)
#and load all the quantification data files from the salmon folder named 'quant.sf'.

files <- file.path("'final_salmon", samples$SamplelD, "quant.sf")

#file path-folder inside the working directory where your salmon folder is.

# The folder name for each sample should be the same as the first column name of the
#samplesheet (in this case SamplelD column)

names(files) <- pasteO(samples$SamplelD)
head(files) # see the names
# or by names(files) <- samples$SamplelD

## 1.4. import quantification data (tximport) ----

# We import the necessary quantification data for DESeq2 using the tximport function.
# For further details on use of tximport, including the construction of the tx2gene
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# table for linking transcripts to genes in your dataset, please refer to the
# tximport package vignette = http://bioconductor.org/packages/tximport .

txi <- tximport(files, type = "salmon", tx2gene = tx2gene)

# Components or attributes or sheet of txi file:
attributes(txi)

# you will see four attributes like this:

# [1] "abundance" "counts" "length™
# [4] "countsFromAbundance”

# Explanation: "abundance is provided by quantification tools like TPM (transcripts-per-million),
# while the counts are estimated counts (possibly fractional), and

# the "length™ matrix contains the effective gene lengths.

# The "length” matrix can be used to generate an offset matrix for downstream gene-level
differential analysis of count matrices"

## 1.5. *** Quality Control -----

### 1.5.1. meta data = count data?----

# Now make sure that the sample name in the meta data (samples) matches the name of the
#Counts (txi$counts). First, see if the 'row names in samples' matches to ‘column names in
#counts_data’

all(colnames(counts) %in% rownames(samples))

# false (that means they are not same) !!! But why?

colnames(counts)

rownames(samples) ## they are not same because the samples has no row names

# solution: so make row names and save the new sample sheet as 'samples_updated'
samples <- as.data.frame(samples)

samples_updated <- as.data.frame(samples[,-1])

rownames(samples_updated) <- samples[,1]

# are they in the same order now?

all(colnames(counts) == rownames(samples_updated))

# TRUE! yes they are.

### 1.5.2. How many genes are not expressed at all in our samples? ----
# the data that may cause problems or are not needed for further analysis
## check all the 'unexpressed genes' and their count data
sel <- rowSums(counts) ==
sprintf("%s%% percent (%s) of %s genes are not expressed",
round(sum(sel) * 100/ nrow(counts),digits=2),
sum(sel),
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nrow(counts)) # *** important results, it will print for example :"27.3% percent (10484) of
38338 genes are not expressed™
#iH ## 1.5.3. ** sequencing depth ----
## Second, check all samples and do they have robust sequencing depth or are there outliers?
#* Let us take a look at the sequencing depth, colouring by different "groups™

# create a data frame from 'counts' having all the column names and sum of the each sample
column
dat <- tibble(x=colnames(counts),y=colSums(counts)) %>%

bind_cols(samples)

# plot sum of all gene counts # genotype wise

ggplot(dat,aes(sample_condition ,y,fill=genotype)) + geom_col() +
scale_y continuous(hame="Gene_reads") +
theme(axis.text.x=element_text(angle=90,size=4),axis.title.x=element_blank())

## *** do the same for other attributes (e.g., time_points, treatment,leaf _age etc)

## 1.6 Detailed data exploration (new but optional) ----

### 1.6.1. mean vs variance ---- why do we compare mean and variance here?

# we would like to see mean variance relationship between first three samples,as they are from
same genotype

data_counts <- txi$counts

mean_counts <- apply(data_counts[,1:3], 1, mean)

#The second argument '1' of "apply' function indicates the function being applied to rows. Use '2'
if applied to columns

variance_counts <- apply(data_counts[,1:3], 1, var)

df_counts <- data.frame(mean_counts, variance_counts)

# or you can see the mean vs variance for all the samples within a single subsetting. change 3 to
the last number of sample in that case

# mean vs variance plot
ggplot(df_counts) +
geom_point(aes(x=mean_counts, y=variance_counts)) +
scale_y log10(limits = c(1,1e9)) +
scale_x_log10(limits = c(1,1e9)) +
geom_abline(intercept = 0, slope = 1, color="red")
# what does it mean and why this relationship is important for further data analysis?

# STOP!? ----

# you must have a choice which group or meta column or variable you are interested on
# *** you can manipulate this script according to your interest of research question :)
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# Step 2. construct a DESegDataSet object ----------
dds <- DESeqDataSetFromTximport(
txi=txi,
colData = samples,
design = ~ treatment) ## ? you can modify design (or condition)
#condition means what you are comparing (time_point, treatment, genotype, etc)
# in this case, 1 am choosing 'treatment’ as the condition because | am comparing between the
healthy and virus treated samples.

#plot Dispersion Estimates

dds = estimateSizeFactors(dds)
dds = estimateDispersions(dds)
plotDispEsts(dds)

## 2.1. pre-filtering (keep > 10 reads') ----

# removing rows with low gene counts---keeping rows that have at least 10 reads total
keep <- rowSums(counts(dds)) >= 10

dds <- dds[keep,]

dds

### Or |

# it can be done in another way--- remove genes with low counts

# keep genes that have minimum 1 CPM across 3 samples (since group has three replicates)
# keepgenes <- rowSums(edgeR::cpm(dds)>1) >= 173 # fix according tor your row numbers
# keepgenes

# dds <- dds[keepgenes,]

# dds

## 2.2. *** run deseq?2 -----

dds <- DESeq(dds)

dds

# it will print like this:

## class: DESegDataSet

## dim: 14599 7

## metadata(1): version

## assays(1): counts

## rownames(14599): FBgn0000003 FBgn0000008 ... FBgn0261574 FBgn0261575
## rowData names(0):

## colnames(7): treatedl treated? ... untreated3 untreated4
## colData names(2): condition type

## 2.3. export results or vst counts ----
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## vst means 'variance stabilizing transformations'. why vst is important? correction for high
variance

cv <- as.data.frame(assay(varianceStabilizingTransformation(dds,blind=T)),check.names=F)
write.table(cv,"counts_vst_full.txt",sep="\t",dec=".",quote=FALSE)
saveRDS(cv,"counts_vst_full.Rds")

## 2.4. *** Up-regulated and down-regulated genes? ----
dg <- nbinomWaldTest(dds) # Wald test

# Why is Wald test important?

dg

print(resultsNames(dg)) #this is important

### 2.4.1 *** comparing across "groups™ of samples

# It is also called as res by using 'contrast' option

res <- results((dg),alpha=0.05)

summary(res)

*** important results, it will say how many genes are up & down-regulated in inoculated
samples for the above contrast

## 2.5. Ifc shrink-log2fold change shrink ----
resl <- IfcShrink(dg, contrast=c("treatment™, "Healthy","Inoculated"), res=res, type="normal")
resl

## 2.6. convert table to data frame and save ----

table_res <- as.data.frame(resl) # we try for 1st combination 'resl'
table_res$ensembl_gene_id <- rownames(table_res)
write.table(table_res,"res1",sep="\t",dec=".",quote=FALSE)

# Step 3. PCA analysis -----

## 3.1. load vst count data ----

#table_vst <- readRDS("../5_dge/counts_vst_full.Rds")
table_vst <- cv

## 3.2. metadata as dataframe ----
table_meta <- as.data.frame(samples_updated)

## 3.3. match order of counts and metadata ----

mth <- match(colnames(table_vst),rownames(table_meta))

mth <- match(colnames(table_vst),rownames(samples_updated))
mth

# Note??: this next two line will take away your gene names from the table vst for rest of the
analysis so you may avoid running next 2 lines
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table_vst <- table_vst[,mth]
all.equal(rownames(table_meta),colnames(table_vst))

## 3.4. pca commands ----

pcaobj <- prcomp(x=t(table_vst))

pcs <- round(pcaobj$sdev~2/sum(pcaohj$sdev”2)*100,2)
pcs

pcamatl <- as.data.frame(pcaobj$x)

pcamat2 <- merge(pcamatl,samples_updated,by=0)

## 3.5. PCA plots ----
pl <- ggplot(pcamat2,aes(PC1,PC2,col=time_point,shape=time_point))+
geom_point()+
theme_bw()+
stat_ellipse()+
xlab(pasteO("PCL1: ",pcs[1],"% variance™)) +
ylab(pasteO("PC2: ",pcs[2],"% variance™)) + # https://www.biostars.org/p/472836/
geom_text(aes(label=leaf age),size=2,nudge_x=1,hjust="inward")+
theme(legend.title=element_blank(),
legend.text=element_text(size=6),
legend.position="right",
legend.justification="right")
pl

# to save the plot
ggsave("pca.png”,p,height=12,width=12,units="cm",dpi=250)

# Step 4. MA plot -----

# load DESeq data and categorize gene expression as significant and non significant
table_res <- table_res[!is.na(table_res$padj),]
table_res$sig <- ifelse(table_res$padj<0.05,"Sig","NotSig")

p2 <- ggplot(table_res,aes(x=baseMean,y=log2FoldChange,colour=sig))+
geom_point()+
scale_x_log10()+
scale_colour_manual(values=c("grey40","#80b1d3"))+

theme_bw()+
theme(legend.title=element_blank(),
legend.position="top",
legend.justification="right")
p2
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# save the plot as png file
ggsave("ma.png",p,height=12,width=12,units="cm",dpi=250)

# want to check where are you saving all these plots and results data??
getwd()

# Step 5. Volcano plot -----

p4 <- ggplot(table_res,aes(x=log2FoldChange,y=-log10(padj),colour=sig))+
geom_point()+
scale_colour_manual(values=c("grey40","#80b1d3"))+

theme_bw()+
theme(legend.title=element_blank(),
legend.position="top",
legend.justification="right")
# BH = Benjamini Hochberg = FDR
p4
# to save the plot
ggsave("volcano.png”,p,height=12,width=12,units="cm",dpi=250)

# References. ----
#http://bioconductor.org/packages/release/bioc/vignettes/DESeq2/inst/doc/DESeq2.html#differe
ntial-expression-analysis
#https://hbctraining.github.io/DGE_workshop_salmon/lessons/01_DGE_setup_and_overview.ht
ml

# https://www.hadriengourle.com/tutorials/rna/#differential-expression-using-deseq2

Supplementary Tables 1-4 (from page 43)
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Supplementary Table 1: Differential expression analysis between resistant plant samples exposed to viruliferous or non-viruliferous aphids with

BYV
Leaf Time Number of Gene reads per sample Differentially expressed genes Variance vs mean MA plot
age point genes not (DEGsS)
expressed
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Supplementary Table 2: Differential expression analysis between susceptible plant samples exposed to viruliferous or non-viruliferous aphids with
BYV

Leaf Time Number of Gene reads per sample Differentially expressed genes Variance vs mean MA plot
age point genes not (DEGS)
expressed
Old 21 40.63% percent out of 8451 with nonzero total read . s s s
days (11036) of count - .
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Supplementary Table 3: Differential expression analysis between resistant plant samples exposed to viruliferous or non-viruliferous aphids with
BMYV

Leaf Time | Number Gene reads per sample Differentially expressed Variance vs mean MA plot
age point | of genes genes (DEGs)
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expressed
Old lday | 59.38% "out of 3106 with nonzero . - v
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Supplementary Table 4: Differential expression analysis between susceptible plant samples exposed to viruliferous or non-viruliferous aphids with
BMYV

Leaf Time | Number Gene reads per sample Differentially expressed Variance vs mean MA plot
age point | of genes genes (DEGs)
not
expressed
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