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ABSTRACT 

Lentil (Lens culinaris) is a valuable and popular cool season legume worldwide. The lens 

shaped seed legume is a rich source of protein (up to 35%), complex carbohydrates, vitamin A 

and B, and potassium and iron and is high in fibre and low in sodium and fat. Therefore, lentil 

is a staple food in no- and low-meat diets especially in North Africa, the Middle East, the Indian 

subcontinent and parts of the Americas. Due to the high demand for lentil globally, its annual 

production has increased from 0.85 to 5.03 Mt within the last five decades. Australia is the 

fourth largest producer in the world with an annual export value of $185 million AUD. 

However, lentil global production and yield quality is greatly affected by the devastating fungal 

disease “Ascochyta blight” (AB). 

Ascochyta lentis (Vassilievsky) is a necrotrophic fungus that causes AB, affecting all above-

ground parts of the plant resulting in up to 70% yield loss and marketability reduction annually. 

The fungus is endemic to lentil growing regions globally and is the top biotic constraint to lentil 

production in Australia. A range of studies have been conducted on A. lentis to clarify the 

epidemiology, diagnostics, lifecycle, survival, chemical susceptibility as well as pathogenic 

variation and physiology of the host-pathogen interaction. The knowledge on A. lentis 

pathogenicity together with identification of genetic and molecular mechanisms of lentil 

defence in the naturally resistant lentil genotypes would lead to the most economic, 

environmentally friendly and effective method of disease management. To meet this end, more 

in depth genomic and molecular studies are required to: 

• Understand transcriptional changes caused by A. lentis attack in the resistant and 

susceptible lentil genotypes at significant stages of the early host defence response. 

• Determine the precise defence-related genes and molecular pathways involved in the 

early host defence response.  

•  Identify the location of the major loci conferring resistance to A. lentis on lentil 

chromosomes using a high-resolution linkage map of lentil populations with the 

desirable resistance background. 

• Investigate the marker-linked genes underneath the major QTLs detected associated 

with defence to A. lentis. 
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• Determine the sustainability or uniqueness of the genes identified underneath the QTLs 

based on differential expression analysis among the most resistant and most susceptible 

lentils within the lentil population. 

The current PhD project assessed comprehensively the transcriptional changes that occurred 

within the first 24 hours of A. lentis attack within highly resistant (ILL7537) and highly 

susceptible (ILL6002) genotypes infected by a highly aggressive A. lentis isolate (AL4) and/or 

water control condition. An RNA sequencing technique was used to obtain the transcript data. 

Differential expression analysis revealed the transcripts that were differentially expressed 

between the resistant and the susceptible lentil genotypes within the physiologically significant 

early defence stages. A total of 23 genes were identified to have key defence-related roles 

during the early defence response including protein kinase family members involved in 

pathogen recognition and early signalling, and pathogenesis-related (PR2, PR4 and PR10) 

proteins with known antifungal activities. Several structural compounds for cell wall 

reinforcement, transcriptional factors, hyper-sensitive response compounds, and signalling 

molecules related to systemic-acquired resistance such as E3 ubiquitin-protein ligase family 

members were also detected. The differential expressions of the candidate genes were validated 

by real-time PCR.  

The chromosomal locations of the major defence-related loci were characterised through 

development of a high-resolution genetic linkage map from a F5 segregating population of 150 

recombinant inbred lines (RILs) derived from a cross between ILL7537 × ILL6002. Two 

aggressive A. lentis isolates (AL4 and FT15124) were used for disease severity scoring of the 

parents and population. A genotyping by sequencing (GBS) approach was used to develop 

high-density single nucleotide polymorphism (SNP)-based linkage map from the RIL 

population. Quantitative trait loci (QTL) analysis was then perform using the phenotypic data 

and linkage map. A QTL associated with defence to AL4 isolate was identified on chromosome 

2 and another QTL on chromosome 6 was significantly associated with defence to FT15124. 

A total number of 37 SNP-harbouring genes were identified underneath the QTL regions that 

seem to be related to defence from which 4 genes were commonly detected in transcriptomics 

study including a protein kinase playing role in recognition and early signalling, E3 ubiquitin-

protein ligase, and transcriptional factors such as Nucleic acid-binding protein. 
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The candidate genes identified from the QTL mapping study and those previously identified 

through transcriptome profiling were identified. Subsequently, real-time PCR was used to 

validate the stability of expression of five of the commonly identified candidate genes. For this, 

six individuals from the F7 RILs that derived from F6 of the same population were used for the 

QTL analysis together with the two parents (ILL7537 and ILL6002), plus two individuals more 

resistant than the resistant parent and two individuals more susceptible than the susceptible 

parent. Each of the five genes were expressed with a consistent and expected profile across the 

individuals and parents following treatment with the aggressive AL4 isolate and/or water, 

providing further evidence of their association with the resistant response. 

This study identified the genetic and molecular aspects of defence to A. lentis by identifying 

novel defence related genes and molecular pathways, their functions and locations on lentils 

chromosomes as well as some linked SNPs to the candidate genes. The identified genes, SNPs 

and QTLs identified may be used as genetic tools for the selection of A. lentis resistance within 

ILL7537 in future pre-breeding efforts. 
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Chapter 1 General Introduction and Literature review  

 Lentil - A highly valuable legume 

Lentil (Lens culinaris Madikus subsp. culinaris, Fabaceae) is a nutritious cool season legume. 

There were 6 MT produced globally in 2017 and consumed as a rich source of protein (22-

35%), minerals and vitamins [1]. Lentil is a self-pollinating legume, traditionally grown in 

central and southwestern Asia, and originating from the Middle East [2, 3]. In Australia, a very 

small lentil industry was established in Victoria in the late 1980s using a late flowering, green, 

Canadian cultivar, Laird. The industry then expanded to South Australia, in 1993–94, using 

early flowering red and green lentil varieties that were better adapted to Australian conditions 

[4]. The Australian lentil industry is export focussed with 95% of production exported to Asia, 

Africa, Europe and the India subcontinent, the largest importer of Australian red lentil. The 5-

year average for Australian lentil exported is 279,000 tonnes per annum with a value of $185 

million AUD[5]. 

The main lentil-producing regions in Australia are Victoria including the northern Wimmera 

and the southern Mallee regions, the Yorke Peninsula in South Australia, and parts of southern 

New South Wales and Western Australia (Figure 1-1). The major varieties sown in Australia 

are described in Table 1-1, among which there was a significant market demand for PBA 

Jumbo2 and PBA Flash in 2015. In order to produce high quality and resistant lentil genotypes 

adapted to the Australian climate, there exists the national breeding program (Pulse Breeding 

Australia Lentil Breeding - expansion project), which is sponsored by the Grains Research and 

Development Corporation (GRDC) [6]. 

Table 1-1 The maijor lentil varieties cultivated in Australia in February 2016. 

(http://www.pulseaus.com.au/growing-pulses/bmp/lentil), 

1 SRP = small red (premium round) ǀ 2 SRS = small red (split) ǀ 3 MRD = medium red (dual purpose) ǀ 4 LRS = 

large red (split) ǀ 5 MG = medium green ǀ 6 LG = large green. Italic indicates lentil variety that pioneered the 

Seed coat 

colour* 

Seed size and type 

Small red Medium red Large red Medium green Large green 

Grey Nipper 1 

PBA Bounty 1 

PBA Herald XT 2 

PBA Hurricane 

XT 1 

Nugget 3 

PBA Ace 3 

PBA Blitz 3 

PBA Bolt 3 

Digger 3 

PBA Jumbo 4 

PBA Jumbo2 
4 

─ ─ 

Tan Northfield 1 ─ ─ ─ ─ 

White-green ─ PBA Flash 3 

Cobber 3 

Aldinga 4 Matilda 5 

PBA Greenfield 5 

Boomer 6 

PBA Giant 6 

http://www.pulseaus.com.au/growing-pulses/bmp/lentil
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Australian lentil industry. * Lentil varieties classify by physiological traits such as seed size, seed coat colour, 

kernel (cotyledon) colour and time to maturity. The seed coat colour varies from light grey, through brown to 

black, and may be speckled [7]. 

                 

Figure 1-1 Red and green lentil area and production estimates. Source: Pulse Australia in 2018 [8]. 

 Ascochyta blight  

Compared to other broad acre crops, lentil yield has remained relatively low in Australia due 

to biotic and abiotic factors, the most influential of which is the disease ascochyta blight. 

Ascochyta blight is caused by Ascochyta lentis Vassilievsky, a necrotrophic fungus. A. lentis 

affects all above-ground plant parts (Figure 1-3), and can result in up to 70% yield loss and 

marketability reduction annually[9]. Environmental conditions, formation of inoculum, 

inoculum concentration and physiological plant growth stage all affect the severity of infection 

and subsequent crop loss [10].  

Ascochyta lentis is endemic to all lentil growing regions of the world[11], and is the top biotic 

constraint to lentil production in Australia. The pathogen was reported in Australia by Luig et 

al (1982) for the first time[12]. The estimated annual loss from A. lentis in Australia between 

2004 and 2009 was $16.2 million, due to direct yield and quality loss as well as the cost of 

disease management[13]. 
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 Disease Cycle 

The A. lentis fungus is heterothallic and may reproduce either sexually or through clonal 

propagation of conidiospores[14]. The fungus requires two mating types for sexual 

recombination and production of the teliospore, however the most common mode of 

reproduction is asexual reproduction and the conidiospores are distributed on seeds or survive 

on infected stubble from the previous year’s diseased crops (Figure 1-2) [14]. Infection can 

occur at any stage of plant growth, however, moisture is essential as so weather conditions play 

a vital rule in the infection process [15]. At the first stage of infection, the pathogen requires 

cool wet weather that promotes sporulation, spore dispersal and infection [15]. The second 

phase is to spread within crops and that occurs when spores that are produced on diseased 

plants are carried by wind and rain splash onto neighbouring plants [16]. 

  

  

http://www.croppro.com.au/crop_disease_manual/media/image124.png
http://www.croppro.com.au/crop_disease_manual/media/image124.png
http://www.croppro.com.au/crop_disease_manual/media/image124.png
http://www.croppro.com.au/crop_disease_manual/media/image124.png
http://www.croppro.com.au/crop_disease_manual/media/image124.png
http://www.croppro.com.au/crop_disease_manual/media/image124.png
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Figure 1-2 The disease cycle of Ascochyta lentis [19]. 

     

Figure 1-3 Symptoms of AB on lentil pod, seeds and leaf [17]. 

 

http://www.croppro.com.au/crop_disease_manual/media/image124.png
http://www.croppro.com.au/crop_disease_manual/media/image124.png
http://www.croppro.com.au/crop_disease_manual/media/image124.png
http://www.croppro.com.au/crop_disease_manual/media/image124.png
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 Pathogenic diversity within the A. lentis population 

The development of knowledge and tools towards effective and sustainably resistant lentil 

cultivation in the presence of A. lentis is a crucial goal of this study and globally. To meet this 

end, a deep understanding of the variation in the pathogen’s ability to cause the disease and 

capability of evolving and adapting to new conditions is required. A. lentis isolates are highly 

variable globally in their aggressiveness and on different lentil cultivars[4, 18–20]. For 

example, when 24 A. lentis isolates from 17 countries were collected and examined, significant 

variation was detected in cultural characters and in disease reactions between isolates and host 

genotypes[15]. Another study reported a high virulence variation among Canadian A. lentis 

isolates[21]. It is likely that the high variation found in pathogenicity and structures among 

populations from different countries and regions is due to adaptation of the host and pathogen 

over time[16]. 

A commonly used method to classify the pathogenic status of an isolate is to investigate its 

ability to cause disease symptoms on a range of host genotypes from resistant to susceptible. 

This enables isolates to be classified into “pathotype groups” based on their ability to cause 

qualitative and/or quantitative differences in the disease responses among the host genotypes 

(virulence) [2]. This sort of phenotypic screening defines the “disease severity” caused by each 

isolate [22]. Field and/or glass-house screening has been used by scientists to score the disease 

severity caused by fungal populations [22, 23]. An efficient and economical way of scoring to 

test a large number of individuals is field screening whereas, a more precise and reliable 

technique is through glass-house scoring due to the controlled environment, ability to set up 

multiple replications in a small space and ability to apply an uniform inoculation with the 

pathogen[24]. 

An insight into the variation of virulence within the Australian A. lentis population is needed 

for a better prediction of stable resistance within lentil cultivars, advanced breeding lines and 

parent genotypes. This diversity has been assessed in a few previous studies[4, 22, 23]. An 

earlier study by Nasir et al. (1997) on 39 isolates suggested a classification of the isolates into 

six pathotypes with different virulence patterns and aggressiveness on the examined lentil 

cultivars[4]. In their study, pathotype six was the most virulent, causing disease on all 

differentials, while pathotype one was avirulent on all differentials[4]. Similarly, 219 

Australian A. lentis isolates were categorised into 14 pathotypes[25]. Hussain et al. (1999) also 
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categorised 20 A. lentis isolates into five pathotypes after scoring of disease symptoms on seven 

lentil genotypes[26]. Sambasivam et al. (2016) also studied 17 isolates of A. lentis on six 

different lentil genotypes and acquired the same results as Nasir et al (1997) with six distinct 

virulence patterns within the A. lentis population[22]. The pathotype I (AL4) was the highest 

virulent isolate, causing disease on all genotypes except ILL7537 and pathotype VI, Kewell, 

exhibited the lowest virulence on all genotypes[22]. A recent study by Davidson et al. (2016) 

on defence responses of commonly grown lentil cultivars to A. lentis isolates from the field in 

southern Australia from 2005 to 2014, confirmed the change in lentil foliar response of the 

previously resistant cultivars, Nipper and Northfield, due to a natural diversity and potential 

adaptive increase in aggressiveness of the population [23].  

 Disease resistance in lentil 

 Disease resistance inheritance 

There is a remarkable difference in disease severity among lentil genotypes[18]. The most 

popular resistance resource of lentil that has been exploited in the Australian resistance 

breeding program is cv Northfield (ILL5588) containing a simply inherited single dominant 

gene (AbR1) [27]. Other lentil genotypes reported with high resistance levels include PI 339283 

and wild-relative genotypes of lentil, also with simple inheritance patterns [28–30].  

The inheritance of resistance to A. lentis is generally thought to be simple, being governed by 

one dominant and/or recessive gene based on Mendelian inheritance approaches [31]. AbR1 is 

a single dominant gene governing defence to A. lentis in Northfield, a lentil resistance resource 

[32]. The other studies introduced Ral2 as a single dominant gene controlling foliar resistance 

in Northfield to A. lentis [33] and ral2 as a single recessive gene responsible to foliar resistance 

in Indianhead (Table 1-2) [34]. However, it seems that there are differences between different 

lentil resistance resources as AbR1 does not exist in ILL7537, another lentil resistance resource 

[35, 36].  
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Table 1-2 Single dominant and recessive genes cotrolling resistance to A. lentis based on genetic studies. 

Lentil genotype Gene Citation 

Northfield AbR1 Tay and 

Slinkard, 1989 

Northfield Ral2 Andrahennadi, 

1994 

Indianhead ral2 Chowdhury et 

al., 2001 

 

A few studies initiated more in-depth exploration of the genes that may play a role in defence 

to A. lentis. Studies on resistant resources in Australia reported cv. Indianhead and ILL7537 as 

newer resistance resources [27, 37]. Subsequently, Nguyen reported ILL7537 to have a unique 

resistance mechanism to the single AbR1 from Northfield[35]. However, there are some reports 

on resistance break down of some of the previously reported resistant resources by various A. 

lentis isolates such as Northfield (ILL5588) [19]. Therefore, ongoing studies are focussed on 

finding and characterising novel resistant resources such as in the wild lentil accession 

ILWL180 reported by Dadu et al (2018) [38]. 

Meanwhile, the national lentil breeding program run by Pulse Breeding Australia (PBA) and 

based at the Department of Economic Development, Jobs, Transport and Resources 

(DEDJTR), Horsham, is breeding new varieties with resistance such as Nipper, Boomer and 

Jumbo2 [23, 39]. The majority of resistance within these has come from ILL7537 [23]. Along 

with the resistance resources, some highly susceptible genotypes have been identified such as 

ILL6002, ILL5244, IC128-85 and Nugget [19, 23, 27]. ILL7537 and susceptible genotypes 

have been used in previous research programs to create segregating populations to study the 

mechanisms of inheritance of resistance to A. lentis [40]. However, to create a durable resistant 

lentil cultivar, a clear and detailed knowledge on physiology of lentil-A. lentis interaction is 

required as a foundation for an in depth molecular and genetics studies. 

 Host pathogen interaction 

To exploit resistant lentil germplasm effectively, knowledge on the molecular, biochemical and 

physiological responses of the plant during the different stages of the defence mechanism is 
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required. The focus of this section will be on determining the existing knowledge on the key 

inducible host defence responses that occur after a fungal spore attaches to a leaf surface.  

In depth histopathology studies of the lentil – A. lentis interaction were performed by Roundhill 

et al (1995), and Sambasivam et al (2016) [22, 41]. Reports from microscopic studies by 

Roundhill et al (1995) [41]showed that the fungal conidia produce germ tubes around 6 – 10 

hours post inoculation (hpi) on the leaf/foliar surface followed by appressorium formation, and 

subsequently a penetration peg penetrates into the leaf surface cells. Furthermore, they 

determined that the first visible response after penetration was aggregation of cytoplasm and 

papilla formation as a structural barrier. Thick papillae were then observed surrounding the 

fungal hypha that entered the plant cell (vesicle) at 29 hpi. Roundhill et al (1995) [41]. 

determined that the resistant and susceptible genotypes behaved differently in preventing the 

fungal hypha from spreading into the mesophyll by producing a thick layer of an electron-

dense wall material that occured quicker and more frequently in the resistant genotype [41]. 

Sambasivam et al (2011) subsequently assessed the interaction between lentil and A. lentis with 

both microscopy and biochemical approaches and determined that 2, 6 and 24 hpi were 

biologically significant time points during the early stages of the interaction (Figure 1-4) [42]. 

These may be divided into several major biologically relevant genetic responses that are 

generally time-after-invasion-dependant in their expression including a) initial pathogen 

recognition and signalling, b) secondary defence responses and c) downstream signalling and 

tertiary responses. 

Plants initially recognise microbes via perception of pathogen-associated molecular patterns 

(PAMPs) by pattern-recognition receptors (PRRs) located on the leaf cell surface [43–46]. This 

first level of recognition is referred to as PAMP-triggered immunity (PTI) [44]. Once conidia 

make contact with the plant surface and generally prior to germination, PRRs are activated, 

and induce signal transduction pathways in the plant that lead to intracellular responses 

associated with PTI [43]. In the case of the lentil - A. lentis pathosystem, the start of conidial 

germination and subsequent recognition and signalling occurs around 2 hpi [22, 41]. Recent 

studies have proposed serine/threonine protein kinase as a key component of the signalling 

mechanism required to activate the resistance responses to A. lentis infection in lentil [47]. 

Thus, the serine/threonine kinase (RSTK) receptors, receptor-like kinase (RLK) family 

members, are hypothesised to play a main role in A. lentis invasion recognition. The other 
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important elicitors to trigger signalling process through invasion are nucleotide-binding site 

leucine-rich repeat (NBS-LRR) receptors [48, 49]. Further investigation to determine which 

families and members of these classes of receptors are involved in A. lentis defence signalling 

in lentil is required. 

A number of studies have concluded the existence of host receptor molecules to detect 

necrotrophic fungal pathogen effector molecules [50–54]. The role of WRKY70 as a receptor 

molecule in Arabidopsis defence to the necrotrophic fungus Alternaria brassicicola has been 

examined [50]. This study showed that the up‐regulation of WRKY70 could impair plant 

resistance to A. brassicicola by suppressing the expression of a subset of A. brassicicola‐

responsive genes and the jasmonic acid (JA) signalling pathway [50]. LysM receptor-like 

protein kinase (LysM RLK1) was also reported as a required receptor of chitin in Arabidopsis 

against necrotrophic fungal-pathogen attack [51]. Another study illustrated that a Tomato Ve1 

receptor molecule, which has homologues in many other plants such as Arabidopsis, plays a 

key role in recognition and defence to necrotrophic fungal pathogens [54]. Hanemian et al., 

2016 investigated the role of CLV1 and CLV2 receptor molecules in Arabidopsis defence to 

various plant pathogens including bacteria, oomycetes and fungi [52]. The study found that 

CLV1 and CLV2 did not contribute significantly in the defence to necrotrophic fungal 

pathogens in Arabidopsis in contrast with the bacterial and biotrophic fungal pathogens [52]. 

An in depth study on SNAREs (soluble N-ethylmaleimide sensitive factor adaptor protein 

receptors), that is a key compound in intracellular trafficking pathways, revealed a significant 

role of those in wheat defence to Puccinia triticina causing leaf rust [53]. 

Subsequent to recognition of A. lentis, lentil utilises defence-related molecular signals [55, 56] 

to instigate structural (a) and biochemical (b) defence responses at 6 hpi. This is when germ 

tubes have germinated from the spores and are penetrating the plant cell [41, 42]. At this time 

point, the following processes occur: 

 a) Plants localize wall thickenings and form Papillae as physical barriers to enclose 

pathogens and exclude them from nutrient access [57, 58]. A papilla is formed at the 

penetration site by local apposition of material to the cell wall. Simultaneously, the entire wall 

of the cell may be thickened considerably prior to a hypersensitive reaction (HR)-cell death 

[59]. The papillae commonly contain callose and phenolics as well as lignin, cellulose, pectin, 

suberin, chitin, lipids and even silicon. Increased production of some proteins which are usually 
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found in cell walls, such as hydroxyproline-rich glycoproteins (HRGPs) or peroxidases are also 

associated with the plant structural defence mechanisms [57]. 

b) Production of biochemical compounds represents another secondary defence strategy. 

Once the plant has recognised the pathogen invasion, an HR processes may begin, which is 

based on activation of pre-existing components rather than changes in gene expression [59]. 

Within an oxidative burst, reactive oxygen species (ROS) are released and then oxygenated to 

produce compounds such H2O2 to provide several functions [59]. These include papilla 

hardening by driving cross-linking reactions, direct toxication of the pathogen and surrounding 

host cells for possible containment and induction of other defence-related gene expressions in 

adjacent healthy cells [57, 60, 61].  

A previous study determined that resistant lentil genotypes initiate structural and biochemical 

defence mechanism at the point of fungal hyphae penetration at 6 hpi, earlier than in a 

susceptible genotype [62]. Superoxide dismutase (SOD), which is associated with reactive 

oxygen species (ROS) production, is another signal molecule previously detected in resistant 

lentil in response to A. lentis infection [63, 64]. SODs activate downstream defence 

mechanisms such as the synthesis of PR proteins which have antifungal activities [65]. 

Meanwhile, the HR may also help the necrotrophic fungal pathogens to grow and spread in 

their host plant [66]. 

Tertiary defence mechanisms are regulated through a complex network of signalling pathways 

that generally involve four signalling molecules: salicylic acid (SA), jasmonic acid (JA) and 

ethylene and abscisic acid (ABA) [67–70]. These signalling molecules function within two 

major pathogen-defence signalling pathways: an SA-dependent pathway and an SA-

independent pathway that involves JA and ET [71]. These pathways cross talk and regulate the 

expression of pathogenesis-related proteins (PR) and a characteristic set of defence-related 

proteins. Subsequently, a heightened defence against secondary infections or even immunity 

known as systemic acquired resistance (SAR) may be induced because of the expression of 

defence-related proteins throughout the entire plant [72]. SA-pathway and JA-pathway are 

involved in the initial phase and later stages of the lentil-A. lentis interaction, respectively [42]. 

Class 2, 4 and 10 pathogenesis-related (PR) proteins have been reported in the resistant lentil 

genotype ILL7537 [42, 47, 73]. Expression regulation of pathogenesis-related proteins 1, 2 and 

5 is induced by SA which relates to SAR [74]. PR-2 proteins catalyse the hydrolytic cleavage 
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of 1, 3-β-D-glucosidic linkages in β-1, 3-glucans present in the fungal cell walls, and cause cell 

lysis and death in fungi [75]. PR-3 and PR-4 are classified as plant chitinases [75]. PR-4 

proteins, the expression of which depends on a JA-dependent pathway [47, 76], disrupt fungal 

cell polarity and inhibit its growth, reacting with nascent chitin at the hyphal tip; or penetrate 

the fungal plasma membrane and can be localised intracellularly such as Pn-AMP1 PR-4 

protein [47]. Similarly, the expression levels of PR 10 proteins, which cause RNAse activity 

on the hyphal tips, are regulated by abscisic acid (ABA) and methyl jasmonate (MeJA) [77]. 

 

 

Figure 1-4. A schematic view of the basic proposed lentil - A. lentis interaction within the first 24 hpi 

in accordance with the growth of the pathogen [22, 23]. 

  Genetics of defence 

Numerous studies have been conducted to determine the physiology and biochemistry of the 

lentil–A. lentis interaction and several molecular studies have been undertaken to improve this 

basic knowledge [21, 27, 32–34, 78]. A cDNA microarray study on differentially expressed 
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defence-related genes between a resistant (ILL7537) and a susceptible (ILL6002) genotype 

identified serine/threonine protein kinase, and pathogenesis-related (PR) proteins 2, 4 and 10 

to confer defence to A. lentis [47]. Subsequent qPCR analyses validated the involvement of 

PR4 as a putative pathogenesis-related protein involved in A. lentis defence in lentil [73]. The 

small number of unique genes, previously reported to be functional in the A. lentis defence, are 

listed in (Table 1-3). 

 

Table 1-3 Genes reported to be involved in defence to A. lentis in ILL7537 

 

 

 

However, studies on the lentil-A.lentis pathosystem and the host defence responses to date have 

been limited by the unavailability of comprehensive lentil genome information, often drawing 

on sequences from related species and relying on cross-species homology for putative 

identification of genes [2, 22].  

1.3.3.1 Targeted genome sequence profiling for defence to A. lentis 

Studies have been performed on similar pathosystems to lentil-A. lentis using targeted genome 

sequence profiling including on Medicago truncatula, using cDNA microarray approaches to 

detect new elicitors against fungal infection [79]. In this study, M. truncatula was firstly treated 

with extracted elicitors from green algae Ulva and then sprayed with a suspension of the fungal 

pathogen Colletotrichum trifolii [79]. A significant increase in expression level of many 

defence-related transcripts such as PR10 in the treated M. truncatula were observed [79]. In 

another study, a library of expressed sequence tags (ESTs) of chickpea’s response to A. rabiei 

was constructed [79], and applied on a cDNA microarray to detect differential gene expression 

among resistant and susceptible chickpea genotypes [80]. The genes that were significantly 

related to the defence response in the resistant chickpea genotype included: a leucine zipper 

protein, SNAKIN2 antimicrobial peptide precursor, and an elicitor-induced receptor protein 

[80]. In total, 163 differentially expressed genes were identified related to A. rabiei defence in 

chickpea, many of which were not able to be annotated since the chickpea genome sequence 

Gene Function Citation 

S/T kinase Signalling Mustafa et, al., 2009 

PR2 Antifungal Mustafa et, al., 2009 

PR10 Antifungal Mustafa et, al., 2009 

PR4 Antifungal Mustafa et, al., 2009 & 
Vaghefi et, al., 2013 



 

13 

 

was not available at the time of the study [81]. Using the same cDNA microarray technique, a 

suite of differentially expressed and defence-related genes were identified among lentil 

genotypes resistant and susceptible to A. lentis [47]. Comparison among the studies based on 

the same gene probe sets indicated conservation of defence responses among temperate 

legume-ascomycete interactions and included the significant upregulation of PR4 and 10 

protein encoding genes known to be involved in chitinase and ribonuclease activities [47]. 

Although DNA microarrays have been widely utilized to determine the gene expression 

responses of relative species such as Cicer arietinum, Pisum sativum and Medicago truncatula 

[82, 83], this approach is limited to the detection of known genes, and assesses a relatively 

small portion of the potential genes and related sequences involved in a specific defence 

response. A more precise method is to create a comprehensive picture of the transcriptome of 

the target organism. 

1.3.3.2 Transcriptome profiling 

RNA sequencing approach 

The advent of next-generation, high-throughput sequencing, has made sequence-based 

expression analysis an increasingly popular method, due to the depth of information gained, 

speed and affordability. RNA sequencing has recently been applied to transcriptome profiling 

to enable profound insight into the genome functions that occur in response to different 

conditions simultaneously [84]. High-throughput sequencing is the general term used to 

describe a number of different modern RNA sequencing technologies including: Illumina 

(Solexa) sequencing, Roche 454 sequencing, and Ion torrent: Proton / PGM sequencing, and 

SOLiD sequencing (Table 1-4). 

Illumina and 454/FLX platforms were used to produce transcript assembly contigs (TACs) and 

single nucleotide polymorphisms (SNPs) in chickpea, pigeonpea, and groundnut to produce 

comprehensive genetic maps [85]. In a similar study, Sanger sequenced ESTs, single-end 

454/FLX reads and illumina single-end reads were compiled to create a comprehensive 

transcriptome of chickpea which was compared to the transcriptomes of Medicago trucatula, 

soybean (Glycine max) and common bean (Phaseolus vulgaris) [86]. Recently, Illumina has 

been used to produce 1.2x108 short reads in lentil from which 5,673 SSR loci were 

characterised to improve lentil breeding and genomics resources [87]. 
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The Illumina technique has also been used to uncover differentially expressed genes (DEGs) 

in faba bean genotypes against A. fabae at 29 hpi. In each of resistant and susceptible genotypes 

393 and 457 DEGs were respectively identified to be involved in plant-pathogen interactions 

and plant growth regulation in the resistant genotype and with plant adaptation to stresses in 

the susceptible genotype [88]. 

Illumina is the most widely used platform for next generation sequencing (NGS). However, 

Ion Torrent that released by the end of 2010 was the first commercial sequencing technique 

and did not require fluorescence and camera scanning [89, 90]. Ion torrent and ion proton 

sequencing do not make use of optical signals, but are based on pH, these techniques measure 

the release of H+ ions while dNTP is added to a DNA polymer. Ion torrent is of a higher speed, 

lower cost, and uses a smaller instrument than other technologies [89]. In comparison with 

Illumina, ion torrent also produces more stable sequencing quality, which results in a higher 

mapping rate, has better GC depth distribution, and contains fewer base mismatches [89]. There 

are no published reports of ion torrent sequencing being applied to characterise the 

transcriptome functions in lentil or any of its close relatives.  

 

RNA sequencing data analysis  

Raw RNA-Seq data must be trimmed, mapped, aligned, counted, and annotated using different 

specialized software packages. To clip low quality and short reads as well as adapter sequences, 

various trimming tools are used. Short and clean reads are mapped to a reference genome 

Table 1-4 Comparison among RNA sequencing technologies. 

Sequencing 

machinery 

Length of input 

samples  
Detection technique Enzyme 

Illumina (Solexa) 

sequencing 

100-150 bp Fluorescent signal DNA polymerase  

Roche 454 sequencing Up to 1 kb light signal  DNA polymerase 

Ion proton /PGM 

sequencing 

(Ion torrent) 

200 bp based on pH DNA polymerase 

SOLiD sequencing 50 bp Fluorescent signal DNA ligase 
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(where available) using software such as Bowtie [91], or through de novo assembly of the 

transcriptome using packages like ABySS, Oases, Trinity, Velvet, and SOAP de novo-Trans 

[92]. To align and count the fragments Bowtie2, TopHat2, and HTSeq are commonly used, and 

EdgeR and DEseq packages are used to analyse DEGs between samples [91, 93–95]. To take 

advantage of longer read lengths, genome-guided assembly methods such as Cufflinks and 

Scripture have been developed [96]. Lastly, genes of interest are annotated against global 

databases via BLASTing. Their function(s), and pathways in which they are involved may be 

explored through gene ontology (GO), and Kyoto Encyclopaedia of genes and genomes 

(KEGG) enrichment analyses, respectively [97].  

De novo assembly of the short-sequenced reads 

Until recently, the availability of a reference genome sequence to align short RNA-seq reads 

was a necessity. This was a major obstacle to the use of high-throughput sequencing 

technologies in plants in the absence of the pre-sequenced genome for many species. To 

overcome this, the de novo approach was recently developed to analyse short reads and 

undertake genome assembly in the absence of a reference genome [97]. Among the de novo 

assembly methods available including (ABySS [98], Oases [99], Trinity [100], and SOAP de 

novo-Trans [92]), Trinity is the most commonly employed software in recent studies [92, 94, 

101]. This suit of programs also creates reliable and reasonably accurate results as it directly 

reconstructs the majority of full-length transcripts in a sample and across a broad range of 

expression levels. This method is able to resolve ~99% of initial sequencing errors, and is 

designed specifically for transcriptome assembly, unlike most other short-read assembly tools 

which were initially developed for genome assembly [100]. Trinity software [102] was used to 

construct de novo assemblies to accurately identify genes that are differentially expressed at 

different time-points, under different treatments, among genotypes, and consistently among 

technical and biological replications [93, 100, 103]. 

Uncovering differentially expressed genes 

Advances in computational methods for analysis of differentially expressed transcripts in 

RNA-seq data facilitates the identification of gene isoforms, translocation events, nucleotide 

variations and post-transcriptional base modifications in two or more conditions 

simultaneously among individuals [84]. Recently, many differential expression software 

packages have been adapted for RNA-seq. The most commonly used and freely available 
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differential expression software packages are Cuffdiff, EdgeR, DESeq, PoissonSeq, baySeq, 

and limma. These software packages generally consist of similar functions for detection, with 

a few variations. For instance, whilst DESeq and EdgeR perform higher detection accuracy 

than the others, PoissonSeq and EdgeR employ more stringent thresholds [104]. The EdgeR 

and DESeq software packages have been successfully used for transcriptional profiling of 

plants to identify differentially expressed genes during biotic and abiotic stresses [91, 101]. 

Functional annotation of differentially expressed genes and pathway analysis 

Following identification of a list of differentially expressed genes related to trait(s) of interest 

using DEGs analysis, those genes are generally mapped into known mechanistic or metabolic 

pathways to provide further evidence for their likely functions. There are number of web-based 

toolsets and servers comprising a wide range of pathway databases for functional profiling of 

gene lists from large-scale experiments. The most suitable strategy is determined dependant on 

the type of input data available and output results that are required. However, GO and KEGG 

enrichment analyses are the most commonly utilized functional annotation tools and for 

pathway analysis in plant pathosystem assessments. GO and KEGG enrichment analyses have 

been successfully performed in large-scale transcriptome analysis in faba bean (Vicia faba L.) 

following A. fabae Infection, in rice following Ustilaginoidea virens infection, and in Malus 

following Venturia inaequalis infection [88, 105, 106]. This approach has also been used in 

lentil and pea [87, 91, 107]. Common tools for functional annotation and pathway analysis are:  

• KAAS (KEGG Automatic Annotation Server) provides functional annotation of genes 

by BLAST or GHOST and comparisons against the manually curated KEGG GENES 

database. The result contains KO (KEGG Orthology) assignments and automatically 

generated KEGG pathways [108]. 

• Ingenuity Pathway Analysis (IPA) is a web-based software application for the analysis, 

integration, and interpretation of data derived from RNAseq, small RNAseq, 

microarrays including miRNA and SNP, metabolomics, proteomics, and small-scale 

experiments. It generates gene and chemical lists. The other advantage of IPA is its 

Powerful analysis and search tools uncover the significance of data and identify new 

targets or candidate biomarkers within the context of biological systems [109]. 

• The Gene Ontology (GO) project facilitates annotating genes, gene products and 

sequences. The ontologies cover several biological areas [110]. 
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• PlantSEED streamlines the process of annotating plant genome sequences, to construct 

metabolic models based on genome annotations automatically, and to use models to 

test the annotation of these sequences, allowing the detection of gaps and errors in gene 

annotations and the prediction of new functions [111].  

• DAVID (the Database for Annotation, Visualization and Integrated Discovery) is a free 

online bioinformatics resource developed by the Laboratory of Immunopathogenesis 

and Bioinformatics [112]. 

 

Validation of differentially expression using qRT-PCR 

Subsequent to identifying defence-related DEGs of lentil to A. lentis, the level of expression of 

chosen key genes may be validated by designing specific primers to amplify and quantitate 

their expression through qRT-PCR. The results will show whether the genes are correctly 

identified as up or down regulated in resistant and/or susceptible genotypes at the specific time-

point assessed during the defence response. The qRT-PCR assay combines reverse 

transcription (RT) with quantitative polymerase chain reaction (qPCR), measuring the amount 

of target transcripts present in a sample by generating a single-stranded cDNA copy of each 

molecule in an mRNA library via RT, followed by amplifying selected target cDNAs via a 

qPCR thermocycler using gene-specific oligonucleotide primers [113]. This approach 

specifically validates the expression of selected candidate genes from RNA-seq. [114]. qRT-

PCR analyses may be performed in a high-throughput manner, are sensitive and specific, cost-

effective, easy to handle and are reproducible,  The samples must be stored correctly and RNA 

extracted template must be pure and intact [115]. There are two major qRT-PCR methods: non-

probe-based and probe-based assays. The main advantage of the non-probe-based analysis is 

the lower investment due to easy convertibility of each optimized PCR into a quantitative PCR. 

While, in probe-based detection designing an additional oligonucleotide which contains a 

quencher and reporter to bind to the amplified target sequence is a necessity for every target 

sequence which in turn, guarantees a higher specificity for the detection system [113]. In recent 

studies, to evaluate differential expression data from transcriptome profiling relevant to 

pathosystems of plant-necrotrophic fungus interactions, probe-based assays have been 

commonly used, due to their reliability and specificity. 
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1.3.3.3 Mapping disease resistance for molecular breeding 

Determination of the chromosomal loci for key functionally relevant defence-related genes is 

pivotal to their use in tool creation for marker-assisted resistance selection strategies. To this 

end, a linkage map is needed which may be generated using a wide range of molecular markers. 

Prior to QTL mapping, a genome framework or linkage map is required that may be thought 

of as a ‘road map’ of the chromosomes derived from two different parents which crucially must 

be sufficiently different in their background genome sequences as well as in the trait of interest. 

Genome framework maps indicate the position and relative genetic distances between markers 

along linkage groups (chromosomes). The most important use for linkage maps is to identify 

locations containing genes and QTLs associated with traits of interest; such maps can also be 

referred to as ‘QTL’ (or ‘genetic’) maps [116]. 

The first full genome linkage map of the lentil genome was established recently using a large 

collection of SNPs developed by Sharpe et al. (2013) [117]. Subsequently, QTL were mapped 

for seed quality [118]. QTL containing A. lentis resistance at seedling and pod/maturity stages 

were identified through transferring expressed sequence tag simple sequence repeat (EST-

SSR)/SSR sequences from Medicago truncatula, to enrich an existing intraspecific lentil 

genetic map [119]. QTLs have also been mapped containing seed quality characteristics in 

lentils, used to determine market class and possible end uses [118]. Several more QTL studies 

have recently been done on pathosystems similar to the lentil-A. lentis pathosystem. For 

example, five major QTL, one on each of linkage groups (LG) 2, 3, 4, 6, and 8, were identified 

to control chickpeas resistance to A. rabiei [120]. Similarly, the major loci conditioning A. 

fabae resistance in faba bean were identified. Two major QTL (Af1 and Af2) were identified 

on chromosomes 3 and chromosome 2, respectively, and jointly explained 16-24% of the 

phenotypic variance related to resistance [121]. Previously three major QTL were identified to 

contain A. lentis resistance at seedling in lentil on LG1 and LG9 and a further three were 

detected for pod/maturity resistance on LG1, LG4 and LG5. These QTL accounted for 34% 

and 61% of the total estimated phenotypic variation, respectively [119]. Although several 

major QTL have been identified to contain A. lentis resistance in lentil, none have been directly 

associated with candidate defence genes. This is necessary to provide additional evidence for 

selecting gene sequences for further functional validation and as future potential selective 

breeding tools. 
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To date, QTL mapping using the sequenced genome of lentil has not been performed in lentil 

due to the absence of an available whole lentil genome sequenced. However, utilization of the 

sequenced genome of lentil in QTL analysis would be highly beneficial because it could help 

with development of a much more precise QTL map related to defence responses to A. lentis. 

The markers which are linked to the defence-related QTLs could be used in marker-assisted 

selection (MAS) in order to create resistant genotypes and improve lentil production in terms 

of quantity and marketability. 

 Significance of this study  

The progression of lentil genomic resource development is very slow compared to other pulses 

such as common bean and chickpea. The most significant obstacles have been: a) lack of a 

publically available high-quality genome sequence; b) large genome size (lentil=~4.3 Gb vs 

chickpea=~740 Mbp); c) narrow genetic base; d) lack of known candidate genes; and e) low 

density linkage maps. Initial next-generation sequencing has been achieved of cultivar CDC 

Redberry to produce the first draft of 23x coverage of over half of the lentil genome, 2.7 Gb, 

and current sequencing to a depth of 125x coverage is under assembly [122]. However, the 

trustworthy version of the lentil sequenced genome is being developed by pulse crop research 

group from the University of Saskatchewan. A pre-release version of Lentil sequenced genome, 

that is not completed yet, is now available on the website of University of Saskatchewan called 

KnowPules [123]. Many SNPs have been identified through resequencing from the existing 

genome sequence across other genotypes [122], Subsequently SNPs have been used to generate 

a linkage map [124]. 

Several resistance resources have been identified in lentil with a range of Mendelian models, 

from dominant to recessive and generally of simple inheritance [27, 29, 30, 125]. Despite 

several initial genomics studies [47, 119], very little is known about the major molecular 

defence mechanisms that lentil employs against A. lentis. Specifically, little is known about the 

types of defence genes and the functional alleles which underpin the defence responses. 

These pieces of information are pivotal to determine the diversity of differential host 

resistances and identify the “key” alleles that act as mechanistic switches to alter the lentil plant 

function towards withstanding and defending itself against the pathogen attack. It is proposed 

that subsequent selective breeding for these genetic controllers triggered at each stage of 
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defence including primary (pathogen invasion recognition), secondary (structural defence 

responses) and tertiary (biochemical/antifungal responses), across a breadth of defence 

mechanisms, will contribute significantly to achieve some sustainable resistancecultivars. 

The discovery of functional gene expression changes in lentil in response to A. lentis will 

develop our knowledge of the defence mechanisms in lentil leading to the accurate selection of 

resistance-related traits for breeding purposes. This may be achieved through a Whole 

Transcriptome Shotgun Sequencing “WTSS” approach [126] together with mapping the 

resistance quantitative trait loci on a high density genome map and the identification of 

molecular markers and linked defence-related genes to those markers underneath the major R-

QTL(s). However, WTSS may become challenging since the full lentil genome sequence is not 

available yet. As a solution to this, the transcriptome may be assembled in a de novo approach 

[98]. Consequently, the genes that are involved in resistance to the pathogen attack and 

invasion may be uncovered, cross validating the genes that are expressed differentially during 

the exposure to the pathogen between resistant and susceptible lentil genotypes and at different 

time point are inoculated using qRT_PCR technique [88]. Gene alleles and other sequences, 

involved in defence signalling, the production of pathogenesis-related proteins and elicitors, 

and relevant metabolic pathways will be identified within a comprehensive picture of 

functional changes which occur in each biologically significant stage of the defence response.  

In this thesis genetic and molecular mechanism of lentil defence to A. lentis is profoundly 

explored. The first experimental chapter investigates the transcriptional changes that occur 

after fungal attack to lentil using next generation sequencing (NGS). NGS enables detection of 

differentially expressed genes between two lentil cultivars including a highly resistant and a 

highly susceptible lentil cultivars in Australia. Simultaneously, NGS together with a precise 

experimental design provide data to compare transcriptional changes occur between infected 

with a highly aggressive A. lentis isolate and uninfected plants at the crucial time of early 

defence response. Differential expression analysis detected a handful of defence related genes 

validated by Real-Time qPCR and known to have key roles in defence to ascochyta blight of 

lentil. 

In the second experimental chapter, a more in-depth molecular analysis leads to development 

of an R-QTL map of lentil for a population of 100 F5 RILs with the same resistant background 

as used in the first experiment. The population was scored for phenotypic disease symptoms 
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caused by two highly aggressive A. lentis isolates and concluded in identification of the lentil 

R-QTLs to A. lentis. A set of marker-linked defence-related genes were also identified 

underlying the R-QTLs. 

The last experimental chapter confirms cross validation of the defence-related gene identified 

during the first and second experiments. There are a few genes commonly identified in both 

experiments and some genes that specifically found in the R-QTL analysis. 

 Aims of the study 

1. Identify the key molecular responses that condition resistance to Ascochyta lentis in the 

highly resistant lentil genotype ILL7537 compared to the highly susceptible genotype 

ILL6002 through differential expression. 

2. Assess the temporal, genotypic and biological expression patterns of the key putative 

candidate defence-related genes to further characterize the early defence responses. 

3. Characterise the putative candidate defence-related gene functions through metabolic 

pathway analysis and association with biologically relevant defence mechanisms. 

4. Determine the stability and uniformity of the differential defence-related gene 

responses among a range of resistant host genotypes and in response to an aggressive 

A. lentis isolate, in order to assess sustainability of each potential resistance response 

identified.  

5. Determine the genome loci of the major genetic components governing the 

quantitatively inherited resistance trait and identify which of the putative candidate 

defence genes are best associated with the resistance trait. 

6. Identify closely linked sequences to the major R-QTL(s) that may be used for future 

validation for marker-assisted resistance selection. 
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Chapter 2 Transcriptome profiling of lentil (Lens culinaris) through the 

first 24 hours of Ascochyta lentis infection reveals key defence response 

genes 

 Introduction 

Lentil (Lens culinaris ssp. culinaris) is a rich source of protein, minerals and vitamins; and 

thus, plays a staple food role in the diets of vegetarian, vegan and low meat consuming 

communities. Due to exponential population growth in regions where lentil is a main staple, 

annual global production has drastically risen, from 0.85 to 5.03 Mt during the last five decades 

[1]. However, global production and quality is substantially impacted by Ascochyta blight, 

caused by the necrotrophic fungus Ascochyta lentis [2]. Together with the cost of management 

through fungicides, this pathogen is responsible for an annual estimated loss of $16.2 million 

AUD in Australia alone [3, 4]. Much research has been conducted to understand A. lentis 

epidemiology, diagnostics, lifecycle, survival and chemical susceptibility [2, 5–8]. This 

information, together with the adoption of high yielding resistant cultivars, provides the most 

environmentally friendly and economic strategy for disease management [3]. Relatively few 

genotypes, containing simply inherited ‘resistance’ to A. lentis, have been employed widely in 

resistance breeding programs on a global scale [8–10]. The lentil industry in Australia is reliant 

on A. lentis resistance from three main sources; two Canadian cultivars cv. Northfield and cv. 

Indianhead and the landrace ILL7537, all underpinned by one or two major resistance genes. 

Recently, the widely adopted resistance derived from cv. Northfield (ILL5588), under the 

control of one [10] or two dominant genes [11], seems to have been eroded through increased 

pathogen aggressiveness [12]. It is likely that other major resistances may also be under threat 

through selective adaptation of the pathogen population, and therefore there is an urgent need 

to understand the key functional genes employed by resistant genotypes to strategically 

improve the longevity of the defence mechanisms available. The initial step towards this is to 

identify and characterise the genes involved, however, there is currently limited information 

on the lentil genome or its interaction with A. lentis. 

Some initial efforts have been made to explore the genomic and molecular aspects involved in 

defence to A. lentis. Comparative gene expression analysis with a boutique microarray, 
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comprising a limited number of defence-related cDNA probes sourced from other leguminosae 

species, revealed several genes important in the early resistance reaction of the resistant lentil 

accession ILL7537 to A. lentis at 2, 6, and 24 h post inoculation (hpi) [13]. The suite of 

differentially expressed (DE) genes uncovered confirmed the biological significance of the 

early stages in the A. lentis–lentil interaction; representative of pathogen recognition (2 hpi), 

induced defence responses (6 hpi), and necrotic structural defence reactions (24 hpi) [7, 8]. In 

particular, serine/threonine protein kinases were reported to be a key component of the 

signalling mechanism required to activate downstream A. lentis defence responses, which 

included a hypersensitive reaction [13]. Histopathology research of A. lentis infection and 

disease progress observed major changes in the lentil physiology at 2, 6, and 24 hpi and 

depicted those as important checkpoints in the defence response of lentil to A. lentis [8]. Lentil 

plants detect A. lentis attack as soon as they come in contact at the host surface or in minutes 

of invasion. This mainly occurs between 2-6 hpi (first/early phase of oxidative burst) as 

previously reported [8]. These rapid events are transcription-independent, cause morphological 

and physiological changes in the infected cells and their surroundings and further 

transcriptional and post-translational activation of transcription factors takes place. Secondly, 

a sustained oxidative burst phase that occurs hours after pathogen attack usually associated 

with the establishment of the defences and the hypersensitive response is carried out. In lentil 

plants this occurred between 20 and 24 hpi, which may act as a signal for gene activation 

resulting in secretion of fungal penetration inhibitory substances into the surrounding plant cell 

wall to arrest further penetration and spread [8]. Although a good foundation, these results were 

greatly limited by their dependence on homologous sequences previously discovered as 

important in other species and pathosystems. Therefore, there remains a large knowledge gap 

regarding which genes/functional alleles are involved in the early defence pathways of 

recognition, and biochemical and physiological defence responses in the lentil–A. lentis 

interaction. To bridge this gap, an in-depth molecular study of the interaction is required. Next 

generation sequencing and more specifically RNA-Sequencing (RNA-Seq) has become a 

popular and comprehensively informative approach to monitor wide transcriptional changes 

during host-pathogen interactions [14–17]. Recently, an RNA-Seq approach was employed to 

characterise the functional defence response genes of faba bean to A. fabae and these included 

phytoalexins (Dihydrofla-vonol-4-reductase), a chitin elicitorbinding protein (CEBiP), 

jasmonate O-methyltransferase and an F-box/leucine-rich repeat (LRR) protein, as well as 
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several pathogenesis-related (PR) proteins [17]. Likewise, RNA-Seq revealed that protein 

kinases such as receptor-like kinases, PR protein classes (2-9, except PR7), diterpene 

phytoalexin biosynthesis genes, and WRKY transcription factors were involved in the defence 

of rice to Ustilaginoidea virens [15]. A few RNA-seq studies were conducted recently to 

assemble the expressed transcriptomes of lentil, which provided a good reference for the genes 

expected to be expressed throughout various tissues and genotypes. However, these focused on 

different developmental stages and toxic tolerance [18] and marker development [19, 20] and 

none of them covered the transcriptional changes that occur during a pathogen attack and its 

counteract defence response. A targeted RNA-Seq approach during lentil–A. lentis interactions 

would be beneficial in better understanding the molecular defence responses of lentil to 

Ascochyta blight. Thus, the aims of this study are to use RNA-Seq to identify the genes and 

gene functions, and predict the molecular pathways employed by a resistant lentil accession in 

the early recognition and defence to an aggressive isolate of A. lentis. The objectives of this 

study are to determine a comprehensive picture of the transcriptomic changes that occur 

through the lentil early defence response to A. lentis by two highly resistant (ILL7537) and 

susceptible (ILL6002) lentil genotypes being cultivated in Australia. The research aims are to 

develop the first comprehensive defence-related transcriptome of lentil. Also, to create 

transcript datasets to compare gene expression changes at three biologically significant stages 

of the defence response to A. lentis. Finally, to identify the differentially transcribed sequences 

between resistant and susceptible genotypes to determine those associated with the defence-

response. 

 

 Methods 

 Bioassay and RNA extraction 

Seedlings of lentil genotypes ILL7537 (resistant to A. lentis [8]) and ILL6002 (susceptible to 

A. lentis [8]) were grown in a controlled-environment growth room at 20°C ±2°C with 12/12 h 

dark/light lengths. Three replicates (pots) of five seedlings per 7 cm diameter pot were grown 

in a light commercial pine bark soil for each of the time points assessed. At 14 d after sowing, 

seedlings were sprayed until run-off with a 1 × 105 suspension of A. lentis ALP2 isolate 

condiospores [12] or water as a negative control, according to the method described by 
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Davidson et al, (2016) [12]. All seedlings were then placed in the dark for 48 h within a plastic 

box and adequate humidity was maintained to encourage fungal growth and germination. 

During this period, the seedlings were harvested and pooled from each pot (replicate) at 2, 6, 

and 24 hpi. This provided triplicate biological representative reactions for each genotype, at 

each time point and from both fungal and water inoculated treatments (Figure 2-1). Another 

pot of five seedlings of each genotype that had been inoculated with the isolate was left 

unharvested and allowed to grow in the growth room at 20°C ±2°C with 12/12 h dark/light 

lengths to confirm visible disease symptoms after 7 − 10 d. At each time of collection, the 

leaves and stem of the five seedlings of each replicate were collected and combined and 

instantly frozen in liquid N2. Total RNA was extracted from the whole seedling bulks using the 

RNeasy plant mini kit along with DNase treatment, according to the manufacturer’s instruction 

(QIAGEN, Germany). RNA quality and quantity were determined with an Experion RNA 

analysis kit (Bio-Rad, USA) (Table 2-1). Subsequently, 6 μg total RNA of each sample were 

diluted in 50 μL RNAse-free H2O and used for cDNA library preparation and transcriptome 

profiling. 

 

Figure 2-1 Experimental design of the Ascochyta lentis resistant (ILL7537) and susceptible  
(ILL6002) lentil genotypes used for RNA extraction. 
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Table 2-1 RNA sample details including quality and concentration measurements.  

a Hours post inoculation 
b Sample treatment: Treated – inoculation with highly pathogenic isolate of A. lentis ALP2; Mock – 
water spray as a negative control 
c RNA quality indicator (RQI), as determined by an Experion RNA Analysis System (Bio-Rad). 

  

Sample ID Treated 

hpia 

Cultivar Treatment
b
 Replicate RQI

c
 RNA conc. (ng/ìL) 

1C 2 ILL6002 Mock 1 9.5 504.93 

2C 2 ILL6002 Mock 2 9.5 477.45 

3C 2 ILL6002 Mock 3 9.4 359.48 

4C 2 ILL6002 Treated 1 9.4 390.33 

5C 2 ILL6002 Treated 2 9.4 461.47 

6C 2 ILL6002 Treated 3 9.1 214.97 

7C 2 ILL7537 Mock 1 9.5 316.84 

8C 2 ILL7537 Mock 2 9.4 348.37 

9C 2 ILL7537 Mock 3 9.6 281.67 

10C 2 ILL7537 Treated 1 9.9 325.65 

11C 2 ILL7537 Treated 2 9.4 317.97 

12C 2 ILL7537 Treated 3 9.6 211.23 

13C 6 ILL6002 Mock 1 10 263.26 

14C 6 ILL6002 Mock 2 10 359.14 

15C 6 ILL6002 Mock 3 10 157.02 

16C 6 ILL6002 Treated 1 10 165.98 

17C 6 ILL6002 Treated 2 10 236.68 

18C 6 ILL6002 Treated 3 10 260.98 

19C 6 ILL7537 Mock 1 10 210.47 

20C 6 ILL7537 Mock 2 10 222.57 

21C 6 ILL7537 Mock 3 10 296.11 

22C 6 ILL7537 Treated 1 10 275.24 

23C 6 ILL7537 Treated 2 10 221.47 

24C 6 ILL7537 Treated 3 10 275.41 

25C 24 ILL6002 Mock 1 9.7 511.1 

26C 24 ILL6002 Mock 2 9.7 303.83 

27C 24 ILL6002 Mock 3 9.6 467.35 

28C 24 ILL6002 Treated 1 9.6 407.76 

29C 24 ILL6002 Treated 2 9.5 336.8 

30C 24 ILL6002 Treated 3 9.7 263.37 

31C 24 ILL7537 Mock 1 9.8 338.72 

32C 24 ILL7537 Mock 2 9.7 340.26 

33C 24 ILL7537 Mock 3 9.7 550.03 

34C 24 ILL7537 Treated 1 9.8 317.72 

35C 24 ILL7537 Treated 2 9.8 414.79 

36C 24 ILL7537 Treated 3 9.8 481.03 
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 Transcriptome profiling 

2.2.2.1 Library preparation and RNA-Sequencing 

Library preparation and sequencing were performed at the Pangenomics Laboratory, RMIT 

University, Bundoora, following the methods described in the Ion Proton user’s guide 

(Thermofisher Scientific, USA). Briefly, mRNA was isolated from the total RNA using 

Dynabeads mRNA Purification Kit (Thermofisher Scientific, USA). This was followed by 

enzymatic fragmentation of mRNA to create short reads, <300 base pairs (bp), suitable for the 

Ion Proton sequencer. The cDNA was synthesised using reverse transcription and a unique 

barcode was attached to the fragments of each library. The RNA-Seq libraries were prepared 

using Ion Total RNA-Seq Kit v2 (Thermofisher Scientific, USA) according to the 

manufacturer’s instructions. Finally, four RNA-Seq libraries were multiplexed and loaded on 

an Ion Proton chip for sequencing. The resulting raw RNA-Seq reads were deposited in the 

National Center for Biotechnology Information (NCBI) Sequence Read Archive (SRA study 

accession number: SRP075524). 

2.2.2.2 Assembly 

Short read sequences from the RNA-Seq were downloaded and processed on the Griffith 

University ‘Gowonda’ High Performance Computing Cluster using Linux command-line 

operations. Preliminary quality check of the reads was performed using FastQC (v0.11.2), 

followed by 3’ and 5’ ends quality trimming and adaptor removal by Trimmomatic (v0.32 

[21]), with stringency parameters of SLIDINGWINDOW:4:10 MINLEN:36. The clean and 

trimmed reads were then de novo assembled using Trinity (r20140717 [22]), to establish the 

full lentil defence-response transcriptome. Assessment of the assembled transcripts was 

performed by calculating and plotting an ExN50 value against a fraction of the most highly 

expressed transcripts (Ex). This plot enabled identification of the assembly saturation point, at 

which the maximum length of N50 was obtained, after removal of the transcripts with minor 

contribution to the total expression, which are often associated with assembly errors [22, 23]. 

2.2.2.3 Gene and protein annotations 

Open reading frames (ORFs) were predicted from the assembled transcripts using 

TransDecoder (r20140704); an ORF was considered as complete by the presence of a starting 
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methionine amino acid and an ending stop codon. Transcripts and predicted peptides were 

annotated by sequence alignment similarity search (BLAST 2.3.0+ [24]) to protein databases 

(NCBI nr, UniProt, Swiss-Prot and KOBAS, e-value<1e-5), and by hidden Markov model’s 

protein domain identification (HMMER3.1b [25]) against the HMMER/Pfam protein database 

(v28.0 [26]). Annotated ORFs were classified into taxonomy groups by extracting the species 

from their top scoring Blast result. Higher taxonomy levels (family, phyla) were inferred from 

the NCBI Taxonomy database using the taxize R package [27, 28]. Based on these annotations, 

Gene Ontology (GO [29]) and Kyoto Encyclopedia of Genes and Genomes (KEGG [30, 31]) 

terms were assigned to each putative protein. Since L. culinaris is not included in the KEGG 

database of species-specific terms, KEGGorthology terms were used to match a function to 

each ORF. Furthermore, predictions of putative secretory signal peptides (SignalP v4.1 [32]) 

and trans-membrane topology (TMHMM v2.0 [33]) were performed. The resulting annotation 

output files were further processed and cleaned to remove duplicates, select best matching 

annotation and identify errors or missing values. 

To determine how inclusive the assembly was of full-length genes, coverage levels of the 

reconstructed protein-coding ORFs were calculated from the UniRef90 Blast results, as 

described in the Trinity documentation: 

(https://github.com/trinityrnaseq/trinityrnaseq/wiki/Counting-Full-Length-Trinity-Transcripts) 

A similar assessment of the representation of single-copy conserved plant orthologues was 

performed using BUSCO [34]. 

2.2.2.4 Differential gene expression 

The number of reads that mapped to each ORF was estimated by the efficient and alignment-

free software, kallisto [35, 36]. Preliminary exploratory data analysis of the estimated counts 

of each sample was performed by variance-stabilising transformation of the raw counts, 

followed by computing and plotting a between-sample distance matrix and principle coordinate 

analysis to identify sample-related biases. 

The estimated counts were normalised using the Trimmed Mean of M-values (TMM), a 

normalisation method implemented in the edgeR Bioconductor package 

(http://bioconductor.org/packages/release/bioc/html/edgeR.html) to account for differences in 

https://github.com/trinityrnaseq/trinityrnaseq/wiki/Counting-Full-Length-Trinity-Transcripts
file:///C:/Users/s5001068/Documents/Thesis-2018/Final%20version/Chapter2_RNA-Seq.docx
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library size between samples [37]. To represent count data variability, standard error values 

were calculated per gene, based on triplicate TMM counts (n=3) at each genotype/ time point, 

except for the reference genes, where SE were calculated based on all samples and across all 

experimental groups (excluding the outlier sample 4C, n=35). TMM counts of selected 

defence-related transcript are provided in Additional file 1. 

The estimated counts were further analysed by edgeR to identify statistically significant DE 

ORFs between the experimental groups [38, 39]. Raw p-values were adjusted for multiple 

comparisons by the Benjamini-Hochberg procedure, which controls the false discovery rate 

[40]. Transcripts were considered to be DE with a |log2FC|>1.5 (positive or negative for either 

over- or under-expression respectively), and an adjusted p-value <0.05. 

Gene set enrichment analysis of the DE genes was then performed for the GO and KEGG 

annotations to determine over-represented functional pathways (with a p-value<0.01 and p-

value<0.001, respectively) at each comparison level (for specific genotype, sampling time and 

treatment combination). Each pathway was further categorised into one of GO’s functional 

groups (biological processes, cell cycle or molecular function) or KEGG’s functional groups 

(metabolism, environmental information processing, organismal systems, cellular processes or 

genetic information processing). The analysis was performed using a custom-written R script 

(https://github.com/IdoBar/Trinotate_GSEA_plotteR) utilising the goseq R package [41]. 

 Quantitative reverse transcription PCR 

Real time quantitative reverse transcription PCR (RT-qPCR) was used to validate the 

expression patterns of selected genes. Three biological replicates from inoculated resistant and 

susceptible plants at 2, 6, and 24 hpi were collected, instantly frozen in liquid N2 and stored at 

−80°C until RNA extraction. Samples were pulverised while frozen in liquid N2 using a mortar 

and pestle and total RNA was extracted using NucleoSpin RNA Plant kit along with DNase 

treatment, according to the manufacturer’s instruction (Macherey Nagel, Germany). Quality 

and quantity of the total RNA for each sample were determined using gel electrophoresis, 

NanoDrop (Thermo Fisher Scientific, USA) and Qubit (Invitrogen, USA). 0.7 μg of total RNA 

from each sample was used to synthesise cDNA using PrimeScript RT reagent Kit (TaKaRa 

Bio, Japan), incorporating an additional gDNA removal step. The RT-qPCR was performed in 

the CFX96 Touch Real-Time PCR Detection System (Bio-Rad, USA). 

file:///C:/Users/s5001068/Documents/Thesis-2018/Final%20version/Chapter2_RNA-Seq.docx
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Five antifungal compounds and transcriptional regulators involved in defence were chosen as 

target genes for the assay: RBP, PR2, PR10, PGIP, ARP and DELLA; and PP2A as a reference 

gene. Primers were designed from the transcriptome sequences for each gene and were tested 

to ensure acceptable amplification efficiency, specificity, consistency and detection range, 

based on serial dilution standard curves and melt curves. Amplification efficiencies for each 

gene were calculated from the coefficients of linear regression equations fitted to the Window-

of-Linearity phase of each reaction of the main RT-qPCR assay. The calculated efficiencies 

were then averaged across all reactions of each gene, as implemented in Lin-RegPCR (v2017.1) 

[41, 42]. Details of the primers used for the RT-qPCR assay are listed in Table 2-1. Each RT-

qPCR reaction contained 2 μl of cDNA template (diluted 1:25 from the synthesis reaction), 10 

μl SYBR Premix Ex Taq (TaKaRa Bio, Japan) and a final primer concentration of 1.6 μM in a 

final volume of 20 μl. The reactions were performed using the following cycle conditions: an 

initial 95°C for 2 min, followed by 38 cycles of 95°C for 10 s, 50–57°C for 30 s (depending on 

the empirically determined optimal melting temperature for each primer pair), 72°C for 15 s, 

and a final 5 min extension at 72°C. All reactions were performed in three technical replicates 

for each biological sample (n=3) at each time point. Inter-run calibrators reactions were 

included in each plate using a pooled cDNA as template for each of the three reference genes. 
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Table 2-1 Genes and primers used in qRT-PCR assay. 

Target 

gene 

Gene function Primer sequences (5’-3’) Amplification 

efficiencya 

Tm 

(°C) 

DELLA SAR signalling F: GTCTTCTAATTCAAACCA 1.926 ±0.027 53 

  R: 

ATATCTGTTTACCCAAGTAA 

  

RBP-

hnRNP 

Transcriptional factor F: 

GAGAAAGATATTTGTTGGAG 

1.947 ±0.024 51 

  R: 

TGATCGTACATTACTACAACA 

  

PGIP Antifungal compound F: 

TGAAGGTGATGCTTCTATGCT 

2.013 ±0.026 53 

  R: 

GACTCACATCCAACGTTGCT 

  

PR2 Antifungal compound F: 

GGCATGCTGGGAAACAATCT 

2.018 ±0.023 52 

  R: 

TGGCACACCTAACATGAGCT 

  

PR10 Antifungal compound F: 
TGGCACTTCTGCTGTTAGATG

GAC 

2.017 ±0.083 50 

  R: 
GGTAATCCATCCAGCCATTTG

GAG 

  

PP2A Reference gene F: GCCTCATTTGCAGCTGGTTT 2.002 ±0.025 53 

  R: TACTCTCGTTCTAGGGTCCT   

a Mean and standard deviation of the amplification efficiency for each gene were calculated from the 

coefficients of linear regression models fitted to each reaction (value of 2 equivalents to 100% 

efficiency, see [43]) 

 

Amplification data (Cq values) were normalised between plates using Factor-qPCR (v2016.0) 

[44] which estimates between-plates correction factors based on the inter-run calibrators. DE 

ratio of each gene between the resistant and susceptible genotypes at each time point was then 

calculated with the Relative Expression Software Tool (REST© 2009 [45]), considering the 

amplification efficiency of each gene [46, 47]. Statistical significance of the DE genes was 

tested by a randomisation test incorporated in REST© 2009 and were considered as significant 

with a p-value <0.05. 

 Data analysis 

The annotation and expression data files were then combined and loaded onto a lightweight, 

standalone relational SQLite database (http://www.sqlite.org/), using the scripts provided in 
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the Trinotate pipeline (v3.0.1; https:// trinotate.github.io/). This allowed for a fast and easy 

retrieval of sequences, annotation and expression data using any combination of conditional 

filtering and ordering. A complete bioinformatics data processing and analysis workflow is 

presented in (Figure 2-2). 

Statistical analysis and additional data summarising were performed using the R statistical 

programming language (v3.2.5 [48]). Specifically, relevant data was retrieved from the SQLite 

database and pre-processed using the dplyr package, and then analysed using various tools from 

the Bioconductor [49] and the Comprehensive R Archive Network (CRAN, https://cran.r-

project.org/) R repositories. 

 

Figure 2-2 Bioinformatics flowchart of tools and methods used to process and analyse the RNA-

Sequencing data and produce the transcriptome. 
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 Results 

 RNA-Sequencing and assembly 

All RNA extracts were of high quality, with an average RNA quality indicator of 9.72, as 

determined on Table 2-1. A total number of 7.25 × 108 reads with an average length of 90 bp 

were produced by the Ion Proton RNA sequencing platform. Of the total number of bases 

sequenced across all reads (7.90 × 1010 bp), 13% ± 3% on average were trimmed to remove 

adapters and low-quality base calls in each read file. In addition, reads which were too short 

after adapter trimming and/or had an average low-quality bases were dropped, resulting in a 

total of 6.47 × 108 clean reads, comprised of 6.86 × 1010 bp high quality bases. Detailed 

trimming statistics of each read file are provided in Additional file 2. The defence related 

transcriptome of lentil was then de novo assembled to 317,412 transcripts (total length of 1.45 

× 108 bp), which were grouped into 256,326 trinity ‘genes’, with an N50 = 497 bp. Plotting 

the ExN50 value against varying levels of cumulative transcript expression (Ex) identified a 

saturation point of the assembly at 96% of the total expression, giving an improved E96N50 of 

827 bp and reducing the effective contig count to 44,007 (Figure 2-3). Detailed statistics of the 

transcriptome assembly are provided in Table 2-2.  

 Annotation 

Multiple ORFs were predicted from each transcript, to a total number of 106,754. Close to 30% 

of the predicted ORFs presented a minimum of 100 amino acids, a start codon for Methionine 

and an ending stop codon and were therefore predicted as ‘complete’. Another 31% of the 

ORFs were predicted to contain a partial 5’, more than double of those with partial 3’, most 

likely due to the poly(A) enrichment stage in the library preparation process, which is reported 

to introduce a bias towards the 3’ end of the transcripts [50]. 

Both the assembled transcripts and predicted ORFs were annotated to known genes, using 

NCBI’s comprehensive nucleotide (nt) and protein (nr) databases respectively, resulting in 

significant matches for 70% of the transcripts and over 62% of the ORFs. Taxonomic analysis 

of the Blast matches revealed that 91.1% of the ORFs matched previously annotated plant 

genes, 97.6% of those from the legume family (Fabaceae); another 6.5% matched fungal 
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proteins (Ascomycota, mainly from the Didymellaceae family); and another small fraction 

(1.8%) matched bacterial genes (Figure 2-4). 

                  

Figure 2-3 Expression-dependant N50 (ExN50), as calculated against a fraction of the total expressed 
data (Ex). ExN50 at the point of assembly saturation (96%) and traditional N50 are indicated by the 

dashed lines. 

Table 2-2 Lentil–A. lentis transcriptome assembly details. 

Feature Value 

Assembled contigs (n) 317,412 

Longest contig (bp) 11,358 

Mean contig (bp) 457 

Contig N50 (bp) 497 

Contig N90 (bp) 236 

Contig E96N50 (bp) 827 

E96 contigs (n) 44,007 

Total contig length (bp) 1.45 × 108 

Assembly GC content (%) 41.74 

Total reads (n) 7.247 × 108 

Avg. sequence retention ratea (%) 89.63 
aRaw sequenced reads which passed quality control measures as determined by FastQC. 
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Figure 2-4 Taxonomy distribution of significant* Blast matches. Annotation was considered as 

significant with a BitScore>100, pie slices are calculated in logarithmic scale to assist in visualisation. 

 

Close to 25% of the Blast annotated ORFs were predicted to cover more than 80% of their 

target gene’s full-length sequence, thus providing strong evidence that the transcriptome 

assembly contained a reasonable coverage of the genes in the tissues. A similar conclusion 

arose from the BUSCO analysis, identifying 379 complete single copy, 339 duplicated and 176 

fragmented conserved plant orthologues in the assembly, out of 956 orthologue groups in total 

(overall coverage of 93.5%). 

Additional annotation of protein domains was performed against the Pfam database, assigning 

significant domains to 56% of the ORFs. Functional annotation of the putative ORFs using GO 

and KEGG terms, found a significant match to 37% and 33% of the ORFs, respectively, thus 

adding another layer of annotation at the molecular pathway level. Transmembrane structure 

and signal peptide predictions were performed as well and added to the complete ORFs 

annotation database (full details in Table 2-4).  
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Table 2-4 Transcript and open reading frame annotation. 

Annotation Occurrences (#) Rate (%) 

Transcriptsa 317,412 100 

NCBI nta 223,246 70.3 

UniRef90a 138,131 43.5 

ORFsb 106,754 100 

NCBI nra 93,077 62.4 

SwissProta 52,452 49.1 

Pfamc 60,404 56.6 

KEGGa 39,919 37.4 

GOa 34,937 32.7 
aBlast based annotation was considered as significant with a BitScore>100 
bORFs predicted by TransDecoder 
cHMM-predicted Pfam protein domains were considered as significant with FullSeqScore and 

FullDomainScore>20 

  

 Differential gene expression 

2.3.3.1 Exploratory data analysis 

An exploratory data analysis of the estimated counts of reads that mapped to each ORF clearly 

showed that the main difference between the samples were derived from the genotype variable, 

which explained 40% of the total detected variation. Sampling time (2, 6, and 24 hpi) 

contributed another 17% of the variability (Figure 2-5). 

The three replicates of each sampling group clustered well together, except for sample 4C of 

the susceptible genotype (ILL6002, round markers in Figure 2-5), which clustered with the 6 

hpi samples of the same genotype. This sample was identified as an outlier and was excluded 

from downstream DE analysis. 

2.3.3.2 Gene set enrichment analysis 

The number of putative genes (based on ORF prediction) that were DE, with |log2FC| > 1.5 

and FDR <0.05, was determined within each comparison, demonstrating once more that the 

most noticeable DE was found between the resistant genotype and the susceptible one, in 

particular at 24 hpi, with 2617 DE genes (Figure 2-6). A substantial number of genes (507) 

were commonly DE between the two genotypes, regardless of sampling time. The DE genes 
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were then grouped into functional pathways by their assigned GO and KEGG terms. 

Comparison of GO enrichment analysis of DE genes in the resistant genotype between 2, 6, 

and 24 hpi identified high representation of over-expressed genes involved in pathogen 

recognition, signalling at 2 hpi compared with 6 hpi. In contrast, high proportions of genes 

associated with anti-fungal compounds, plant cell wall organisation and construction, as well 

as transcriptional regulators, were observed at 6 hpi (Figure 2-7a). At 24 hpi, the majority of 

DE gene were associated with regulatory functions in plant stress tolerance, antimicrobial 

compounds and photosynthesis pathways (Figure 2-7b). 

KO pathway enrichment analysis of the same time points provided a similar picture to the GO 

enrichment analysis (Figure 2-7c-d). High representation of genes involved in microbial, 

carbon and nitrogen metabolism and signalling pathways were identified at 2 hpi; a substantial 

number of genes involved in metabolic pathways, photosynthesis, and to a lesser extent, 

defence response genes at 6 hpi and an increased enrichment of photosynthesis related genes 

at 24 hpi. 

2.3.3.3 Primary defence response (2 hpi) 

Analysis of DE transcripts among the resistant (ILL7537) and susceptible (ILL6002) genotypes 

at 2 hpi, compared to those at 6 and 24 hpi identified transcripts with annotation that matched 

several gene families. Specifically, genes from the protein kinase-like family, known to be 

involved in pathogen recognition and early stage signalling [51], were moderately over-

expressed at 2 hpi (Figure 2-8a). A member of this family is the LRR receptor-like kinase 

(LRR-RK), which demonstrated its highest expression levels in the resistant genotype at 2 hpi, 

with TMM = 40 and a gradual decrease down to TMM = 7.3 at 24 hpi (log2FC = 2.45).  
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Figure 2-5 Principal component analysis of the variance-stabilized estimated raw counts. Samples are 

categorized by Genotype (as marker shapes) and hpi (HPI, marker colour). 

 

           

Figure 2-6 The number of unique and common differentially expressed genes between the subgroups 

of inoculated samples (time post inoculation and genotype). Comparison of inoculated resistant vs. 
susceptible genotypes at each time point (2 hpi, 6 hpi and 24 hpi, a) and within the inoculated resistant 
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(ILL7537) genotype samples between the different time points (b). Circle area is plotted to scale (Euler 

diagram) when geometrically possible. 

 

 
Figure 2-7 Enriched GO and KEGG pathways, based on over-expressed genes in the resistant 

lentil genotype ILL7537 at each time point comparison (between 2, 6, and 24 hpi). GO 

pathway enrichment at 2 and 6 hpi (a) and 6 and 24 hpi (b) comparisons; KEGG pathway 

enrichment at 2 and 6 hpi (c) and 6 and 24 hpi (d) comparisons.  
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The expression of LRR-RK at 2 hpi in ILL6002 was lower than in ILL7537 (TMM = 20.9), 

however, it then increased dramatically at 6 hpi (TMM = 73), before decaying back to base 

levels at 24 hpi, as in ILL7537 (Figure 2-8a). Calmodulin domain protein kinase-like (CDPK) 

was also moderately expressed at 2 hpi and 6 hpi, with a TMM of 2.6, dropping at 24 hpi to 

just under 0.5 at a log2FC of 2.5 in the resistant genotype (Figure 2-8a). Slightly higher 

expression levels were noticed in the susceptible genotype at 2 hpi (TMM = 4.8), dropping to 

a stable level of 2.5 at 6 and 24 hpi. Interestingly, a very similar expression pattern, with 

approximately 5x times higher TMM values compared with CDPK, was found for Ethylene-

responsive transcription factor (ERF) across all time points and both genotypes (Figure 2-8a). 

Xyloglucan endotransglucosylase/hydrolase (XTH), encoding an enzyme involved in cell wall 

elongation and restructuring [52], was most highly expressed at 2 hpi in the susceptible 

genotype, with TMM = 61 (Figure 2-8). XTH expression levels then rapidly decreased at 6 hpi 

to 15.3 and then more gradually to 5.4 at 24 hpi (log2FC of 2 and 3.5, respectively). A similar 

expression pattern was observed in the resistant genotype, at approximately half the levels 

shown in the susceptible genotype at each time point (Figure 2-8b). 

A unique expression pattern was identified for Exocyst subunit 70A1 (EXO70A1), a structural 

gene involved in papilla formation [53]. This gene was expressed at moderate levels (TMM = 

3.47) at 2 hpi in the resistant genotype and then increased at 6 hpi and slightly more at 24 hpi. 

In contrast, in the susceptible genotype, EXO70A1 was expressed at low levels at 2 hpi 

(TM<1), with a steep incline at 6 hpi to TMM = 12.8, superseding the expression levels at the 

resistant genotype, before declining again at 24 hpi to TMM of 2.5, with a log2FC of 4.44 

(Figure 2-8b). Delta (12)-FAD demonstrated modest expression levels of just over 1 TMM in 

the resistant genotype but was still up-regulated comparing its expression in the susceptible 

lentil genotype, which was negligible (Figure 2-8b). 

A noticeable expression pattern was observed for pathogenesis related proteins PR-2–O-

glycosyl hydrolase family 17 (PR2) and PR-4–Thaumatin-like (PR4) proteins. PR2 was over-

expressed in ILL7537 at all time points, from which the most significant differential over-

expression between the genotypes occurred at 2 hpi with a log2FC of 3. PR4 demonstrated 

similar expression to PR2 at 2 hpi with a log2FC of 1.65 between the resistant and susceptible 

genotypes, however, its expression in the susceptible genotype then increased to match the 

same expression level as the resistant genotype at 6 hpi and even further at 24 hpi (Figure 2-8c). 



 

50 

 

 

Figure 2-8 Expression levels of selected genes with exceptional DE trends in the earlier stages of the 

defence response to A. lentis in ILL7537 and ILL6002 over 2, 6, and 24 hpi. Expression levels of the 

following genes are presented: CDPK, ERF and LRR-RK, with PP2A and MYB49 as examples of 
stable reference genes (a); Delta (12)-FAD, EXO70A1 and XTH (b); PR genes and UPL BOI (c); ARP, 

PGIP and PMEI (d). A full line represents the expression level in the resistant genotype ILL7537 and 

the dashed line represents the expression level of the gene in the susceptible genotype ILL6002. Y-axis 

is in logarithmic scale; error bars represent standard error values between replicates. 
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Plant invertase pectin methylesterase inhibitor (PMEI) was slightly over-expressed in 

comparison to the susceptible genotype at 2 hpi, with a log2FC of 1.6, followed by a gradual 

increase in expression at 6 hpi and 24 hpi in both genotypes (Figure 2-8d). Polygalacturonase 

inhibitor (PGIP), which encodes a plant extracellular leucine-rich repeat protein [54], was over-

expressed in the resistant genotype at 2 hpi with a TMMof 4.3 and log2FC of 3.14 in 

comparison with the susceptible genotype. Another fungal inhibitor with high expression 

across all experimental groups is the Auxin-repressed protein (ARP). ARP was found to be DE 

between the genotypes at 2 hpi, with a normalised count of 158 in the resistant genotype 

compared with 21.6 in the susceptible, resulting in a log2FC of 2.9 (Figure 2-8d). 

2.3.3.4 Secondary defence responses (6 hpi) 

Differential gene expression of resistant genotype at 6 hpi compared to 2 and 24 hpi and to 

susceptible genotype at the same time-point revealed additional functional genes. A significant 

increase in the expression from 2 to 6 hpi was noticed in the susceptible genotype for the anti-

fungal genes mentioned at the primary defence stage (PMEI, PGIP, ARP; Figure 2-8d). An 

expression pattern similar to that of the anti-fungal genes mentioned above was observed for 

Laccase diphenol oxidase (PPOl), showing a slight upregulation at 6 hpi in the susceptible 

genotype, with a normalised count of 3 and log2FC of 3.2 compared to 2 hpi and overall up-

regulation in the resistant genotype, mainly at 2 hpi (Figure 2-9a). 

Bet v 1 domain PR-10 (PR10) protein demonstrated quite an opposite expression pattern in the 

resistant and the susceptible genotypes. In the susceptible genotype, PR10 was fairly highly 

expressed at 2 and 24 hpi with TMM of 17.3 and 18.3, dropping slightly to 11.6 at 6 hpi (Figure 

2-8c). In contrast, the expression of PR10 in the resistant genotype was highest at 2 hpi (TMM 

= 5.6), before dropping to half of that at 24 hpi, with overall lower expression levels than in 

the susceptible genotype at all time points, with log2FC of 2.7, 2.1 and 2.8 at 2, 6, and 24 hpi, 

respectively. Quite similar expression pattern was observed for Botrytis susceptible interactor 

E3 ubiquitin protein ligase (UPL-BOI), with a peak in its expression at 6 hpi in the resistant 

genotype with TMMof 2.5, dropping to almost non-existent levels at 24 hpi. In contrast to the 

resistant genotype, UPL-BOI was up-regulated at 24 hpi with a TMM= 4 (Figure 2-8c). 
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Figure 2-9 Expression levels of selected genes with exceptional DE trends in the earlier stages of the 
defence response to A. lentis in ILL7537 and ILL6002 over 2, 6, and 24 hpi. Expression levels of the 

following genes are presented: R-S/T K1, RING/U-box and SAG (a); R-S/T-K1, RING/U-box and SAG 

(b); DELLA, GID1, NB-ARC and UPL-SHPRH (c). A full line represents the expression level in the 
resistant genotype ILL7537, and the dashed line represents the expression level of the gene in the 

susceptible genotype ILL6002. Y-axis is in logarithmic scale; error bars represent standard error values 

between replicates. 
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Superoxide dismutase (SOD) showed high expression levels at 2 and 6 hpi in the resistant 

genotype with TMM > 70, dropping to TMM = 40 at 24 hpi, with a matching trend in the 

susceptible genotype, though with lower expression levels (log2FC of about 1.5 at 24 hpi) 

(Figure 2-9a). An RNA binding motif of the heterogeneous nuclear ribonucleoproteins class 

(RBP-hnRNP) also showed its highest expression at 6 hpi in ILL7537, with a TMM of 5. RBP-

hnRNP showed significant over-expression in the resistant genotype at all time points, but 

chiefly at 24 hpi with a log2FC of 3.3 (Figure 2-9a). 

2.3.3.5 Tertiary defence responses (24 hpi) 

The expression levels of senescence-associated gene (SAG) were very high, peaking at 24 hpi 

in the resistant genotype with a normalized count of 1714 and log2FC of 3 compared with the 

susceptible genotype at the same time point (Figure 2-9b). Interestingly, the expression of SAG 

in the susceptible genotype was a mirror image of the resistant one, with completely opposite 

pattern, showing lowest expression levels at 2 hpi (TMM = 213), increasing to a maximum at 

6 hpi (TMM > 1000) and dropping again at 24 hpi to a TMM of approximately 550. Two other 

genes, the E3 Ubiquitin ligase RING/U-box and Receptorlike Serine/Threonine kinase 1 (R-

S/T-K1), expressed with exactly the same pattern as SAG in the resistant vs. susceptible 

genotypes, however, with much lower expression levels (Figure 2-9b). 

Gibberellin signalling DELLA protein and Gibberellin receptor GID1 exhibited very similar 

expression trends: a gradual increase in expression with time and over-expression in the 

resistant genotype, with an average log2FC across all time points of 2.13 and 1.3, respectively 

(Figure 2-9c). GID1 expression was approximately 2.5x higher than that of DELLA at all time 

points. The expression of NB-ARC domain disease resistance protein demonstrated a similar 

trend, gradually increasing throughout the experiment and up-regulated in the resistant 

genotype across all time points, mainly at 24 hpi with a TMM of 5 compared to 2 in the 

susceptible genotype and a log2FC of 1.85 (Figure 2-9b). The E3 Ubiquitin ligase SHPRH also 

demonstrated similar gradual increase in expression in the susceptible genotype, with moderate 

expression levels at 24 hpi with a TMM of 8, compared to its much-elevated expression in the 

resistant genotype at the same time point, with a TMM of 30, giving a log2FC of 1.9. 
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2.3.3.6 Reference genes 

A number of genes showed stable expression patterns at moderate levels across all time points 

and experimental groups assessed. A Myb-related transcription factor-like protein (MYB49) 

showed the most stable expression, with an average TMM normalised count of 7.00 ± 0.38, 

followed by a protein phosphatase 2A (PP2A) and a P72 DEAD box, displaying average TMM 

of 6.90 ± (44) and 8.3 ± (5), respectively (Figure 2-8a). These would potentially be useful for 

future reference-based comparisons of DE of specific gene target studies, such as RT-qPCR. 

2.3.3.7 RT-qPCR validation 

The DE patterns of five genes involved in the lentil defence to A. lentis were validated using 

RT-qPCR and compared to those obtained from the RNA-Seq transcriptome analysis. PP2A 

demonstrated a constant expression across all time points and both genotypes, with a standard 

deviation of just ±0.62 in its Cq values, like its RNA-Seq derived expression, described in the 

previous section and therefore it was used as a reference gene in the RT-qPCR analysis. 

The target genes, encoding antifungal compounds and transcriptional regulators, consisted of 

PR2, PR10, RBP, DELLA and PGIP and the DE of each gene between the resistant (ILL7537) 

and susceptible (ILL6002) genotypes was measured at each time point. The DE results revealed 

similar expression patterns to those measured by RNA-Seq across the three time points, with 

significant over-expression at the ILL7537 genotype, with the exception of PR10 (under-

expressed in ILL7537 according to the RNA-Seq analysis), whose expression was slightly 

overexpressed at 6 hpi and slightly under-expressed (although not significantly) at 2 and 24 hpi 

(Figure 2-10). 
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Figure 2-10 Expression ratios between resistant (ILL7537) and susceptible (ILL6002) lentil genotypes, 

measured by RT-qPCR. Expression ratios of selected defence-related genes at 2, 6, and 24 hpi (A, B 

and C, respectively). Asterisks denote statistical significance (DE ≠ 1), with the following p-values: 

*<0.05, **<0.01, ***<0.005. 

 

 Discussion 

 Exploratory data analysis 

The clear separation of the resistant genotype samples from the susceptible genotype samples 

supports the reported genetic distance between the genotypes [55]. Other than the outlier 

sample (4C), all samples clustered along with their respective replicates, validating the 

reproducibility of the assay and the different expression patterns of each experimental group. 
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2.4.1.1 Gene set enrichment analysis 

Significant enrichment of metabolic regulation pathways was observed and these included 

changes to photosynthesis genes. This enrichment is likely to be directly related to the bioassay 

method, as both treated (inoculated with fungus) and control (sprayed with H2O only) plants 

were placed in darkness after fungal inoculation for 24 h in order to enhance pathogen 

germination on the plant surface [56, 57]. In addition to the darkness treatment, A. lentis causes 

severe leaf and stem lesions and eventually wilting, which adversely affects the photosynthesis 

capabilities of the plant and therefore would have contributed to changes in photosynthesis 

related transcripts [58, 59]. 

 Gene expression 

The DE defence-related genes characterised in this study could be divided into six groups, 

based on their function and timing of expression relevant to the defence against the A. lentis 

infection. 

Recognition and early signalling 

In the primary resistance response, two protein kinases were identified to play key roles in 

pathogen recognition and early signalling: a leucine-rich repeat receptor kinase (LRR-RK) and 

a calmodulin domain protein kinase (CDPK). The leucine-rich repeat motif in LRR-RK and 

serine/threonine kinase-like domain in CDPK are known to be involved in pathogen invasion 

recognition and signalling, respectively, to trigger the defence response during host-pathogen 

interaction [15, 51, 60, 61]. In a related defence-response pathway, activation of ethylene 

response factor (ERF) positively regulates the expression of Ca2+/Calmodulin-dependant 

protein kinase (SlCCaMK), recently described as a key signalling gene in resistance of tomato 

to Sclerotinia sclerotiorum [62, 63]. 

Considering that CDPK demonstrated an expression pattern highly matching that of ERF, along 

with its sequence and structural similarity to CCaMK [64, 65], this suggests the CDPK-like 

transcript detected in the present study as a key early signalling molecule in lentil, following 

the recognition of A. lentis invasion. The LRR-RK, which showed similar expression pattern 

to ERF and CDPK in the resistant genotype, is likely to trigger the lentil CDPK-like gene for 

downstream signalling by activating ERF [51, 61, 66]. The reduced levels of LRR-RK that 
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were observed in the susceptible genotype (ILL6002) at this early stage, followed by an 

increase in its expression at later stages, in correlation with elevated levels of ERF and CDPK, 

suggests a late and over-stressed defence response in this genotype. 

Structural defence response 

Subsequent to early signalling, structural and biochemical responses to the invading A. lentis 

hyphae were detected. As a physical barrier, lentils often accumulate structural compounds at 

the point of penetration, also known as papilla formation [7, 8] (Figure 2-11). Accumulation of 

xyloglucan endotransglucosylase/hydrolase (XTH) and its function in elongation and 

restructure of cell walls as part of a physical barrier, was reported in the response of tomato to 

Cuscuta reflexa [67]. Detection of elevated transcript levels of XTH at 2 hpi in both genotypes 

in the current study, suggests early response to the inoculation and preparation for papilla 

formation. One more structural gene, encoding laccase diphenol oxidase (PPOl), was over-

expressed in the resistant genotype at 2 hpi and to a lesser extent at 6 hpi, the timing of actual 

papilla formation [7]. PPOl prevents in vivo pathogen spread [68] by cross-linking cell wall 

polymers and triggering a hypersensitive response through production of free radicals [69]. 

Another gene associated with papilla formation in response to spore germination is the gene 

encoding for Exocyst subunit 70A1 family protein (Exo70A1), through its cellular polarity 

regulating function [53, 70, 71]. The under-expression of Exo70A1 in the susceptible genotype 

at 2 hpi was compensated by a steep incline in expression at 6 hpi. The expression levels of 

both Exo70A1 and PPOl were low at 2 hpi in the ILL6002 susceptible genotype and then 

increased to “catch up” with the resistant genotype only at 6 hpi, suggesting a delayed 

recognition and response to A. lentis compared to ILL7537. 

Another gene which was over-expressed in the resistant genotype and practically missing from 

the susceptible one, thus seemingly playing a part in the structural defence response to A. lentis, 

is Delta (12)-FAD. FAD proteins are essential for maintaining cellular function and influence 

a variety of processes such as the regulation of membrane fatty acid profiles in different tissues, 

different developmental stages, and in response to abiotic and biotic stresses [72]. 

Accumulation of Delta (12)-FAD mRNA was previously demonstrated in parsley cells 

following treatment by a fungal elicitor, Pep25, and was reported to be involved in the complex 

defence response by reinforcing existing cell walls [73]. 
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Biochemical defence response 

During a biochemical defence response to A. lentis, lentils use anti-fungal compounds 

including pathogenesis-related (PR) proteins and reactive oxygen species (ROS), as was 

previously described [74]. In the present study, members of three families of PR proteins were 

identified to be significantly DE in ILL7537 in response to A. lentis when compared to 

ILL6002. The three PR protein families include: PR2, 4 and 10 (Figure 2-11 and Table 2-5). 

PR2 proteins catalyse the hydrolytic cleavage of 1,3-β-D-glucosidic linkages in β-1,3-glucans 

present in the fungal cell walls, and cause cell lysis and death in fungi [74]; and were shown to 

play a vital role in defence against pathogenic fungi such as Fusarium oxysporum in chickpea 

[75]. PR2 protein is involved not only in hydrolysis of fungal-cell components, but it also 

releases elicitors from the walls of fungi, which in turn may be recognised by plant receptor 

molecules and stimulate various downstream signalling and defence responses [76]. PR4 

protein disrupts fungal cell polarity and inhibits its growth, reacting with nascent chitin at the 

hyphal tip [13] and its involvement in lentil defence against A. lentis was previously 

characterised in some depth [77]. 

In contrast, PR10, which was over-expressed in the susceptible genotype at all time points, is 

known to exhibit RNase activity in invading intracellular fungal hyphae [78] and was shown 

to accumulate and correlate with increasing fungal biomass [79]. Therefore, the expression of 

PR10 indicates that the susceptible genotype was challenged by higher fungal load throughout 

the experiment. The Botrytis susceptible1 interactor (UPL-BOI) gene showed a similar 

expression trend to that of PR10. UPL-BOI is an E3 ubiquitin protein ligase, which regulates 

pathogen resistance responses in Arabidopsis to Botrytis cinerea [80]. Therefore, UPL-BOI 

may be involved in expression regulation of PR10 in lentil in response to A. lentis. 

Other DE genes with known antifungal activity were plant invertase pectin methylesterase 

inhibitor (PMEI), polygalacturonase inhibitor (PGIP), and auxin-repressed protein (ARP), all 

significantly up-regulated at 2 hpi in ILL7537. PMEI reduces the susceptibility of the plant 

wall to fungal endopolygalacturonases and was previously reported to aid in Arabidopsis 

defence to B. cinerea and Pectobacterium carotovorum [81, 82], in wheat defence to Bipolaris 

sorokiniana and F. graminearum [83] and in pepper defence to Xanthomonascampestris pv. 

vesicatoria [84]. Similarly, PGIP limits the destructive potential of fungal polygalacturonases 

through specific binding and inhibition of them [85]. PGIP also increases the production of 
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oligogalacturonides, leading to the accumulation of phytoalexin, an antibiotic, in plant tissue 

[86], as reported in tomato defence to B. cinerea [87] and Lathyrus sativus defence to 

Aspergillus niger and Rhizopus spp. [88].Meanwhile, ARP inhibits pathogens by either 

producing auxin or manipulating host auxin [89] and was shown to be involved in rice defence 

to Magnaporthe grisea and Striga hermonthica[90]. Together, PMEI, PGIP and ARP, thus 

appear to operate in the lentil ILL7537 resistant genotype to control the spread and growth of 

A. lentis in the early stages following invasion. 

 

Figure 2-11 Defence-related molecules involved in response of lentil to A. lentis during the first 24 h. 
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Hypersensitive reaction and cell death 

A hypersensitive reaction in the infected plant is triggered by an oxidative burst and is 

characterised by an increase in free radicals that leads to localised cell death. As previously 

determined through histopathological and molecular studies, this defence response is likely to 

be important in resistant lentil genotypes [7, 8 and 13]. This was further demonstrated in the 

current study through DE of the senescence associated gene (SAG), which highly over-

expressed at 24 hpi in ILL7537. 
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Table 2-3 Key genes in the lentil defence-response to A. lentis. 

Functional groups Defence gene name 

Gene 

abbreviation 

Dominant 

genotype
a 

Recognition: 

Receiving & 

signalling 
molecules 

Calmodulin domain protein kinase-like CDPK-like  

LRR receptor-like kinase LRR-RK ILL6002 

Receptor-likeserine/threonineproteinkinase R-S/T-K1  

NB-ARC domain disease resistance protein NB-ARC ILL7537 

Botrytis susceptible interactor E3 ubiquitin 

protein ligase UPL-BOI  

Early structural 

response: Papilla 

formation 

Exocyst subunit 70A1 protein EXO70A1  

Laccase diphenol oxidase PPOl  

Delta (12)-fatty-acid desaturase 
Delta (12)-
FAD ILL7537 

Xyloglucan endotransglucosylase/ hydrolase XTH ILL6002 

Early Biochemical 

response: 
Pathogenesis-

related & anti-

fungal compounds 

PRprotein2-O-glycosylhydrolase PR2 ILL7537 

PR protein 4 - Thaumatin family PR4  

PR protein 10 - Bet VI type PR10 ILL6002 

Plant invertase pectin methylesterase 

inhibitor PMEI  

Auxin-repressed protein ARP ILL7537 

Polygalacturonase inhibitor PGIP ILL7537 

Superoxide dismutase SOD ILL7537 

Regulation of 

defence-related 

transcripts: DNA & 

RNA binding 
proteins 

Ethyleneresponsefactor ERF  
Heterogeneous nuclear ribonucleoprotein 
RNA binding motif RBP-hnRNP ILL7537 

Senescence associated gene SAG  

Hypersensitive 

response: Cell 
death & SAR 

signalling 

RING/U-box E3 ubiquitin protein ligase RING/U-box  

Gibberellin signalling DELLA protein DELLA ILL7537 

Gibberellin receptor GID1 ILL7537 

E3 ubiquitin-protein ligase SHPRH 

UPL-

SHPRH  
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aDominant genotype was specified for genes whose expression was generally up regulated at all time points in 

one of the genotypes: ILL7537 - Resistant, ILL6002 - Susceptible 

SAGs are induced by free radicals, such as ROS and H2O2, leading to a programmed cell death 

[91, 92] and have been implicated in the defence of Arabidopsis to several biotrophic pathogens 

[93]. This is the first report of SAG involvement in defence to a necrotrophic pathogen. A 

similar expression trend was observed for the gene encoding NB-ARC domain disease 

resistance protein (NB-ARC), a domain of NB-LRRs that regulates signal transduction leading 

from recognition to hypersensitive response-signalling and cell death [94, 95]. The gene 

encoding RING/U-box protein (RING/U-box), which is another E3 ubiquitin ligase, was also 

significantly over-expressed at the same time points as SAG and NB-ARC. RING/U-box 

proteins are involved in the hypersensitive defence response of tomato to Phytophthora 

infestans [96] and in pathogen-instigated programmed cell death of Tobacco [97]. Therefore, 

it can be assumed that SAG, NB-ARC and RING/U-box are key control genes for the 

hypersensitive response of lentil to A. lentis, triggered to contain the invading pathogen. 

Following the hypersensitive response, the plant activates mechanisms to protect its healthy 

cells from further damage, as demonstrated by the over-expression of superoxide dismutase 

(SOD) in ILL7537 genotype and its elevated expression levels at 6 hpi. This serves to regulate 

the redox status of the plant cells and protect from the oxidative burst and generated ROS [98]. 

Systemic acquired resistance (SAR) 

Systemic acquired resistance (SAR) is the long-distance signalling of pathogen recognition and 

defence induced by signal molecules and plant hormones. This process may confer long-lasting 

protection against an invading pathogen and together with the hypersensitive reaction, signal 

the last stage of early defence responses [99]. In the defence transcriptome of lentil to A. lentis, 

three putative SAR-associated genes, Gibberellin signalling DELLA protein (DELLA), 

Gibberellin receptor (GID1) and an E3 ubiquitin ligase (UPL-SHPRH), had similar DE patterns 

with highest transcription levels observed at 24 hpi and general over-expression in ILL7537. 

DELLA proteins promote defence to necrotrophic fungal pathogens by activating jasmonic 

acid/ethylene-dependent defence responses [100] and by regulating ROS levels [100, 101]. 

GID1 binds to DELLA, which then leads to ubiquitination and degradation of DELLA during 

SAR signalling [102, 103]. Meanwhile, E3 UPLs are involved in recognition, signalling, 

hypersensitive reaction and cell death mechanisms in Arabidopsis [104, 105] and rice [106–
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109]. Therefore, considering their expression trends in previous and current studies, we suggest 

that DELLA, GID1 and UPL-SHPRH proteins are involved in SAR signalling in the early lentil 

defence mechanisms to A. lentis. 

Transcription regulators 

Since the differences observed between the resistant and the susceptible genotypes in the 

current study were transcriptomic changes, it is also useful to observe changes in the expression 

of transcription regulators. Therefore, a DE DNA binding transcription factor encoding 

Ethylene response factor (ERF) was identified. ERF stimulates the expression of PR proteins 

gene promoters and as discussed earlier, it increases the expression level of early signalling 

molecules [62, 64, 66]. The decline in ERF’s expression in the resistant genotype at 24 hpi, 

may indicate the success of the early defence responses mentioned previously for ILL7537, 

whereas the late response of ILL6002 required continuous elevated expression of the defence-

related proteins. 

Moreover, an RNA binding protein of the heterogeneous nuclear ribonucleoproteins (RBP-

hnRNPs) class, up-regulated in ILL7537, is a member of an RNA binding transcriptional 

factors family that regulate posttranscriptional gene expression [110]. The RNA binding 

transcriptional factors play a key role in regulating transcription of genes in response to biotic 

and abiotic stress in plants [111, 112]. The hnRNP-like protein AtGRP7 have been shown to 

play a regulatory role on SOD and ARP in Arabidopsis, by affecting the processing of their 

regulatory miRNAs [113]. AtGRP7 was further suggested to be involved in defence against 

fungal and bacterial infections in Arabidopsis by interacting with specific LRR-RKs [114]. The 

hnRNP that was identified in this study was upregulated in ILL7537, in a pattern matching that 

of SOD and ARP (Figure 2-8 and Figure 2-9), suggesting it performs a similar function to 

AtGRP7. 

Reference genes and RT-qPCR validation 

Protein phosphatase 2A (PP2A) and P72 DEAD box RNA helicase have previously been used 

as reference genes for relative DE analysis in plant-pathogen interaction studies [115, 116]. 

Their stable expression across all the treatments and samples in the current study, along with 

the RT-qPCR DE results of the selected defence genes, which overall conform to those found 
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in the RNA-Seq analysis, validate the reliability and reproducibility of the RNA-Seq 

quantification and downstream DE analysis. 

MYB49, whose exact function is yet to be discovered, is a member of a diverse family of DNA-

binding transcription factors [117, 118]. Considering its most stable expression in our data, 

which supersedes PP2A and P72 DEAD box, it should also be considered as a reference gene 

in similar plant-pathogen DE studies. 

 Conclusions 

The results of the current study are in agreementwith the physiology of the interaction between 

lentil and A. lentis and similar pathosystems [7]. Overall representation of the molecules 

involved in the defence response of lentil to A. lentis during the first 24 h is summarised in 

Table 2-5 and Figure 2-11. 

The majority of time-dependant DE defence-related genes between the ILL7537 resistant 

genotype and the ILL6002 susceptible genotype were found at 2 hpi, suggesting that the 

resistant genotype demonstrated an earlier and faster detection and signalling response to the 

A. lentis infection, thus being better prepared to deploy critical defence response proteins. In 

addition, overall higher expression levels of structural defence response genes were found in 

the resistant genotype regardless of the time post inoculation, indicating an innate ability to 

form stronger structural barriers against the fungus compared with the susceptible genotype. 

The information provided by this study further extends the available knowledge of lentil 

resistance to A. lentis infection and may assist in future efforts to identify and develop 

additional resistant cultivars and management strategies, thereby reducing the losses caused by 

the pathogen. 
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2. 7 Appendix 

Table 2-6 TMM counts of selected defence-related transcripts. 

Gene_name Gene_symbol Genotype Treatment HPI Norm_TMM_count Count_SE 

Auxin-repressed ARP ILL7537 M 2 39.2496 15.67788 

Auxin-repressed ARP ILL7537 M 6 134.215 29.47491 

Auxin-repressed ARP ILL7537 M 24 337.373333 73.66901 

Auxin-repressed ARP ILL7537 T 2 158.131933 48.12206 

Auxin-repressed ARP ILL7537 T 6 197.0823 48.4024 

Auxin-repressed ARP ILL7537 T 24 422.072 92.60284 

Auxin-repressed ARP ILL6002 M 2 42.8356 10.30785 

Auxin-repressed ARP ILL6002 M 6 98.5075 48.0445 

Auxin-repressed ARP ILL6002 M 24 195.192933 51.59173 

Auxin-repressed ARP ILL6002 T 2 21.603 7.696629 

Auxin-repressed ARP ILL6002 T 6 131.962 35.63397 

Auxin-repressed ARP ILL6002 T 24 189.047933 55.20076 

BOI-related E3 

ubiquitin 

UPL-BOI ILL7537 M 2 1.621 0.545097 

BOI-related E3 

ubiquitin 

UPL-BOI ILL7537 M 6 3.09283333 0.919262 

BOI-related E3 

ubiquitin 

UPL-BOI ILL7537 M 24 2.60216667 1.434585 

BOI-related E3 

ubiquitin 

UPL-BOI ILL7537 T 2 1.6825 0.843695 

BOI-related E3 

ubiquitin 

UPL-BOI ILL7537 T 6 2.49675 1.160147 

BOI-related E3 

ubiquitin 

UPL-BOI ILL7537 T 24 0.01575 0.01575 

BOI-related E3 

ubiquitin 

UPL-BOI ILL6002 M 2 0 0 

BOI-related E3 

ubiquitin 

UPL-BOI ILL6002 M 6 1.30075 0.465157 

BOI-related E3 

ubiquitin 

UPL-BOI ILL6002 M 24 2.76383333 1.366649 

BOI-related E3 

ubiquitin 

UPL-BOI ILL6002 T 2 2.0985 0.444289 

BOI-related E3 

ubiquitin 

UPL-BOI ILL6002 T 6 1.8765 1.179725 

BOI-related E3 

ubiquitin 

UPL-BOI ILL6002 T 24 4.0705 1.13312 

CAMTA 1 CAMTA1 ILL7537 M 2 0.069 0.03105 

CAMTA 1 CAMTA1 ILL7537 M 6 0.12833333 0.02958 

CAMTA 1 CAMTA1 ILL7537 M 24 0.22833333 0.117685 

CAMTA 1 CAMTA1 ILL7537 T 2 0.31366667 0.16746 

CAMTA 1 CAMTA1 ILL7537 T 6 0.087 0.00866 

CAMTA 1 CAMTA1 ILL7537 T 24 0.8075 0.018764 
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CAMTA 1 CAMTA1 ILL6002 M 2 0.32966667 0.012973 

CAMTA 1 CAMTA1 ILL6002 M 6 0.1335 0.028579 

CAMTA 1 CAMTA1 ILL6002 M 24 0.06566667 0.005481 

CAMTA 1 CAMTA1 ILL6002 T 2 0.1355 0.078231 

CAMTA 1 CAMTA1 ILL6002 T 6 0.05633333 0.02161 

CAMTA 1 CAMTA1 ILL6002 T 24 0.144 0.031625 

CAMTA 3 CAMTA3 ILL7537 M 2 0.126 0.005453 

CAMTA 3 CAMTA3 ILL7537 M 6 0.06233333 0.039423 

CAMTA 3 CAMTA3 ILL7537 M 24 0 0 

CAMTA 3 CAMTA3 ILL7537 T 2 0.147 0.092971 

CAMTA 3 CAMTA3 ILL7537 T 6 0.1005 0.058024 

CAMTA 3 CAMTA3 ILL7537 T 24 0.2205 0.127306 

CAMTA 3 CAMTA3 ILL6002 M 2 0.20566667 0.067037 

CAMTA 3 CAMTA3 ILL6002 M 6 0.581 0.129326 

CAMTA 3 CAMTA3 ILL6002 M 24 0.393 0.178134 

CAMTA 3 CAMTA3 ILL6002 T 2 0.315 0.003464 

CAMTA 3 CAMTA3 ILL6002 T 6 0.42866667 0.060064 

CAMTA 3 CAMTA3 ILL6002 T 24 0.588 0.061626 

CAMTA 4 CAMTA4 ILL7537 M 2 0 0 

CAMTA 4 CAMTA4 ILL7537 M 6 0 0 

CAMTA 4 CAMTA4 ILL7537 M 24 0.33533333 0.183936 

CAMTA 4 CAMTA4 ILL7537 T 2 0.31533333 0.315333 

CAMTA 4 CAMTA4 ILL7537 T 6 0 0 

CAMTA 4 CAMTA4 ILL7537 T 24 0.8895 0.0565 

CAMTA 4 CAMTA4 ILL6002 M 2 0.41333333 0.278366 

CAMTA 4 CAMTA4 ILL6002 M 6 0 0 

CAMTA 4 CAMTA4 ILL6002 M 24 0 0 

CAMTA 4 CAMTA4 ILL6002 T 2 0 0 

CAMTA 4 CAMTA4 ILL6002 T 6 0 0 

CAMTA 4 CAMTA4 ILL6002 T 24 0.02033333 0.020333 

Delta (12)-FAD Delta (12)-

FAD 

ILL7537 M 2 1.16133333 0.481389 

Delta (12)-FAD Delta (12)-
FAD 

ILL7537 M 6 1.36233333 0.088071 

Delta (12)-FAD Delta (12)-

FAD 

ILL7537 M 24 0.811 0.484889 

Delta (12)-FAD Delta (12)-
FAD 

ILL7537 T 2 1.55833333 0.522247 

Delta (12)-FAD Delta (12)-

FAD 

ILL7537 T 6 1.233 0.668 

Delta (12)-FAD Delta (12)-
FAD 

ILL7537 T 24 1.3155 0.0085 

Delta (12)-FAD Delta (12)-

FAD 

ILL6002 M 2 0 0 
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Delta (12)-FAD Delta (12)-
FAD 

ILL6002 M 6 0.308 0.038 

Delta (12)-FAD Delta (12)-

FAD 

ILL6002 M 24 0.459 0.373096 

Delta (12)-FAD Delta (12)-
FAD 

ILL6002 T 2 0 0 

Delta (12)-FAD Delta (12)-

FAD 

ILL6002 T 6 0.11466667 0.114667 

Delta (12)-FAD Delta (12)-
FAD 

ILL6002 T 24 0 0 

Ethylene-responsive 

TF 

ERF ILL7537 M 2 17.9166667 7.3465 

Ethylene-responsive 

TF 

ERF ILL7537 M 6 10.9246 5.294533 

Ethylene-responsive 

TF 

ERF ILL7537 M 24 11.4799333 6.417979 

Ethylene-responsive 

TF 

ERF ILL7537 T 2 11.9806667 4.907649 

Ethylene-responsive 

TF 

ERF ILL7537 T 6 12.4212 7.322008 

Ethylene-responsive 

TF 

ERF ILL7537 T 24 2.5859 1.62516 

Ethylene-responsive 

TF 

ERF ILL6002 M 2 13.3922667 2.406402 

Ethylene-responsive 

TF 

ERF ILL6002 M 6 12.1295 4.57347 

Ethylene-responsive 

TF 

ERF ILL6002 M 24 10.9149333 4.90618 

Ethylene-responsive 

TF 

ERF ILL6002 T 2 24.4445 9.452589 

Ethylene-responsive 

TF 

ERF ILL6002 T 6 11.3232 4.842382 

Ethylene-responsive 

TF 

ERF ILL6002 T 24 11.9714667 4.714343 

Exocyst subunit EXO70A1 ILL7537 M 2 2.74871429 2.13551 

Exocyst subunit EXO70A1 ILL7537 M 6 10.8383333 5.820878 

Exocyst subunit EXO70A1 ILL7537 M 24 5.07747619 2.400101 

Exocyst subunit EXO70A1 ILL7537 T 2 3.4667619 2.482413 

Exocyst subunit EXO70A1 ILL7537 T 6 7.86485714 4.894845 

Exocyst subunit EXO70A1 ILL7537 T 24 9.19864286 4.513106 

Exocyst subunit EXO70A1 ILL6002 M 2 14.3402381 6.890533 

Exocyst subunit EXO70A1 ILL6002 M 6 19.7105 13.0586 

Exocyst subunit EXO70A1 ILL6002 M 24 6.26609524 4.014912 

Exocyst subunit EXO70A1 ILL6002 T 2 0.58985714 0.308652 

Exocyst subunit EXO70A1 ILL6002 T 6 12.7817619 7.384338 

Exocyst subunit EXO70A1 ILL6002 T 24 2.51580952 1.588478 

Gibberellin receptor 

GID1 

GID1 ILL7537 M 2 4.50555556 1.583009 
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Gibberellin receptor 

GID1 

GID1 ILL7537 M 6 5.20555556 1.42887 

Gibberellin receptor 

GID1 

GID1 ILL7537 M 24 8.06566667 2.714955 

Gibberellin receptor 

GID1 

GID1 ILL7537 T 2 5.39777778 2.121289 

Gibberellin receptor 

GID1 

GID1 ILL7537 T 6 5.41883333 2.244877 

Gibberellin receptor 

GID1 

GID1 ILL7537 T 24 7.80566667 3.461058 

Gibberellin receptor 

GID1 

GID1 ILL6002 M 2 0.99922222 0.260791 

Gibberellin receptor 

GID1 

GID1 ILL6002 M 6 1.3415 0.606644 

Gibberellin receptor 

GID1 

GID1 ILL6002 M 24 2.898 1.052213 

Gibberellin receptor 

GID1 

GID1 ILL6002 T 2 2.20816667 0.422113 

Gibberellin receptor 

GID1 

GID1 ILL6002 T 6 2.21755556 0.620554 

Gibberellin receptor 

GID1 

GID1 ILL6002 T 24 3.60688889 1.363058 

Gibberellin-

signalling DELLA 

DELLA ILL7537 M 2 3.02593333 1.29894 

Gibberellin-

signalling DELLA 

DELLA ILL7537 M 6 3.412 1.146067 

Gibberellin-

signalling DELLA 

DELLA ILL7537 M 24 5.2702 2.014748 

Gibberellin-

signalling DELLA 

DELLA ILL7537 T 2 3.50233333 1.020515 

Gibberellin-

signalling DELLA 

DELLA ILL7537 T 6 3.1719 1.475064 

Gibberellin-

signalling DELLA 

DELLA ILL7537 T 24 5.7041 1.576476 

Gibberellin-

signalling DELLA 

DELLA ILL6002 M 2 1.2266 0.408049 

Gibberellin-

signalling DELLA 

DELLA ILL6002 M 6 1.2733 0.53151 

Gibberellin-

signalling DELLA 

DELLA ILL6002 M 24 1.48826667 0.537462 

Gibberellin-

signalling DELLA 

DELLA ILL6002 T 2 0.6991 0.295267 

Gibberellin-

signalling DELLA 

DELLA ILL6002 T 6 0.89633333 0.401909 

Gibberellin-

signalling DELLA 

DELLA ILL6002 T 24 1.2192 0.509869 

Laccase diphenol 

oxidase 

PPOl ILL7537 M 2 2.58133333 0.845267 

Laccase diphenol 

oxidase 

PPOl ILL7537 M 6 2.63144444 0.740008 
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Laccase diphenol 

oxidase 

PPOl ILL7537 M 24 3.795 1.222456 

Laccase diphenol 

oxidase 

PPOl ILL7537 T 2 2.38311111 0.816555 

Laccase diphenol 

oxidase 

PPOl ILL7537 T 6 3.1245 1.014895 

Laccase diphenol 

oxidase 

PPOl ILL7537 T 24 2.33466667 1.07503 

Laccase diphenol 

oxidase 

PPOl ILL6002 M 2 0.28844444 0.146687 

Laccase diphenol 

oxidase 

PPOl ILL6002 M 6 0.74516667 0.459333 

Laccase diphenol 

oxidase 

PPOl ILL6002 M 24 2.373 0.792222 

Laccase diphenol 

oxidase 

PPOl ILL6002 T 2 0.13933333 0.139333 

Laccase diphenol 

oxidase 

PPOl ILL6002 T 6 1.29111111 0.797153 

Laccase diphenol 

oxidase 

PPOl ILL6002 T 24 2.38477778 1.033522 

LRR receptor-like 

kinase 

LRR-RKs ILL7537 M 2 29.8618667 15.78796 

LRR receptor-like 

kinase 

LRR-RKs ILL7537 M 6 34.4614 17.67242 

LRR receptor-like 

kinase 

LRR-RKs ILL7537 M 24 19.5178 11.44361 

LRR receptor-like 

kinase 

LRR-RKs ILL7537 T 2 39.5531333 24.88091 

LRR receptor-like 

kinase 

LRR-RKs ILL7537 T 6 27.5552 17.48546 

LRR receptor-like 

kinase 

LRR-RKs ILL7537 T 24 7.2609 4.928778 

LRR receptor-like 

kinase 

LRR-RKs ILL6002 M 2 8.216 4.04405 

LRR receptor-like 

kinase 

LRR-RKs ILL6002 M 6 70.6236 44.82206 

LRR receptor-like 

kinase 

LRR-RKs ILL6002 M 24 33.5388667 17.11151 

LRR receptor-like 

kinase 

LRR-RKs ILL6002 T 2 20.8758 13.20802 

LRR receptor-like 

kinase 

LRR-RKs ILL6002 T 6 72.9811333 50.56278 

LRR receptor-like 

kinase 

LRR-RKs ILL6002 T 24 28.6724667 14.88581 

MYB49 TF MYB49 ILL7537 M 2 6.78633333 0.354628 

MYB49 TF MYB49 ILL7537 M 6 6.35433333 0.202506 

MYB49 TF MYB49 ILL7537 M 24 7.80733333 0.621313 

MYB49 TF MYB49 ILL7537 T 2 6.92 0.351527 

MYB49 TF MYB49 ILL7537 T 6 6.6705 0.1245 

MYB49 TF MYB49 ILL7537 T 24 7.1425 0.0815 



 

79 

 

MYB49 TF MYB49 ILL6002 M 2 7.20666667 0.359328 

MYB49 TF MYB49 ILL6002 M 6 6.587 0.165 

MYB49 TF MYB49 ILL6002 M 24 7.28466667 0.653267 

MYB49 TF MYB49 ILL6002 T 2 6.819 0.835 

MYB49 TF MYB49 ILL6002 T 6 6.96833333 0.087686 

MYB49 TF MYB49 ILL6002 T 24 7.64166667 0.777875 

NB-ARC NB-ARC ILL7537 M 2 2.03855556 0.666182 

NB-ARC NB-ARC ILL7537 M 6 2.65344444 0.87986 

NB-ARC NB-ARC ILL7537 M 24 2.68844444 1.044608 

NB-ARC NB-ARC ILL7537 T 2 2.25288889 0.840547 

NB-ARC NB-ARC ILL7537 T 6 2.414 1.229363 

NB-ARC NB-ARC ILL7537 T 24 4.9765 2.379554 

NB-ARC NB-ARC ILL6002 M 2 10.7428889 5.242553 

NB-ARC NB-ARC ILL6002 M 6 1.42616667 0.970241 

NB-ARC NB-ARC ILL6002 M 24 1.74066667 0.805089 

NB-ARC NB-ARC ILL6002 T 2 1.38283333 0.872699 

NB-ARC NB-ARC ILL6002 T 6 1.68411111 0.798541 

NB-ARC NB-ARC ILL6002 T 24 2.06533333 0.868105 

P72 DEAD box P72 DEAD 

box 

ILL7537 M 2 8.69733333 0.929388 

P72 DEAD box P72 DEAD 
box 

ILL7537 M 6 8.144 0.477975 

P72 DEAD box P72 DEAD 

box 

ILL7537 M 24 8.19133333 0.715264 

P72 DEAD box P72 DEAD 
box 

ILL7537 T 2 9.37583333 0.378448 

P72 DEAD box P72 DEAD 

box 

ILL7537 T 6 8.83175 0.258553 

P72 DEAD box P72 DEAD 
box 

ILL7537 T 24 8.3275 0.318667 

P72 DEAD box P72 DEAD 

box 

ILL6002 M 2 8.292 0.492 

P72 DEAD box P72 DEAD 
box 

ILL6002 M 6 7.45925 1.110308 

P72 DEAD box P72 DEAD 

box 

ILL6002 M 24 7.724 0.733217 

P72 DEAD box P72 DEAD 
box 

ILL6002 T 2 8.164 0.367043 

P72 DEAD box P72 DEAD 

box 

ILL6002 T 6 7.97233333 0.729253 

P72 DEAD box P72 DEAD 
box 

ILL6002 T 24 7.05116667 0.934137 

Pectin 

methylesterase 

inhibitor 

PMEI ILL7537 M 2 6.41988889 1.056575 

Pectin 

methylesterase 

inhibitor 

PMEI ILL7537 M 6 14.6354722 2.367543 
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Pectin 

methylesterase 

inhibitor 

PMEI ILL7537 M 24 82.5166667 17.73377 

Pectin 

methylesterase 

inhibitor 

PMEI ILL7537 T 2 24.4729722 8.949136 

Pectin 

methylesterase 

inhibitor 

PMEI ILL7537 T 6 31.0484167 8.697932 

Pectin 

methylesterase 

inhibitor 

PMEI ILL7537 T 24 72.1980833 17.82863 

Pectin 

methylesterase 

inhibitor 

PMEI ILL6002 M 2 18.4626111 2.985869 

Pectin 

methylesterase 

inhibitor 

PMEI ILL6002 M 6 37.044875 8.241137 

Pectin 

methylesterase 

inhibitor 

PMEI ILL6002 M 24 50.6606944 12.4863 

Pectin 

methylesterase 

inhibitor 

PMEI ILL6002 T 2 8.22954167 2.482111 

Pectin 

methylesterase 

inhibitor 

PMEI ILL6002 T 6 32.1913889 5.599305 

Pectin 

methylesterase 

inhibitor 

PMEI ILL6002 T 24 98.5109722 19.26027 

Polygalacturonase 

inhibitor 

PGIP ILL7537 M 2 4.97433333 1.151689 

Polygalacturonase 

inhibitor 

PGIP ILL7537 M 6 2.9555 0.798703 

Polygalacturonase 

inhibitor 

PGIP ILL7537 M 24 3.98383333 0.652232 

Polygalacturonase 

inhibitor 

PGIP ILL7537 T 2 4.3835 0.698545 

Polygalacturonase 

inhibitor 

PGIP ILL7537 T 6 3.525 1.292211 

Polygalacturonase 

inhibitor 

PGIP ILL7537 T 24 4.207 1.686673 

Polygalacturonase 

inhibitor 

PGIP ILL6002 M 2 0.31683333 0.316833 

Polygalacturonase 

inhibitor 

PGIP ILL6002 M 6 0 0 

Polygalacturonase 

inhibitor 

PGIP ILL6002 M 24 1.636 0.824405 

Polygalacturonase 

inhibitor 

PGIP ILL6002 T 2 0.49775 0.370163 

Polygalacturonase 

inhibitor 

PGIP ILL6002 T 6 1.2825 0.608536 
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Polygalacturonase 

inhibitor 

PGIP ILL6002 T 24 0 0 

Pr. Kinase (CDPK) CDPK ILL7537 M 2 3.54966667 1.213898 

Pr. Kinase (CDPK) CDPK ILL7537 M 6 2.59755556 1.327803 

Pr. Kinase (CDPK) CDPK ILL7537 M 24 2.75444444 1.266829 

Pr. Kinase (CDPK) CDPK ILL7537 T 2 2.61011111 1.062579 

Pr. Kinase (CDPK) CDPK ILL7537 T 6 2.473 1.246099 

Pr. Kinase (CDPK) CDPK ILL7537 T 24 0.446 0.246354 

Pr. Kinase (CDPK) CDPK ILL6002 M 2 0.40711111 0.346566 

Pr. Kinase (CDPK) CDPK ILL6002 M 6 2.06866667 0.726809 

Pr. Kinase (CDPK) CDPK ILL6002 M 24 3.14544444 1.017758 

Pr. Kinase (CDPK) CDPK ILL6002 T 2 4.8085 2.013088 

Pr. Kinase (CDPK) CDPK ILL6002 T 6 2.50077778 1.004942 

Pr. Kinase (CDPK) CDPK ILL6002 T 24 2.53133333 0.778665 

PR-10 - Bet v 1 PR10 ILL7537 M 2 10.0511667 5.826067 

PR-10 - Bet v 1 PR10 ILL7537 M 6 8.0705 3.689085 

PR-10 - Bet v 1 PR10 ILL7537 M 24 5.86391667 2.114348 

PR-10 - Bet v 1 PR10 ILL7537 T 2 5.61233333 2.561272 

PR-10 - Bet v 1 PR10 ILL7537 T 6 5.630375 2.627185 

PR-10 - Bet v 1 PR10 ILL7537 T 24 2.691125 1.104391 

PR-10 - Bet v 1 PR10 ILL6002 M 2 13.2463333 6.730684 

PR-10 - Bet v 1 PR10 ILL6002 M 6 4.88825 1.683858 

PR-10 - Bet v 1 PR10 ILL6002 M 24 7.4165 2.463892 

PR-10 - Bet v 1 PR10 ILL6002 T 2 17.329625 10.00602 

PR-10 - Bet v 1 PR10 ILL6002 T 6 11.6876667 4.614661 

PR-10 - Bet v 1 PR10 ILL6002 T 24 18.32375 6.580903 

PR-2 - O-glycosyl 

hydrolase family 17 

PR2 ILL7537 M 2 8.96244444 3.596321 

PR-2 - O-glycosyl 

hydrolase family 17 

PR2 ILL7537 M 6 7.93388889 2.175502 

PR-2 - O-glycosyl 

hydrolase family 17 

PR2 ILL7537 M 24 17.7605185 3.079589 

PR-2 - O-glycosyl 

hydrolase family 17 

PR2 ILL7537 T 2 9.87644444 3.01845 

PR-2 - O-glycosyl 

hydrolase family 17 

PR2 ILL7537 T 6 11.0007222 2.951472 

PR-2 - O-glycosyl 

hydrolase family 17 

PR2 ILL7537 T 24 18.4191667 4.257785 

PR-2 - O-glycosyl 

hydrolase family 17 

PR2 ILL6002 M 2 2.31174074 0.569723 

PR-2 - O-glycosyl 

hydrolase family 17 

PR2 ILL6002 M 6 4.33138889 1.438464 

PR-2 - O-glycosyl 

hydrolase family 17 

PR2 ILL6002 M 24 8.44466667 2.21714 

PR-2 - O-glycosyl 

hydrolase family 17 

PR2 ILL6002 T 2 1.22422222 0.483773 
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PR-2 - O-glycosyl 

hydrolase family 17 

PR2 ILL6002 T 6 5.97725926 1.505519 

PR-2 - O-glycosyl 

hydrolase family 17 

PR2 ILL6002 T 24 12.397037 2.812538 

PR-4 - Thaumatin-

like 

PR4 ILL7537 M 2 2.64633333 0.991428 

PR-4 - Thaumatin-

like 

PR4 ILL7537 M 6 4.73006667 1.500317 

PR-4 - Thaumatin-

like 

PR4 ILL7537 M 24 4.07393333 1.546409 

PR-4 - Thaumatin-

like 

PR4 ILL7537 T 2 4.42146667 1.724377 

PR-4 - Thaumatin-

like 

PR4 ILL7537 T 6 5.6032 1.910499 

PR-4 - Thaumatin-

like 

PR4 ILL7537 T 24 10.8918 4.5611 

PR-4 - Thaumatin-

like 

PR4 ILL6002 M 2 1.36493333 0.439702 

PR-4 - Thaumatin-

like 

PR4 ILL6002 M 6 4.9211 2.404264 

PR-4 - Thaumatin-

like 

PR4 ILL6002 M 24 6.19773333 2.287699 

PR-4 - Thaumatin-

like 

PR4 ILL6002 T 2 1.4124 0.736118 

PR-4 - Thaumatin-

like 

PR4 ILL6002 T 6 5.15726667 2.225386 

PR-4 - Thaumatin-

like 

PR4 ILL6002 T 24 23.7422667 9.052162 

Protein phosphatase 

2A 

PP2A ILL7537 M 2 6.8708 0.550198 

Protein phosphatase 

2A 

PP2A ILL7537 M 6 6.2102 0.400024 

Protein phosphatase 

2A 

PP2A ILL7537 M 24 7.86146667 0.484936 

Protein phosphatase 

2A 

PP2A ILL7537 T 2 7.10666667 0.482917 

Protein phosphatase 

2A 

PP2A ILL7537 T 6 6.4568 0.366584 

Protein phosphatase 

2A 

PP2A ILL7537 T 24 8.1017 0.467613 

Protein phosphatase 

2A 

PP2A ILL6002 M 2 6.77066667 0.414699 

Protein phosphatase 

2A 

PP2A ILL6002 M 6 5.3161 0.529181 

Protein phosphatase 

2A 

PP2A ILL6002 M 24 7.067 0.394082 

Protein phosphatase 

2A 

PP2A ILL6002 T 2 6.0711 0.391528 

Protein phosphatase 

2A 

PP2A ILL6002 T 6 6.42766667 0.367979 
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Protein phosphatase 

2A 

PP2A ILL6002 T 24 7.23206667 0.533622 

Receptor-like S/T 

kinase1  

R-S/T-K1 ILL7537 M 2 0.41566667 0.180806 

Receptor-like S/T 

kinase1  

R-S/T-K1 ILL7537 M 6 0.41544444 0.111744 

Receptor-like S/T 

kinase1  

R-S/T-K1 ILL7537 M 24 1.58522222 0.320435 

Receptor-like S/T 

kinase1  

R-S/T-K1 ILL7537 T 2 0.85755556 0.421782 

Receptor-like S/T 

kinase1  

R-S/T-K1 ILL7537 T 6 0.433 0.22813 

Receptor-like S/T 

kinase1  

R-S/T-K1 ILL7537 T 24 2.05883333 0.373267 

Receptor-like S/T 

kinase1  

R-S/T-K1 ILL6002 M 2 0.45966667 0.085489 

Receptor-like S/T 

kinase1  

R-S/T-K1 ILL6002 M 6 0.21233333 0.156867 

Receptor-like S/T 

kinase1  

R-S/T-K1 ILL6002 M 24 0.60688889 0.188558 

Receptor-like S/T 

kinase1  

R-S/T-K1 ILL6002 T 2 0.20533333 0.08971 

Receptor-like S/T 

kinase1  

R-S/T-K1 ILL6002 T 6 0.79811111 0.375407 

Receptor-like S/T 

kinase1  

R-S/T-K1 ILL6002 T 24 0.87411111 0.331891 

RING/U-box protein RING/U-box ILL7537 M 2 1.882 0.627111 

RING/U-box protein RING/U-box ILL7537 M 6 5.96255556 1.417941 

RING/U-box protein RING/U-box ILL7537 M 24 2.15322222 0.835796 

RING/U-box protein RING/U-box ILL7537 T 2 4.38727778 2.009842 

RING/U-box protein RING/U-box ILL7537 T 6 3.05866667 1.153686 

RING/U-box protein RING/U-box ILL7537 T 24 6.24058333 2.930528 

RING/U-box protein RING/U-box ILL6002 M 2 14.6536111 4.332641 

RING/U-box protein RING/U-box ILL6002 M 6 10.8556667 5.795929 

RING/U-box protein RING/U-box ILL6002 M 24 4.01933333 1.082434 

RING/U-box protein RING/U-box ILL6002 T 2 1.54075 0.685978 

RING/U-box protein RING/U-box ILL6002 T 6 9.56455556 3.874037 

RING/U-box protein RING/U-box ILL6002 T 24 2.11166667 0.784929 

RRM/RBD/RNP 

motif & hnRNPs 

hnRNP ILL7537 M 2 4.18488889 1.160898 

RRM/RBD/RNP 

motif & hnRNPs 

hnRNP ILL7537 M 6 5.31944444 1.252899 

RRM/RBD/RNP 

motif & hnRNPs 

hnRNP ILL7537 M 24 4.97766667 1.313426 

RRM/RBD/RNP 

motif & hnRNPs 

hnRNP ILL7537 T 2 3.12933333 1.215465 

RRM/RBD/RNP 

motif & hnRNPs 

hnRNP ILL7537 T 6 5.0405 1.489572 
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RRM/RBD/RNP 

motif & hnRNPs 

hnRNP ILL7537 T 24 3.56966667 1.824992 

RRM/RBD/RNP 

motif & hnRNPs 

hnRNP ILL6002 M 2 0.539 0.429074 

RRM/RBD/RNP 

motif & hnRNPs 

hnRNP ILL6002 M 6 7.8715 2.85824 

RRM/RBD/RNP 

motif & hnRNPs 

hnRNP ILL6002 M 24 2.46222222 0.982034 

RRM/RBD/RNP 

motif & hnRNPs 

hnRNP ILL6002 T 2 1.30583333 0.878542 

RRM/RBD/RNP 

motif & hnRNPs 

hnRNP ILL6002 T 6 2.46333333 1.965228 

RRM/RBD/RNP 

motif & hnRNPs 

hnRNP ILL6002 T 24 0.35933333 0.281199 

Senescence-

associated 

SAG ILL7537 M 2 596.294667 250.8154 

Senescence-

associated 

SAG ILL7537 M 6 461.086583 142.7929 

Senescence-

associated 

SAG ILL7537 M 24 683.481333 380.0382 

Senescence-

associated 

SAG ILL7537 T 2 783.83775 558.6548 

Senescence-

associated 

SAG ILL7537 T 6 479.925 179.5419 

Senescence-

associated 

SAG ILL7537 T 24 1714.57663 1097.589 

Senescence-

associated 

SAG ILL6002 M 2 1500.995 767.0527 

Senescence-

associated 

SAG ILL6002 M 6 1629.67488 624.1594 

Senescence-

associated 

SAG ILL6002 M 24 395.295583 137.6797 

Senescence-

associated 

SAG ILL6002 T 2 213.488625 80.10502 

Senescence-

associated 

SAG ILL6002 T 6 1034.47817 462.2177 

Senescence-

associated 

SAG ILL6002 T 24 547.823833 232.4057 

Superoxide 

dismutase 

SOD ILL7537 M 2 67.6170833 21.09777 

Superoxide 

dismutase 

SOD ILL7537 M 6 70.7821667 19.97844 

Superoxide 

dismutase 

SOD ILL7537 M 24 35.2145833 9.412086 

Superoxide 

dismutase 

SOD ILL7537 T 2 71.4035 21.88592 

Superoxide 

dismutase 

SOD ILL7537 T 6 73.18675 26.28553 

Superoxide 

dismutase 

SOD ILL7537 T 24 40.24275 12.33593 
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Superoxide 

dismutase 

SOD ILL6002 M 2 43.653 10.01317 

Superoxide 

dismutase 

SOD ILL6002 M 6 83.660875 16.55845 

Superoxide 

dismutase 

SOD ILL6002 M 24 38.2254167 12.38613 

Superoxide 

dismutase 

SOD ILL6002 T 2 37.716875 11.32294 

Superoxide 

dismutase 

SOD ILL6002 T 6 52.914 11.53523 

Superoxide 

dismutase 

SOD ILL6002 T 24 14.5661667 3.797814 

Ubiquitin-ligase 

SHPRH 

UPL-SHPRH ILL7537 M 2 4.23133333 1.121396 

Ubiquitin-ligase 

SHPRH 

UPL-SHPRH ILL7537 M 6 3.18133333 0.371683 

Ubiquitin-ligase 

SHPRH 

UPL-SHPRH ILL7537 M 24 16.775 10.3456 

Ubiquitin-ligase 

SHPRH 

UPL-SHPRH ILL7537 T 2 11.768 6.27061 

Ubiquitin-ligase 

SHPRH 

UPL-SHPRH ILL7537 T 6 3.937 0.386 

Ubiquitin-ligase 

SHPRH 

UPL-SHPRH ILL7537 T 24 29.9745 5.7505 

Ubiquitin-ligase 

SHPRH 

UPL-SHPRH ILL6002 M 2 16.9173333 1.926321 

Ubiquitin-ligase 

SHPRH 

UPL-SHPRH ILL6002 M 6 5.77 0.755 

Ubiquitin-ligase 

SHPRH 

UPL-SHPRH ILL6002 M 24 4.777 2.1644 

Ubiquitin-ligase 

SHPRH 

UPL-SHPRH ILL6002 T 2 4.7865 1.2335 

Ubiquitin-ligase 

SHPRH 

UPL-SHPRH ILL6002 T 6 4.08566667 0.903411 

Ubiquitin-ligase 

SHPRH 

UPL-SHPRH ILL6002 T 24 7.95533333 0.681622 

Xyloglucan 

galactosyltransferase 

XTH ILL7537 M 2 30.6367273 9.725864 

Xyloglucan 

galactosyltransferase 

XTH ILL7537 M 6 10.6953333 2.99625 

Xyloglucan 

galactosyltransferase 

XTH ILL7537 M 24 4.04893939 1.263859 

Xyloglucan 

galactosyltransferase 

XTH ILL7537 T 2 31.6471212 13.57842 

Xyloglucan 

galactosyltransferase 

XTH ILL7537 T 6 10.5132727 4.290472 

Xyloglucan 

galactosyltransferase 

XTH ILL7537 T 24 2.62704545 1.258242 

Xyloglucan 

galactosyltransferase 

XTH ILL6002 M 2 49.9643333 18.58634 
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Xyloglucan 

galactosyltransferase 

XTH ILL6002 M 6 26.8460455 10.76928 

Xyloglucan 

galactosyltransferase 

XTH ILL6002 M 24 8.38527273 2.603916 

Xyloglucan 

galactosyltransferase 

XTH ILL6002 T 2 61.075 25.24419 

Xyloglucan 

galactosyltransferase 

XTH ILL6002 T 6 15.2519697 3.929875 

Xyloglucan 

galactosyltransferase 

XTH ILL6002 T 24 5.42981818 1.714573 
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Table 2-7 Detailed trimming statistics of the transcripts. 

Sample 

Input 

reads 

Surviving 

reads 

Surviving 

reads 

(%) 

Dropped 

reads 

(%) 

Total 

Read 

length (bp) 

Remaining 

Read 

length (bp) 

Trimmed 

bases (%) 

ILL6002_M_2hr_1C.fastq 17009868 14552222 85.55% 14.45% 1.59E+09 1.31E+09 22% 

ILL6002_M_2hr_2C.fastq 21566718 18542237 85.98% 14.02% 2.23E+09 1.84E+09 21% 

ILL6002_M_2hr_3C.fastq 16026081 14014664 87.45% 12.55% 1.65E+09 1.37E+09 20% 

ILL6002_T_2hr_4C.fastq 17934240 15500534 86.43% 13.57% 1.84E+09 1.52E+09 21% 

ILL6002_T_2hr_5C.fastq 17356006 16049445 92.47% 7.53% 2.01E+09 1.79E+09 12% 

ILL6002_T_2hr_6C.fastq 17697199 16547242 93.50% 6.50% 2.20E+09 1.98E+09 11% 

ILL7537_M_2hr_7C.fastq 21467699 18816085 87.65% 12.35% 2.38E+09 2.08E+09 14% 

ILL7537_M_2hr_8C.fastq 19167337 16635857 86.79% 13.21% 2.28E+09 2.00E+09 14% 

ILL7537_M_2hr_9C.fastq 19872734 17393259 87.52% 12.48% 2.13E+09 1.86E+09 15% 

ILL7537_T_2hr_10C.fastq 23255455 21651234 93.10% 6.90% 3.05E+09 2.76E+09 11% 

ILL7537_T_2hr_11C.fastq 19920634 18136346 91.04% 8.96% 2.51E+09 2.25E+09 12% 

ILL7537_T_2hr_12C.fastq 32396086 30599094 94.45% 5.55% 3.98E+09 3.59E+09 11% 

ILL6002_M_6hr_13C.fastq 14703948 12486543 84.92% 15.08% 1.27E+09 1.06E+09 20% 

ILL6002_M_6hr_14C.fastq 15444593 12911824 83.60% 16.40% 1.39E+09 1.16E+09 20% 

ILL6002_M_6hr_15C.fastq 22696542 18645043 82.15% 17.85% 1.89E+09 1.55E+09 22% 

ILL6002_T_6hr_16C.fastq 13973704 11905143 85.20% 14.80% 1.28E+09 1.07E+09 19% 

ILL6002_T_6hr_17C.fastq 20406951 18853354 92.39% 7.61% 2.14E+09 1.89E+09 13% 

ILL6002_T_6hr_18C.fastq 18426900 16393679 88.97% 11.03% 1.75E+09 1.51E+09 16% 

ILL7537_M_6hr_19C.fastq 24163751 21587566 89.34% 10.66% 2.35E+09 2.04E+09 15% 

ILL7537_M_6hr_20C.fastq 21346273 19219937 90.04% 9.96% 2.20E+09 1.93E+09 14% 

ILL7537_M_6hr_21C.fastq 22355140 20196905 90.35% 9.65% 2.31E+09 2.03E+09 14% 

ILL7537_T_6hr_22C.fastq 26557855 24510188 92.29% 7.71% 2.97E+09 2.63E+09 13% 

ILL7537_T_6hr_23C.fastq 14148040 12868207 90.95% 9.05% 1.47E+09 1.29E+09 14% 

ILL7537_T_6hr_24C.fastq 18425446 17195271 93.32% 6.68% 2.19E+09 2.04E+09 7% 

ILL6002_M_24hr_25C.fastq 22105508 20249029 91.60% 8.40% 2.33E+09 1.88E+09 24% 

ILL6002_M_24hr_26C.fastq 15707203 14902938 94.88% 5.12% 1.99E+09 1.80E+09 11% 

ILL6002_M_24hr_27C.fastq 21551130 20248860 93.96% 6.04% 2.60E+09 2.34E+09 11% 

ILL6002_T_24hr_28C.fastq 14585999 12951122 88.79% 11.21% 1.59E+09 1.39E+09 14% 

ILL6002_T_24hr_29C.fastq 15307337 14145657 92.41% 7.59% 1.93E+09 1.70E+09 14% 

ILL6002_T_24hr_30C.fastq 50092930 39426514 78.71% 21.29% 5.06E+09 4.30E+09 18% 
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ILL7537_M_24hr_31C.fastq 15126879 13774242 91.06% 8.94% 1.85E+09 1.61E+09 14% 

ILL7537_M_24hr_32C.fastq 15424845 14501668 94.01% 5.99% 1.81E+09 1.60E+09 14% 

ILL7537_M_24hr_33C.fastq 31609800 29134895 92.17% 7.83% 3.64E+09 3.11E+09 17% 

ILL7537_T_24hr_34C.fastq 9268631 8541359 92.15% 7.85% 1.07E+09 9.16E+08 17% 

ILL7537_T_24hr_35C.fastq 18733910 16916957 90.30% 9.70% 2.17E+09 1.84E+09 18% 

ILL7537_T_24hr_36C.fastq 18827028 17153746 91.11% 8.89% 1.86E+09 1.59E+09 17% 
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Chapter 3 Characterisation of R-QTLs and related genes governing 

defence to A. lentis in the resistant lentil (lens culinaris) cultivar ILL7537 

 Introduction 

Lentil (Lens culinaris Medikus subsp. culinaris) is a cool-season annual pulse crop and is an 

important source of protein and iron for human consumption. The species originated in the 

Middle East and India and is currently mainly produced in Canada, India, Turkey, Australia 

and United States with a global production of 6 million tonnes in 2017 [1]. 

Ascochyta lentis, a necrotrophic fungal pathogen that causes Ascochyta Blight (AB) disease of 

lentil, has a profound effect on lentil production worldwide causing substantial yield losses and 

marketability reduction. Effective AB disease management has historically been achieved 

through cultivation of resistant cultivars together with accurate and targeted fungicide use [2]. 

However, resistance has recently eroded in some resistant cultivars thought to be due to 

adaptive selection within the Australian fungal population [3]. A long-lasting strategy to 

control AB disease could take advantage of current genomics techniques. Marker technologies, 

phenotyping capabilities and the development of mapping populations help to expand our 

knowledge of the genes and molecular pathways involved in defence in some resistant lentil 

cultivars [4–8]. The molecular knowledge of those markers and genes could be used in 

resistance breeding programs [9]. 

Therefore, there is a need to characterise lentil cultivars that have maintained their resistance 

to the current A. lentis population, such as the genotype ILL7537. This is possible through 

comprehensive genetic studies to uncover the genetic components conditioning the resistance 

response. This was done previously by Sambasivam et al. (2016) [10] who employed a cDNA 

library and a boutique microarray approach and most recently by Khorramdelazad et al. (2018) 

[11], who used a transcriptomics approach to uncover the molecular defence responses of 

ILL7537 to A. lentis. The recent transcriptomics study revealed several genes with essential 

defence roles towards AB. The identified genes included protein kinases as receptor and 

signalling molecules, structural and antifungal biochemical molecules, transcriptional factors 

to control expression level of many defence response genes, and genes conferring systemic 

acquired resistance (SAR) and cell death [11]. 
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Earlier studies suggested that the defence response to AB is controlled by one or two major 

genes [4]. However, recent studies suggested that the resistance response to AB is a complex 

trait and could be govern quantitatively by multiple minor genes [5, 12]. The current approach 

to determine the functionally responsive defence-related sequences may be obtained through 

associating their physical locations on a genome map with those of the major regions 

harbouring the phenotypic resistance responses (mapping the R-QTL) using next generation 

sequencing technologies [12]. In a QTL study, two QTL were detected that were involved in 

defence to AB in two resistant lentil genotypes, ILL5588 and ILL7537, using the second 

generation (F2) of parental crosses between ILL5588 × ILL7537 and ILL7537 × ILL6002 [6]. 

In another QTL study a total of 5 QTL were found to be associated with AB resistance in 

Northfield and Indian head, two resistant lentil cultivars, using the GoldenGate oligonucleotide 

pooled assay [13]. The previous QTL studies that identified defence-conferring genes and 

molecular pathways used maps that were developed without aligning to the lentil genome as it 

was not available at the time. Therefore, those studies may contain missing data considering 

the large size of the lentil genome (4 Gb) [6, 13, 14]. Moreover, in neither of the QTL studies 

the potential defence-related genes and molecular pathways were identified and validated. 

Thus, the functionally relevant genes and molecular pathways responsible for the major 

defence responses associated with the QTLs conferring defence to AB are currently unknown. 

Details on the genetics and molecular mechanism of defence is a crucial requirement to create 

a durable and strong resistant lentil cultivar with the molecular breeding programs. Therefore, 

the objective of this research is to identify candidate genome sequences and markers for AB-

resistance selective breeding purposes. This is achieved by addressing the following aims: The 

map of (ILL7537 x ILL6002) produced in this study will be a useful tool for future genomics 

studies since it was aligned with the whole genome sequence of lentil. Consequently, 

identification of loci that quantitatively confer resistance to A. lentis in the mentioned 

population and the underlying molecular markers (SNPs). Also, characterisation of the 

defence-related genes within the QTL regions. 
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 Methodology 

 Phenotyping lentil populations in response to A. lentis 

Following reports by Nasir and Ford in 1998 and 1999, respectively, a highly resistant lentil 

genotype, ILL7537, and a highly susceptible lentil genotype, ILL6002, were chosen to create 

a recombinant inbred line (RIL) populations upto the 7th generation [4, 15]. The parental cross 

was performed at the University of Melbourne, Dookie Campus and the F1 plants were 

validated as true hybrids using a selection of SSR markers (data not shown). F2 were advanced 

to F5 through in vitro-assisted single seed decent [16] and F5 was advanced to F6 and F7 RILs 

at Curtin University. The assumption was that the population is stable from F5. The phenotypic 

responses (disease reactions) to two highly aggressive isolates of A. lentis, AL4 and FT15124, 

were recorded in a replicated manner from the parents and 150 each of the F6 and F7 RILs 

(Figure 3). A. lentis isolate AL4 was collected from Horsham, Victoria in December 1998 [10] 

and isolate FT15124 was provided by the South Australian Research and Development Institute 

(SARDI, Urrbrae, SA).  

The experiment was designed as follows. The parents and F5, F6 and F7 seedlings were grown 

in biological and technical triplicates (3 pots per line with 3 seedlings per pot) to 14-days-old. 

Conidial spore cultures and inoculum preparation from isolates were performed as described 

in Chapter 2 [11]. The bioassay was carried out in the shade house at the Nathan Campus of 

Griffith University from 1st July to 15th August in 2017 and 2018 for AL4 and FT15124, 

respectively. The parental genotypes were used in each of the studies as controls with known 

disease responses. Seedlings were inoculated by spraying to run-off with a spore suspension of 

1 × 106 conidia·mL-1 [3]. The control seedlings were sprayed with sterilised water and Tween20 

only [17]. Seedlings were placed in dark and humid conditions for 48 hours to aid spore 

germination and penetration [18]. Disease severity was measured at 7, 14, 21- and 28-days post 

inoculation (DPI), using both quantitative (as percent of stem and foliar lesions) and qualitative 

(as a categorical scale data 1-9) measures [3, 4, 19, 20] (Figure 3-1).  
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Figure 3-1 Experimental design for genome sequencing (Genotyping) and disease severity scoring 

(Phenotyping). 
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Table 3-1  A. lentis disease symptoms and scoring. 
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 Genotyping the parents and RIL populations 

The parents (ILL7537 and ILL6002) together with the 150 F5 RILs were sown under controlled 

conditions of 22 ±2° C and 16/8 h light/dark photoperiod (3 pots of 4 seed per pot of each 

genotype). The young foliage of 3 week-old-seedlings was collected, labelled and frozen at -

20°C until DNA was extracted using the DNeasy Plant Mini Kit (QIAGEN, Germany). 

Genomic DNA (gDNA) quality and quantity were measured using a Nanodrop 

spectrophotometer (Thermo Fisher Scientific, USA) and visualised by gel electrophoresis (Bio-

Rad, USA). Three replicates of each parent and one individual of each RILs of the F5 (n=150) 

population were sent for genotyping-by-sequencing (GBS) at the Australian Genomics 

Research Facility (AGRF, Adelaide, SA), using a ddRAD-based library preparation protocol 

[21]. The gDNA was digested using a combination of two restriction enzymes (RE), EcoRI and 

MseI, and only tags with both RE sites (one in each end) were selected for library preparation. 

The gDNA libraries were sequenced on 2 lanes of an Illumina HiSeq2500 sequencing platform, 

producing 100 bp single-end reads (Table 3-2). 

 GBS Data analysis 

Genomic and phenotypic data was analysed through 5 main steps to create a high-resolution 

SNP-based linkage map of lentil, identify and locate the R-QTLs and detect the defence-related 

genes linked to the SNPs associated with the major R-QTLs.  

3.2.3.1 Variant calling 

The raw reads were de-multiplexed prior to removing sequencing barcodes and adaptors using 

Stacks (v1.47) process_tags.pl script [22–24]. To increase the coverage of parental reads, 

each parent read files were combined. Two approaches for variant calling using Stacks were 

tested to obtain the optimal number of SNPs and maximum coverage across the genome. One 

approach is based solely on mapping the reads to the reference genome and calling variants 

from the alignments, while the other approach starts by building a locus catalogue de novo and 

subsequently aligning the consensus sequences to the reference genome and integrating the 

alignments into the de novo dataset [25]. 
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Reference map approach 

The trimmed reads were mapped to the L. culinaris reference genome (v1.2; KnowPulse; [26]), 

using Bowtie2 (version 2.3.2) with the --very-sensitive option in --end-to-end (global) 

mode. The resulting SAM files were processed to mark duplicates with SAMBLASTER 

(v0.1.24) [27], add read group information and convert into sorted BAM file with Picard tools 

(v2.5.0). Mapping quality and coverage were assessed with Qualimap2 (v2.2.2a) [28]. Stacks 

(v2.0b) software was used to call variants from the processed alignment files using the 

ref_map.pl command [25].  

Integrated de novo and mapping approach 

A subset of samples was selected, including the parent replicates (non-combined) and 20 other 

randomly selected genotypes. Stacks (v2.0b) de novo pipeline was run several times with the 

selected samples, varying just one parameter with each parse of the program. For the primary 

analysis, we varied the ustacks command m parameter from 3 to 7, the ustacks command M 

parameter from 1 to 8 and the cstacks command n parameter as n=M± 1, while keeping all 

other parameters consistent (Stacks2 defaults are m=3, M=2 and n=0), as described by [23, 25, 

29]. The resulting log files from each run were parsed to retrieve the following statistics: 

1. The parameters m and M and n used 

2. The number of assembled loci (from populations.log files) 

3. The number of polymorphic loci shared across most samples (the r80 loci) 

4. The distribution of the number of SNPs per locus (from populations.snps.vcf files) 

5. The coverage per sample (from denovo_map.log files) 

Replicate parent samples were used to estimate the genotyping error rates from each run: (1) 

Locus error rate (Elocus), corresponding to missing data at the locus level and measured as the 

number of loci present in only one of the samples of a replicate pair, divided by the total number 

of loci found. 

(2) Allele error rate (Eallele), calculated as the number of allele mismatches between replicate 

pairs, divided by the number of loci being compared (all the SNPs within a tag). A formula 

http://knowpulse.usask.ca/portal/lentil-genome


 

96 

 

was used to balance between high number of polymorphic loci (r80), high coverage (Cov) per 

sample and low error rates (Equation 3-1) 

Equation 3-1. Score of Stacks2 de novo genotyping runs 

𝑆𝑐𝑜𝑟𝑒 = 𝑟80(1 − 6 ∙ 𝐸𝑎𝑙𝑙𝑒𝑙𝑒 − 4 ∙ 𝐸𝑙𝑜𝑐𝑢𝑠) + 250 ∙ 𝐶𝑜𝑣 

Once identified, the optimal parameters were used for another Stacks (v2.0b) de novo run with 

all the samples (this time combining the parent read files to increase coverage). Following the 

de novo pipeline, the final loci sequences (now stored in catalog.fa.gz) were aligned to the 

L. culinaris reference genome with GSNAP (version 2018-03-25) [30]. The 

stacks_integrate_alignments script (provided with Stacks) was then used to integrate the 

alignments back into the gstacks files, followed by another ‘populations’ run to assign 

genomic coordinates for each locus in the output files. 

Variant Filtration 

 The resulting Stacks variant files (in VCF format) were filtered by removing samples and loci 

with low Genotyping Quality (GQ<20) and Depth of Coverage (DP<7). The remaining variant 

calls at each locus were counted and loci were filtered to include only SNP sites with valid 

calls in at least 50% of the samples using SnpSift v4.3.1p [31, 32]. Additional processing of 

the variants was performed in R v3.4.3 [33], keeping only bi-allelic SNPs which were 

homozygotes in each parent genotype, but polymorphic between the parents’ genotypes and 

filtering out markers and samples with less than 90% valid genotype calls. 

3.2.3.2 Linkage map of lentil 

The clean and filtered VCF file was imported into R and linkage map was constructed using 

OneMap v2.1.1001 package [34], while removing any SNPs deviating from a 1:1 segregation 

pattern (as expected from a RIL population). The linkage map was then plotted and manually 

evaluated to assess its agreement with the genomic coordinates that were derived from the 

alignment of the reads to the reference genome. 

3.2.3.3 R-QTL mapping 

The phenotypic data used as input for QTL analysis was transformed using a squared-root 

transformation to ensure normal distribution of each trait. Normality was tested using Shapiro-
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Wilk test (P>0.05). The constructed genetic map and genotype-phenotype data were exported 

for analysis in Windows QTL Cartographer (WinQtlCart, v2.5_011) [35], using a single marker 

analysis (SMA, default settings) approach to identify QTLs conferring resistance to AB. 

Additional QTL analysis was performed in R, using the R/qtl2 v0.12 package [36], an improved 

modern implementation of the original R/qtl software [37] to validate the results obtained with 

WinQtlCart. The genotype and phenotype files were specified as separate .csv files, while the 

genetic map file was exported from OneMap to use in R/qtl2.  

A genome scan approach was chosen to identify significant QTL regions, using a linear mixed 

model accounting for relationships among individuals using a random polygenic effect, 

supported by a permutation test (n=1000) to determine LOD threshold for significance for each 

trait at each time point. The proportion of the variance explained by the QTL conditioned on 

the background markers and any explanatory variables (R2) was calculated as shown in 

Equation 3-2, where LOD is the LOD score at the peak of the QTL and n is the population size 

[37, 38]. Loci and QTL positions across the linkage map were prepared in R and exported for 

plotting in MapChart v2.32 [39]. 

𝑅2 = 1 − 10−(2×𝐿𝑂𝐷 𝑛⁄ ) 

Equation 3-2. Calculation of the variance explained by QTL (R2) 

3.2.3.4 SNP annotation 

Annotation of SNPs associate with the QTLs was performed by determining the physical 

(chromosomal) locations of the QTL peaks and extracting the SNPs and genes from a range of 

20 Kb up and downstream of these locations. Gene coordinates were retrieved from the GFF 

file accompanying the L. culinaris reference genome and were used for functional annotation 

to determine the effect of each SNP on the underlying genes. 

 



 

98 

 

 

Figure 3-2 Bioinformatics flowchart of R-QTL analysis. 

 

 Results 

 Phenotyping  

The data obtained from the qualitative and four quantitative scores were analysed to find the 

most informative trait(s) correlated with disease progress through the sampling time points 

(Figure 3-4). Overall, the qualitative scoring scale highly matched the leaf and stem lesion 

coverage scores. The disease scores distribution was skewed towards the 0 in all of the 

measured quantitative traits and particularly in the early time point (7 DPI), as the plants were 

yet to show disease symptoms. The scores distribution was the most informative at 14 and 21 

DPI as the disease progressed and the symptoms became more visible, showing clear 

differentiation between the parent lines. This was more evident in the leaf and stem lesion 

coverage traits, while the leaflet and stem breakage traits still showed highly skewed 

distribution with very few events (Figure 3-4). Therefore, leaf and stem lesion coverage were 

chosen to represent the distribution of the disease symptoms in the population, focusing at 14 

and 21 DPI in both AL4 and FT15124 A. lentis isolates (Figure 3-4, Figure 3-5). The same result 

was observed while scoring the disease severity as it is pictured in the (Figure 3-3). 
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Figure 3-3 Representative resistant parent (ILL7537, A) and susceptible parent (ILL6002, B) at 28 days 

post inoculation with AL4. 

 

 

Figure 3-4 Disease symptoms distribution in the F6 RIL population (ILL7537 x ILL6002) after 

inoculation with A. lentis isolate AL4. Leaf lesion coverage (A), stem lesion coverage (C), leaflet 

breakage (B) and stem breakage (D) are presented as percentages. Mean scores are represented as dots 

for each genotype, ILL6002 (red), ILL7537 (Green) and F5 RIL population (Black). 
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Figure 3-5 Comparison of leaf lesion distribution in the RIL populations (ILL7537 x ILL6002) 

after inoculation with A. lentis isolates AL4 (A) and FT15124 (B), and for stem lesion with 

AL4 (C) with FT15124 isolate (D). Leaf and stem lesion coverage is presented as 

percentages. Mean scores are represented as dots for each genotype, ILL6002 (red), ILL7537 

(Green) and RIL population (Black, F6 for AL4 and F7 for FT15124).  
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 Genotyping by sequencing (GBS) 

A total number of 8.86 million reads were sequenced for the parents covering 282,954 loci at 

an average depth of ×28.6, while the F5 population was sequenced at approximately half the 

coverage, with 4.16 million reads across 220,000 loci at an average depth of ×16 (Table 3-2). 

Table 3-2 Results of GBS by Illumina HiSeq 2500 

 

 

 

 SNP development 

Two approaches for variant calling using Stacks were tested to obtain the optimal number of 

SNPs and maximum coverage across the genome: a reference map-based GBS pipeline and an 

integrated one based on de novo pipeline.  

For the integrated approach, Stacks (v2.0b) de novo pipeline was first performed on a subset 

of samples, over a range of values for optional parameters, to determine the optimal parameter 

combinations for minimum error rates and maximum number of polymorphic SNPs. The 

results of the runs were summarised and ranked based on their overall scores. Table 3-3 shows 

the top 10 and lowest 4 parameter combinations, based on their score (full table available in 

Appendix Table 3-12). Based on these results, three optimal combinations of parameters for 

the Stacks (v2.0b) de novo pipeline were identified, favouring a high number of polymorphic 

loci, low error rates and high coverage: M2m3n3, M3m4n3 and M1m4n2, ranked #2, 4 and 6, 

with overall scores greater than 27,000. For comparison, Stacks2 default parameters (m3, M2 

and n0) resulted in a combined score of 19,623 and was ranked #117 out of 120 possible 

combinations (highlighted in bold font in Table 3-4). The 3 identified optimal combinations 

were used in full de novo runs with all the samples (this time combining the parent read files 

to increase coverage).  

 

Measure Parents Population (RILs) 

Sequenced reads 
8.86 × 10

6

 4.16 × 10
6

 

Number of loci 282,954 219,648 

Loci depth ×28.6 ×16 
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Table 3-3 Effect of Stacks de novo parameters on number and coverage of loci and estimated error rates 

(top 10 and lowest 4 scores are shown, full table in Appendix Table 3-12) 

Parameters 

Locus 

Error 

Allele 

Error Assembled_loci_r80 Polymorphic_loci_r80 Coverage Score 

M2m3n2 4.74% 3.72% 6,014,629 37,676 20.7x 27,316 

M1m4n2 4.25% 4.68% 5,910,985 37,546 26.2x 27,174 

M3m3n3 5.04% 3.70% 5,148,921 38,002 20.9x 27,131 

M3m4n3 3.76% 3.33% 4,223,558 32,088 24.8x 27,060 

M2m4n3 4.09% 4.31% 4,851,479 35,676 25.7x 27,037 

M2m3n3 5.36% 4.81% 5,938,447 43,464 21.6x 27,018 

M1m3n2 5.19% 5.29% 7,271,294 45,319 22.0x 27,011 

M2m4n2 3.85% 3.37% 4,934,484 31,918 24.7x 26,727 

M3m4n4 4.13% 4.06% 4,173,123 34,428 25.4x 26,698 

M4m3n4 5.11% 3.89% 4,589,000 37,796 21.1x 26,524 

M2m3n0 4.96% 4.10% 5,703,394 26,171 20.3x 19,623 

M1m6n0 2.80% 3.96% 4,122,852 18,448 29.9x 19,479 

M1m3n0 4.53% 4.43% 7,038,354 25,171 19.9x 18,890 

M1m7n0 2.55% 3.86% 3,460,760 15,714 32.4x 18,574 

The de novo integrated approach from all 3 combinations of parameters, M2m3n3, M3m4n3 

and M1m4n2, yielded 51,819, 38,625 and 38,393 polymorphic SNPs, respectively. However, 

initial filtration to retain only polymorphic and bi-allelic SNPs, reduced the numbers of usable 

markers to 3,436, 2,601 and 2,777 markers, sufficiently represented in 125, 121 and 122 

samples only, respectively (Table 3-4). In comparison, the reference mapping-based pipeline 

resulted in 33,561 polymorphic SNPs, of which 11,175 passed initial filtering and were 

sufficiently represented in 131 individuals (Table 3-4). Therefore, the SNPs developed with 

this approach were selected to construct the linkage map. 

 

Table 3-4 Number of usable markers and samples obtained from each Stacks variant calling pipeline 

Approach Parameters Poly SNPs Filtered SNPs
 a

 Genotypes retained
 b 

Integrated de novo-based M1m4n2 38,393 2,777 122 

Integrated de novo-based M3m4n3 38,625 2,601 121 

Integrated de novo-based M2m3n3 51,819 3,436 125 

Reference map-based default 33,561 11,175 131 

a - Number of SNPs post filtration to retain only bi-allelic and confidence, genotyped in at least 90% 

of the samples. b - Samples in which at least 90% of the markers were genotyped. 
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 Genome linkage map 

The data obtained by the GBS reference mapping-based pipeline was used as input for 

additional selection and filtering steps to develop the linkage map for the population, mainly 

removal of SNPs deviating from the expected 1:1 segregation ration. This resulted in 2,341 

high confidence, bi-allelic, homozygous and polymorphic SNP markers (out of the initial 

33,561 SNPs) in 97 individuals from the RIL population. The resulting linkage map included 

7 linkage groups, mostly matched with chromosome coordinates (>96% match rate), based on 

the actual chromosome coordinates of each marker, derived from the reference genome, and 

thus they were named after the genomic chromosomes (LcChr1-7; Figure 3-6). The map 

spanned a total length of 1,430 cM with an average marker interval of 0.75 cM. The linkage 

groups were comprised of 45 to 556 SNPs and ranged from 30 cM to 208.2 cM in length.The 

number of SNP markers generated from each linkage group (LG) and their matched 

chromosome based on mapping to the L. culinaris reference genome (v1.2; KnowPulse; [26]) 

are presented in Table 3-5. 

  

http://knowpulse.usask.ca/portal/lentil-genome
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Table 3-5 Summary statistics of the developed linkage map 

Chromosome SNPs Chr length [cM] Mean marker 

distance 

Mean marker per 

locus 

LcChr1 556 304.8 0.55 1.39 

LcChr2 409 266.92 0.65 1.37 

LcChr3 312 263.16 0.84 1.43 

LcChr4 512 198.06 0.39 1.41 

LcChr5 78 122.64 1.57 1.53 

LcChr6 429 243.11 0.57 1.43 

LcChr7 45 30.99 0.69 2.05 

 

 

Figure 3-6 Genome linkage map of the ILL7537 x ILL6002 population containing ILL7537 genetic 

resistance background. 
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 R-QTL analysis 

3.3.5.1 Single marker analysis 

To detect QTLs for AB resistance (R-QTL) in ILL7537 on any of the 7 lentil chromosomes, 

Simple Marker Analysis (SMA) was performed using WinQTLCart V2.5 [35]. 

All the traits used for scoring the disease severity were used to find QTL peaks for resistance 

to AL4. A QTL peak, associated with both leaf-lesion and stem-lesion coverage, was found on 

LeChr2. Leaflet breakage and stem breakage did not show any significant QTL as was 

predicted from phenotypic segregation of the population and parents (Figure 3-4). The same 

result was observed in the scoring time points that showed the most significant QTL LOD score 

detected at 14 and 21 DPI when the clearest segregations occurred between the two resistant 

and susceptible parents from the mean of the population. The QTL peak associated with 

reduced AB disease symptoms in response to AL4 isolate was identified for leaf lesion and 

stem lesion coverage scores at 21 DPI , for both traits with LOD scores of 4.2 (Figure 3-7 A 

and B, respectively). The same QTL peak appeared at 14 DPI as well, but with a lower LOD 

score of just 3.2. A single QTL was found for leaf lesion coverage in response to isolate 

FT15124, positioned on LcChr6, with a LOD score of over 3 at both 14 and 21 DPI (Figure 

3-8 A). In order to have more in-depth knowledge of the exact location of R-loci on the 

chromosomes, an additional analysis was performed using a linear mixed model (LMM) 

approach using R\qtl2.  
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Figure 3-7 LOD scores of single marker QTL analysis for leaf (A) and stem (B) lesion coverage in F6 

RIL population (ILL7537 x ILL6002) at 14- and 21-days post inoculation by A. lentis isolate AL4. 

Green horizontal line represents significant LOD threshold (4.2), as determined by permutation test 

(n=1000). 
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Figure 3-8 LOD scores of single marker QTL analysis for leaf (A) and stem (B) lesion coverage in F7 

RIL population (ILL7537 x ILL6002) at 14- and 21-days post inoculation by A. lentis isolate FT15124. 

Blue horizontal line represents the significant LOD threshold (3), as determined by permutation test 

(n=1000). 

 

3.3.5.2 Linear mixed model QTL mapping 

The results obtained from LMM showed a major QTL for AB resistance (R-QTL) on LcChr2 

for both leaf lesion and stem lesion coverage traits in response to A. lentis isolate AL4 (Figure 

3-7 A, B). In response to FT15124 isolate, however, a R-QTL was identified for leaf lesion 

coverage on LcChr6 (Figure 3-8 A). 

The R-QTL that was identified in this analysis for defence to AL4 could explain up to 23.5% 

of the disease severity variation within the population. The R-QTL on LcChr2 explains up to 

23.5% of the phenotypic variance at 14 DPI and 18% at 21 DPI for the leaf lesion coverage 

(Table 3-6), as determined by LMM analysis. The precise locations of the R-QTL on the 

LcChr2 and LcChr6, detected for defence to AL4 and FT15124 respectively are shown in 
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Figure 3-11. The genome linkage map in Figure 3-11 is the map that was developed from the 

lentil population with the resistance background of ILL7537. The same analysis on defence to 

FT15124 showed a single R-QTL located on LcChr6, which could explain 18% of the 

phenotypic variation at 21 DPI and 14.7% at 14 DPI (Table 3-6). 

 

 

Figure 3-9 LOD scores of linear mixed model (LMM) QTL analysis for leaf (A, B) and stem (C, D) 
lesion coverage in F5 RIL population (ILL7537 x ILL6002) at 14 and 21 days post inoculation by A. 

lentis isolate FT15124. Dashed blue horizontal line represents the significant LOD threshold (3), as 

determined by permutation test (n=1000). Panes B and D show zoomed-in views on chromosome 

LcChr2 harbouring the QTLs for leaf and stem lesion coverage, respectively. 
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Figure 3-10 LOD scores of linear mixed model (LMM) QTL analysis for leaf (A, B) and stem (C) lesion 
coverage in F6 RIL population (ILL7537 x ILL6002) at 14 and 21 days post inoculation by A. lentis 

isolate FT15124. Dashed blue horizontal line represents the significant LOD threshold (3), as 

determined by permutation test (n=1000). Pane B shows a zoom-in on the chromosome harbouring the 

QTL, LcChr6. 

 

Table 3-6 Summary of QTL regions identified in response to A. lentis isolates 

Isolate Trait Chromosome Position
a
 LOD DPI R

2b
 

AL4 Leaf lesion coverage LcChr2 157.44 3.35 14 0.152867 

AL4 Leaf lesion coverage LcChr2 253.61 5.39 14 0.234221 

AL4 Leaf lesion coverage LcChr2 157.44 3.06 21 0.140618 

AL4 Leaf lesion coverage LcChr2 253.61 4.04 21 0.18141 

AL4 Leaf lesion coverage LcChr2 266.92 3.73 21 0.168462 

AL4 Stem lesion coverage LcChr2 157.44 3.90 21 0.175687 

AL4 Stem lesion coverage LcChr2 266.92 4.26 21 0.190361 

FT15124 Leaf lesion coverage LcChr6 180.00 3.23 14 0.147785 

FT15124 Leaf lesion coverage LcChr6 180.00 3.98 21 0.179058 
a Position on the chromosome in cM.  
b R2 is the proportion of the variance explained by the QTL conditioned on the background markers and 

any explanatory variables, see methods for calculation. 
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Figure 3-11 The chromosomal location of the characterised R-QTLs in defence to AL4 (LcChr2) and 

FT15124 (LcChr6) illustrated on the lentil linkage map. Names and position of markers are shown only 
for markers within the QTL ranges. Leaf-lesion coverage is shown by blue colour and Stem-lesion 

coverage is displayed by red colour. Identification of defence-related genes within the R-QTL regions 

The chromosomal region within a range of ± 20 Kb from the peak of the major R-QTLs were 

assessed to identify genes associated with the defence response.  

Twenty five (25) genes were identified in proximity to the AL4 characterised QTL region on 

chromosome 2 (Table 3-7) and thirteen (13) genes detected in proximity to the FT15124 

identified QTL region on LcChr6 (Table 3-9). The genes were assessed for presence of SNPs 

and their effects on the coding sequences of the transcripts (Table 3-8). The genes were further 

annotated by a BLAST search against NCBI’s gene-bank and a lentil defence to A. lentis 

transcriptome [11] to determine their function. 
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Table 3-7 Identified genes on chromosome 2 underneath the R-QTL in defence to AL4. 

 

Table 3-8 Characterised SNPs associated with the R-QTLs and seem to be linked to the candidate genes 

in table 4-9 and 4-11. 

 

 

 

 

Chromosome Start End Name Description 

LcChr2 17182308 17184791 Lc06349 Acyl carrier protein 

LcChr2 17185080 17186399 Lc06350 Transmembrane protein, putative 

LcChr2 17186965 17193547 Lc06351 Serine/Threonine kinase family protein 

LcChr2 17205703 17210919 Lc06352 DnaJ heat shock amino-terminal domain protein 

LcChr2 22211628 22213851 Lc09824 Light induced-like protein 

LcChr2 22223368 22227250 Lc09825 Light induced-like protein 

LcChr2 23017896 23022467 Lc10624 Homeodomain-related 

LcChr2 24048825 24051028 Lc05239 Plant organelle RNA recognition domain protein 

LcChr2 24059460 24063293 Lc05240 Uncharacterized protein 

LcChr2 25783026 25783625 Lc08195 Uncharacterized protein 

LcChr2 26091840 26097069 Lc05680 Ent-kaurenoic acid oxidase 

LcChr2 30368935 30373466 Lc05598 Histidinol dehydrogenase, chloroplastic 

LcChr2 30386972 30389736 Lc05599 TPR repeat protein, putative 

LcChr2 31462506 31463427 Lc06299 Pectinesterase inhibitor 

LcChr2 31491422 31524353 Lc10565 E3 ubiquitin-protein ligase UPL6 

LcChr2 115658811 115662520 Lc08993 Uncharacterized protein 

LcChr2 160148397 160156985 Lc09109 D27 family protein, putative 

LcChr2 160159069 160164658 Lc09110 Transmembrane amino acid transporter family protein 

LcChr2 160171350 160175946 Lc09111 Nucleic acid-binding protein, putative 

LcChr2 173373944 173376858 Lc10006 Homeobox leucine zipper protein ROC2 

LcChr2 173377407 173384812 Lc10007 P-loop nucleoside triphosphate hydrolase superfamily protein 

LcChr2 173389965 173394367 Lc10008 UBA and UBX domain plant protein 

LcChr2 177353549 177358214 Lc06022 Synaptobrevin-like protein 

LcChr2 289381721 289385164 Lc06729 Uncharacterized protein 

Transcript Start End Strand Location 

Chromosome 2 

Lc09825.1 22224608 22224608 + intron 

Lc06022.1 177353933 177353933 + coding 

Lc06351.1 17193281 17193281 - intron 

Lc06351.1 17193285 17193285 - intron 

Lc06351.1 17193287 17193287 - intron 

Lc06351.1 17193289 17193289 - intron 

Lc06351.1 17193338 17193338 - intron 

Chromosome 6 

Lc25588.1 156825025 156825025 - coding 

Lc25159.1 159630514 159630514 - coding 
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Table 3-9 Identified genes on chromosome 6 underneath the R-QTL in defence to FT15124.  

Chromosome start end Name Description 

LcChr6 13474041 13476212 Lc27561 Uncharacterized protein 

LcChr6 148309927 148316211 Lc24709 Apyrase 

LcChr6 148321293 148321590 Lc24710 Uncharacterized protein 

LcChr6 148321809 148322258 Lc24711 6-phosphogluconate dehydrogenase, decarboxylating 

LcChr6 148322442 148324574 Lc24712 6-phosphogluconate dehydrogenase, decarboxylating 

LcChr6 154951786 154952124 Lc27662 Transmembrane protein, putative 

LcChr6 154969608 154971173 Lc27663 E3 ubiquitin-protein ligase RGLG2-like protein 

LcChr6 156450799 156454932 Lc26426 U1 small nuclear ribonucleoprotein 

LcChr6 156715049 156718187 Lc25587 Eukaryotic peptide chain release factor subunit 1-3 

LcChr6 156818529 156825399 Lc25588 Acetate-CoA ligase 

LcChr6 157095668 157101739 Lc27163 Carboxypeptidase 

LcChr6 157106663 157107980 Lc27164 Plant/MAC12-16 protein 

LcChr6 159628287 159631293 Lc25159 Glyceraldehyde-3-phosphate dehydrogenase A 
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On LcChr2, SNPs were found in three of the identified genes, including Light induced-like 

protein (Lc09824), Synaptobrevin-like protein (Lc06022) and Serine/Threonine kinase family 

protein (Lc06351). 5 SNPs were found in the S/T kinase (Lc06351) gene, but all of them in 

intron regions. However, both SNPs on LcChr6 were found to be linked to the detected genes 

including Acetate-CoA ligase (Lc25588) and Glyceraldehyde-3-phosphate dehydrogenase A 

(Lc25159) in the coding region (Table 3-10). 

The genes that were found to be associated with the first QTL, were further assessed for 

similarity with the genes detected in transcriptome profiling.  Both experiments evaluated the 

response to isolate AL4 [11]. Eleven out of 25 genes were found to have defence related 

function based on BLAST and previous studies Table 3-10. Four genes out of the 11 are 

potentially the same genes as were identified earlier in the transcriptomics study described in 

Chapter 2 [11]. The four genes are serine/threonine kinase family protein, E3 ubiquitin-protein 

ligase UPL6, nucleic acid-binding protein, and acyl carrier protein. Further investigation is 

required to prove the similarity of the loci of the gene families mentioned.  

Table 3-10 Candidate defence-related genes associated with the AL4 R-QTL. 

No. Name Chrom Description Function 

1 Lc06349 LcChr2 Acyl carrier protein SAR signalling 

2 Lc06351 LcChr2 Serine/Threonine kinase family protein Recognition and Signalling 

3 Lc06352 LcChr2 DnaJ heat shock amino-terminal domain protein Response to oxidative burst 

4 Lc05239 LcChr2 Plant organelle RNA recognition domain protein Transcriptional Factors 

5 Lc05599 LcChr2 TPR repeat protein, putative Defence  

6 Lc06299 LcChr2 Pectinesterase inhibitor Structural defence 

7 Lc10565 LcChr2 E3 ubiquitin-protein ligase UPL6 Cell death 

8 Lc09111 LcChr2 Nucleic acid-binding protein, putative Transcriptional factor 

9 Lc10006 LcChr2 Homeobox leucine zipper protein ROC2 Transcriptional Factor 

10 Lc10007 LcChr2 P-loop nucleoside triphosphate hydrolase superfamily protein Defence 

11 Lc06022 LcChr2 Synaptobrevin-like protein Defence 
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 Discussion 

 SNPs exploration 

Genotyping-by-sequencing (GBS) approach provides a cost-effective platform for 

simultaneous and speedy SNP discovery and genotyping [40]. The double-digest Restriction-

Site Associated DNA Sequencing (ddRAD-Seq) protocol used in this study identified many 

SNPs with a reasonable coverage of the genome of the non-model legume, lentil. This is a cost-

effective analysis method that provides the possibility of adjusting the degree of genome 

coverage by selecting various restriction enzymes [41]. However, the result is a very compact 

representation of the lentil’s 4.5 Gb genome, about 3.5% of lentil genome in this case, and 

therefore, significant data missing in the genome coverage is expected. 

This technique helped with development of a dense linkage map of lentil and identification of 

the key chromosomal locations underlying complex resistance traits to AB in the current study. 

To develop a higher resolution linkage map with ILL7537 based genetic background, 

alignment with the sequenced genome of lentil was used instead of a de novo approach. This 

resulted in development of a precise map of chromosomal locations and lower rates of missing 

data. Over 96% of 33,893,000 high quality sequenced tags with an average depth of 16.66 were 

aligned to the reference genome of lentil. Although only 3.5% of the genome was covered, it 

was informative enough to explore the main resistance-related chromosomal locations 18.6% 

of the SNPs were not used to construct the map due to stringent post-mapping quality filtering. 

Just 2,341 high confidence, bi-allelic, homozygous and polymorphic SNP markers that 

segregate in a 1:1 ratio, were included for the map construction. The substantial gap between 

total number of SNP markers discovered and markersutilized in map construction could be 

attributed to a number of factors such as restriction enzyme selection and sequencing depth, 

sample library preparation, complex and repetitive genome of the organism and data analysis 

method. The GBS data analysis seems to have the major impact on the amount and quality of 

the resulting genotypic information [47]. Quantity of called SNPs, missing data and genotypic 

accuracy could be significantly different due to the choice of an analytical method and the 

reference genome used for SNP-mapping [47]. 

Recently, a few successful studies applied GBS method for genomic study of ascochyta 

resistance on wild lentil cultivars [14], pea [42] and chickpea [43]. The frequency and number 
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of SNPs detected in this study are comparable to those reported in wild lentil [14], chickpea 

[44, 45]. GBS detailed data together with the current version of the lentil genome enabled high 

quality SNP discovery for further investigation of genetic defence to A. lentis. Moreover, in 

the recent genome study on fungal resistance of wild lentil species, 2,180 (0.52%) high-quality 

SNPs were used [14]. In barley, a total of 1,968 out of 57,328 SNP markers helped to map the 

Breviaristatum-e (ari-e) locus in cultivated barley [46]. Moreover, a high-density linkage map 

in chickpea was developed 2,279 of 4.2 million SNPs [44]. 

 Linkage map construction 

Studies were conducted on lentil genetic linkage map construction that developed linkage 

maps. A map with 1183.7cM length and an average marker density of 5.48cM was developed 

using 216 SSR markers to identify QTLs for seed weight and seed size traits in lentil [47], and 

a map that developed utilizing 6 SSR and 537 SNP markers with 834.7 cM coverage [48]. 

Other studies constructed linkage maps of lentil with more markers and shorter mean marker 

density between adjacent markers like a linkage map by Ates et.al, using 4 SSRs and 1,780 

SNP markers to develop a map with a total length of 4,060.6 cM and an average distance of 

2.3 cM between adjacent markers, comprising 7 linkage groups [49]. However, the latest lentil 

genome map (consensus genome map of lentil) constructed de novo in 2018 comprised of 9,793 

DArT markers with an overall length of 977.47 cM and average distance of 0.10 cM between 

adjacent markers [50]. To construct a high-quality consensus map, three component maps were 

constructed and the location of the SNPs in the consensus map were plotted against the 

component maps for each LG [50]. The current study developed a linkage map of lentil with 

mean average SNP marker density of 1.51 SNP per locus. Seven linkage groups were 

constructed, and the map spanned 1429.68 cM. The reason to create a new linkage map in this 

study is to construct a map that represents the markers that exist in the lentil population with 

ILL7537 resistance background and also to develop a higher resolution map using the recently 

available sequenced lentil genome. 

The first version of lentil genome that was partially sequenced was available as discussed 

earlier in Chapter 22.2.2.2. The partially sequenced lentil genome version 1.0 [11] was not 

informative enough to be used to develop a dense genome map. In the current chapter, detection 

of polymorphism among SNP markers was investigated by aligning the SNPs to the recently 

released sequenced reference lentil genome(v1.2) [68]. The reference genome of lentil is not 
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completed yet, but v1.2 is the latest version available. Despite the presence of gaps and partial 

coverage, the current map is a high-density genetic linkage map and is useful to investigate the 

R-QTLs to A. lentis infection in our experimental cross. 

 R-QTL mapping 

3.4.3.1 Phenotyping 

To accurately score the disease severity among the population, two scoring methods were 

applied, both quantitative and qualitative. 

The quantitative scores were assessed as leaf lesion coverage, stem lesion coverage, leaflet 

breakage and stem breakage. The lesions that appeared on each part of the plants was recorded 

for all technical and biological replications by observation at four essential time points as 

discussed in this chapter in section 3.2.1. Leaf lesion coverage data, among all other 

quantitative trait data, was the most informative especially at 14 and 21 DPI.  

The qualitative score was captured using a 1 – 9 scale of disease symptoms as discussed earlier 

in this chapter in section 3.2.1 and Figure 3.1. 

The recorded phenotyping data for disease severity with both A. lentis isolates (AL4 and 

FT15124) was used to find association between the scores and allelic variants in the linkage 

map of lentil. Data from qualitative scores was compared and used for validation of quantitative 

data. Leaf-lesion scores were best correlated with the qualitative scores. Leaf and stem 

breakage scores were not. Therefore, leaf lesion coverage percentage was the main trait that 

was used to find the R-QTLs. Leaf lesion coverage skewed to the right with most plants 

showing low lesions coverage (Figure 4 3), due to the nature of the disease progress and host 

response. In the very recent study on identification of R-QTLs to A. lentis in wild lentil 

genotypes, the semi-quantitative rating scale of 0 to 10 with 10% increments in disease severity 

was used [14]. 

One R-QTL identified for defence to each isolate. The two methods used for QTL analysis 

including R\qtl and SMA reported the same results for both isolates. The R-QTLs located on 

LcChr2 with two close QTL peaks were considered as one QTL because they locate on the 

same chromosomal region. The other R-QTL identified for resistance to FT15124 was located 
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on LcChr6. This result suggests that there is a variation with resistant allelic contribution in 

defence to different isolates. In a recent study on lentil R-QTLs to few fungal diseases, 5, 6 and 

3 QTLs identified on chromosome 1 and 5 controlling resistance to Colletotrichum lentis race 

0, C. lentis race 1 and Stemphylium botryosum respectively, but no R-QTL was reported for A. 

lentis isolate AL-61 [14]. In an earlier study, a R-QTL controlling resistance to A. lentis was 

identified on LG6 explaining 41% of the phenotypic variance [12]. They also identified 3 R-

QTLs contributing in defence to A. lentis in a population obtained from a cross between the 

same parents as the current study, ILL7537/ILL6002, that locate on LG1 and 2 explaining 50% 

of the phenotypic variance together [6]. The previous studies could identify R-QTLs 

contributing in defence to A. lentis and the phenotypic variance being explained by each, but 

none could address where each R-QTL was located on the actual chromosomes as no reference 

lentil genome was available at the time. 

 Genes and SNPs 

The previous studies that focused on R-QTL analysis to A. lentis have not addressed the 

potential defence-related genes linked to the molecular markers underneath the R-QTL. In the 

current study, a further step was taken to identify several R-genes closely linked to the SNPs 

associated with the R-QTL. These R-genes are potentially responsible for defence to A. lentis. 

Proximity of the identified genes to the QTL region, their functional annotation, and previous 

studies including the defence-related transcriptome study discussed in Chapter 2, 2.4.2 lead to 

the proposal of their potential key roles in defence to A. lentis [11]. Taking into consideration 

the three main stages of early defence to A. lentis as discussed in chapter 1 section 1.3, the 

eleven genes were categorised for potential involvement in the primary, secondary or tertiary 

stages of early defence (Table 3-11). 
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Table 3-11 Resistance candidate genes, their function and relative defence stage. 

 

A serine/threonine kinase (S/T Kinase) family protein was found to be differentially expressed 

between resistant and susceptible parents at the primary stage of the defence response, 

performing a role in elicitor recognition and early signalling [11, 51]. Members of the S/T 

Kinase gene family along with E3 ubiquitin-protein ligase UPL6, Nucleic acid-binding protein, 

and Homeobox leucine zipper protein ROC2 gene were identified to be involved in defence to 

A. lentis. from both transcriptome profiling and QTL studies Further, investigation is required 

to determine if these are the same sequences. 

The possible function of each of the eleven identified genes in defence to A. lentis could be 

summerised as follows. Acyl carrier protein has been reported to be effectively involved in 

defence to necrotrophic pathogens in Arabidopsis [52–54], rice [55], and soybean [56] through 

a defence signalling function. Reports on different isoforms of serine/threonine kinase family 

protein show that this gene family could play role in recognition of the pathogen-attack as well 

as hypersensitive response and SAR signalling through defence [11]. DnaJ heat shock amino-

terminal domain protein responds to oxidative burst that occurs at 6 hpi through the secondary 

response [57]. The next candidate gene is Plant organelle RNA recognition domain protein that 

is an RNA binding protein and acts as a transcriptional factor [58]. TPR repeat protein known 

No. Name Description  Defence response stage Function 

1 Lc06349 Acyl carrier protein Primary/Tertiary Signalling 

2 Lc06351 Serine/Threonine kinase family protein Primary Recognition and Signalling 

3 Lc06352 DnaJ heat shock amino-terminal domain protein Secondary Response to oxidative burst 

4 Lc05239 Plant organelle RNA recognition domain protein Either Transcriptional Factors 

5 Lc05599 TPR repeat protein, putative Unknown Defence  

6 Lc06299 Pectinesterase inhibitor Secondary Structural defence 

7 Lc10565 E3 ubiquitin-protein ligase UPL6 Tertiary Cell death 

8 Lc09111 Nucleic acid-binding protein, putative Either Transcriptional factor 

9 Lc10006 Homeobox leucine zipper protein ROC2 Either Transcriptional Factor 

10 Lc10007 P-loop nucleoside triphosphate hydrolase 

superfamily protein 

Unknown Defence 

11 Lc06022 Synaptobrevin-like protein Unknown Defence 
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as a broad-spectrum resistance locus that provides an effective strategy to control infectious 

disease [59]. Reports revealed that inhibition of TPR function in rice causes a broad-spectrum 

disease resistance [59]. Pectinesterase inhibitor is required for Antifungal activity in plants 

[60]. Pectinesterase inhibitor is a compound in secondary defence response helping with 

physical barrier formation in plant cell wall and preventing the fungus from penetrating [51, 

60, 61]. E3 ubiquitin-protein ligase UPL6 is reported as an abiotic stress response gene and 

found to be differentially expressed in ILL7537 in response to A. lentis infection with an 

expression peak at 6 hpi in the resistant genotype with TMM of 2.5, dropping to almost non-

existent levels at 24 hpi. In contrast to the resistant genotype, UPL-BOI was up-regulated at 24 

hpi with a TMM= 4 in ILL6002 [11, 62, 63]. E3 ubiquitin-protein ligase UPL6 proximity to 

the R-QTL region and its differential expression pattern in response to A. lentis infection, 

suggest it might perform an important role in fungal defence response in lentil. Nucleic acid-

binding protein and Homeobox leucine zipper protein ROC2 are also transcriptional factors 

contributing to bust plant immunity system [64, 65]. Moreover, P-loop nucleoside triphosphate 

hydrolase superfamily protein and synaptobrevin-like protein are reported to have a role in 

plant defence mechanism [66, 67]. 

 Conclusion 

R-QTL analysis of a lentil RIL population identified 2 R-QTL related to defence reactions to 

A. lentis isolates AL4 and Ft15124. The two R-QTLs explained 23.5% and 18% of variation in 

disease severity caused by AL4 and FT15124, respectively within the lentil population with 

ILL7537 resistance background. This study also revealed 11 R-genes co-located with the QTL 

regions contributing to the defence against A. lentis. To have a better understanding of the 

contribution status of the identified genes in defence to A. lentis, the next experiment 

investigates the expression patterns of these genes in resistant and susceptible plants.  
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 Appendix 

Table 3-1 Stacks2 de novo parameters 

Rank 
Param 

combination 

Locus 

error rate 

Allele 

error rate 

Assembled 

loci_r80 

Polymorphic 

loci_r80 
Coverage Score 

1 M2m3n2 4.74% 3.72% 6,014,629 37,676 20.7x 27,316 

2 M1m4n2 4.25% 4.68% 5,910,985 37,546 26.2x 27,174 

3 M3m3n3 5.04% 3.70% 5,148,921 38,002 20.9x 27,131 

4 M3m4n3 3.76% 3.33% 4,223,558 32,088 24.8x 27,060 

5 M2m4n3 4.09% 4.31% 4,851,479 35,676 25.7x 27,037 

6 M2m3n3 5.36% 4.81% 5,938,447 43,464 21.6x 27,018 

7 M1m3n2 5.19% 5.29% 7,271,294 45,319 22.0x 27,011 

8 M2m4n2 3.85% 3.37% 4,934,484 31,918 24.7x 26,727 

9 M3m4n4 4.13% 4.06% 4,173,123 34,428 25.4x 26,698 

10 M4m3n4 5.11% 3.89% 4,589,000 37,796 21.1x 26,524 

11 M3m3n4 5.57% 4.65% 5,087,517 41,954 21.4x 26,259 

12 M4m4n4 4.09% 3.40% 3,784,541 31,570 25.1x 26,233 

13 M4m3n3 4.84% 3.84% 4,614,829 36,332 21.0x 26,188 

14 M4m4n3 3.83% 3.41% 3,806,683 30,909 24.9x 26,078 

15 M3m3n2 4.83% 3.70% 5,143,339 35,563 20.7x 25,967 

16 M5m3n5 5.35% 3.94% 4,235,593 37,488 21.4x 25,961 

17 M3m4n2 3.70% 3.41% 4,236,393 30,557 24.6x 25,930 

18 M5m3n4 5.13% 3.91% 4,245,256 36,662 21.3x 25,861 

19 M2m5n3 3.28% 4.08% 4,073,246 29,636 29.0x 25,746 

20 M5m4n4 3.98% 3.62% 3,500,831 30,875 25.3x 25,581 

21 M1m5n2 3.56% 4.61% 4,936,410 31,150 29.7x 25,524 

22 M3m5n4 3.55% 3.62% 3,531,402 28,589 28.7x 25,496 

23 M4m4n5 4.35% 4.21% 3,733,054 33,285 25.5x 25,466 

24 M1m4n1 3.74% 3.72% 6,016,942 30,852 24.4x 25,452 

25 M3m5n3 3.18% 3.14% 3,570,007 26,817 28.0x 25,347 

26 M5m4n5 4.27% 3.79% 3,482,469 31,513 25.4x 25,321 

27 M4m3n5 5.48% 4.85% 4,540,109 40,521 21.5x 25,230 

28 M2m5n2 3.16% 3.48% 4,149,879 26,936 28.0x 24,907 

29 M6m4n5 4.22% 3.74% 3,281,758 30,184 25.7x 24,745 

30 M1m6n2 2.93% 4.19% 4,166,469 26,070 32.8x 24,649 

31 M1m3n1 4.69% 4.09% 7,367,299 34,500 20.3x 24,635 

32 M2m3n1 4.64% 3.79% 5,972,557 33,199 20.5x 24,613 

33 M3m5n2 3.25% 3.07% 3,584,980 25,716 27.8x 24,588 

34 M2m4n1 3.97% 3.25% 4,901,472 28,653 24.3x 24,585 

35 M6m3n5 5.43% 4.42% 3,999,699 36,926 21.7x 24,542 

36 M4m5n4 3.33% 3.38% 3,202,087 26,231 28.4x 24,510 
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37 M5m4n6 4.61% 4.37% 3,447,568 32,648 25.7x 24,492 

38 M6m4n6 4.34% 4.03% 3,269,793 30,747 25.8x 24,419 

39 M6m3n6 5.52% 4.50% 3,977,975 37,233 21.7x 24,379 

40 M1m5n1 3.19% 3.67% 5,046,888 26,481 27.8x 24,223 

41 M3m6n4 2.92% 3.38% 2,994,583 23,708 31.5x 24,005 

42 M2m6n3 2.87% 3.91% 3,449,236 24,600 31.9x 23,986 

43 M4m5n5 3.51% 4.16% 3,162,458 27,461 28.8x 23,960 

44 M5m3n6 5.85% 4.91% 4,189,517 39,294 21.7x 23,952 

45 M4m5n3 3.33% 3.42% 3,216,906 25,483 28.1x 23,894 

46 M5m5n5 3.44% 3.71% 2,949,538 25,879 28.7x 23,728 

47 M3m6n3 2.74% 2.99% 3,034,858 22,495 30.9x 23,724 

48 M6m4n7 4.54% 4.75% 3,241,017 32,229 26.0x 23,696 

49 M5m5n4 3.43% 3.64% 2,963,015 25,591 28.6x 23,642 

50 M7m4n6 4.34% 4.44% 3,117,571 30,589 26.0x 23,619 

51 M7m4n7 4.42% 4.70% 3,104,129 30,961 26.1x 23,271 

52 M1m7n2 2.65% 3.94% 3,509,216 21,894 35.5x 23,269 

53 M6m5n5 3.40% 3.82% 2,780,310 25,126 29.0x 23,201 

54 M2m5n1 3.21% 3.47% 4,131,734 24,549 27.6x 23,187 

55 M4m6n4 2.93% 3.20% 2,729,084 22,221 31.3x 23,176 

56 M2m6n2 2.80% 3.39% 3,518,397 22,428 30.8x 23,052 

57 M7m3n6 5.70% 5.09% 3,799,629 37,583 22.0x 23,050 

58 M4m6n5 2.73% 3.96% 2,692,487 23,130 31.7x 23,038 

59 M7m3n7 5.74% 5.16% 3,794,902 37,999 22.1x 23,038 

60 M4m6n3 2.63% 3.09% 2,738,831 21,512 31.0x 23,019 

61 M6m5n6 3.59% 3.87% 2,765,332 25,190 29.1x 23,001 

62 M5m5n6 3.74% 4.56% 2,921,653 27,082 29.1x 22,887 

63 M1m6n1 2.61% 3.68% 4,249,939 22,514 30.7x 22,866 

64 M3m6n2 2.66% 3.06% 3,037,057 21,397 30.5x 22,818 

65 M8m4n7 4.54% 5.01% 2,995,993 31,283 26.4x 22,794 

66 M8m4n8 4.58% 5.08% 2,987,636 31,619 26.4x 22,792 

67 M8m3n7 5.93% 5.24% 3,661,886 38,091 22.4x 22,683 

68 M6m3n7 5.87% 5.46% 3,950,969 39,257 22.0x 22,678 

69 M5m6n6 2.92% 4.03% 2,485,025 22,792 31.9x 22,591 

70 M2m7n3 2.37% 3.79% 2,917,492 20,610 34.3x 22,544 

71 M8m3n8 6.00% 5.33% 3,653,962 38,518 22.4x 22,544 

72 M5m6n5 3.17% 3.50% 2,510,657 22,054 31.6x 22,525 

73 M7m5n7 4.01% 4.18% 2,625,454 25,485 29.4x 22,352 

74 M6m5n7 3.77% 4.82% 2,744,579 26,737 29.3x 22,303 

75 M5m6n4 3.05% 3.56% 2,522,308 21,673 31.4x 22,247 

76 M8m4n9 4.58% 5.65% 2,970,218 32,604 26.5x 22,194 

77 M7m5n6 3.92% 4.32% 2,637,074 25,381 29.4x 22,176 

78 M3m7n4 2.82% 3.46% 2,536,538 19,930 34.2x 22,092 

79 M7m3n8 5.97% 5.74% 3,764,115 39,407 22.2x 21,990 
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80 M7m4n8 4.93% 5.48% 3,091,459 32,490 26.2x 21,939 

81 M8m5n8 3.97% 4.67% 2,518,568 25,824 29.8x 21,938 

82 M2m7n2 2.37% 3.15% 2,955,321 18,889 33.4x 21,877 

83 M3m7n3 2.32% 3.01% 2,565,917 18,602 33.4x 21,867 

84 M2m6n1 2.77% 3.26% 3,498,955 20,398 30.5x 21,775 

85 M4m7n5 2.54% 3.55% 2,288,287 19,218 34.2x 21,727 

86 M7m5n8 4.01% 5.10% 2,609,695 26,786 29.6x 21,698 

87 M8m5n7 4.04% 4.73% 2,526,450 25,700 29.8x 21,691 

88 M1m7n1 2.20% 3.48% 3,571,229 18,936 33.4x 21,669 

89 M6m6n5 3.01% 3.87% 2,375,828 21,141 31.8x 21,645 

90 M4m7n4 2.47% 3.16% 2,309,937 18,421 33.7x 21,537 

91 M6m6n6 3.38% 3.89% 2,360,488 21,461 31.9x 21,526 

92 M4m7n3 2.18% 3.01% 2,319,346 17,800 33.6x 21,434 

93 M8m5n9 4.19% 5.10% 2,501,217 26,517 29.9x 21,431 

94 M7m6n6 3.51% 3.92% 2,250,749 21,374 32.3x 21,421 

95 M7m6n7 3.37% 4.09% 2,239,221 21,384 32.3x 21,324 

96 M5m7n5 2.49% 3.27% 2,134,238 18,107 34.1x 21,281 

97 M3m7n2 2.47% 2.89% 2,566,708 17,822 33.1x 21,238 

98 M6m6n7 3.34% 4.72% 2,340,949 22,605 32.2x 21,228 

99 M5m7n6 2.57% 3.98% 2,117,487 18,705 34.5x 20,941 

100 M7m6n8 3.43% 4.91% 2,228,687 22,265 32.5x 20,776 

101 M5m7n4 2.33% 3.68% 2,143,748 17,889 33.9x 20,747 

102 M8m6n8 3.72% 4.51% 2,146,792 21,420 32.6x 20,588 

103 M8m6n7 3.68% 4.51% 2,151,764 21,296 32.7x 20,580 

104 M6m7n6 2.76% 3.69% 2,006,804 17,886 34.5x 20,570 

105 M2m7n1 2.49% 3.17% 2,949,899 17,312 33.0x 20,550 

106 M6m7n5 2.58% 3.85% 2,019,453 17,802 34.4x 20,457 

107 M1m4n0 3.85% 4.19% 5,813,147 24,370 23.7x 20,419 

108 M6m7n7 2.92% 4.41% 1,997,849 18,603 34.7x 20,184 

109 M7m7n6 2.97% 3.90% 1,911,404 17,734 34.8x 20,182 

110 M8m6n9 3.93% 5.11% 2,137,450 22,276 32.8x 20,143 

111 M7m7n7 2.80% 4.07% 1,903,443 17,660 35.0x 20,118 

112 M8m7n9 2.97% 4.72% 1,818,376 18,615 35.5x 20,009 

113 M1m5n0 3.44% 4.14% 4,882,222 21,436 27.0x 19,904 

114 M7m7n8 3.16% 4.59% 1,898,687 18,519 35.2x 19,879 

115 M8m7n7 2.81% 4.54% 1,833,961 17,772 35.3x 19,756 

116 M8m7n8 2.96% 4.51% 1,829,812 17,832 35.4x 19,742 

117 M2m3n0 4.96% 4.10% 5,703,394 26,171 20.3x 19,623 

118 M1m6n0 2.80% 3.96% 4,122,852 18,448 29.9x 19,479 

119 M1m3n0 4.53% 4.43% 7,038,354 25,171 19.9x 18,890 

120 M1m7n0 2.55% 3.86% 3,460,760 15,714 32.4x 18,574 
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Chapter 4 Further investigation of R-QTL-derived candidate genes 

involved in defence against Ascochyta lentis in ILL7537  

 Introduction 

The first 24 hours after pathogen attack is a vital period for plants to initiate an effective defence 

to pathogens [1]. In general, recognition by receptor molecules is the initial response to 

pathogen attack, followed by immunity signalling [2, 3]. AMP-triggered immunity is the initial 

stage of plant innate immune response to a microbial pathogen in which pattern recognition 

receptors on the plant cell surface detect pathogen-associated molecular patterns [2]. 

Subsequently, early defence signalling activates rapid transcriptional changes leading to 

structural and bio-chemical responses including cell wall reinforcement and production of 

reactive-oxygen species (ROS) and anti-microbial compounds, including pathogenesis-related 

(PR) proteins [2, 4, 5]. However, in the case of necrotrophic fungal pathogens, if the pathogen 

manages to invade the plant cell, plant initiates defence responses to prevent the pathogen from 

further invasion by the initial defences, a hyper-sensitive response (HR) followed by 

programmed cell death and systemic-acquired resistance (SAR) signalling [6]. It has been 

repeatedly reported that plant defence against biotrophic pathogens relies mostly on salicylic 

acid–dependant pathway (SA) starting programmed cell-death, whereas in defence to 

necrotrophic pathogens, plants use jasmonic acid (JA) and ethylene as the central signalling 

pathways [7, 8]. 

Ascochyta lentis is a necrotrophic fungal pathogen causing Ascochyta blight of lentil, one of 

the most devastating lentil diseases globally [9]. Histopathology studies on the physiology of 

the lentil – A. lentis interaction divide the early defence mechanisms into three basic stages 

during the first 30 hours post inoculation (hpi) [1]. AMP-triggered immunity has been reported 

as the primary defence response at 2 hours after the A. lentis spore attaches onto the cell surface 

of the lentil leaf, when the spores start to germinate germ tubes [1, 10]. The second stage of the 

early defence response is triggered at roughly 6 hpi simultaneous to appressorium formation 

and germ-tube penetration [1, 10]. The last attempt of the plant to prevent the fungal hypha 

from spreading within the plant tissues is called the tertiary defence response, occurring 

through HR and SAR signalling from 24 hpi in this pathosystem [1, 10]. 
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Sambasivam et al, (2016) showed specifically that spores of A. lentis (isolate AL4) germinated 

at 2 hpi and appressoria formation occurred at 6 to 12 hpi in both resistant and susceptible lentil 

genotypes [11]. In the same study, histochemical assessment of ROS generation in response to 

A. lentis isolates revealed that hydrogen peroxide (H2O2) accumulated at the penetration sites 

and papillae and vesicles formed in the surrounding epidermal cells at around 20 to 24 hpi [11]. 

In ILL7537, one of the most sustainable resistant lentil genotypes used in the Australian 

breeding program [12], other typical characteristics of HR were detected such as a granular 

cytoplasm structure and thickening of involved cell walls as defence strategies, all occurring 

by 24 hpi [11]. 

Molecular studies have further investigated the genes involved in the lentil defence response 

to A. lentis to complement the histopathology and physiology research described. In a boutique 

cDNA microarray study on ILL7537 and ILL6002, 10 genes were found to be differentially 

involved in defence to A. lentis and up-regulated in the resistant genotype, including 

serine/threonine protein kinase, PR4, PR10, SA-binding protein (CA), and poly-ubiquitin 

genes [13]. This study suggested that the salicylic acid (SA) and jasmonic acid (JA) pathways 

were involved in early and later stages of defence signalling, respectively [13]. Also, abscisic 

acid (ABA) was suggested to have an antagonist regulatory effect on gibberellic acid (GA) and 

production of the proteins that are regulated by GA and contribute to transcriptional changes 

in defence to A. lentis [14]. 

Chapter 2 of this study highlighted the comprehensive transcriptional changes that occur within 

the resistant and susceptible lentil genotypes during early defence responses to A. lentis 

infection [15]. This provided us with a list of key genes suggested to be related to the defence 

against A. lentis in the resistant lentil genotype ILL7537. The defence-related genes were all 

previously reported to play roles in defence within the lentil - A.lentis or other similar 

pathosystems (Chapter 2, section 2.4). Subsequently, chromosomal locations of loci that 

quantitatively confer defence to A. lentis were characterised on a high-resolution genetic 

linkage map of lentil (0, section 3.3.4). A QTL located on the chromosome 2 and was found to 

be involved in defence to AL4 isolate. Another QTL found on the chromosome 6 seems to play 

a role in defence to FT15124 isolate. The two identified QTLs for defence to Al4 and FT15124 

represent about 23.5% and 18% of the disease severity variation within the population (0, 

section 3.3.5). 
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To further investigate the molecular mechanisms within the resistance-related QTL (R-QTL) 

region(s) which confer improved defence response to A. lentis in resistant plants, SNP-

harbouring genes residing in the chromosomal regions within a range of ± 20 Kb from the peak 

of the major R-QTLs were annotated. A subset of these genes was suggested to be involved in 

the lentil defence response to A. lentis. These were selected for exploration of differential 

expression among resistant and susceptible plants. In this chapter the substantiated working 

theory of the molecular mechanism involved in the early defence response to A. lentis in 

ILL7537 is further investigated. 

 Methodology 

 Biological material and experimental design 

To investigate the differential response of a subset of putative defence-related genes, the 

bioassay outlined in Chapter 2 (section 2.2.3) was used. The material was the same parental 

seed of ILL7537 and ILL6002 together with four additional F7 RILs demonstrating extreme 

resistant (C1-025 and C6-071) and susceptible (C1-09 and C1-20) phenotypes, based on 

phenotypic segregation within the population (0, Section 3.3.1). The F7 seed were provided by 

the Centre for Crop Disease Management at Curtin University, Perth, Australia by Dr Robert 

Lee. The highly aggressive isolate AL4 that was used in both transcriptomics (Chapter 2) and 

R-QTL mapping (0) studies was used to inoculate the plants. The experimental design is shown 

in Figure 4-1. 
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Figure 4-1 Experimental design for the cross validation of the putative defence-related genes. 

 

 Bioassay and RNA extraction 

Seedlings of the 6 lentil plants were grown in a controlled-environment growth room at 20°C 

±2°C with 12/12 h dark/light lengths. Two replicates (pots) of three seedlings in a 10 cm 

diameter pot were grown in a light commercial pine bark soil for each of the time points 

assessed (2 and 6 hpi). The inoculum preparation and inoculation methods were performed as 

described in Chapter 2, section2.2.3 [15]. All seedlings were then placed in the dark for 48 

hours within a plastic box and adequate humidity was maintained to encourage fungal growth 

and germination. During the growth period, the seedlings were harvested at 2 and 6 hpi. This 

provided duplicate biological representative reactions for each genotype, at each time point and 

from both fungal and water inoculated treatments. An additional pot of three seedlings of each 

genotype that had been inoculated with the isolate was left unharvested and allowed to grow in 

the growth room at 20°C ±2°C with 12/12 hours dark/light length to confirm visible disease 

symptoms after 7 − 10 days. 
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At each sampling time, the three seedlings of each replicate were collected separately, and 

instantly frozen in liquid N2 and kept in a -80°C freezer until RNA extraction. Samples were 

pulverised while frozen in liquid N2 using a mortar and pestle and total RNA was extracted 

using NucleoSpin RNA Plant kit along with DNase treatment, according to the manufacturer’s 

instruction (Macherey Nagel, Germany). Quality and quantity of the total RNA of each sample 

were determined using gel electrophoresis, NanoDrop (ThermoFisher Scientific, USA) and 

Qubit (ThermoFisher Scientific). 0.9 μg of total RNA from each sample were used to synthesise 

cDNA using PrimeScript RT reagent Kit (TaKaRa Bio, Japan), while incorporating an 

additional gDNA removal step.  

 Quantitative reverse transcription PCR 

Six antifungal compounds and transcriptional regulator genes that were found in close 

proximity to the QTL region for resistance to A. lentis and suggested to be involved in defence 

response were chosen as target genes for the assay (0, section 0). These were: serine/threonine 

kinase family protein (S/T-K), ent-kaurenoic acid oxidase (KAO), nucleic acid-binding protein 

(NBP), acyl carrier protein (ACP), P-loop nucleoside triphosphate hydrolase (P-loop NTPase) 

and DnaJ heat shock amino-terminal domain protein (DnaJ); Protein phosphatase 2A (PP2A) 

was used as a reference gene [15]. The candidate genes and their chromosomal coordinates are 

listed in Table 4-1. 

Primers were designed for genes found within the interval of ±20 Kbp from SNPs located 

under the QTL region and were tested to ensure acceptable amplification efficiency, specificity, 

consistency and detection range, based on serial dilution standard curves and melt curves. The 

RT-qPCR and related normalisation were performed as explained earlier in Chapter 2, section 

2.2.3 [15]. Details of the primers used for the RT-qPCR assays are listed in Table 4-2. Each 

RT-qPCR reaction contained 1.2 μl of cDNA template (diluted 1:10 from the synthesis 

reaction), 7.5 μl SYBR Premix Ex Taq (TaKaRa Bio, Japan) and a final primer concentration 

of 2 μM in a final volume of 15 μl. The reactions were performed using the following cycle 

conditions: an initial 95°C for 2 min, followed by 38 cycles of 95°C for 20 s, 60-63°C for 20 s 

(depending on the empirically determined optimal melting temperature for each primer pair), 

72°C for 15 seconds, and a final 5 min extension at 72°C. All reactions were performed in three 

technical replicates for each biological sample (n=2) at 2 and 6 hpi. Inter-run calibrator 

reactions were included in each plate using a pooled cDNA as template with the ACP primers. 
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Table 4-1 Candidate QTL-derived R-genes used in differential expression analyses. 

No Start End Strand Transcript* Gene function Gene description 

1 17182308 17184791 + Lc06349 SAR-signalling [16, 17] Acyl carrier protein 

2 17186965 17193547 - Lc06351 recognition/signalling [18] Serine/Threonine kinase 
family protein 

3 17205703 17210919 + Lc06352 Stress signalling/cell death 

[19] 

DnaJ heat shock amino-

terminal domain protein 

4 26091840 26097069 + Lc05680 Signalling [20, 21] Ent-kaurenoic acid 

oxidase 

5 160171350 160175946 + Lc09111 HR/SAR signalling [22, 23] Nucleic acid-binding 

protein, putative 

6 173377407 173384812 + Lc10007 regulator of plant-defence 
responses in signalling 

pathways [24] 

P-loop nucleoside 
triphosphate hydrolase 

superfamily protein 

* Transcript ID and chromosomal coordinates (Start, End and Strand columns) for each gene 

were retrieved from the lentil reference genome (v1.2) [25]. 
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Table 4-2 Primer pairs designed to amplify the target putative candidate R-genes associated with 

defence to A. lentis 

* Transcript ID for each gene was retrieved from the lentil reference genome (v1.2) [25]. 

  

Transcript* Gene description Primer 

direction 

Start 

(na#) 

Length 

(bp) 

Tm 

(oC) 

GC Sequence 5’ – 3’ Expected 

amplicon 

size 

Lc06351 Serine/Threonine 
kinase family 
protein 

Forward 1716 20 60.03 60 AGACCCGACTCCACCTCTAC 117 

Reverse 1832 20 59.48 55 GCATGACCACAAAGCTCAGG 117 

Lc06349 Acyl carrier protein Forward 141 20 59.24 50 AAGCACTTTGTACCCTCCGT 89 

Reverse 229 20 59.3 55 GGAGGGACATGGAGGTTGTT 89 

Lc06352 DnaJ heat shock 
amino-terminal 
domain protein 

Forward 470 20 58.53 50 CTGTTTGGTGTTGTGGTGGA 139 

Reverse 608 20 58.81 50 AAGCCGCACCTACACTATCA 139 

Lc05680 Ent-kaurenoic acid 
oxidase 

Forward 706 23 58.84 43.48 AGGGAGGATGATGATGATAACGT 120 

Reverse 825 20 59.03 50 TAAGGACACGCAGAGAAGCA 120 

Lc09111 Nucleic acid-
binding protein, 
putative 

Forward 165 20 58.88 55 CACTGCCTATCCCGTCTTCT 91 

Reverse 255 20 58.28 45 AGGAATGGCAGCAAAACCTT 91 

Lc10007 P-loop nucleoside 
triphosphate 
hydrolase 
superfamily protein 

Forward 477 20 58.94 50 TGTACCTGCACCATCCAGTT 95 

Reverse 571 20 59.1 45 ACAAACCAGCCAAAACAGCA 95 
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 Data analysis 

RT-qPCR raw data was analysed as detailed in Chapter 2, section 2.2.3 [15]. 

 Results 

 Expression status of the candidate genes 

Twelve out of 37 genes identified within the R-QTL region were directly related to one or more 

of the three stages of early defence response (0, section 0). Four genes out of the 12 comprising 

of ACP, S/T-K, NBP and E3 ubiquitin-protein ligase (UPL6) were found to be related to the 

defence response in both transcriptomics and QTL mapping studies (Chapter 2, 0 [12]). Six of 

these genes were chosen to be independently investigated for their expression level in the most 

resistant and most susceptible lentil plants from the population. The expression level of each 

gene was then compared between the resistant and susceptible lentil plants to find any direct 

contribution to the defence against A. lentis. 

Significant gene expression changes occurred between the resistant (ILL7357) and the 

susceptible (ILL6002) lentil genotypes as the parents of the population (Figure 4-2). In the 

ILL7537 genotype, ent-kaurenoic acid oxidase (KAO) was significantly over-expressed by a 

mean factor of 1.61 compared to in ILL6002. In contrast, NBP was significantly under-

expressed with a mean factor of 0.72 in ILL7537. P-loop nucleoside triphosphate hydrolase 

superfamily protein (P-loop NTPase) was noticeably down regulated at 6 hpi by a mean factor 

of 0.60 but demonstrated a similar expression in both genotypes at 2 hpi. The rest of the 

candidate genes were not differentially expressed in this comparison (Figure 4-2). 
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Figure 4-2 Differential expression of the candidate genes in the resistant genotype ILL7537 compared 

to the susceptible genotype ILL6002 at 2 hpi (A) and 6 hpi (B). Relative expression >1 meaning up-

regulation in the resistant genotype. Asterisks denote statistical significance (DE ≠ 1), with the 

following p-values: *<0.05, **<0.01, ***<0.005. The expression ratio is indicated as a logarithmic 

scale. 
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The two highly resistant F7 lines, C6-071 and C1-025, showed similar expression patterns for 

KAO and ACP in comparison to the susceptible genotype, ILL6002 (Figure 4-3). KAO was 

significantly under-expressed in both resistant lentil lines, when compared to ILL6002 at both 

sampling times, with mean factors of 0.50 and 0.31 in C6-071 and C1-025, respectively. In 

contrast, ACP was over-expressed in both resistant F7 lines with mean factors of 2.54 in C6-

071 and 1.71 in C1-25. C6-071 showed considerable over-expression of S/T-K and P-loop 

NTPase genes with mean factors of 1.85 and 1.56, respectively compared to the susceptible 

parent. NBP and DnaJ however were not differentially expressed in either of the time points. 

  

Figure 4-3 Differential expression of the candidate genes in the highly resistant lentil line C6-071 

compared to the susceptible genotype ILL6002 at 2 hpi (A) and 6 hpi (B). Relative expression >1 
meaning up-regulation in the resistant genotype. Asterisks denote statistical significance (DE ≠ 1), with 

the following p-values: *<0.05, **<0.01, ***<0.005. The expression ratio is indicated as a logarithmic 

scale. 
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Figure 4-4 Differential expression of the candidate genes in the highly resistant lentil line C1-025 

compared to the susceptible genotype ILL6002 at 2 hpi (A) and 6 hpi (B). Relative expression >1 

indicates up-regulation in the resistant genotype. Asterisks denote statistical significance (DE ≠ 1), with 
the following p-values: *<0.05, **<0.01, ***<0.005. The expression ratio isplotted on a logarithmic 

scale. 

 

The two highly susceptible F7 lines, C1-009 and C1-020, also illustrated the same pattern of 

expression changes for DnaJ and KAO at 2 hpi compared to the resistant lentil genotype 

(ILL7537) (Figure 4-5). In both lines, DnaJ’s and KAO’s expression was under-expressed at 2 

hpi, then levelled at 6 hpi with an unchanged expression pattern. The mean expression ratios 

of DnaJ were 0.675 and 0.709 in C1-009 and C1-020, respectively; whereas for KAO they 

were 0.548 and 0.407 for the same genotypes compared with ILL7537. KAO was under-

expressed significantly in C1-020 by a mean factor of 0.277 at 6 hpi but remained unchanged 

in C1-009 at this sampling time. ACP demonstrated under-expression by a mean factor of 0.648 

in C1-020 at 2 hpi. A noticeable expression pattern was observed for S/T-K in C1-020. S/T-K 

was significantly under-expressed in C1-020 with a mean factor of 0.718 at 2 hpi but changed 

trend and was substantially over-expressed at 6 hpi with a mean factor of 2.81. 
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Figure 4-5 Differential expression of the candidate genes in the extreme-susceptible lentil line C1-020 
compared to the resistant genotype ILL7537 at 2 hpi (A) and 6 hpi (B). Relative expression >1 indicates 

up-regulation in the C1-020 genotype. Asterisks denote statistical significance (DE ≠ 1), with the 

following p-values: *<0.05, **<0.01, ***<0.005. The expression ratio is plotted on a logarithmic scale. 
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Figure 4-6 Differential expression of the candidate genes in the highly susceptible lentil line C1-09 
compared to the resistant genotype ILL7537 at 2 hpi (A) and 6 hpi (B). Relative expression >1 indicates 

up-regulation in the C1-09 genotype. Asterisks denote statistical significance (DE ≠ 1), with the 

following p-values: *<0.05, **<0.01, ***<0.005. The expression ratio is plotted on a logarithmic scale. 

An overall comparison of gene expression between the resistant lentil lines (ILL7537, C6-071 

and C1-025) and the susceptible lines (ILL6002, C1-009 and C1-020) showed no expression 

changes for most of the candidate genes except ACP. ACP was slightly over-expressed in the 

resistant lentil plants compared to the susceptible ones by a mean factor of 1.35 (Table 4-3). 
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Figure 4-7 Differential expression of the candidate genes in the resistant lentil plants (ILL7537, C6-071 
and C1-025) compared to the susceptible lentil plants (ILL6002, C1-09 and C1-020) combined 

sampling times. Relative expression >1 indicates up-regulation in the resistant genotype. Asterisks 

denote statistical significance (DE ≠ 1), with the following p-values: *<0.05, **<0.01, ***<0.005. The 

expression ratio is plotted on a logarithmic scale. 
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Table 4-3 Expression patterns of the candidate genes in the lentil plants examined. 

Plants Time P-loop 

NTPase 

DnaJ KAO ACP NBP S/T - K 

R vs S* 2 hpi Unchanged Unchanged Up Up Down Unchanged 

6 hpi Down Unchanged Unchanged Unchanged Unchanged Unchanged 

71 vs S 2 hpi Unchanged Unchanged Down Up Unchanged Up 

6 hpi Up Unchanged Down Up Unchanged Up 

25 vs S 2 hpi Unchanged Unchanged Down Unchanged Unchanged Unchanged 

6 hpi Unchanged Unchanged Down Up Unchanged Unchanged 

20 vs R 2 hpi Unchanged Down Down Down Unchanged Down 

6 hpi Unchanged Unchanged Down Unchanged Unchanged Up 

09 vs R 2 hpi Unchanged Down Down Unchanged Unchanged Unchanged 

6 hpi Unchanged Unchanged Unchanged Unchanged Unchanged Unchanged 

Rs vs Ss* All Unchanged Unchanged Unchanged Up Unchanged Unchanged 

* R stands for the resistant (ILL7537) and S for the susceptible (ILL6002) genotypes. Rs includes the 

resistant lentil plants (ILL7537, C6-071 and C1-021) and Ss includes all the susceptible lentil plants 

(ILL6002, C1-009 and C1-020). 
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 Discussion 

In the current study, the defence-related genes that were suggested to play a key role in 

molecular defence mechanisms and pathways, were further investigated to provide additional 

insights into the genetics of a durable resistance source against A. lentis. The expression 

patterns of the six investigated genes changed mostly based on the lentil genotype or line rather 

than the sampling time. Three of the selected genes were found to be significantly over-

expressed in the most resistant lentil linesfrom the studied population compared to the most 

susceptible lines. These were acyl carrier protein (ACP), serine/threonine kinase protein (S/T-

K) and ent-kaurenoic acid oxidase (KAO). However, the other three genes including Nucleic 

acid-binding protein (NBP), DnaJ heat shock amino-terminal domain protein (DnaJ) and P-

loop nucleoside triphosphate hydrolase superfamily protein (P-loop NTPase) remained mostly 

unchanged with a very small fluctuation. NBP was under-expressed in the resistant genotype 

ILL7537 and DnaJ was under-expressed in the two extreme susceptible lines (C1-009 and C1-

020). P-loop NTPase had an opposite expression pattern in ILL7537 and C6-071 the resistant 

extreme line.  

The significant high expression of ACP gene at the early defence stages in the highly resistant 

lentil plants compared with the highly susceptible lentil plants could suggest that this gene is 

involved in defence to A. lentis (Figure 4-7 and Table 4-3). The susceptible lentil lines (C1-

009 and C1-020) showed under-expression of this gene compared to ILL7537 at 2 hpi in 

ILL6002 and C1-020.  

ACP is a crucial compound for the activation of Jasmonic acid (JA)-mediated early-defence 

signalling responses to necrotrophic pathogens [7, 8]. Other studies on the model plant 

Arabidopsis demonstrated that ACP is a key compound in fatty acid biosynthesis and plays a 

crucial role in defence response to necrotrophic pathogens through a JA-mediated defence 

signalling pathway [25–27]. Kachroo et al, 2001 and 2003 reported that the Arabidopsis mutant 

ssi2/fab2 is hyper-susceptible to necrotrophic fungal pathogens such as Botrytis cinerea [28, 

29]. The gene ssi2 encodes stearoyl–acyl carrier protein desaturase (S-ACP-DES) that 

catalyses desaturation of stearic acid (18:0) to oleic acid (18:1-ACP) during fatty acid 

biosynthesis [25]. Susceptibility of the ssi2/fab2 mutant towards the necrotrophs is due to low 

levels of oleic acid (18:1) from a defective stearoyl-acyl carrier protein-desaturase (S-ACP-

DES) [28]. This suggests that over-expression of ACP during the very early stages of defence 
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to A. lentis could help with accumulation of oleic acid (18:1) and cause an efficient resistance 

response. 

ACP was previously suggested to be associated with defence to A. lentis through QTL mapping 

analysis detailed earlier in this thesis (0, Section 0). Also, in a genome-wide transcriptome 

study, ACP was over-expressed at 2 and 6 hpi in the resistant genotype ILL7537 with an 

average log2FC of 3.33 compared with a susceptible genotype ILL6002 [12]. The over-

expression of this gene in response to A. lentis in the all resistant lentil plants at 2 and 6 hpi in 

the current experiment provides further evidence to a strong JA-mediated signalling response 

in early defence stage to A. lentis [12, 14]. 

A similar expression pattern was observed for S/T-K in the susceptible lentil lines as for ACP 

between the resistant line C6-071 and the susceptible line C1-020 (Table 1 3). S/T-K was 

significantly over-expressed in the resistant lentil line C6-071 at 2 hpi whereas it is under-

expressed in the susceptible lentil line C1-020 at the same sampling time. The trend then flips, 

and S/T-K becomes over-expressed at 6 hpi in the susceptible F7 line, demonstrating a delayed 

response (Table 1 3). In a sole comparison of gene expression between these two lines, S/T-K 

demonstrated a significant under-expression at both sampling times in the susceptible line with 

a mean factor of 0.79.  

S/T protein kinase is a member of a large “Plant receptor-like kinases” (RLKs) gene super-

family known to include 610 genes in Arabidopsis and 1132 genes in rice [30]. RLKs are able 

to recognise specific signals from the pathogen at the time of pathogen attack via the N-terminal 

receptor domain in their structure [30]. Consequently, the activated kinase domain results in 

signalling further downstream [30]. Other reports also show that the serine/threonine kinase 

family are actively involved in plant defence to fungal pathogens in the very early defence 

response stage that could vary among different species and pathosystems [17]. Reports show 

that S/T-Ks are the key signalling molecules to deliver signals to the plant cell nucleus for 

downstream processing immediately after pathogen-elicitors recognition via plant leucine-rich 

repeat receptors [17]. S/T-Ks are reported to play a key role in chickpea defence to the 

necrotrophic fungal pathogen Ascochyta rabiei, a similar pathosystem to lentil-A. lentis [31]. 

Li et al, (2017) reported that four S/T-K genes were reported to be involved in defence to A. 

rabiei locating on AB4.1 region of chromosome 4. Further qPCR validation supported the 

defence related role of the S/T-Ks with 3 to 6 times higher expression of these genes in the 
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resistant chickpea genotypes compared to the susceptible ones [31]. Other studies on wheat 

and rice also indicated that S/T-Ks are key defence genes against fungal pathogens such as 

Puccinia triticina in wheat and Magnaporthe grisea in rice [32–35]. Serine/threonine protein 

kinase (JG968944) was reported and validated to be highly up-regulated in the resistant wheat 

genotype TcLr9 compared to a susceptible genotype Thatcher, and in defence to the fungal 

pathogen P. triticina [32]. In rice, the gene Pid2, which encodes an intracellular serine/threonine 

kinase domain of the RLK family, contributes to defence against biotrophic fungal pathogens 

[34, 35]. Han et al, (2015) also reported Pid2 as a defence-related gene of rice in defence to 

rice blast caused by the fungal pathogen M. grisea [33]. 

Differential expression of S/T-K gene between the resistant genotype (ILL7537) compared to 

the susceptible parent (ILL6002) at 2 hpi was reported in a transcriptome profiling study earlier 

in this thesis, which implies a similar role in A. lentis attack recognition and signalling as in 

other pathosystems (Chapter 2, section 2.4 [12]). In the QTL mapping study within this thesis, 

S/T-K was also observed underneath the QTL region, further strengthening its proposed 

involvement in the early defence signalling (0, Section3.4.4). Therefore, serine/threonine 

kinase together with a JA-mediated defence signalling pathway are suggested as the main 

recognition and early signalling pathways through which resistant lentil genotypes initiate a 

defence response to A. lentis. 

Gibberellins (GAs) together with GA receptors (Gibbrellin insensitive dwarf1, GID1) and 

DELLA proteins creates the GA-GID1-DELLA regulatory module that is involved in 

regulation of multiple key signalling pathways [19]. KAO is a key enzyme in the gibberellin’s 

biosynthesis pathway [20]. It has been demonstrated that removing the regulatory function of 

GA-GID1-DELLA results in high susceptibility of plants to necrotrophic pathogens [19]. 

However, the core regulatory mechanism of GA-GID1-DELLA in plants defence to 

necrotrophic fungal pathogens remains to be elucidated and it could be either due to direct 

interaction of DELLAs with the regulatory proteins in other signalling pathways [27] or 

accumulation of gibberellins [19]. In the transcriptomics study detailed earlier in this thesis, 

GID1 and DELLA were highly over-expressed in the resistant lentil genotype, ILL7537, 

compared to the susceptible lentil genotype, ILL6002, at all sampling time points (Chapter 2, 

section 2.3 [12]).  
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KAO was noticeably over-expressed only in the resistant parent, ILL7537, compared to the 

susceptible genotype and significantly under-expressed in all other lines (Table 1 3). KAO was 

under-expressed in all of the extreme lines, both resistant and susceptible lines, compared to 

the parents. In parent genotypes this gene was significantly over-expressed in the resistant 

parent ILL7537 compared to the susceptible one ILL6002. This might be explained by the 

effect of the parents’ genetic background which has substantial impact on the expression 

patterns [15]. Moreover, the expression pattern of KAO could suggest that its expression may 

not be the direct driver for the differential resistance observed between the resistant and the 

susceptible lentil plants. Further function-validating studies would be required to confirm this 

association, potentially through reverse genetics approaches. 

DnaJ, NBP and P-loop NTPase also found on the QTL region and could likely play a role in 

defence to A. lentis. But the expression pattern of those did not highlight any significant or 

direct effect on the observed disease resistance traits.  

 Conclusion 

This study resulted in identification of two signalling pathways occurring right after pathogen 

recognition by the plant cell to trigger a timely efficient defence response in the resistant lentil 

plant. The two signalling pathways include JA-mediated early-defence signalling responses 

and S/T-K early signalling activity. GA-GID1-DELLA regulatory module also found to have 

a regulatory role in early defence response to A. lentis attack. However, DnaJ, NBP and P-loop 

NTPase genes did not show a significant differential expression at this stage and a further 

investigation is needed to explore the potential defence related role of those genes to A. lentis. 

An explanation for this observation could be that the SNPs in the QTL region could either 

cause changes in the coding sequences or affect gene expression in and outside the QTL region 

whereas the current study focused just on changes in local gene expression. In addition, the 

SNPs that were used in this study were identified from a genotyping by sequencing (GBS) 

approach performed to develop a QTL map of lentil’s response (ILL7537 x ILL6002) to A. 

lentis (0, section 3.2.3.2). GBS represents a small percentage, roughly 3.5% of the whole 4 Gbp 

genome of lentil, so it is probable that a larger number of SNPs linked directly to the R-genes 

exist and that they could potentially explain more phenotypic variation among the population 

that is not possible to be found by GBS method. Therefore, whole genome sequencing of the 

QTL region would provide a much larger number of SNPs closely linked to genes and 
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regulatory elements to try and accurately pinpoint the exact genes or mutation contributing to 

the resistance in ILL7537. 

Despite its limitations, the current investigation was able to provide additional evidence for the 

strong involvement of S/T-K in recognition and signalling pathways in response to A. lentis 

attack and its role in conferring resistance through elevated early expression. 
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Chapter 5 General conclusion 

Ascochyta lentis is a host-specific necrotrophic fungal pathogen causing ascochyta blight of 

lentil resulting in a significant yield lost in all growing regions in the world [1]. The most 

economic, environmentally friendly and effective disease management of this pathogen is 

known to be the use of the naturally resistant and sustainable lentil resources together with a 

sufficient and effective use of fungicides [2]. To meet this end a profound insight into the 

genetic and molecular mechanisms and pathways of defence to A. lentis is the first requirement 

[3]. The objective of the current project was to characterise the key defence related genes and 

pathways conferring defence to A. lentis. Further investigation was performed at the genomic 

level to identify the locations of the major defence-related loci and the associated SNPs 

conditioning disease resistance in ILL7537, which is a sustainably resistant lentil genotype that 

has been used in the Australian breeding program for several decades. 

 Summary of thesis findings 

This study reported for the first time a comprehensive transcriptomics assessment of the lentil 

responses during the lentil-A. lentis interaction and identified a suite of gene expression 

changes related to primary, secondary and tertiary defence responses. These were related to 

signalling, biochemical responses and structural reinforcement in an effort to prevent or retard 

the fungal spore from invading the host tissues. Several of the differentially expressed genes 

observed through transcription were subsequently validated for expression changes by 

quantitative PCR during three biologically relevant stages of the early interaction (Chapter 2). 

Subsequently, the sequenced genome of lentil was used for the first time, together with an F5 

advanced mapping population and a GBS approach for SNP discovery, to develop and 

physically anchor a high-resolution genome linkage map of lentil. This map facilitated the 

identification of the major loci (R-QTL) associated with AB resistance inherited from ILL7537 

(Chapter 3). A further investigation of defence-relevant candidate genes associated with the R-

QTL was then performed in an attempt to identify a correlation between their expression and 

the observed resistance in extreme resistant and susceptible lentil phenotypes. The results of 

this analysis were utilized to suggest a plausible molecular mechanism by which these genes 

affect the resistance (Chapter 4).  
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The following schematic images illustrate the proposed differential genes and mechanisms 

involved in the ILL7537 lentil response to A. lentis compared with ILL6002 (Figure 5-1, Figure 

5-2). Figure 5-1 represents the key genes and signalling pathways that are actively involved at 

the early defence stages, 2, 6 and 24 hpi, to A. lentis in the resistant genotype ILL7537, while 

Figure 5-2 shows the responses of ILL6002 at the same time points. Based on our findings 

from the current study, the early defence signalling is initiated immediately after pathogen 

recognition by leucine-rich repeat receptor like kinase (LRR-RK). The early signalling is then 

conducted by two main kinases serine/threonine protein kinase and Calmodulin domain protein 

kinase. A simultaneous Jasmonic acid signalling pathway was also found to be immediately 

activated. In the resistant genotype, ILL7537, it was observed that a GA-GID1-DELLA 

regulatory module together with an ethylene response factor and nucleotide binding proteins 

are involved in transcriptional changes due to A. lentis attachment and prior to structural and 

biochemical responses. The quick response of the resistant genotype then leads to strong 

structural and biochemical responses against the pathogen penetration into the plant cell. The 

main gene found to be involved in structural defence response in the resistant lentil genotype 

was exocyst subunit 70A1 (EXO70A1). A number of genes such as PR2, PR4 and PR10 

proteins as well as polygalacturonase inhibitor (PGIP), auxin-repressed protein (ARP) and 

superoxide dismutase (SOD) were involved in biochemical defence response. Early defence 

signalling also triggers production of hypersensitive response compounds at 6 and 24 hpi which 

together lead the attacked cell to a programmed cell death. Systemic acquired resistance 

signalling is an extra-cellular signalling that also occurs at 24 hpi to localise the infection [4]. 

A number of transcriptional regulator genes were found to be involved in early defence 

response from those ethylene response factor (ERF) and DNA and RNA binding proteins 

(NBPs) worth mentioning (Chapter 2). 
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Figure 5-1 The schematic image of genes, gene regulators and signalling pathways conferring defence 

to A. lentis in the resistant lentil genotype ILL7537.  

 

The early signalling response that occurs at 2 hpi in ILL7537 is not initiated in the susceptible 

genotype ILL6002 until at least 6 hpi, providing the fungus with a four hour window to invade 

and start to colonise the plant. The fact that there is no evidence of a GA-GID1_DELLA 

regulatory module being activated in this genotye indicates that this regulatory module may 

have a regulatory role on the mentioned early signalling pathwys to trigger a strong and timely 

efficient resistance response to A. lentis attack in the resistant gentotye. This claim has been 

evidenced earlier by Sun et al, (2011) that inactivation of the regulatory function of GA-GID1-

DELLA results in high susceptibility of plants to necrotrophic pathogens [5]. 
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Figure 5-2 The schematic image of genes, gene regulators and signalling pathways conferring defence 

to A. lentis in the susceptible lentil genotype ILL6002. 

 Limitations of the study, future directions and perspectives 

The current thesis encountered some limitations. In the transcriptome profiling study Ion 

Proton sequencer was used to sequence the transcripts. The Ion proton platform was financially 

advantageous at the time of this study and was predicted to produce the results much faster 

compared to other platforms [6, 7]. However, it produced varied-length sequences that proved 

challenging to normalise, assemble and align using the currently available bioinformatics 

software and tools in comparison with Illumina sequencers that produce fixed-length reads [8]. 

Moreover, a good quality lentil genome reference was not available at the time of the 

transcriptomics study (Chapter 2), resulting in extensive time required to de novo assemble and 

characterise and align the transcripts.  

To develop a high-resolution genome map of lentil and identify SNPs associated with the 

regions associated with resistance, a genome-by-sequencing (GBS) approach was employed. 

GBS has been used successfully in many non-model crops with a large genome size such as 
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wheat, barley and common bean to identify numerous SNP markers in a single experiment as 

an alternative to costly and time-consuming whole-genome re-sequencing [9–11]. GBS proved 

to be an affordable, quick and reliable method to genotype the SNPs of 150 RIL lentil 

population. However, the GBS approach provided only a partial coverage, approximately 

3.5%, out of the whole genome, which is estimated to be 4Gbp long [12]. The amount of 

missing data depends on the sequencing coverage and choice of restriction enzymes during 

library preparation, which affect the number of unique sequence tags [13]. Consequently, not 

all SNPs located within the QTL regions (and across the entire genome) were captured by GBS. 

Additional SNPs, closely linked to the defence related genes, could potentially explain more 

of the phenotypic variation between ILL7537 and ILL6002 in defence to A. lentis. To identify 

all the SNPs that might affect the phenotype by altering the expression or coding sequences of 

defence-related genes within the identified QTL regions, whole-genome-re-sequencing could 

be performed for that region in the future studies. An example for such approach was 

demonstrated with the whole genome re-sequencing (WGRS) of 69 chickpea genotypes to 

characterise defence-related genes and molecular mechanism involved in defence to ascochyta 

blight [14]. Over 944,000 SNPs were identified and successfully used for QTL analysis and 

defence-related gene identification [14]. 

Further investigation of the defence-related genes that were detected within the QTL region 

was undertaken through qPCR with the lentil lines used within the mapping population. This 

enabled direct association of gene expression level with phenotypic disease severity. The suite 

of defence genes found to be actively involved in ILL7537 should be examined in future studies 

for stability and/or uniqueness of response in diverse lentil backgrounds using a range of 

aggressive A. lentis isolates. A study on a similar pathosystem from chickpea and Ascochyta 

rabiei interaction investigated a suite of previously identified defence-related genes on the ten 

different chickpea resistance-resources using two different A. rabiei isolates [15]. The report 

revealed that six out of 15 genes significantly contributed to defence against A. rabiei in the 

best resistance sources within the Australian chickpea breeding programs [15]. 

Techniques such as high-throughput-sequencing and GBS offer great capacity to speed up the 

identification of sequences, that once functionally validated, may then be used to develop stable 

markers for selective breeding purposes [16]. A commonly applied method to use the candidate 

defence-related genes in plant breeding is known to be marker-assisted selection for the 
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complex traits known as CSM [17]. This method is an accurate and indirect selection of the 

complex traits using the DNA markers closely linked to the resistance-related loci rather than 

solely on phenotypic selection. This method is employed to transfer the resistance-related loci 

into elite breeding lines to create a more durable resistant lentil genotype [18]. 

To summarise, this study has demonstrated the capabilities of genomic approaches to unveil 

the close linkage between genetic features and the observed phenotype, in this case, resistance 

to AB. The applied techniques and methods enable high-resolution marker analysis which in 

turn, transform traditional selective breeding into a highly targeted and accelerated process 

leading to faster release of commercial lines. The development of these tools is crucial in our 

battle against crop diseases and other productivity challenges to ensure sustainable food-

security for the rapidly increasing population. 
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