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Abstract

:

The leaf rust pathogen, Puccinia triticina (Pt), threatens global wheat production. The deployment of leaf rust (Lr) resistance (R) genes in wheat varieties is often followed by the development of matching virulence in Pt due to presumed changes in avirulence (Avr) genes in Pt. Identifying such Avr genes is a crucial step to understand the mechanisms of wheat-rust interactions. This study is the first to develop and apply an integrated framework of gene expression, single nucleotide polymorphism (SNP), insertion/deletion (InDel), and copy number variation (CNV) analysis in a rust fungus and identify candidate avirulence genes. Using a long-read based de novo genome assembly of an isolate of Pt (‘Pt104’) as the reference, whole-genome resequencing data of 12 Pt pathotypes derived from three lineages Pt104, Pt53, and Pt76 were analyzed. Candidate avirulence genes were identified by correlating virulence profiles with small variants (SNP and InDel) and CNV, and RNA-seq data of an additional three Pt isolates to validate expression of genes encoding secreted proteins (SPs). Out of the annotated 29,043 genes, 2392 genes were selected as SP genes with detectable expression levels. Small variant comparisons between the isolates identified 27–40 candidates and CNV analysis identified 14–31 candidates for each Avr gene, which when combined, yielded the final 40, 64, and 69 candidates for AvrLr1, AvrLr15, and AvrLr24, respectively. Taken together, our results will facilitate future work on experimental validation and cloning of Avr genes. In addition, the integrated framework of data analysis that we have developed and reported provides a more comprehensive approach for Avr gene mining than is currently available.
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1. Introduction


Leaf rust, caused by Puccinia triticina (Pt), is the most widespread rust disease of wheat and the most damaging biotic stress of wheat globally, causing losses of around 3.25% globally [1]. Severe regional epidemics of the disease have occurred in many wheat growing areas including Western Australia in 1999 [2], and Kansas, USA, in 2007 where it caused 14% yield losses [3]. The deployment of leaf rust (Lr) resistance (R) genes in wheat varieties is the most effective and economical method for reducing yield losses and ensuring adequate quantities of pesticide-free food. However, Pt has great capacity to evolve virulence matching resistance in wheat cultivars to render them susceptible [4], as exemplified by the annual report of more than 50 virulence phenotypes detected annually in the United States [5]. In addressing this challenge, it is crucial to get a better understanding of the genetic basis of wheat-rust interactions at the molecular level.



Based on the gene-for-gene hypothesis [6], a model at the molecular resolution with two layers of plant immunity was proposed for plant-pathogen interactions [7]. In the first layer, pathogen-associated molecular patterns (PAMPs) are recognized by plant pattern recognition receptors (PRRs), resulting in PAMP-triggered immunity (PTI). In the second layer, a pathogen may breach PTI by deploying effectors (secreted proteins) that modify plant metabolism and defense response, and in turn, the plant host may evolve resistance proteins that specifically recognize pathogen effectors either directly [8] or indirectly [9] and result in effector-triggered immunity (ETI). Compared to PTI, ETI manifests as a hypersensitive response (HR) involving localized cell death and is more rapid and robust. However, the host ETI response can be evaded by a pathogen through modification of avirulence (Avr) genes, with the selection force driving the coevolution of R genes in plants and Avr genes in pathogens.



Identifying Avr genes in Pt and the corresponding R genes in wheat is crucially important in understanding the genetic basis of wheat–rust interactions and in developing new approaches and diagnostic tools to reduce the losses caused by Pt. Although more than 80 leaf rust R genes have been catalogued [10], no single Avr gene in Pt has been identified yet [11]. Despite the presence of virulence for the R gene Lr1 in Australia, this gene was used effectively for many years by combining it with other R genes for multiple gene resistance [12]. For the R gene Lr15, the frequencies of virulence are low in Australia but relatively common in most geographical areas [13]. Like Lr1, the R gene Lr24 remains important in Australia because it can be combined with other R genes to provide protection against all known pathotypes of Pt [2]. Due to the usefulness of these three R genes, we undertook a comparative genomics approach to identify candidate avirulence genes matching each in Pt. Australia is isolated from other major world wheat growing regions and wheat infecting rust fungi do not undergo sexual recombination there due to lack of alternate hosts [2,14]. Mutations within the wheat rust fungi are well documented in Australia and long-term rust surveys in this region suggest that new pathotypes mainly arise from single-step mutations. Clonal lineages have arisen within the rust pathogen populations via the sequential addition of single virulence [15]. The major Pt lineage in Australia between 1988 and 2010 was derived from the founding pathotype 104–2,3,(6),(7),11 (isolate S423; referred to as Pt104) (Park, unpublished), first detected in Australia in 1984 [16]. For this study, we selected six clonally derived isolates within this Pt104 lineage, two isolates from a second lineage known as Pt53 [17], and four isolates from a third lineage Pt76 (Park, unpublished) for genomic comparisons.



Although difficulties in maintaining pure isolates of obligate biotrophs like Pt have hindered genetic studies, next-generation sequencing (NGS) technology holds the promise of accelerating biological research and discovery in rust genomics. Compared to traditional polymerase chain reaction (PCR)-based approaches of genetic studies towards limited targeted regions, NGS enables genome-wide identification of candidate avirulence genes by comparing wild and mutated DNA sequences. Multiple reference genomes are now publicly available for each of the three wheat rust pathogens Pt, Puccinia graminis f. sp. tritici (Pgt), and Puccinia striiformis f. sp. tritici (Pst) [18]. With the availability of reference genomes, advances have been made for all three wheat rust fungi in genome-wide studies for effector mining, including studies on Pst [19,20,21], Pgt [22], and Pt [23], which have detected a panel of candidate avirulence genes for functional validation. One earlier study identified 15 candidates for 14 Avr genes using gene expression and RNA SNP analysis [24]. Moreover, two recent studies successfully identified and validated two Avr genes AvrSr50 [25] and AvrSr35 [26] in Pgt. In contrast to an array of studies on Pgt and Pst, the whole-genome sequencing studies on Pt are limited [23,27].



In addition to the analysis of gene expression, single nucleotide polymorphisms (SNPs), and insertions/deletions (InDels) [21,23,27,28], copy number variations (CNVs) have been highlighted as a new and significant source of genetic polymorphism that contributes to phenotypic diversity such as virulence in diverse fungal species [29]. In fact, the contribution of CNVs to population genetic and phenotypic diversity has been exemplified by a range of fungal studies, including studies on yeast Saccharomyces cerevisiae (Ascomycota, Saccharomycetes) [30,31], the wheat pathogen Zymoseptoria tritici (Ascomycota, Dothideomycetes) [32], and the human fungal pathogen Cryptococcus deuterogattii (Basidiomycota, Tremellomycetes) [33]. It has also been noted that the degree of CNV in fungal populations is not always correlated with the degree of SNP variation, which indicated that CNV analysis could reveal an important yet hidden layer of genetic information independent of SNPs/InDels. Despite the important role of CNVs as aforementioned [29], genome-wide studies of CNV analysis for wheat rust fungi are lacking.



The present study is the first to attempt an integrated analysis of gene expression, SNP, InDel, and CNV in association with virulence phenotype to identify candidate avirulence genes in P. triticina. Sequencing was performed on DNA samples of 12 Pt isolates from three clonal lineages and RNA samples of three Pt isolates representing field-collected pathotypes that dominated Pt populations in all mainland states in Australia [15,16]. Using a published long-read-based genome assembly of Pt104 [27], a haplotype-phased genome of the founding isolate of the lineage Pt104, we generated SNP, InDel, and CNV profiles for each isolate followed by comparative analysis to identify 40, 64, and 69 candidates for AvrLr1, AvrLr15, and AvrLr24, respectively. This study not only provides important new resources for future research of Pt in Australia and beyond but also demonstrates a practical framework of integrated analysis from multiple genomic aspects to explore candidate avirulence genes.




2. Materials and Methods


2.1. DNA Sequencing


All isolates used in this study were identified in annual nationwide race surveys of pathogenicity in Pt in Australia (Park 2008; Park, unpublished data) and were curated in the Plant Breeding Institute Rust Collection, The University of Sydney, Australia. Each isolate was established from a single pustule from a region of low-density infection and increased on wheat plants of the susceptible variety Morocco. For rust infection, wheat plants were grown at high density (~25 seeds per 12 cm pot with compost as growth media) to the one leaf stage (~7 days) in a greenhouse microclimate set at 18–25 °C temperature and with natural day light. The identity and purity of each isolate was verified by pathogenicity tests with a set of host differentials. Mature spores were collected, dried, and stored at −80 °C. From dried dormant spores, DNA was extracted as described elsewhere [34] and sent to Novogene (Hong Kong, China) for Illumina short-read sequencing. TruSeq library of DNA samples for the 12 Pt isolates were constructed with a 150 bp paired-end and sequenced on a HiSeq X instrument (Illumina, San Diego, CA, USA).




2.2. RNA Sequencing


The three Pt isolates (S96, S108, and S473) and wheat cultivar Chinese Spring (without the resistance genes Lr1, Lr15 and Lr24) were used for RNA sequencing. For each isolate, infected leaves were harvested at 3, 5, and 7 days after inoculation and immediately stored in liquid nitrogen. Samples were ground to a fine powder in liquid nitrogen and total RNA from rust pathogen and wheat leaf was extracted with the ISOLATE II RNA Mini Kit (Bioline, London, UK). After DNase treatment (Promega, Madison, WI, USA), RNA was purified by on-column DNase treatment and the quality was checked using the Bioanalyzer 2100 (Agilent, Santa Clara, CA, USA). About 10 μg of total RNA was processed with the Illumina mRNA-Seq Sample Preparation kit for library preparation. Each library was sequenced using the Illumina HiSeq 2500 platform (125 bp paired-end reads) at Ramaciotti Centre for Genomics (Sydney, Australia).




2.3. RNA-Seq Analysis for the Selection of Expressed Effectors


The quality of the raw data of RNA sequencing was assessed using FastQC v0.11.8 with default options. The data were trimmed with Trimmoatic v0.38 with parameters “LEADING:3 TRAILING:3 SLIDINGWINDOW:4:25 MINLEN:36.” After trimming, the quality of data was assessed again before mapping. The paired-end reads data of each isolate was mapped to Pt104 individually using STAR 2.7.0 [35]. The alignments were selected using SAMtools 1.6 view command with parameters “-q 10.” The generated BAM files were sorted and indexed using SAMtools. From BAM files, the mapped reads were counted using the Bioconductor package Rsubread v2.0.1 [36], which generated the counts of mapped reads for each gene. Based on the gene annotation of the Pt104 assembly, effectors were predicted using EffectorP 2.0 [37], a machine learning classifier for fungal effector prediction. To validate the predicted effector gene, if the count values of mapped reads reached at least 10 in one or more of the three RNA-seq samples, this gene was regarded as being expressed and selected. Ortholog searches between Pt104 and Pt Race 1 genomes were performed using Proteinortho v5.16 (synteny mode) [38]. The localizations of effectors in plant cells were predicted using LOCALIZER v1.0.4 [39] and ApoplastP v1.0.1 [40].




2.4. Quality Assessing, Trimming, and Mapping for Whole-Genome Sequencing


The quality of original pair-end reads data were assessed using FastQC v0.11.8 [41] with default options. The data were trimmed with Trimmomatic v0.38 [42] with parameters “LEADING:3 TRAILING:3 SLIDINGWINDOW:4:25 MINLEN:36.” The quality of data was assessed again before mapping. The pair-end reads data of each isolate was mapped to Pt104 assembly individually using bwa v0.7.17 [43] with the BWA-MEM algorithm. High quality alignments were selected using SAMtools 1.6 [44] view command with parameters “-q 30.” The generated BAM files were sorted and indexed using SAMtools for subsequent data analysis. The mapping information summary was generated using SAMtools and BEDTools v2.25 [45].




2.5. SNP and InDel Calling and Comparative Genomic Analysis


From the indexed and sorted BAM files, small genomic variants were called using GATK v3.8.0 [46]. For each BAM file, regions around InDels were identified and realigned using GATK RealignerTargetCreator and IndelRealigner [47]. Genome-wide variant calling per isolate was performed using GATK HaplotypeCaller, and joint genotyping on all isolates was performed using GATK GenotypeGVCFs [48]. Variants were filtered using vcffilter command of vcflib [49] with parameters “DP > 10 and QUAL > 20.” From the virulence profiling of 12 Pt isolates against 21 R genes, a heatmap with a dendrogram was inferred and visualized using the Bioconductor package ComplexHeatmap v2.2.0 [50]. Based on the genomic variants detected, a phylogenetic tree of the 12 Pt isolates were inferred using SNPhylo ver. 20160204 [51] and visualized by the Bioconductor package ggtree v2.0.4 [52]. The R package circlize v0.4.8 [53] was used to create the Circos plot of genomic landscape for small genomic variants.



Using the Bioconductor packages VariantAnnotation v1.32.0 [54], rtracklayer v1.36.0 [55], and GenomicFeatures v1.38.2 [56], the identified genomic variants including SNPs and InDels were annotated and the functional impact of the variants were predicted and classified into major categories such as synonymous (SY), nonsynonymous (NSY), and frameshift across all isolates. For the identification of candidate avirulence genes, the differential variants with functional impact located within SP gene within each pairwise comparison (avirulence vs. virulence) were selected, which were examined across pairwise comparisons targeting at the same Avr gene, and those genes showing presence across all pairwise comparisons were considered as the final candidate avirulence genes.




2.6. Copy Number Variation Analysis


CNV analysis was performed using the Bioconductor package cn.MOPS 1.32.0 [57]. By using a mixture of Poisson models for read depths across multiple isolates in each genomic region, cn.MOPS can remove the effect of read depth variation along chromosomes and gain high sensitivity and a lower false positive rate. The BAM files were converted into read count matrices using the function getReadCountsFromBAM of cn.MOPS with the parameter “WL = 300.” The value of parameter WL (window length) was carefully chosen to make sure that on average, about 100 reads, were contained in each segment. The R package circlize v0.4.8 [53] was used to create the Circos plot of genomic landscape for CNVs. The example of a CNV was visualized using cn.MOPS. The differential CNVs were identified by comparing avirulent and virulent isolates, which were then inspected for the presence of the effector-encoding genes.





3. Results


3.1. Secretome Prediction by EffectorP and Validation by RNA Sequencing


The current study used our recently reported Pt104 genome assembly as the reference, which is long-read based and represents the best quality Pt genome assembly available to date [27]. Six presumed mutational derivatives of the isolate used to generate this reference genome assembly, two from a second lineage (the Pt53 lineage) and four from a third lineage (the Pt76 lineage), were selected for this study. The 12 isolates showed various virulence/avirulence profiles on catalogued resistance genes (Supplementary File S1).



EffectorP 2.0 [37] was used to predict secreted protein (SP) encoding genes from among the 29,043 genes previously annotated for the Pt104 genome [27]. This identified 5325 genes encoding potential effectors, each with an effector probability. To further validate the predicted SPs, RNA sequence data for two isolates that were avirulent on Lr1, Lr15, and Lr24 (S96 and S108) and one isolate that was avirulent on Lr15 and Lr24 (S473) were used to select the SPs with detectable expression. After quality trimming, 77.2–129.1 million reads were obtained (Supplementary File S2). The trimmed RNA-seq data for each sample were mapped to the Pt104 genome individually. On average, 17.6–49.6 million reads (14.0–40.8% of total reads) could be successfully mapped to the reference; the remaining unmapped reads were dropped as they were largely from the wheat host transcriptome. For each SP gene, if the count values of the mapped reads were no less than 10 in at least one of the three samples used for RNA-seq, then this SP gene was regarded as being expressed and selected. Out of 5325 predicted SPs, 2392 were thus selected for subsequent effector mining (Supplementary File S3).




3.2. Mapping Whole-Genome Sequencing Data


To identify candidates for AvrLr1, AvrLr15, and AvrLr24, six Pt isolates from the Pt104 lineage (S467, S474, S521, S523, S547, and S576), two isolates from the Pt53 lineage (S365 and S563), and four isolates from the Pt76 lineage (S594, S625, S629, and S631) with contrasting virulence profiles were selected for whole-genome sequencing. The dendrogram depicting the virulence profiles of these isolates in Figure 1A illustrates the relatedness of these isolates based on virulence/avirulence profiles (Supplementary File S1), with three clades corresponding to the three clonal lineages.



After quality trimming, 66.3–96.1 million reads were obtained (Table 1). To genotype the isolates, each was individually mapped to the reference genome Pt104. Across the 12 isolates, between 56.8 and 87.9 million reads (75.0–93.1% of total reads) were mapped to the reference (Table 1). The percentage of mapped reads in the reference genome was 97.7–99.4%, which meant that almost all genes annotated in the reference could be genotyped for every isolate. The bam files generated from mapping were used for SNP, InDel, and CNV analysis as described in the following sections.




3.3. Genome-Wide Polymorphism and Phylogenetic Analysis


A detailed view of genome-wide polymorphism was obtained by identifying small genomic variants including SNPs and InDels using GATK [48] and the bam files generated from the mapping as aforementioned. Between 525,308 and 686,935, variants were identified, with 72.4–93.2% of these being present in a heterozygous state (Table 2). The percentages of heterozygosity were similar within each clade but varied between clades, supporting the postulated relatedness of the isolates based on phenotypic studies. The genome-wide variant frequency was 2.9–3.9 variants/Kbp. The genomic landscape of predicted gene, secreted protein with detectable expression, and genetic variation across the 12 isolates represented by a Circos plot is shown in Figure 2. The numbers of SNP and InDel variants were 451,414–606,306 and 71,807–80,629, respectively, and the ratio of SNP/InDel was 6.1–7.6:1, indicating that most small genomic variants were SNPs.



Based on the SNPs detected across the whole-genome, a phylogenetic tree was inferred (Figure 1B). The topology of the phylogenetic tree was consistent with the putative relatedness of the isolates derived from the previous phenotype study (Figure 1A,B). Both the phylogenetic tree and the dendrogram derived from virulence profiles showed three distinct clades, and each clade comprised the same set of isolates.




3.4. Functional Impact of Small Genomic Variants


To evaluate the functional impact of small genetic variants, the variants were annotated using the Bioconductor package VariantAnnotation [54]. Of the total genomic variants identified, 79,896–104,269 (about 15.2%) were located within a coding region, covering 15,560–17,989 genes (Table 3). Variants within a coding region were classified into four types, namely, SY, NSY, frameshift (InDels causing frameshifts whose sizes were not divisible by three), and nonsense (premature stop codons). Among the 12 isolates, the average counts for each type as aforementioned were 27,806, 49,615, 7711, and 1379, respectively. Excluding SY variants, which did not result in an amino acid change, all other variants may have functional impact; all were, therefore, inspected further in the subsequent analysis of genomic pairwise comparisons. Interestingly, although the numbers of coding variants varied, the ratios of coding variants vs. total variants remained almost the same across the 12 isolates. This was also true for the ratios of nonsynonymous and synonymous variants vs. coding variants.




3.5. Small Genomic Variations Correlated with Avirulence/Virulence Phenotype


Paired comparisons between avirulent and virulent isolates were designed based on phylogenetic relatedness and contrasting pathogenicity for the resistance genes Lr1, Lr15, and Lr24 (Figure 1). For AvrLr1, four paired avirulent versus virulent comparisons were selected: S594 vs. S629, S625 vs. S629, S594 vs. S631, and S625 vs. S631. Similarly, for AvrLr24 and AvrLr15, four (S467 vs. S547, S474 vs. S547, S521 vs. S547, and S576 vs. S547) and three (S467 vs. S523, S474 vs. S523, and S365 vs. S563) paired comparisons were selected, respectively.



To detect candidates for each Avr gene, the SP genes covering differential variants with functional impact within each pairwise comparison were selected, then these selected SP genes were examined across pairwise comparisons and those showing presence across all pairwise comparisons were considered as candidate avirulence genes. For example, for AvrLr15, there were 451 differential variants located within 237 SP genes between S467 and S523, 414 differential variants within 239 SP genes between S474 and S523, and 214 differential variants within 89 SP genes between S365 and S563 (Supplementary File S4). Intersecting these three sets of genes resulted in 38 candidates for AvrLr15. Similarly, for AvrLr1 and AvrLr24, genomic pairwise comparisons detected 27 and 40 candidates, respectively. For the candidates of AvrLr1, AvrLr15, and AvrLr24, 44–58% were identified by NSY, 5–22% by frameshift, and 33–38% by mixed types (e.g., a combination of NSY and frameshift) (Supplementary File S5).




3.6. Copy Number Variations across the Pt Isolates


Compared to small genomic variants (SNPs and InDels), genome-wide CNVs spanned larger regions and represent a different layer of genomic variation that may contribute critically to fungal pathogenicity. The Bioconductor package cn.MOPS, a central CNV identification tool capable of detecting the digitized copy number of genomic regions and simultaneous analysis of multiple isolates, was used to examine genome-wide duplications and deletions across the 12 Pt isolates [57]. A total of 307–2235 CNVs were detected across these isolates (Table 4). The CNVs detected in S594, S625, S629, and S631 are depicted in Figure 3. The total size of CNVs had a broad range from 1,997,415 to 10,609,561, corresponding to 1.4% and 7.5% of the reference assembly. The total numbers and sizes of CNVs were similar within each clade and varied between clades across the 12 isolates (Figure 1, Table 4), which again confirmed the putative relatedness of the isolates. Out of the total CNVs identified, 44.8–50.2% spanned gene-encoding regions and there were 385–2039 CNV-spanned genes (i.e., genes overlapped by CNVs) per genome. Out of the total CNV-spanned genes in each isolate, 16–69 were predicted SP-encoding genes.




3.7. Copy Number Variations Correlated with Avirulence/Virulence Phenotype


To identify genes spanned by differential CNVs that may correlate with a given Avr gene, we compared the CNVs using the same isolate groups constructed for SNP and InDel comparisons as aforementioned. For AvrLr1, the CNV comparison was performed between isolates S594, S625, S629, and S631, revealing the presence of 511 differential CNVs in these four isolates. Out of these differential CNVs, 198 CNVs overlapped with gene coding regions, which affected 363 genes in total. Of these 363 CNV-affected genes, 14 genes were SPs, which were identified as the candidates for AvrLr1 (Supplementary File S6). Similarly, for AvrLr24, 707 differential CNVs were found across isolates S467, S474, S521, S576, and S547, and 323 CNVs spanned the gene coding regions. A total of 31 SP genes harbored by these differential CNVs were identified as candidates for AvrLr24. A CNV that overlapped an SP gene is illustrated in Figure 4. For AvrLr15, differential CNVs were derived from two subgroups, S467, S474, and S523 as one subgroup and S365 and S563 as the other, and 1003 differential CNVs were identified. A total of 29 SP genes were detected as the candidates for AvrLr15 (Supplementary File S6).




3.8. Final Candidate Avirulence Genes and Their Biological Annotations


By integrating the results derived from comparisons of small genomic variants and CNVs, we identified 40, 64, and 69 candidates for AvrLr1, AvrLr15, and AvrLr24, respectively (Table 5). A previous transcriptome study using Pt Race 1 as the reference genome reported one candidate (PTTG_25509) for AvrLr24 [24]. However, no orthologs of the Pt Race 1 PTTG_25509 gene were found in Pt104. The likely reason for this is the differences between the short-read based genome assembly of Pt Race 1 for an American isolate and the long-read based genome assembly of Pt104 for an Australian isolate. Using LOCALIZER v1.0.4 [39] and ApoplastP v1.0.1 [40], the locations of 17–34 candidate effectors in the plant cell could be predicted as following: 4–13 in the apoplast, 2–7 in the chloroplast, 2–3 in the mitochondrion, 6–10 in the nucleus, and 2–6 in multiple locations (e.g., in chloroplasts, mitochondria, and nuclei) (Supplementary File S7). The biological functions of candidate avirulence genes were further inspected based on the Pt104 annotation using databases such as InterProScan (a database of protein families, domains and functional sites), MEROPS (peptidase database), and transcription factor (TF) families (Supplementary Files S8 and S9) [27]. For each Avr gene, 22–28% of the candidates could be annotated. The biological annotations of candidate avirulence genes are further discussed in the following section.





4. Discussion


The leaf rust fungus Pt is the most widely distributed wheat rust pathogen worldwide and is responsible for most of the wheat crop yield loss arising from rust [1]. Despite the significance of leaf rust, our understanding of Pt-wheat interactions related to pathogenicity as well as the genomic resources available for this pathogen remains limited. In the present study, we generated whole-genome sequence for 12 Pt isolates and RNA sequence for a further three Pt isolates and carried out an integrated study that simultaneously analyzed gene expression, SNP, InDel, and CNVs in relation to virulence profile, and identified 40, 64, and 69 candidates for AvrLr1, AvrLr15, and AvrLr24, respectively. This study has not only provided important new genomic resources for research into Pt but also established a practical framework of integrated analysis from multiple genomic aspects to explore candidate avirulence genes.



The high-quality genome assembly and annotation of the founding isolate Pt104 provides a good foundation for accurate genotyping [27]. Furthermore, careful selection of isolates with similar genetic background with contrasting virulence that differ only on one or two host R genes minimized differences not related to pathogenicity and greatly assisted the effective identification of candidate avirulence genes. AvrSr50 was successfully identified using this approach, by comparing an isolate with virulence for Sr50 (Pgt632) with a very closely related avirulent isolate Pgt279 [25]. This approach was similarly used in AvrLr20 mining using 10 pairs of isolates differing in avirulence/virulence only to Lr20 [23], and in identifying candidate avirulence genes in P. hordei for the resistance genes Rph3, Rph13, and Rph19 using five stepwise mutant isolates within a single putative clonal lineage [28]. In this study, for Lr1, all four isolates S594, S625, S629, and S631 within the top clade of the phenotype dendrogram (Figure 1A) were selected. For Lr24 and Lr15, pairwise comparisons were both constructed by virulent isolates (S547 and S523, respectively) and closely related avirulent isolates within the middle clade of the dendrogram. However, as the selected pairs for Lr15 also contained covariates of AvrLr20 and AvrLr23 (Figure 1A), an additional pair of S365 vs. S563 from the bottom clade was added to diminish this cofounding effect.



Genome-wide comparisons were made for the 12 Pt isolates by mapping the Illumina sequencing reads of these pathotypes to the Pt104 genome. Across these isolates, the median mapping rate was 91% and the mapping rates ranged from 83% to 93% except for the isolate S523 (75%) (Table 1). The improvement of this mapping rate over that of our study on AvrLr20 [23] based on the Pt Race 1 [58] reference genome is likely due to the higher quality of our Pt104 assembly and the closer relatedness of the isolates studied to the isolate used for the Pt104 reference.



Based on the genome-wide SNPs identified, a phylogenetic tree was constructed (Figure 1B). The overall topology of this phylogenetic tree is consistent with the dendrogram showing the relatedness of these isolates based on virulence (Figure 1A), with three clades comprising the same set of isolates. This observation fully supports the hypothesis that these isolates have evolved most likely by simple step mutations from founding isolates [15]. Furthermore, the three clades in the phylogenetic tree also showed consistent distinctions in mapping and variant statistics. For example, for each of the three clades from top to bottom (Figure 1B), the mapping percentages of the reference genome were about 98%, 99%, and 97%, respectively (Table 1), and the variant heterozygosity rates were about 75%, 92%, and 72%, respectively (Table 2). This consistency between the phylogeny and variants statistics clearly indicated that the inferred phylogenetic tree captured the overall genetic features across the 12 Pt genomes.



In the present study, the numbers of SNP and InDel variants detected across the Pt isolates were 451,414–606,306 and 71,807–80,629, respectively (Table 2). The total numbers of SNPs identified in this study are higher yet still comparable to the previously reported total numbers of SNPs ranging from 329,300 to 446,048 in a different panel of 20 Pt isolates [23]. Consistent with the improved mapping rate, the higher numbers of SNP detected are most likely due to the better quality of the Pt104 assembly and the closer relatedness of the isolates studied to the reference isolate. Out of the total variants identified, 72.4–93.2% were in heterozygous state (Table 2), which is consistent with our previous report for a panel of 20 Pt isolates with heterozygosity rate of 72–87% [23]. As aforementioned, among the 12 Pt isolates used here, the percentages of heterozygosity were similar within each clade of the phylogenetic tree and varied between clades. Thus, the higher end of 93.2% heterozygosity as compared to our previous study may reflect some intrinsic differences in the Pt genomes between various clades. By including both homozygous and heterozygous polymorphisms, the functional impact of the genomic variants was annotated (Table 3) and the subsequent analysis then focused on the SP genes harboring differential variants with functional impact (Supplementary File S4). Differential variants derived from pairwise comparisons based on contrasting virulence profiles led to the identification of 27, 38, and 40 candidates for AvrLr1, AvrLr15, and AvrLr24, respectively (Figure 5).



For Avr gene identification, there is no one-size-fits-all protocol as the exact mechanism underlying virulence acquisition is unknown and an Avr gene could be altered by any one or more of several diverse mechanisms such as amino acid mutation caused by SNPs and DNA segment deletion arising from CNVs. In pathogens of animals and plants, it has been shown that CNVs can be important contributors to pathogenic and phenotypic diversity such as virulence [29,59,60]. For example, CNVs at the Avr1a and Avr3a loci were detected among different strains of the oomycete Phytophthora sojae that were related to altered virulence and evasion of host immunity [61]. Given the significance of CNV in fungal pathogenicity, the present study integrated CNV analysis to complement our small genomic variants (SNPs and InDels) analysis for candidate avirulence gene mining.



The total CNVs detected across the Pt isolates ranged from 307 to 2235, and the median size of CNV was about 1800–2100 bp. Like SNP/InDel variation, the CNV statistics (Table 4) were distinct between the three clades in the phylogenetic tree. For example, for each clade from top to bottom (Figure 1A), the total CNV counts were about 2200, 300, and 1700, respectively and the percentages of bases of the reference genome were 7.5%, 1.7%, and 6.6%, respectively (Table 4). When SNP/InDel and CNV variations were inspected together (Table 2 and Table 4), the extend of CNV variation seemed to be correlated to the degree of SNP/InDel variation, both of which consistently showed distinct patterns between the clades of the phylogeny (Figure 1B). In contrast, a previous study on the genomic variation of wine yeast strains showed that although genetic diversity in the form of SNPs was low, CNV diversity was substantial and impacted on important biological functions associated with adaptation to the fermentation environment [30]. While this yeast study demonstrated that even when the SNP level is low, the CNV could be abundant, our study revealed substantial variation at both levels. Taken together, our and previous research have highlighted CNV as a substantial contributor to the genomic diversity, which warrants detailed examination independent of SNPs/InDels.



Out of the total CNVs identified, 44.8–50.2% CNVs spanned gene-encoding regions and 2.6–4.9% CNVs covered SP-encoding genes (Table 4). In total, 385–2039 genes were overlapped with CNVs per isolate. Although the total numbers and sizes of CNVs differed across the isolates, the percentage of CNVs overlapping either genes or SP genes was similar across the isolates (Table 4). For the identification of candidates for each Avr gene, within a comparison group CNVs were detected as differential when the copy number differed between avirulent and virulent isolates. For AvrLr1, AvrLr15, and AvrLr24, 14, 29, and 31 SP genes were identified as candidates, respectively (Supplementary File S6). Out of these CNV-derived candidates, only a couple overlapped with the SNP/InDel-derived candidates, which again implied that CNV could independently contribute to the genomic variations and thus should be integrated as an indispensable component for Avr gene mining. When the results from these two approaches were combined, the final number of candidates for AvrLr1, AvrLr15, and AvrLr24 expanded to 40, 64, and 69, respectively (Table 5).



Effectors can be localized in the apoplast, cytoplasm, and nucleus. The locations of candidate effectors can be predicted using LOCALIZER, which can predict the locations of chloroplasts, mitochondria, and nuclei, and ApoplastP, which can differentiate between apoplast and non-apoplast locations. For the 40, 64, and 69 candidate effectors for AvrLr1, AvrLr15, and AvrLr24, the locations of 17, 33, and 34 were predicted, respectively. It was also noted that for each Avr gene only one or two candidate effectors had predicted locations by both LOCALIZER and ApoplastP, conflicting with each other. These conflicting predictions were tagged as “Uncertain” (Supplementary File S7).



Based on the InterPro annotation, we further inspected the biological functions of the candidate avirulence genes Supplementary File S9). For example, the candidate GN104ID162_017346 for AvrLr24 was annotated with a Znf_TFIIS domain. TFIIS is a kind of eukaryotic transcription elongation factor that helps in synthesizing long RNAs [62]. GN104ID162_017346 was predicted as a nuclear effector by LOCALIZER, which was consistent with this functional annotation. GN104ID162_017346, identified by SNP/InDel, harbored three mutations: one SNP at position 920,126 and two frameshift insertions at positions 920,297 and 920,299 (Supplementary File S4). The two insertions only existed in the virulent isolate S547 in the four pairs (S467 vs. S547, S474 vs. S547, S521 vs. S547, and S576 vs. S547), which may account for the virulence of isolate S547. For the candidate avirulence genes identified in this study, all the annotation information generated (location, functional annotation, and effector probability) will facilitate biological validation studies in the future (Supplementary Files S8 and S9).



A limitation of this study that should be noted is that the isolate Pt104 on which the reference genome is based is virulent on Lr1, and the prediction of candidates for AvrLr1 assumes that AvrLr1 is only partially deleted in Pt104. In future studies, an isolate containing AvrLr1 will be sequenced using long-read sequencing technologies to build a new reference genome assembly to validate the candidates for AvrLr1.



Given the complexity of fungal genomes and the limited knowledge of the genetic mechanisms underlying the development of virulence in fungal pathogens, more and more integrated approaches have been developed for effector detection. One such integrated approach is to combine genome-wide association analysis with variant comparisons, such as our study on AvrLr20 mining [23], a previous study on AvrPm3 in powdery mildew [63], and a recent study using 30 Pst isolates derived from ethyl methanesulfonate mutagenesis [21]. Although these association analyses still focus on genomic variations at the level of SNPs and InDels, our study is the first to integrate the major type of structure variation, CNV, into comparative analysis at the genome-wide scale in a rust pathogen. This CNV approach yielded candidates showing low levels of overlap with those derived from SNP/InDel, which again demonstrated that CNV was a relatively independent layer of genomic variation that could contribute to rust pathogenicity as discussed previously. In summary, integrative approaches that combine multiple layers of data analysis may more accurately explore candidate avirulence genes in the obligate biotrophic fungus.








Supplementary Materials


The following are available online at https://www.mdpi.com/2073-4425/11/9/1107/s1, Supplementary File S1: The virulence/avirulence profiles of 12 isolates on the catalogued resistance genes; Supplementary File S2: Mapping information for the three RNA samples; Supplementary File S3: Predicted SP genes; Supplementary File S4: Single nucleotide polymorphism (SNP)/insertion/deletion (InDel) comparison within SP genes for AvrLr1, AvrLr15, and AvrLr24; Supplementary File S5: SNP/InDel comparison within candidate avirulence genes for AvrLr1, AvrLr15, and AvrLr24; Supplementary File S6: Copy number variation (CNV) comparison. Sheet 1: CNV comparison summary. Sheets 2–4, 5–7, and 8–10 are for AvrLr1, AvrLr15, and AvrLr24, respectively. Sheet 2/5/8: List of CNVs. Sheet 3/6/9: List of genes overlapped by CNVs. Sheet 4/7/10: List of SP genes overlapped by CNVs; Supplementary File S7: Summary of locations of candidate avirulence genes; Supplementary File S8: Annotations for candidate avirulence genes for AvrLr1, AvrLr15, and AvrLr24; Supplementary File S9: Annotations with InterPro details for candidate avirulence genes for AvrLr1, AvrLr15, and AvrLr24.





Author Contributions


L.S. analyzed the data and wrote the manuscript. J.Q.W. contributed to data analysis. C.M.D. conducted the experiment. R.F.P. identified all the pathotypes used and supervised the work. J.Q.W., C.M.D., and R.F.P. contributed to the manuscript. R.F.P. and J.Q.W. designed the experiment. All authors have read and agreed to the published version of the manuscript.




Funding


This work was funded by the Australian Grains Research Corporation (GRDC; 9175448) and USDA CSREES (2008–35600–04693).




Acknowledgments


This research was undertaken as part of a long running program on national cereal rust surveillance. The program has been hosted by the University of Sydney, since 1921, and since 1990, cofunded by the Australian Grains Research and Development Corporation, a statutory corporation founded in 1990 under the Primary Industries Research and Development Act 1989 and principally funded by a grower levy and Australian Government contributions. These sources had no further role in study design, data collection and analysis, decision to publish, or preparation of the manuscript. We would like to acknowledge the Sydney Informatics Hub at the University of Sydney for providing access to the High-Performance Computing cluster, Artemis. We would also like to thank Bernard Kirby, Leigh Burchat, Stephen Kolmann, Rosemarie Sadsad, Cali Willet, and Tracy Chew for their technical support.




Conflicts of Interest


The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.




References


	



Savary, S.; Willocquet, L.; Pethybridge, S.J.; Esker, P.; McRoberts, N.; Nelson, A. The global burden of pathogens and pests on major food crops. Nat. Ecol. Evol. 2019, 3, 430–439. [Google Scholar] [CrossRef] [PubMed]

	



Park, R.F. Breeding cereals for rust resistance in Australia. Plant Pathol. 2008, 57, 591–602. [Google Scholar] [CrossRef]

	



Bolton, M.D.; Kolmer, J.A.; Garvin, D.F. Wheat leaf rust caused by Puccinia triticina. Mol. Plant Pathol. 2008, 9, 563–575. [Google Scholar] [CrossRef] [PubMed]

	



Kolmer, J.A. Leaf Rust of Wheat: Pathogen Biology, Variation and Host Resistance. Forests 2013, 4, 70–84. [Google Scholar] [CrossRef]

	



Kolmer, J.A.; Hughes, M.E. Physiologic Specialization of Puccinia triticina on Wheat in the United States in 2014. Plant Dis. 2016, 100, 1768–1773. [Google Scholar] [CrossRef] [PubMed]

	



Flor, H.H. Current Status of the Gene-For-Gene Concept. Annu. Rev. Phytopathol. 1971, 9, 275–296. [Google Scholar] [CrossRef]

	



Jones, J.; Dangl, J.L. The plant immune system. Nature 2006, 444, 323–329. [Google Scholar] [CrossRef]

	



Dodds, P.N.; Lawrence, G.J.; Catanzariti, A.-M.; Teh, T.; Wang, C.-I.A.; Ayliffe, M.A.; Kobe, B.; Ellis, J.G. Direct protein interaction underlies gene-for-gene specificity and coevolution of the flax resistance genes and flax rust avirulence genes. Proc. Natl. Acad. Sci. USA 2006, 103, 8888–8893. [Google Scholar] [CrossRef]

	



Kim, H.-S.; Desveaux, D.; Singer, A.U.; Patel, P.; Sondek, J.; Dangl, J.L. The Pseudomonas syringae effector AvrRpt2 cleaves its C-terminally acylated target, RIN4, from Arabidopsis membranes to block RPM1 activation. Proc. Natl. Acad. Sci. USA 2005, 102, 6496–6501. [Google Scholar] [CrossRef]

	



Aktar-Uz-Zaman, M.; Tuhina-Khatun, M.; Hanafi, M.M.; Sahebi, M. Genetic analysis of rust resistance genes in global wheat cultivars: An overview. Biotechnol. Biotechnol. Equip. 2017, 31, 431–445. [Google Scholar] [CrossRef]

	



Prasad, P.; Savadi, S.; Bhardwaj, S.C.; Gangwar, O.P.; Kumar, S. Rust pathogen effectors: Perspectives in resistance breeding. Planta 2019, 250, 1–22. [Google Scholar] [CrossRef] [PubMed]

	



McIntosh, R.A.; Wellings, C.R.; Park, R.F. Wheat Rusts: An Atlas of Resistance Genes; CSIRO: Melbourne, Australia, 1995. [Google Scholar]

	



Huerta-Espino, J.; Singh, R.P.; German, S.; McCallum, B.D.; Park, R.F.; Chen, W.Q.; Bhardwaj, S.C.; Goyeau, H. Global status of wheat leaf rust caused by Puccinia triticina. Euphytica 2011, 179, 143–160. [Google Scholar] [CrossRef]

	



Zwer, P.; Park, R.F.; McIntosh, R. Wheat stem rust in Australia dash 1969–1985. Aust. J. Agric. Res. 1992, 43, 399–431. [Google Scholar] [CrossRef]

	



Park, R.F. Rust Fungi. In Encyclopedia of Microbiology, 2nd ed.; Academic Press: San Diego, CA, USA, 2000; pp. 195–211. [Google Scholar]

	



Park, R.F.; Burdon, J.J.; McIntosh, R.A. Studies on the origin, spread, and evolution of an important group of Puccinia recondita f. sp.tritici pathotypes in Australasia. Eur. J. Plant Pathol. 1995, 101, 613–622. [Google Scholar] [CrossRef]

	



Park, R.F.; Burdon, J.; Jahoor, A. Evidence for somatic hybridization in nature in Puccinia recondita f. sp. tritici, the leaf rust pathogen of wheat. Mycol. Res. 1999, 103, 715–723. [Google Scholar] [CrossRef]

	



Lorrain, C.; Dos Santos, K.C.G.; Germain, H.; Hecker, A.; Duplessis, S. Advances in understanding obligate biotrophy in rust fungi. New Phytol. 2019, 222, 1190–1206. [Google Scholar] [CrossRef]

	



Cantu, D.; Segovia, V.; MacLean, D.; Bayles, R.; Chen, X.; Kamoun, S.; Dubcovsky, J.; Saunders, D.G.O.; Uauy, C. Genome analyses of the wheat yellow (stripe) rust pathogen Puccinia striiformis f. sp. tritici reveal polymorphic and haustorial expressed secreted proteins as candidate effectors. BMC Genom. 2013, 14, 270. [Google Scholar] [CrossRef]

	



Kiran, K.; Rawal, H.C.; Dubey, H.; Jaswal, R.; Bhardwaj, S.C.; Prasad, P.; Pal, D.; Devanna, B.N.; Sharma, T.R. Dissection of genomic features and variations of three pathotypes of Puccinia striiformis through whole genome sequencing. Sci. Rep. 2017, 7, 42419. [Google Scholar] [CrossRef]

	



Li, Y.; Xia, C.; Wang, M.; Yin, C.; Chen, X. Whole-genome sequencing of Puccinia striiformis f. sp. tritici mutant isolates identifies avirulence gene candidates. BMC Genom. 2020, 21, 1–22. [Google Scholar] [CrossRef]

	



Upadhyaya, N.M.; Garnica, D.P.; Karaoglu, H.; Sperschneider, J.; Nemri, A.; Xu, B.; Mago, R.; Cuomo, C.A.; Rathjen, J.P.; Park, R.F.; et al. Comparative genomics of Australian isolates of the wheat stem rust pathogen Puccinia graminis f. sp. tritici reveals extensive polymorphism in candidate effector genes. Front. Plant Sci. 2015, 5, 759. [Google Scholar] [CrossRef]

	



Wu, J.Q.; Sakthikumar, S.; Dong, C.; Zhang, P.; Cuomo, C.A.; Park, R.F. Comparative Genomics Integrated with Association Analysis Identifies Candidate Effector Genes Corresponding to Lr20 in Phenotype-Paired Puccinia triticina Isolates from Australia. Front. Plant Sci. 2017, 8, 148. [Google Scholar] [CrossRef] [PubMed]

	



Bruce, M.; Neugebauer, K.A.; Joly, D.; Migeon, P.; Cuomo, C.A.; Wang, S.; Akhunov, E.; Bakkeren, G.; Kolmer, J.A.; Fellers, J.P. Using transcription of six Puccinia triticina races to identify the effective secretome during infection of wheat. Front. Plant Sci. 2014, 4, 520. [Google Scholar] [CrossRef] [PubMed]

	



Chen, J.; Upadhyaya, N.M.; Ortiz, D.; Sperschneider, J.; Li, F.; Bouton, C.R.; Breen, S.; Dong, C.M.; Xu, B.; Zhang, X.; et al. Loss of AvrSr50 by somatic exchange in stem rust leads to virulence for Sr50 resistance in wheat. Science 2017, 358, 1607–1610. [Google Scholar] [CrossRef] [PubMed]

	



Salcedo, A.; Rutter, W.; Wang, S.; Akhunov, A.; Bolus, S.; Chao, S.; Anderson, N.; De Soto, M.F.; Rouse, M.N.; Szabo, L.J.; et al. Variation in the AvrSr35 gene determines Sr35 resistance against wheat stem rust race Ug99. Science 2017, 358, 1604–1606. [Google Scholar] [CrossRef] [PubMed]

	



Wu, J.Q.; Dong, C.; Song, L.; Park, R.F. Long-Read–Based de novo Genome Assembly and Comparative Genomics of the Wheat Leaf Rust Pathogen Puccinia triticina Identifies Candidates for Three Avirulence Genes. Front. Genet. 2020, 11, 521. [Google Scholar] [CrossRef] [PubMed]

	



Chen, J.; Wu, J.; Zhang, P.; Dong, C.; Upadhyaya, N.M.; Zhou, Q.; Dodds, P.; Park, R.F. De Novo Genome Assembly and Comparative Genomics of the Barley Leaf Rust Pathogen Puccinia hordei Identifies Candidates for Three Avirulence Genes. G3 Genes Genomes Genet. 2019, 9, 3263–3271. [Google Scholar] [CrossRef] [PubMed]

	



Steenwyk, J.L.; Rokas, A. Copy Number Variation in Fungi and Its Implications for Wine Yeast Genetic Diversity and Adaptation. Front. Microbiol. 2018, 9, 288. [Google Scholar] [CrossRef]

	



Steenwyk, J.L.; Rokas, A. Extensive Copy Number Variation in Fermentation-Related Genes among Saccharomyces cerevisiae Wine Strains. G3 Genes Genomes Genet. 2017, 7, 1475–1485. [Google Scholar] [CrossRef]

	



Strope, P.K.; Skelly, D.A.; Kozmin, S.G.; Mahadevan, G.; Stone, E.A.; Magwene, P.M.; Dietrich, F.S.; McCusker, J.H. The 100-genomes strains, an S. cerevisiae resource that illuminates its natural phenotypic and genotypic variation and emergence as an opportunistic pathogen. Genome Res. 2015, 25, 762–774. [Google Scholar] [CrossRef]

	



Hartmann, F.E.; Croll, D. Distinct Trajectories of Massive Recent Gene Gains and Losses in Populations of a Microbial Eukaryotic Pathogen. Mol. Biol. Evol. 2017, 34, 2808–2822. [Google Scholar] [CrossRef]

	



Steenwyk, J.L.; Soghigian, J.S.; Perfect, J.R.; Gibbons, J.G. Copy number variation contributes to cryptic genetic variation in outbreak lineages of Cryptococcus gattii from the North American Pacific Northwest. BMC Genom. 2016, 17, 700. [Google Scholar] [CrossRef]

	



Schwessinger, B.; Rathjen, J.P. Extraction of High Molecular Weight DNA from Fungal Rust Spores for Long Read Sequencing. Adv. Struct. Saf. Stud. 2017, 1659, 49–57. [Google Scholar] [CrossRef]

	



Dobin, A.; Davis, C.A.; Schlesinger, F.; Drenkow, J.; Zaleski, C.; Jha, S.; Batut, P.; Chaisson, M.; Gingeras, T.R. STAR: Ultrafast universal RNA-seq aligner. Bioinformatics 2012, 29, 15–21. [Google Scholar] [CrossRef] [PubMed]

	



Liao, Y.; Smyth, G.K.; Shi, W. The R package Rsubread is easier, faster, cheaper and better for alignment and quantification of RNA sequencing reads. Nucleic Acids Res. 2019, 47, e47. [Google Scholar] [CrossRef] [PubMed]

	



Sperschneider, J.; Dodds, P.N.; Gardiner, D.M.; Singh, K.B.; Taylor, J.M. Improved prediction of fungal effector proteins from secretomes with EffectorP 2.0. Mol. Plant Pathol. 2018, 19, 2094–2110. [Google Scholar] [CrossRef] [PubMed]

	



Lechner, M.; Findeiss, S.; Mueller, L.; Marz, M.; Stadler, P.F.; Prohaska, S. Proteinortho: Detection of (Co-)orthologs in large-scale analysis. BMC Bioinform. 2011, 12, 124. [Google Scholar] [CrossRef] [PubMed]

	



Sperschneider, J.; Catanzariti, A.-M.; DeBoer, K.; Petre, B.; Gardiner, D.M.; Singh, K.B.; Dodds, P.N.; Taylor, J.M. LOCALIZER: Subcellular localization prediction of both plant and effector proteins in the plant cell. Sci. Rep. 2017, 7, 44598. [Google Scholar] [CrossRef]

	



Sperschneider, J.; Dodds, P.N.; Singh, K.B.; Taylor, J.M. ApoplastP: Prediction of effectors and plant proteins in the apoplast using machine learning. New Phytol. 2017, 217, 1764–1778. [Google Scholar] [CrossRef]

	



Andrews, S. FastQC: A Quality Control Tool for High Throughput Sequence Data. 2010. Available online: http://www.bioinformatics.babraham.ac.uk/projects/fastqc/ (accessed on 21 June 2020).

	



Bolger, A.M.; Lohse, M.; Usadel, B. Trimmomatic: A flexible trimmer for Illumina sequence data. Bioinformatics 2014, 30, 2114–2120. [Google Scholar] [CrossRef]

	



Li, H.; Durbin, R. Fast and accurate long-read alignment with Burrows–Wheeler transform. Bioinformatics 2010, 26, 589–595. [Google Scholar] [CrossRef]

	



Li, H.; Handsaker, B.; Wysoker, A.; Fennell, T.; Ruan, J.; Homer, N.; Marth, G.; Abecasis, G.; Durbin, R. The Sequence Alignment/Map format and SAMtools. Bioinformatics 2009, 25, 2078–2079. [Google Scholar] [CrossRef] [PubMed]

	



Quinlan, A.R.; Hall, I.M. BEDTools: A flexible suite of utilities for comparing genomic features. Bioinformatics 2010, 26, 841–842. [Google Scholar] [CrossRef] [PubMed]

	



McKenna, A.; Hanna, M.; Banks, E.; Sivachenko, A.; Cibulskis, K.; Kernytsky, A.; Garimella, K.; Altshuler, D.; Gabriel, S.; Daly, M.; et al. The Genome Analysis Toolkit: A MapReduce framework for analyzing next-generation DNA sequencing data. Genome Res. 2010, 20, 1297–1303. [Google Scholar] [CrossRef]

	



Van Der Auwera, G.A.; Carneiro, M.; Hartl, C.; Poplin, R.; Del Angel, G.; Levy-Moonshine, A.; Jordan, T.; Shakir, K.; Roazen, D.; Thibault, J.; et al. From FastQ Data to High-Confidence Variant Calls: The Genome Analysis Toolkit Best Practices Pipeline. Curr. Protoc. Bioinform. 2013, 43, 1–33. [Google Scholar] [CrossRef]

	



Poplin, R.; Ruano-Rubio, V.; De Pristo, M.A.; Fennell, T.J.; Carneiro, M.O.; Van der Auwera, G.A.; Kling, D.E.; Gauthier, L.D.; Levy-Moonshine, A.; Roazen, D.; et al. Scaling accurate genetic variant discovery to tens of thousands of samples. bioRxiv 2017, 201178. [Google Scholar] [CrossRef]

	



Garrison, E. Vcflib, a Simple C++ Library for Parsing and Manipulating VCF Files. 2016. Available online: https://github.com/vcflib/vcflib (accessed on 21 June 2020).

	



Gu, Z.; Eils, R.; Schlesner, M. Complex heatmaps reveal patterns and correlations in multidimensional genomic data. Bioinformatics 2016, 32, 2847–2849. [Google Scholar] [CrossRef]

	



Lee, T.-H.; Guo, H.; Wang, X.; Kim, C.; Paterson, A.H. SNPhylo: A pipeline to construct a phylogenetic tree from huge SNP data. BMC Genom. 2014, 15, 162. [Google Scholar] [CrossRef]

	



Yu, G.; Lam, T.T.-Y.; Zhu, H.; Guan, Y. Two Methods for Mapping and Visualizing Associated Data on Phylogeny Using Ggtree. Mol. Biol. Evol. 2018, 35, 3041–3043. [Google Scholar] [CrossRef]

	



Gu, Z.; Gu, L.; Eils, R.; Schlesner, M.; Brors, B. circlize implements and enhances circular visualization in R. Bioinformatics 2014, 30, 2811–2812. [Google Scholar] [CrossRef]

	



Obenchain, V.; Lawrence, M.; Carey, V.; Gogarten, S.M.; Shannon, P.; Morgan, M.T. VariantAnnotation: A Bioconductor package for exploration and annotation of genetic variants. Bioinformatics 2014, 30, 2076–2078. [Google Scholar] [CrossRef]

	



Lawrence, M.; Gentleman, R.; Carey, V. rtracklayer: An R package for interfacing with genome browsers. Bioinformatics 2009, 25, 1841–1842. [Google Scholar] [CrossRef] [PubMed]

	



Lawrence, M.; Huber, W.; Pagès, H.; Aboyoun, P.; Carlson, M.; Gentleman, R.; Morgan, M.T.; Carey, V.J. Software for Computing and Annotating Genomic Ranges. PLoS Comput. Biol. 2013, 9, e1003118. [Google Scholar] [CrossRef] [PubMed]

	



Klambauer, G.; Schwarzbauer, K.; Mayr, A.; Clevert, D.-A.; Mitterecker, A.; Bodenhofer, U.; Hochreiter, S. cn.MOPS: Mixture of Poissons for discovering copy number variations in next-generation sequencing data with a low false discovery rate. Nucleic Acids Res. 2012, 40, e69. [Google Scholar] [CrossRef] [PubMed]

	



Cuomo, C.A.; Bakkeren, G.; Khalil, H.B.; Panwar, V.; Joly, D.; Linning, R.; Sakthikumar, S.; Song, X.; Adiconis, X.; Fan, L.; et al. Comparative Analysis Highlights Variable Genome Content of Wheat Rusts and Divergence of the Mating Loci. G3 Genes Genomes Genet. 2017, 7, 361–376. [Google Scholar] [CrossRef] [PubMed]

	



Hu, G.; Wang, J.; Choi, J.; Jung, W.H.; Liu, I.; Litvintseva, A.P.; Bicanic, T.; Aurora, R.; Mitchell, T.G.; Perfect, J.R.; et al. Variation in chromosome copy number influences the virulence of Cryptococcus neoformans and occurs in isolates from AIDS patients. BMC Genom. 2011, 12, 526. [Google Scholar] [CrossRef]

	



Farrer, R.A.; Henk, D.A.; Garner, T.W.J.; Balloux, F.; Woodhams, D.C.; Fisher, M.C. Chromosomal Copy Number Variation, Selection and Uneven Rates of Recombination Reveal Cryptic Genome Diversity Linked to Pathogenicity. PLoS Genet. 2013, 9, e1003703. [Google Scholar] [CrossRef]

	



Qutob, D.; Tedman-Jones, J.; Dong, S.; Kuflu, K.; Pham, H.; Wang, Y.; Dou, D.; Kale, S.D.; Arredondo, F.D.; Tyler, B.M.; et al. Copy number variation and transcriptional polymorphisms of Phytophthora sojae RXLR effector genes Avr1a and Avr3a. PLoS ONE 2009, 4, e5066. [Google Scholar] [CrossRef]

	



Wind, M.; Reines, D. Transcription elongation factor SII. BioEssays 2000, 22, 327–336. [Google Scholar] [CrossRef]

	



Bourras, S.; Kunz, L.; Xue, M.; Praz, C.R.; Müller, M.C.; Kälin, C.; Schläfli, M.; Ackermann, P.; Flückiger, S.; Parlange, F.; et al. The AvrPm3-Pm3 effector-NLR interactions control both race-specific resistance and host-specificity of cereal mildews on wheat. Nat. Commun. 2019, 10, 2292. [Google Scholar] [CrossRef]








[image: Genes 11 01107 g001 550] 





Figure 1. Heatmap and dendrogram based on pathogenicity (virulence/avirulence) of 12 Puccinia triticina (Pt) isolates, and a phylogenetic tree based on the identified single nucleotide polymorphism (SNPs) across the 12 Pt isolates. (A) The dendrogram separates the 12 isolates into three distinct clades. (B) The phylogenetic tree also separates the 12 isolates into three clades, consistent with those of the dendrogram. The numbers shown on the tree branches are the percentage of bootstrap replicates (1000) supporting the cluster. 
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Figure 2. Genomic landscape of predicted genes, secreted proteins with detectable expression level, and genetic variations across 12 Pt isolates represented by the Circos plot of the top 48 contigs ranked by contig length (75.3% of the Pt104 genome). Tracks from outside to inside are: (1) contigs; (2)–(5) density of gene, secreted protein (SP), SNP (single-nucleotide polymorphism), and InDel (insertion or deletion) in nonoverlapping 100 kb windows. Each major tick on the contig track is for 1 Mb length. 
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Figure 3. Genomic landscape of detected CNVs (copy number variations) for Pt isolates S594, S625, S629, and S631, which comprised the four isolates used to identify candidates for AvrLr1. Tracks from outside to inside are: (1) contigs and (2)–(5) CNV locations for S594, S625, S629, and S631. The height of each point represents the related copy number value. Red/green/blue, respectively, indicates the copy number is greater than, equal to, and less than 2. Each major tick on the contig track is for 1 Mb length. 
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Figure 4. An illustration of a CNV detected at region 1,645,501–1,647,900 of contig 000008F. Isolate S547 (the red line) had the copy number 5 (copy number gain), and the other 11 isolates (grey lines) had the normal copy number 2. The candidate GN104ID162_006610 for AvrLr24 was identified by this CNV (Supplementary File S6). The x-axis represents the genomic position, and the y-axis represents (A–D) normalized read counts, read count ratios, local assessment scores, and CNV calls produced by the segmentation algorithm [57]. 
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Figure 5. Venn diagrams for candidate avirulence genes identified by SNP/InDel and CNV. (A–C) demonstrate the intersection of candidates derived from SNP/InDel multiple pairwise comparisons for AvrLr1 (27), AvrLr15 (38), and AvrLr24 (40), respectively. (D–F) demonstrate the final candidates combined from SNP/InDel comparison and CNV detection for AvrLr1 (40), AvrLr15 (64), and AvrLr24 (69), respectively. 
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Table 1. Mapping information for the 12 Puccinia triticina (Pt) isolates.






Table 1. Mapping information for the 12 Puccinia triticina (Pt) isolates.





	Isolate
	Total Reads (Quality Trimmed)
	Reads Mapped to Reference
	Percentage Mapped Reads
	Average Coverage Fold
	Percentage of Mapped Bases in Reference





	S365
	81,605,446
	75,995,860
	93.1%
	72.7
	98.2%



	S563
	72,359,456
	66,985,626
	92.6%
	62.5
	98.1%



	S467
	71,491,329
	66,285,859
	92.7%
	62.0
	99.4%



	S474
	66,268,039
	57,035,893
	86.1%
	53.6
	99.3%



	S521
	75,331,554
	62,273,511
	82.7%
	58.2
	99.3%



	S523
	75,802,433
	56,814,472
	75.0%
	54.5
	99.3%



	S547
	72,921,641
	63,758,642
	87.4%
	59.9
	99.3%



	S576
	69,188,369
	63,626,559
	92.0%
	59.1
	99.3%



	S594
	89,362,930
	80,982,321
	90.6%
	75.5
	97.8%



	S625
	69,718,296
	64,161,304
	92.0%
	60.5
	97.7%



	S629
	96,147,346
	87,921,703
	91.4%
	81.7
	97.9%



	S631
	78,547,125
	69,753,222
	88.8%
	65.5
	97.9%
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Table 2. Summary of small genomic variants in the 12 Pt isolates.
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	Isolate
	Total Variants
	SNP
	InDel
	Insertion
	Deletion
	Heterozygous SNP
	Heterozygous InDel
	Percentage of Heterozygosity





	S365
	686,935
	606,306
	80,629
	45,961
	34,668
	478,487
	39,772
	75.4%



	S563
	683,433
	603,530
	79,903
	45,531
	34,372
	478,208
	39,448
	75.7%



	S467
	529,092
	454,513
	74,579
	44,710
	29,869
	450,156
	38,851
	92.4%



	S474
	525,308
	451,414
	73,894
	44,211
	29,683
	446,808
	38,494
	92.4%



	S521
	529,110
	454,715
	74,395
	44,474
	29,921
	450,188
	38,884
	92.4%



	S523
	581,330
	505,061
	76,269
	45,163
	31,106
	500,500
	41,167
	93.2%



	S547
	529,291
	454,915
	74,376
	44,490
	29,886
	450,085
	38,905
	92.4%



	S576
	527,896
	453,762
	74,134
	44,379
	29,755
	449,108
	38,612
	92.4%



	S594
	558,307
	485,758
	72,549
	42,137
	30,412
	373,086
	31,204
	72.4%



	S625
	555,027
	483,220
	71,807
	41,651
	30,156
	372,931
	31,133
	72.8%



	S629
	560,570
	487,576
	72,994
	42,382
	30,612
	374,965
	31,388
	72.5%



	S631
	555,702
	483,678
	72,024
	41,857
	30,167
	372,691
	30,791
	72.6%
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Table 3. Summary of the functional impacts of small genomic variants in the 12 Pt isolates.
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	Isolate
	Coding Variants
	Percentage of Coding Variants
	Genes Covered
	Synonymous Variants
	Nonsynonymous Variants
	Frameshift Variants
	Nonsense Variants





	S365
	104,269
	15.2%
	17,989
	33,534
	60,875
	8136
	1724



	S563
	103,663
	15.2%
	17,938
	33,392
	60,528
	8036
	1707



	S467
	80,511
	15.2%
	15,681
	25,843
	45,740
	7734
	1194



	S474
	79,896
	15.2%
	15,597
	25,748
	45,298
	7634
	1216



	S521
	80,514
	15.2%
	15,682
	25,939
	45,630
	7747
	1198



	S523
	88,416
	15.2%
	16,834
	28,584
	50,655
	7788
	1389



	S547
	80,496
	15.2%
	15,686
	25,865
	45,737
	7688
	1206



	S576
	80,238
	15.2%
	15,655
	25,745
	45,635
	7647
	1211



	S594
	84,957
	15.2%
	15,567
	27,235
	48,775
	7521
	1426



	S625
	85,022
	15.3%
	15,575
	27,359
	48,694
	7543
	1426



	S629
	85,340
	15.2%
	15,628
	27,281
	49,085
	7544
	1430



	S631
	84,818
	15.3%
	15,560
	27,149
	48,727
	7516
	1426
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Table 4. Summary of copy number variations (CNVs) in the 12 Pt isolates.
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	Isolate
	CNV Count
	CNV Median Size (bp)
	CNV Total Size (bp)
	Percentage of Bases of Reference
	Overlapping-Gene CNVs
	Overlapping-SP Gene CNVs
	Affected Genes
	Affected SP Genes





	S365
	2231
	1800
	10,609,561
	7.5%
	1021
	59
	2039
	69



	S563
	2235
	1800
	10,507,349
	7.5%
	1018
	58
	2014
	67



	S467
	307
	2100
	2,381,715
	1.7%
	154
	13
	428
	18



	S474
	324
	2100
	2,342,069
	1.7%
	155
	12
	432
	17



	S521
	318
	2100
	2,202,295
	1.6%
	152
	12
	389
	16



	S523
	324
	1800
	1,997,415
	1.4%
	149
	10
	385
	16



	S547
	328
	2100
	2,418,223
	1.7%
	147
	16
	410
	24



	S576
	310
	2100
	2,247,015
	1.6%
	152
	13
	407
	18



	S594
	1713
	2100
	9,297,278
	6.6%
	819
	52
	1731
	63



	S625
	1692
	2100
	9,263,378
	6.6%
	824
	56
	1736
	68



	S629
	1688
	2100
	9,207,278
	6.6%
	804
	54
	1710
	66



	S631
	1704
	2100
	9,066,903
	6.5%
	807
	50
	1692
	61
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Table 5. Summary of candidates identified by single nucleotide polymorphism (SNP)/insertion/deletion (InDel) and CNV for AvrLr1, AvrLr15, and AvrLr24.






Table 5. Summary of candidates identified by single nucleotide polymorphism (SNP)/insertion/deletion (InDel) and CNV for AvrLr1, AvrLr15, and AvrLr24.





	Avr Gene
	SNP/InDel Candidates
	CNV Candidates
	Overlapped Candidates
	Final Candidates





	AvrLr1
	27
	14
	1
	40



	AvrLr15
	38
	29
	3
	64



	AvrLr24
	40
	31
	2
	69











© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).
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