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Abstract
Background Fungal plant disease outbreaks are increasing in both scale and frequency, posing severe threats to 
agroecosystem stability, native biodiversity and food security. Among these, the notorious wheat stem rust fungus, 
Puccinia graminis f.sp. tritici (Pgt), has threatened wheat production since the earliest days of agriculture. New 
Pgt strains continue to emerge and quickly spread over vast distances through the airborne dispersal of asexual 
urediniospores, triggering extensive disease outbreaks as these exotic Pgt strains often overcome resistance in 
dominant crop varieties of newly affected regions. This highlights the urgent need for a point-of-care, real-time Pgt 
genotyping platform to facilitate early detection of emerging Pgt strains.

Results In this study, we developed a simple amplicon-based re-sequencing platform for rapid genotyping of Pgt 
isolates. This system is built around a core set of 276 Pgt genes that we found are highly polymorphic between Pgt 
isolates and showed that the sequence of these genes alone could be used to accurately type Pgt strains to particular 
lineages. We also developed a simplistic DNA preparation method and an automated bioinformatic pipeline, to 
enable these Pgt gene markers to be sequenced and analysed rapidly using the MinION nanopore sequencing device. 
This approach successfully enabled the typing of Pgt strains within approximately 48 h of collecting Pgt-infected 
wheat samples, even in resource-limited locations in Kenya and Ethiopia. In addition, we incorporated monitoring 
capabilities for sequence variations in Pgt genes that encode targets of the azole and succinate dehydrogenase 
inhibitor fungicides, enabling real-time tracking of potential shifts in fungicide sensitivity.

Conclusion The newly developed Pgt Mobile And Real-time, PLant disEase (MARPLE) diagnostics platform we 
established, now allows precise typing of individual Pgt strains while simultaneously tracking changes in fungicide 
sensitivity, providing an early warning system for potential indicators of changes in the Pgt population and 
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Background
Fungal phytopathogens pose a significant threat to agro-
ecosystem stability, native biodiversity and food secu-
rity. In agriculture, every year fungal pathogens destroy 
10–23% of all major calorie and commodity crops, with a 
further 10–20% lost to fungal infection post-harvest [1]. 
Rapid and accurate diagnostics of disease-causing fungal 
agents is essential to enact appropriate control measures 
and limit the scale of disease outbreaks. Traditionally, this 
was achieved primarily through the direct observation of 
macro- and microscopic fungal structures [2]. However, 
these approaches can lack resolution and sensitivity, 
leading to a greater emphasis in modern times on emerg-
ing molecular detection tools. Since the first DNA-based 
molecular detection strategies for fungal pathogens were 
introduced in the late 20th century, a wide array of meth-
ods has been developed to increase the reproducibility, 
sensitivity and specificity of fungal disease diagnostics 
[3]. This includes standard polymerase chain reaction 
(PCR), real-time quantitative PCR, restriction fragment 
length polymorphism (RFLP), amplified fragment length 
polymorphism (AFLP), denaturing-gradient gel elec-
trophoresis (DGGE), and DNA-fingerprinting based on 
microsatellite and minisatellite DNA markers, among 
many others [4]. Due to their simplicity, PCR-based 
molecular markers remain widely employed in many 
laboratories for precise taxonomic classification and for 
analysing genetic variability between fungal strains. More 
recently, the demand for in-field instrumentation has 
driven the development of portable molecular diagnos-
tics tools, such as loop-mediated isothermal amplifica-
tion (LAMP), lateral flow assay (LFA) and recombinase 
polymerase amplification (RPA) [5]. These in-field appli-
cations have markedly accelerated the speed of molecular 
disease diagnostics.

Beyond species and strain definition, molecular diag-
nostic tools also play a crucial role in the rapid detection 
and monitoring of molecular mechanisms of antifun-
gal resistance. In susceptible crop cultivars, fungicides 
act as the main line of defence to inhibit or eradicate 
the growth of harmful fungi. However, many classes 
of antifungal agents are used extensively across agri-
cultural and clinical settings, leading to a global shift of 
fungal populations towards more resistant species and 
genera (e.g [6]). This includes azoles, which are the most 
widely used class of antifungal agents [7]. Azoles target 
the cytochrome 14-α demethylase (Cyp51) enzyme that 

is essential for ergosterol synthesis in fungi [8]. The most 
common resistance mechanism involves mutations in the 
CYP51 coding region that can result in inadequate bind-
ing of azoles to the Cyp51 enzyme [9]. Another growing 
class of antifungal agents are the succinate dehydroge-
nase inhibitors (SDHIs), that act to inhibit mitochondrial 
respiration [10]. Similarly, resistance to SDHIs tends to 
occur via mutation, leading to amino acid substitutions 
in the SDHB, SDHC, and SDHD subunits of the suc-
cinate dehydrogenase complex targeted by SDHIs [10]. 
The rapid nature of these molecular detection techniques 
permits much earlier intervention, which is critical to 
reducing yield losses and the spread of fungal pathogens.

As the molecular disease detection toolbox continues 
to expand, emerging genomic-based techniques have 
started to radically transform the speed, resolution and 
reproducibility of fungal disease diagnostic strategies 
[11]. For instance, amplicon-based and shotgun metage-
nomic approaches have already proved fruitful for soil-
borne pathogens that are particularly problematic to 
diagnose, including the genera Rhizoctonia spp., Fusar-
ium spp., Verticillium spp., which can cause 50–75% yield 
loss across many different crop species [12]. Genomic-
based techniques are also starting to transition from 
the research arena into frontline point-of-care (PoC) 
infectious disease diagnostics, supported by exponential 
growth in publicly available genomic data to guide spe-
cies and strain typing [11]. For instance, the portable, 
real-time MinION nanopore sequencer [13] is uniquely 
suited for PoC diagnostics, as first demonstrated for 
viruses using whole genome sequencing. Where deploy-
ment of the MinION sequencer helped in surveillance 
efforts for the Ebola virus in Guinea in 2014–2015 [14], 
Zika virus in Brazil in 2016 [15] and in diagnosing Cas-
sava mosaic virus in sub-Saharan Africa in 2017–2018 
[16], among others. Yet, applying similar whole-genome 
sequencing approaches directly to fungal pathogens, has 
proved challenging largely due to their vast genome sizes; 
typically, tens of thousands times larger than viruses [17]. 
This is further complicated by the obligate biotrophic 
lifestyle of many fungal plant pathogens, that are unable 
to be separated from their plant host that they depend 
on for survival [18]. To overcome these challenges, we 
previously devised a targeted re-sequencing approach 
that directly utilises infected plant material and focuses 
on PCR-amplification of a smaller subset of polymor-
phic pathogen genes for the wheat yellow (stripe) rust 

emerging fungicide resistance. Further integration of this Pgt MARPLE diagnostics platform into national surveillance 
programmes will support more informed management decisions and timely responses to Pgt disease outbreaks, 
helping reduce the devastating crop losses currently caused by this ‘cereal killer’.

Keywords Puccinia graminis f. sp. tritici, Wheat rusts, Disease diagnostics, Point-of-care, Disease surveillance, 
Nanopore sequencing, Fungicide resistance
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pathogen, Puccinia striiformis f. sp. tritici, Pst. When 
this smaller gene subset is sequenced on the MinION 
platform, these sequences alone are sufficient for typing 
individual genetic variants of Pst [19]. This new strategy, 
termed Mobile And Real-time PLant disEase (MARPLE) 
diagnostics, presents a framework for developing similar 
mobile, genomic-based, strain-level diagnostics strategies 
for other complex fungal pathogens.

In this study we focused on the causal agent of wheat 
stem rust (Puccinia graminis f. sp. tritici (Pgt)), which is 
the most damaging of the three wheat rust fungi [20]. 
We identified a core set of 276 Pgt genes that are highly 
polymorphic between Pgt strains and showed that the 
sequence of these genes alone could be used to accurately 
type Pgt strains to particular lineages. We also developed 
a simplistic DNA preparation method and automated 
bioinformatic pipeline to enable these Pgt gene markers 
to be sequenced using the MinION nanopore sequenc-
ing device directly in resource-limited locations. In addi-
tion, we built into this Pgt genotyping platform the ability 
to monitor sequence diversification in Pgt targets of the 
azole and SDHI fungicides. Thus, the Pgt MARPLE diag-
nostics platform we established can be used not only to 
accurately type individual Pgt strains, but also to simulta-
neously monitor for potential changes in fungicide sensi-
tivity that can be used to help better guide management 
decisions and limit the impact of Pgt disease outbreaks.

Methods
Population genetic analysis of global Pgt isolates
A set of 165 Pgt genomic and transcriptomic datasets 
were gathered from public repositories (Additional file 
1: Table S1 [21–26]). Each dataset was independently 
aligned to the Pgt reference genome (isolate CRL 75-36-
700-3 [27]), using default settings and the Burrows-
Wheeler Alignment (BWA), version 0.7.5 [28], or Star, 
version 2.5 [29] for genomic and transcriptomic datasets 
respectively. Following sequence alignment, each of the 
165 Pgt transcriptomic datasets were trimmed at splice 
junctions using the SplitNCigarReads tool in the Genome 
Analysis Toolkit (GATK), version 4.0 [30]. Single nucleo-
tide polymorphisms (SNPs) were identified using SAM-
tools version 0.1.19 [28] and those meeting a minimum 
depth of coverage (10x for genomic DNA and 20x for 
RNA-seq) were identified and used for downstream anal-
ysis as described previously [31]. Datasets were assessed 
to ensure a distribution of read counts for biallelic SNPs 
of 0.5 and at least 15% of gene sequences present using 
custom Python scripts [32]. The 86 datasets fulfilling 
these requirements were used for sequence alignments 
of the gene-coding regions of all genes with at least 60% 
breadth of coverage in at least 60% of the 86 samples 
(Additional file 1: Table S2). Phylogenetic trees were 
generated using an approximate maximum likelihood 

approach using FastTree version 2.1.9 [33] and visualised 
in iTol version 6 [34]. Subdivisions in the Pgt population 
were assessed by multivariate discriminant analysis of 
principal components (DAPC) implemented in the ade-
genet 2.1.1 package in the R environment [35]. A total of 
19,250 biallelic SNP sites that introduced a synonymous 
change in at least one isolate were used in the analysis, 
with the optimum number of clusters determined using 
the Bayesian information criterion (BIC).

Evaluation of Pst gene amplification
A detailed evaluation on the established Pst polymor-
phic gene set was conducted to determine characteristics 
that could inform Pgt marker gene selection. To this aim, 
a collection of datasets generated from 18 Pst-infected 
wheat samples that were produced using the established 
Pst MARPLE diagnostics methodology [19] were selected 
for analysis. This included 10 previously published data-
sets that were generated from amplification of the 242 
highly polymorphic Pst genes [19] and 8 newly gener-
ated datasets resulting from amplification of an expanded 
set of 384 polymorphic Pst genes [36] (Additional file 
1: Table S3). Each dataset was analysed using an auto-
mated MARPLE diagnostics pipeline [36] that included: 
(i) alignment to the Pst reference gene sets (isolate PST-
104E [37]) with BWA version 0.7.5 [28] (ii) variant call-
ing using SAMtools version 0.1.19 [38], (iii) generation of 
consensus gene sequences as described previously [31], 
(iv) sequence alignment, and (v) phylogenetic analysis 
using the GTRGAMMA model in RAxML version 8.2.12 
[39]. Sequence alignments for each Pst sample were 
interrogated to determine the number of genes with at 
least 10% breadth of coverage, that were then classified 
as successfully amplified. Association between successful 
gene amplification and gene length were examined using 
custom Python and R scripts [32].

Pgt marker gene selection
A total of 1,611 Pgt genes of 1–2 Kb in length and har-
bouring > 0.025 SNPs/base across the 86 Pgt isolates were 
selected from the Pgt reference genome for analysis (CRL 
75-36-700-3 [27]) (Additional file 1: Table S4). Consensus 
gene sequences were generated for each of the 86 global 
Pgt isolates by independently incorporating sequence 
variation for each Pgt isolate into the 1,611 Pgt genes as 
described previously [31]. Genes were extracted from 
this 1,611 gene set, that fulfilled the threshold of 0.10 to 
0.19 SNPs/bp at 0.005 increments across all 86 Pgt iso-
lates. In addition, for each SNPs/bp threshold six subsets 
of genes were randomly generated using a selection prob-
ability that was length-dependent and determined using:

 
P (chosen) = 0.2 − 0.6 × (L − 1500)

1000
; L ≥ 1kb
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After estimating the selection probability per gene, six 
gene subsets were randomly chosen that each comprised 
of approximately 60% of the total gene number at each 
SNPs/bp threshold. The consensus gene sequences of the 
seven gene lists per SNPs/bp threshold were then used 
to generate phylogenetic trees or cladograms using an 
approximate maximum likelihood approach with Fast-
Tree version 2.1.9 [33]. To assess bipartitions of Pgt iso-
lates at each SNPs/bp threshold the Robinson-Foulds 
metric was used [40]. This analysis enables an assessment 
of deviations in the distance between tree branches and 
was implemented using the TreeCMP software [41] with 
the RF distances halved [RF(0.5)] to determine changes in 
relation to the reference phylogeny.

Primer design and pooling strategy
Primers were designed for amplification of the 392 initial 
Pgt marker genes using Primer3 software [42] returning 
10,000 primer pairs between 15–30 base length, with an 
optimum annealing temperature of 60 oC. Primer anneal-
ing sites were assessed within 500 bases of the 5’ and 3’ 
ends of the gene coding region, with primers iteratively 
tested for specificity starting with those closest to the 
coding sequence, ensuring amplification of the entire 
gene while minimising redundant bases from the 500 bp 
padding regions. Primer pairs were further assessed 
to prevent non-specific amplification in the plant host 
(IWGSC RefSeq v2.1 [43]) and for conservation across a 
genetically diverse array of Pgt isolates: CRL 75-36-700-3 
[27], 99KS76A [44], 21 − 0, Ug99 [21] and UK-01 [23]. A 
custom Python script was used to identify and discard 
primer pairs with less than 3 mismatches with the plant 
host genome or more than 3 mismatches with any of the 
five Pgt reference genomes [32]. Following these criteria, 
a total of 276 primer pairs were successfully designed 
and allocated to four discrete primer pools using Prim-
erPooler v1.88 [45], which uses a ΔG cut-off of -7 kJ for 
prevention of dimer formation between primers in each 
pool.

Annotation of the 276 Pgt marker genes
The selected 276 Pgt gene sequences were extracted from 
the Pgt reference gene set (CRL 75-36-700-3 [27]) and 
chromosome locations determined in the chromosome-
level Pgt reference genome (isolate RKQCC [22]) through 
BLAST sequence similarity searches, with ≥ 95% match 
and > 1,000 bit-score [32]. Gene ontology (GO) term 
enrichment analysis was performed using GOATOOLS 
version 1.4.12 [46] with the GO-basic ontology, consider-
ing second-level terms and above, and a p-value cutoff for 
overrepresentation of < 0.05. Protein sequences of the 276 
Pgt genes were assessed for secretion signals using Sig-
nalP3 and default settings [47]. Transmembrane domain 
containing proteins and proteins with mitochondrial 

signal peptides were removed using TMHMM and Tar-
getP, respectively. The remaining 39 predicted secreted 
Pgt proteins were analysed using EffectorP 3.0 to identify 
potential cytoplasmic or apoplastic effectors [48].

Analysis of Pgt-infected field samples collected in Kenya 
and Ethiopia
Pgt-infected wheat leaf samples were collected in Tipis 
(Central rift region), Timau (Mt. Kenya region), Mau 
Narok (Central rift region) and Kithithina (Mt. Kenya 
region) in Kenya, and Alkaso, Meti, Waro Kolobo, Buyo 
Kecheme and Ambo in Ethiopia, and stored in RNAlater® 
to preserve nucleic acid integrity (Additional file 1: Table 
S5). Approximately 10–20 mg of leaf tissue was disrupted 
in 200 µL of lysis buffer [0.1 M Tris-HCl pH 7.5, 0.05 M 
ethylenediaminetetraacetic acid (EDTA) pH 8 and 1.25% 
sodium dodecyl sulphate (SDS)] using a micropestle. 
After settling at room temperature, 150 µL of superna-
tant was extracted, mixed with 360 µL of binding buffer 
PB (Qiagen, Manchester, UK) and DNA purified from 
solution using 30 µL of SeraSil-Mag™ 400 magnetic beads 
(Cytiva, Washington, USA). Following incubation for 
approximately 5 m on a magnetic rack, the clear super-
natant was discarded and remaining pellet washed twice 
with 80% ethanol. DNA was recovered using 30 µL of 
elution buffer EB (Qiagen, Manchester, UK). The 276 
polymorphic Pgt genes were amplified from each sam-
ple using multiplex PCR with the four primer pools and 
AmpliTaq Gold™ 360 Master Mix (Applied Biosystems, 
Massachusetts, USA). PCR conditions used were 95 oC 
for 10 m, 40 cycles of 95 oC for 15 s, 60 oC for 30 s, and 72 
oC for 3 m, and a final extension at 72 oC for 7 m. Result-
ing PCR products were purified using SeraSil-Mag™ 400 
magnetic beads (Cytiva, Washington, USA) as above. 
PCR amplicons were prepared for nanopore sequenc-
ing on the MinION device using the library preparation 
kit SQK-RBK114.24 (Oxford Nanopore Technologies, 
Oxford, UK), following the manufacturer’s instructions. 
Samples were barcoded and sequenced on the MinION 
Mk1B using Flow Cells FLO-MIN114 R10.4.1 (Oxford 
Nanopore Technologies, Oxford, UK) until at least 
250  million reads were generated per sample. Resulting 
datasets were basecalled using the MinKNOW software 
(Oxford Nanopore Technologies, Oxford, UK).

Bioinformatic analysis was implemented using a cus-
tom Snakemake [49] workflow [36]. This makes use of: 
(i) FastQC version 0.12.1 and Nanoq version 0.10 [50] 
for quality control and filtering of the nanopore reads, 
(ii) BWA version 0.7.18 [28] for sequence alignment, (iii) 
gffread version 0.12.7 [51] to identify gene locations in 
the reference genome annotations, (iv) SAMtools ver-
sion 1.20 [28] for read-mapping statistics, indexing the 
reference genomes and generating pileup information, 
and (v) FastTree version 2.1.11 [33] for generation of 
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phylogenetic trees. MultiQC version 1.23 [52] was incor-
porated into the Snakemake workflow to generate reports 
per sample that includes read quality and mapping sta-
tistics. All sequencing and bioinformatic analysis were 
performed locally on a 16’ PCSpecialist RECOIL® laptop 
(16-Thread Intel i7-11800; NVIDIA GeForce RTX 3080 
Max-Q; Wakefield, UK).

Integration of fungicide target genes into the Pgt MARPLE 
diagnostics platform
Fungicide target genes (Cyp51, SdhA, SdhB, SdhC and 
SdhD) were extracted from the annotated Pgt reference 
genome (isolate Pgt21-0 [21]). To identify conserved 
regions suitable for primer design, BLAST sequence 
similarity searches were conducted to identify the genes 
in the four additional Pgt reference genomes: CRL 75-36-
700-3 [27], 99KS76A [44], Ug99 [21], UK-01 [23]. Primers 
were designed using Primer3 software [42], with an opti-
mum annealing temperature of 60 oC. To generate DNA 
for initial testing of the PCR primers, Pgt infection assays 
were conducted. Three Pgt isolates (UK-01, UK-03 and 
UK-13) were used for inoculation of the hexaploid wheat 
(Triticum aestivum L.) varieties Siskin or Vuka, following 
methods described previously [53]. DNA was extracted 
from Pgt-infected leaf samples and each primer pair 
assessed using PCR conditions identical to those used to 
amplify the 276 polymorphic Pgt gene set. Subsequently, 
primers were incorporated into each of the four MAR-
PLE gene pools and amplification of the five fungicide 
target genes assessed by PCR using DNA extracted from 
wheat varieties Siskin or Vuka infected with Pgt isolates 
UK-03 or UK-13.

Non-synonymous mutations reported to impact fun-
gicide sensitivity in other fungal plant pathogens were 
identified through literature searches for Zymoseptoria 
tritici, Blumeria graminis f. sp. tritici, Puccinia triticina, 
Pyrenophora teres, and Phakopsora pachyrhizi (Addi-
tional file 1: Table S6) [54]. Amino acid sequence align-
ments were conducted with Pgt and the aforementioned 
pathogens for Cyp51 and the three SDH complex sub-
units (SdhB, SdhC and SdhD) that tend to harbour muta-
tions linked to fungicide resistance [10] using CLUSTAL 
W version 2.1 [55]. Custom Python scripts were devel-
oped to (i) highlight any analogous non-synonymous 
mutations in Pgt Cyp51, SdhB, SdhC and SdhD and (ii) 
search for any novel mutations across the five Pgt refer-
ence genomes (CRL 75-36-700-3 [27], 99KS76A [44], 
21 − 0, Ug99 [21] and UK-01 [23]). The scripts were devel-
oped to also account for variation between haplotypes 
for each fungicide target gene within the Pgt reference 
isolate 21 − 0 (Additional file 1: Table S7). Python scripts 
were incorporated into the Snakemake workflow in the 
Pgt MARPLE diagnostics pipeline [36].

Results
Global Pgt isolates are highly diverse and group into 12 
distinct genetic groups
To assess the genetic variation across available Pgt 
genomic and transcriptomic datasets we gathered a col-
lection of 165 global Pgt datasets for analysis (Fig.  1a). 
These included datasets derived from Pgt isolates col-
lected across 25 countries from 1926 to 2016 [21–26] 
(Additional file 1: Table S1). Following quality filtering, 
each dataset was aligned to the Pgt reference genome 
(CRL 75-36-700-3 [27]) with an average of 81.4% (S.D. 
±11.4%) of reads from genomic datasets and 70.2% (S.D. 
±21.2%) reads from transcriptomic datasets aligned 
(Additional file 1: Table S2). To ensure each dataset origi-
nated from a single Pgt genotype we determined the dis-
tribution of read counts for biallelic single nucleotide 
polymorphisms (SNPs); as Pgt is a dikaryon it is expected 
that SNPs will have a single mode at 0.5 in heterokary-
otic positions. This analysis highlighted 15 Pgt datasets 
with modes deviating from the normal distribution at 0.5 
that were removed from subsequent analyses (Additional 
file 1: Table S1 and Additional file 2: Fig. S1). We also 
removed an additional set of 46 Pgt datasets that lacked 
coverage for an average of 13,909 genes (S.D. ±2,344 
genes) out of a total of 16,309 predicted genes in the Pgt 
reference genome (CRL 75-36-700-3 [27]) (Additional 
file 3: Fig. S2).

To assess the genetic similarity between the remain-
ing 86 Pgt isolates we conducted phylogenetic analy-
sis and multivariate discriminant analysis of principal 
components (DAPC), with two Puccinia graminis f. sp. 
avenae (Pga) isolates included in the phylogeny as outli-
ers (Fig.  1b-c; Additional file 1: Table S1). In the DAPC 
analysis, a range of k-values from 3 to 15 were anal-
ysed (Additional file 4: Fig S3a), with assessment of the 
Bayesian Information Criterion (BIC) indicating k = 5 
as the optimum clustering solution, based on the low-
est associated BIC value (Fig.  1b; Additional file 4: Fig. 
S3b). However, we previously noted that when analys-
ing large, highly diverse rust pathogen populations using 
DAPC analysis, two iterations of DAPC were required; 
the first to resolve populations with high levels of genetic 
differentiation and the second to resolve lower levels of 
within-group variation present in the initial higher-level 
population clusters [19]. Following this strategy, we con-
ducted a second round of DAPC analysis on three of 
the initial population clusters that had more than 10 Pgt 
individuals to further investigate any additional within-
group genetic substructure. Assessment of the BIC val-
ues and cross-comparison with the phylogenetic analysis 
highlighted that the 3 initial population clusters could be 
further subdivided (Fig.  1b; Additional file 4: Fig. S3c); 
clusters 1 and 2 were subdivided into 3 further groups, 
and cluster 3 into 4 groups.
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Fig. 1 Pgt isolates collected across 25 countries are highly diverse, grouping into 12 distinct genetic groups. (A) Genomic and transcriptomic data were 
collated from 165 Pgt samples that were collected across 25 countries, with the largest number of Pgt samples originating from North America and Aus-
tralia. (B) A subset of 86 global Pgt isolates underwent multivariate discriminant analysis of principal components (DAPC), identifying 12 distinct genetic 
groups (labelled A-L). For this analysis, 19,250 biallelic single nucleotide polymorphism (SNP) sites were utilised. Initial DAPC analysis based on assessment 
of the Bayesian Information Criterion (BIC) separated the Pgt isolates into five major genetic clusters (1st). However, the high diversity of the global Pgt 
population limited resolution within groups with high within-group variation. A second DAPC analysis was thus performed on population groups with 
> 10 Pgt isolates (2nd) to improve clustering resolution. (C) The global Pgt population analysed consisted of 12 genetically distinct groups. Phylogenetic 
relationships were inferred using an approximate maximum-likelihood model based on 86 genomic or transcriptomic Pgt datasets, along with two Puc-
cinia graminis f. sp. avenae (Pga) genomic datasets used as an outgroup. Scale bar indicates the mean number of nucleotide substitutions per site

 



Page 7 of 18Savva et al. BMC Genomics          (2025) 26:327 

In the phylogeny, all Pgt isolates were separated 
between two major clades as reported previously [56], 
with further subdivisions coinciding with the 12 dis-
tinct global Pgt population clusters designated as genetic 
groups A – L (Fig. 1b-c). Pgt isolates also clustered largely 
based on year of emergence, with apparent examples of 
strain resurgence in modern times (Fig.  1c; Additional 
file 1: Table S1). For instance, genetic group K is mostly 
populated with Pgt isolates from 1980 to 1987, with two 
additional Pgt isolates collected in 2009 and 2015. We 
also noted that only two of the genetic groups (C and 
L) contained Pgt isolates collected in a single continent, 
with the largest group (C, 15 Pgt isolates) containing iso-
lates collected across Africa in Ethiopia, Uganda, South 
Africa, Kenya, Eritrea, Tanzania and Ethiopia between 
1972 and 2014 [21, 22]. This included Pgt isolates from 
the Pgt Ug99 race group [21]. The remaining 9 genetic 
groups contained Pgt isolates that were collected across 
continental boundaries, with the largest of these genetic 
groups (A, 18 Pgt isolates) including Pgt isolates col-
lected over a 60-year period from 1954 to 2014 in Aus-
tralia, Czechia, South Africa, Ethiopia and Kenya. The 
earliest Pgt isolates included in the analysis were con-
tained in genetic group D, that contained Pgt isolates 
from Australia, USA and Zimbabwe, collected from 1926 
(Australia Pgt isolate 126–6711) to 2006 (USA Pgt iso-
late 06ND76C). Overall, this analysis indicates that this 
collection of global Pgt isolates is highly diverse, with 
genetically related Pgt isolates also highly geographically 
dispersed.

A subset of highly polymorphic genes can be used to 
define Pgt lineages
To reduce the amount of data generated per Pgt isolate, 
and thereby make it suited for amplicon-based sequenc-
ing on the MinION nanopore sequencing device, we set 
out to identify a subset of highly polymorphic Pgt genes 
that could be used to distinguish Pgt lineages in the phy-
logeny. A similar approach had been used previously 
to select a subset of polymorphic Pst genes suitable for 
amplicon-based nanopore sequencing [19] that were sub-
sequently expanded [36]. Thus, we decided to conduct an 
evaluation on the established Pst polymorphic gene set 
to determine if any information could be gained to better 
guide Pgt gene selection. We examined 18 amplicon data-
sets generated from two available Pst marker gene sets: 
(i) 10 from the original 242 Pst marker genes [19], and (ii) 
8 from an expanded and updated set of 384 Pst marker 
genes [36]. We found that on average 36% (S.D. ±12.0%) 
of Pst genes lacked coverage in the MinION datasets gen-
erated (Fig.  2a; Additional file 1: Table S3). In addition, 
we noted that Pst genes of > 2 kb in length were under-
represented in datasets following MinION sequenc-
ing (Fig.  2a). This indicates that a minimum of 40% 

redundancy and maximum gene length of 2 kb would be 
advantageous to consider when selecting genes for inclu-
sion in the Pgt marker gene set.

To identify subsets of highly polymorphic Pgt genes 
that could be used to define Pgt isolates into the lineages 
in the phylogeny, we selected a total of 1,611 Pgt genes 
that were between 1 and 2 kb in length and had a mini-
mum of 0.025 SNPs/bp variation between the 86 Pgt iso-
lates, for comparative analysis (Additional file 1: Table 
S4). For each of the 86 global Pgt isolates we generated 
consensus gene sequences by independently incorporat-
ing sequence variation for each Pgt isolate into the 1,611 
Pgt genes. We selected subsets of genes from the 1,611 
genes with an average minimum of 0.10 to 0.19 SNPs/bp 
at 0.005 increments across all 86 Pgt isolates, which rep-
resented 767 to 90 polymorphic genes (Fig. 2b). We also 
randomly selected subsets of approximately 60% of genes 
at each SNPs/bp threshold per Pgt isolate to account for 
the potential for a 40% failure rate in amplification and/or 
sequencing as observed with Pst (Fig.  2b). Phylogenetic 
trees were generated using these gene subsets and com-
pared to phylogenies generated using the full gene set at 
each SNPs/bp threshold (Additional file 5: Fig. S4). To 
assess deviation between phylogenies generated using the 
gene subsets and full gene sets we analysed the biparti-
tions of the branches separating the Pgt isolates using the 
Robinson-Foulds (RF) distance [40]. This analysis indi-
cated that the lowest RF value was between 0.12 and 0.13 
SNPs/bp, resulting in selection of 392 highly polymor-
phic Pgt genes (Fig. 2c).

Sequences of 276 highly polymorphic Pgt genes are 
sufficient for distinguishing Pgt lineages
To generate amplicons for re-sequencing on the MinION 
platform, we set out to design primers for amplification 
of the 392 highly polymorphic Pgt genes (Fig. 3a). Primer 
sequences were assessed in silico for sequence conser-
vation across a series of genetically diverse Pgt isolates 
where genome assemblies are publicly available. This 
included: (i) Pgt isolate CRL-75-36-700-3 that was used 
as the reference genome and was collected in Pennsylva-
nia (USA) in 1975 (pathotype SCCL [27]), (ii) Pgt isolate 
21–0 that originated from Australia [21]), (iii) Pgt isolate 
UK-01 that was collected in the UK in 2013 (pathotype 
TKTTF [23]), (iii) Pgt isolate 99KS76A-1 collected in 
Kansas (USA) in 1999 (pathotype RKQQC [44]), and (v) a 
Pgt isolate belonging to the Ug99 race group collected in 
Uganda in 1999 (pathotype TTKSK [21]). To also evaluate 
the potential for non-specific amplification of host plant 
DNA, primer specificity was checked against the Chinese 
Spring wheat genome (IWGSC RefSeq v2.1 [43]). This led 
to robust primers being successfully designed for a total 
of 276 highly polymorphic Pgt genes (Additional file 1: 
Table S8). The resulting 276 Pgt gene set was then used 
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to reconstruct the Pgt phylogeny, including RF analysis 
at a 40% potential failure rate (Figs.  2c and 3b). These 
results confirmed that 276 highly polymorphic Pgt genes 
were sufficient to reconstruct the topology of the full Pgt 
phylogeny, even when only approximately 60% of gene 
sequences are included.

The selected 276 Pgt genes are evenly distributed in the 
Pgt genome and largely encode proteins with unknown 
function
To assess the distribution of the 276 highly polymor-
phic genes across the Pgt genome, we examined their 
physical location in the available ~ 180 Mb chromosome-
level haplotype resolved Pgt reference genome (iso-
late RKQCC [22]). This analysis indicated that the 276 
Pgt genes were distributed across all 36 chromosomes, 
with an average of 7 genes per chromosome (Fig.  4a). 

Fig. 2 A subset of 276 Pgt genes, ranging from 1 to 2 Kb in length and exhibiting 0.125–0.130 SNPs/bp, can be used to accurately define Pgt lineages. 
(A) Data obtained from amplicon re-sequencing of Puccinia striiformis f. sp. tritici (Pst) genes revealed an average amplification success rate of over 60%, 
which decreased inversely with gene length. A total of 18 Pst amplicon datasets were evaluated from two available Pst marker gene sets: (i) 10 from the 
original set of 242 Pst marker genes [19], and (ii) 8 from an expanded and updated set of 384 Pst marker genes [36]. Purple line and shading indicates mean 
percentage and standard deviation of the gene amplified. (B) Analyses was conducted on the number of genes, length of genes and coding sequences 
(CDS) and number of CDS variants for Pgt genes at varying SNPs/bp thresholds. A total of 1,611 Pgt genes, ranging from 1 and 2 kb in length and exhibit-
ing a minimum of 0.025 SNPs/bp variation between the 86 Pgt isolates, were selected for comparative analysis. Additionally, six subsets (Subsets 1–6) 
comprising of genes with a 60% mean probability of being included for each SNPs/bp threshold per Pgt isolate were randomly chosen and analysed to 
account for the potential 40% failure rate in amplification and/or sequencing observed in the Pst analysis. (C) Assessment of the Robinson-Foulds (RF) 
distance for comparing diversity between phylogenetic trees, indicated the lowest RF value ranged from 0.12 to 0.13 SNPs/bp. RF distance analysis was 
performed between the phylogenetic tree including 100% of the genes and the six trees with gene subsets at each SNP/bp threshold. The smallest differ-
ence was observed in the 0.125–0.130 SNPs/bp sets, which included 392 genes, of which 276 were successfully amplified (referred to as “genes selected”)
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We identified 9 genes that had > 99% identity and a bit-
score > 1,000, in their matching haplotype chromosomes 
(E and F) and one gene that appeared in two unrelated 
haplotype chromosomes (chromosomes 9E and 4  F), 
potentially indicating a recent gene duplication (Fig. 4a). 
The largest number of genes (20 genes) were found on 
the largest 6.64  Mb chromosome (number 1). Chromo-
some 11 harboured genes with the highest level of over-
all diversity between Pgt isolates, exhibiting an average 
of 0.21 SNPs/bp (S.D. ± 0.075 SNPs/bp). Overall, this 

analysis indicates that the selected 276 polymorphic Pgt 
marker genes are well distributed across the Pgt genome.

To assess the biological processes associated with the 
selected 276 Pgt genes, we assigned gene ontology (GO) 
terms to each corresponding protein. A total of 89 of the 
corresponding proteins could be annotated with second-
level GO terms, that included nine molecular functions 
(GO:0003824, GO:0140657, GO:0005488, GO:0003774, 
GO:0060090, GO:0098772, GO:0005198, GO:0140110 
and GO:0005215), two cellular functions (GO:0110165 
and GO:0032991), and six biological processes 

Fig. 3 A collection of 276 highly polymorphic Pgt genes is sufficient to accurately reconstruct the phylogeny generated using the complete set of 1,611 
polymorphic Pgt genes. (A) Primers were successfully designed for 276 highly polymorphic Pgt genes for use in the Pgt MARPLE diagnostics platform. 
Starting with an initial pool of 1,611 Pgt genes (ranging from 1 to 2 kb in length, with a minimum of 0.025 SNPs/bp), a set of 392 highly polymorphic Pgt 
genes was selected and assessed for conservation across Pgt isolates and specificity, resulting in successfully designed primers for 276 of these Pgt genes. 
(B) The topology of the Pgt phylogeny was consistent whether constructed using the initial 1,611 Pgt genes, the 276 highly polymorphic Pgt genes, or a 
subset that accounted for a potential 40% failure rate in amplification and/or sequencing. Cladograms were generated using 86 Pgt isolates and an ap-
proximate maximum-likelihood model
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(GO:0065007, GO:0009987, GO:0098754, GO:0051179, 
GO0008152 and GO:0050896) (Additional file 6: Fig. S5 
and Additional file 1: Table S9). We also compared GO 
terms assigned to the 276 Pgt proteins and the remaining 
Pgt proteome, which highlighted a high level of enrich-
ment in GO:0016787 (hydrolase activity) (p-value > 0.05) 
(Fig.  4b) [46]. We noted that 68% of the 276 Pgt genes 
encoded proteins with unknown function, which is a 
common feature of pathogen effector proteins that typi-
cally lack sequence similarity to known proteins [57]. To 
explore if any of the 276 Pgt marker genes could encode 
putative effector proteins, we examined each protein for 
a predicted secretion signal (Additional file 1: Table S10). 
This analysis identified 39 predicted secreted proteins, 
with 28% (11 out of 39) of these proteins predicted to 
harbour hydrolase activity. We then used machine learn-
ing to determine if any of these 39 secreted proteins were 
predicted as putative cytoplasmic or apoplastic effectors 

[48], finding one protein predicted to function as an apo-
plastic effector protein and nine as cytoplasmic effector 
proteins, with one of the putative cytoplasmic effectors 
predicted as dual localised (Fig.  4c). Overall, this indi-
cates that very few of the 276 highly polymorphic genes 
selected as markers encode proteins with a currently 
identifiable predicted function.

MARPLE diagnostics can be used to rapidly assign Pgt-
infected samples to known Pgt race groups in Kenya and 
Ethiopia
To determine whether the 276 highly polymorphic Pgt 
marker genes are sufficient for genotyping unknown Pgt 
field samples in resource-limited locations we conducted 
a pilot study to assess the markers on Pgt-infected wheat 
samples collected in Kenya (5 samples) and Ethiopia 
(7 samples) (Additional file 1: Table S5). First, to gener-
ate an appropriate set of reference Pgt isolates for typing 

Fig. 4 Annotation of 276 highly polymorphic Pgt genes showed uniform distribution across the Pgt genome, with proteins primarily enriched for hy-
drolase activity and few predicted effector proteins. (A) The selected 276 Pgt genes were distributed across all chromosomes (indicated by pink marks in 
the outer panel), showing no clustering based on average SNP/bp content for each gene (as represented in the inner colour-scaled panel). The physical 
location of the 276 highly polymorphic genes was examined across the ~ 180 Mb chromosome-level haplotype resolved Pgt reference genome (isolate 
RKQCC [22]). Lines connecting the chromosomes indicate locations of gene variants; E and F, haplotype chromosomes. (B) Gene Ontology (GO) enrich-
ment analysis of the corresponding 276 predicted proteins indicated significant enrichment for hydrolase activity (GO:0016787) among the 89 annotated 
proteins. (C) Among the 276 Pgt genes, 39 encoded predicted secreted proteins, including one predicted to act as an apoplastic effector protein and nine 
as cytoplasmic effector proteins, with one of the putative cytoplasmic effectors predicted as dual localised. Protein sequences of the 276 Pgt genes were 
assessed for secretion signals using SignalP3 and default settings [47], with transmembrane domain containing proteins and proteins with mitochondrial 
signal peptides removed using TMHMM and TargetP, respectively. The 39 putative secreted Pgt proteins were analysed for predicted localisation using 
EffectorP 3.0 [48]
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unknown Pgt isolates, we expanded our initial collection 
of 86 Pgt isolates to include publicly available datasets 
from an additional 16 Pgt isolates that had previously 
been typed to 9 major Pgt race groups, termed Clades 
I, II, III, IV, VI-A, VI-B, VI-C, VII, IX (Additional file 1: 
Table S11) [22]. Pgt-infected wheat samples were col-
lected from fields in Kenya and Ethiopia in the 2022-23 
wheat season and DNA extracted using a simple mag-
netic-bead-based extraction and purification method 
suited for use in resource-limited regions. Primers to 
amplify the 276 Pgt marker genes were then assembled 
into 4 pools to considerably reduce the number of PCR 
reactions required (Additional file 1: Table S8). Fol-
lowing PCR on a simple miniPCR machine, the result-
ing amplicons were purified and prepared for nanopore 
sequencing. Following basecalling, resulting datasets 
were analysed locally using a custom Snakemake data 
analysis workflow that includes extensive parallelisation 
[36] (Fig. 5). Implementation of this automated workflow 
resulted in MultiQC quality reports and phylogenetic 
trees being generated in less than 30  min in Kenya and 

Ethiopia, compared to approximately 20 h for the previ-
ous Pst MARPLE workflow [19].

To determine the efficiency of gene amplification for 
each Pgt field sample, we investigated the results within 
the inbuilt MultiQC report. This analysis indicated that 
all Pgt-infected samples surpassed the minimum 60% 
threshold of genes amplified and demonstrated a well-
distributed amplification of genes across each primer 
pool: average amplification of genes in pool 1 80% (S.D. 
8%), pool 2 81% (S.D. 6%), pool 3 76% (S.D. 8%) and pool 
4 74% (S.D. 8%) (Additional file 7: Fig. S6). Phylogenetic 
analysis to compare the unknown Pgt-infected field sam-
ples to known Pgt representative isolates, confirmed all 
unknown Pgt samples belonged to race groups previously 
recognised as present East Africa (Fig.  6). For instance, 
Pgt samples collected in Kenya grouped in the phylog-
eny with Pgt isolates previously assigned to “Clade I”, 
which contains the Ug99 race group that is known to be 
the dominant race group in the region [21]. Overall, this 
analysis confirmed that the 276 highly polymorphic Pgt 
marker genes were sufficient for accurately genotyping 
unknown Pgt samples and that the MARPLE diagnostics 

Fig. 5 Overview of the Pgt MARPLE diagnostics bioinformatics Snakemake workflow. A schematic of the Snakemake workflow developed for the Pgt 
MARPLE diagnostics platform, which produces two primary outputs: (i) a phylogenetic tree and (ii) a MultiQC report. Red circles, numbered sources indi-
cating data incorporated into the MultiQC report
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pipeline could be successfully executed in resource-lim-
ited regions.

Incorporating fungicide target genes into the Pgt MARPLE 
diagnostics platform
To expand the utility of the Pgt MARPLE diagnos-
tics platform during disease emergencies we decided 
to include the ability to rapidly identify mutations in 

known fungicide target genes that could be indicative of 
decreases in fungicide sensitivity. Orthologous sequences 
for Cyp51, SdhA, SdhB, SdhC and SdhD were extracted 
from the Pgt reference genome (isolate 21 − 0 [21]; Addi-
tional file 1: Table S7). As above, in silico analysis was 
conducted to design primers in regions conserved across 
the five Pgt reference genomes (CRL 75-36-700-3 [27], 
99KS76A [44], 21 − 0, Ug99 [21], and UK-01 [23]), which 

Fig. 6 Genetic analysis of Pgt-infected field samples from Kenya and Ethiopia demonstrated close genetic relationships with Pgt representative isolates 
previously identified in East Africa. The Pgt MARPLE diagnostics platform was applied to Pgt-infected field samples in Kenya (5 samples) and Ethiopia (7 
samples) to generate sequence data for the selected 276 highly polymorphic Pgt genes. The cladogram depicts evolutionary relationships inferred using 
an approximate maximum-likelihood model based on 102 genomic or transcriptomic Pgt datasets, which included 16 previously typed Pgt representative 
isolates classified into 9 major Pgt race groups, along with the 12 Pgt samples from Kenya and Ethiopia
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were also not predicted to amplify in the wheat reference 
genome (IWGSC RefSeq v2.1 [43]). PCR reactions were 
conducted on DNA extracted from wheat infected with 
three Pgt isolates (UK-01, UK-03 and UK-13), confirm-
ing that the five primer pairs could successfully amplify 
all five target genes (Additional file 8: Fig. S7). To incor-
porate the primers into the Pgt MARPLE diagnostics sys-
tem, all primer pairs were initially integrated into primer 
pool 3 for analysis. The efficiency of gene amplification 
was assessed using DNA extracted from wheat material 
infected with Pgt isolates UK-03 and UK-13. Following 
gene sequencing, the average breadth of coverage was 
determined for each of the five genes with Cyp51 (100%, 
S.D. 0%), SdhB (100%, S.D. 0%) and SdhD (99%, S.D. 1%) 
achieving near-complete coverage (Fig.  7a). However, 
SdhA and SdhC had much lower breadths of coverage, 
20% (S.D. 20%) and 46% (S.D. 45%), respectively. There-
fore, we decided to assess the efficiency of the SdhA and 
SdhC primer pairs in each of the remaining 3 primer 
pools, independently and in combination. This analysis 
indicated that near-complete breadth of coverage could 
be achieved when the SdhA primer pair was incorporated 
singly into pool 1 (98%, S.D. 0%) and primers for SdhC 
in pools 1, 2 or 4 (singly 100%, S.D. 0% for each pool) 
(Fig.  7a). Thus, primers for amplification of SdhA were 
incorporated into primer pool 1, Cyp51, SdhB and SdhD 
into pool 3 and SdhC into pool 4 within the Pgt MARPLE 
diagnostics system (Additional file 1: Table S8).

As multiple fungal species also frequently gain the 
same mutation in response to the same chemical treat-
ment [2], we collated information on known mutations in 
Cyp51, SdhB, SdhC and SdhD from Zymoseptoria tritici, 
Blumeria graminis f. sp. tritici, Puccinia triticina, Pst, 
Pyrenophora teres, and Phakopsora pachyrhizi (Addi-
tional file 1: Table S6) (Fig. 7b). For the wheat rusts, this 
includes the only currently reported non-synonymous 
mutation in Cyp51 (Y134F) identified in P. triticina and 
Pst and the SdhC I85V mutation identified in Pst [54, 
58]. This information was then incorporated into the 
MARPLE diagnostics Snakemake workflow to enable any 
analogous known mutations to be highlighted when pro-
cessing Pgt-infected samples, alongside novel non-synon-
ymous mutations that may be identified from alignment 
to the Pgt reference genes from Pgt isolate 21 − 0 [21] 
(Fig. 5; Additional file 9: Fig. S8).

Discussion
Fungal plant disease outbreaks are increasing in scale and 
frequency, with recurrent Pgt epidemics capable of reduc-
ing wheat harvests by 10–70% annually across the globe 
[59]. Like other rust fungi, new Pgt strains are constantly 
emerging, and can rapidly disperse over vast distances via 
airborne dispersal of asexual urediniospores. This facili-
tates transmission of Pgt strains between regions, which 

can lead to widespread disease outbreaks as exotic Pgt 
strains often overcome resistance in dominant crop vari-
eties in the new region [20]. For example, Ethiopia is the 
largest wheat producing country in Sub-Saharan Africa, 
and in the 2013–2014 wheat season the country suffered 
a devastating Pgt outbreak caused by influx of a ‘new’ Pgt 
race. The epidemic developed rapidly, resulting in yield 
losses of nearly 100% on the most widely grown wheat 
cultivar (Digalu), with national wheat production losses 
of at least 15% [60]. In other global regions, changes in 
agronomic practices and climate change are also impact-
ing Pgt geographic distribution [53]. For instance, Pgt 
began to re-emerge in western Europe in 2013 and is now 
considered a burgeoning risk to wheat production in the 
region due to the high level of wheat vulnerability [61]; 
over 96% of UK wheat varieties were recently shown to 
be susceptible to Pgt infection [53]. Furthermore, the 
geographic distribution of the notorious Pgt race termed 
‘Ug99’ also recently shifted, being reported in Nepal in 
2023 [62]. Thus, there is an urgent need to develop a PoC, 
real-time Pgt genotyping platform that would enable 
early detection of newly emerging Pgt isolates.

To address this need, we developed a simplistic ampli-
con-based genotyping strategy to rapidly type indi-
vidual Pgt strains using the portable MinION nanopore 
sequencing device. Following comparative genomic anal-
ysis of 86 global Pgt isolates, we identified a core set of 
276 highly variable genes that we showed are informa-
tive for distinguishing individual Pgt lineages, even at a 
40% failure rate in amplification. Annotation of these 
276 genes indicated that 32% encode proteins with a 
known function, and revealed significant enrichment 
for proteins with hydrolase activity, when compared to 
the remaining Pgt proteome. Hydrolase activity was also 
common (28%) among proteins within this set that are 
predicted to encode secreted proteins. Plant pathogens 
secrete an array of hydrolytic enzymes during infec-
tion, that can act as virulence factors. For instance, serv-
ing a critical role in breaching the host cell wall, which 
acts as the main physical barrier against microbial attack 
[63]. Fungal peptidases also exhibit hydrolytic activity 
and can alter or deactivate protein components of the 
host defense machinery, ultimately suppressing defense 
responses [64]. This can result in significant nucleotide 
variability, as observed among genes encoding secreted 
peptidases in the fungal wheat pathogen Zymosepto-
ria tritici [64]. We also noted a higher proportion of 
genes predicted to encode secreted proteins among the 
selected 276 Pgt gene set (14%), than represented in the 
full Pgt proteome (6% [27]). This likely reflects the greater 
sequence variation found among Pgt genes that encode 
proteins with a virulence function.

In addition to increased virulence, sequence diver-
sification can also play a significant role in the decline 
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of fungicide sensitivity reported in many pathogenic 
fungi. Over time, environmental exposure to fungicides 
can result in resistance developing through mutations 
in genes encoding fungicide targets, overexpression 
or duplication of these target genes, overexpression 
of linked transporters encoding efflux pumps and/or 

epigenetic changes altering gene expression, among oth-
ers [65]. Traditionally, identifying resistant individuals 
relied solely on lengthy bioassays that provided detailed 
analysis of resistance levels. However, rapid molecular 
detection methods are now increasingly being used to 
identify alleles of target genes associated with resistance, 

Fig. 7 Optimising the pooling strategy for amplification of fungicide target genes in Pgt and highlighting resistance-associated mutations from other 
pathosystems for assessment in the MARPLE diagnostics platform. (A) To optimise amplification of the Pgt fungicide target genes (Cyp51, SdhA, SdhB, SdhC 
and SdhD), primer pairs were distributed across the four MARPLE diagnostics primer pools accordingly. Trials were conducted using DNA extracted from 
wheat material infected with Pgt isolates UK-03 and UK-13. Following gene sequencing, the average breadth of coverage was determined for each of the 
five genes, with the optimum breadth of coverage achieved when primers to amplify SdhA were added singly to pool 1, Cyp51, SdhB and SdhD to pool 
3 and SdhC to pools 1, 2 or 4. (B) Non-synonymous mutations in Cyp51, SdhB, SdhC and SdhD that have been reported to influence fungicide sensitivity 
were collated for Zymoseptoria tritici (Zt), Blumeria graminis f. sp. tritici (Bgt), Puccinia triticina (Pt), Pyrenophora teres (P. teres), and Phakopsora pachyrhizi (P. 
pachyrhizi). This information was then incorporated into the MARPLE diagnostics Snakemake workflow to enable any analogous known mutations to be 
highlighted when processing Pgt-infected samples
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enabling quicker monitoring of breakdowns in fungicide 
sensitivity. Thus, within the Pgt MARPLE diagnostics 
platform we also incorporated the ability to detect muta-
tions in genes encoding the targets of two major fungi-
cide classes used to tackle wheat rust outbreaks: azoles 
and SDHIs [66]. Within this system we also integrated 
the ability to highlight any analogous mutations reported 
in Z. tritici, B. graminis f. sp. tritici, P. triticina, Pst, P. 
teres, and P. pachyrhizi. Given the extensive parallel evo-
lution of similar point mutations across various fungal 
species [2], monitoring for these characterised resistance 
alleles from other pathogens within Pgt may offer an 
early warning of shifts in fungicide sensitivity. This would 
expedite follow-up detailed bioassays and adjustments in 
fungicide application regimes to help protect crop yields.

While molecular diagnostic techniques are highly 
effective, their application is often limited to well-
equipped laboratories with abundant resources. In 
contrast, the Pgt MARPLE diagnostics platform was 
developed to be specifically suited for use in resource-
limited locations that are often the hardest hit during 
disease epidemics. To achieve this, we further optimised 
the existing simplistic system we established previously 
for processing Pst-infected wheat samples [19] and auto-
mated the bioinformatics analysis by introducing the 
Snakemake workflow engine [67]. This improvement in 
the bioinformatic analysis, reduced the time to generate 
the phylogenetic trees from approximately 20  h in the 
original Pst MARPLE workflow [19] to under 30  min. 
The Snakemake workflow also now produces automated 
MultiQC quality reports, allowing users to rapidly access 
the quality of the data generated. By comparing unknown 
Pgt isolates within the MARPLE diagnostics system to 
data from 9 major Pgt race groups [22], samples can be 
promptly assigned to known Pgt lineages within less than 
2 days of collecting samples. Additionally, any Pgt iso-
lates found to be dissimilar to Pgt representatives from 
known race groups, that could represent new incursions, 
can be quickly identified and highlighted for further 
investigation. Implementation of the Pgt MARPLE diag-
nostics platform in Kenya and Ethiopia demonstrated its 
effectiveness in accurately defining Pgt-infected wheat 
samples, assigning newly tested samples to lineages pre-
viously reported in East Africa. As additional data for 
more Pgt race groups becomes available, the Pgt MAR-
PLE diagnostics system will become even more robust in 
accurately assigning Pgt-infected samples.

Conclusion
Effective management of fungal disease outbreaks hinges 
on prompt and accurate diagnostics to guide suitable 
treatment interventions. Over the past two decades, 
significant advances in genomic-based molecular diag-
nostic tools have created abundant new opportunities 

to enhance the speed and precision of disease diagnos-
tic strategies. Despite these advances, implementing 
genomic-based diagnostics in resource-limited regions 
– often hardest hit by disease epidemics – remains chal-
lenging. However, the advent of the portable MinION 
sequencer has unlocked new possibilities for PoC disease 
diagnostics. By combining the portability of the Min-
ION sequencer with amplicon-based genotyping to navi-
gate the complexities of obligate fungal pathogens, we 
developed the near real-time Pgt MARPLE diagnostics 
platform. This platform offers the first portable system 
for strain-level diagnostics of Pgt directly from field-
collected, Pgt-infected wheat samples, delivering results 
within 2 days of sample collection. Additionally, the plat-
form’s capability to monitor mutations in fungicide tar-
get genes provides an early warning system for potential 
indicators of declines in fungicide sensitivity, allowing 
timely intervention. This study also provides a robust 
framework that can be adapted and applied to develop 
similar diagnostics and surveillance platforms for other 
complex fungal threats to plant health. As advanced 
genomic-based diagnostic tools are increasingly inte-
grated into national surveillance programmes, our abil-
ity to manage disease outbreaks will improve, helping 
reduce the devastating losses currently caused by these 
‘cereal killers’.
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groups, termed Clades I, II, III, IV, VI-A, VI-B, VI-C, VII, IX.

Additional file 2: Fig. S1. Distribution of biallelic read counts for 165 Pgt 
isolates. Read frequency at single nucleotide polymorphisms (SNPs) for 
Pgt isolates that showed a normal distribution at 0.5 (A) and Pgt isolates 
with modes deviating from the normal distribution (B). A total of 165 Pgt 
transcriptomics and genomic datasets were independently aligned to the 
Pgt reference genome (CRL 75-36-700-3 [27]) and the distribution of read 
counts for biallelic SNPs assessed to ensure each dataset originated from a 
single Pgt genotype; as Pgt is a dikaryon it is expected that SNPs will have a 
single mode at 0.5 in heterokaryotic positions.

Additional file 3: Fig. S2. Assessment of read depth coverage for 
genomic and transcriptomic Pgt datasets identified 46 Pgt datasets with 
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low coverage that were excluded from further analysis. Analyses was 
conducted on 165 Pgt transcriptomics and genomic datasets that were in-
dependently aligned to the Pgt reference genome (CRL 75-36-700-3 [27]). 
Pgt datasets with coverage in over 15% of genes and allele frequencies 
at biallelic SNP sites displaying a normal distribution at 0.5 were retained 
for future analysis (labelled as ‘PASS’ in green). In contrast, 46 Pgt datasets 
with low coverage, lacking coverage for an average of 13,909 genes (S.D. 
±2,344 genes) out of a total of 16,309 predicted genes in the Pgt reference 
genome (marked as ‘FAIL’ in red), as well as 15 Pgt datasets with allele 
frequencies deviating from the normal distribution at 0.5 (marked as ‘FAIL 
AF’ in purple) were excluded from further analysis.

Additional file 4: Fig. S3. Multivariate discriminant analysis of principal 
components (DAPC) analysis supports the clustering of 86 Pgt isolates in 
12 genetic groups. (A) DAPC analysis was performed using 19,250 biallelic 
single polymorphism (SNP) sites across k-values from 3 to 15, clustering 
the 86 Pgt isolates into various genetic groups. (B) The Bayesian informa-
tion criterion (BIC) indicated an initial optimal k-value at 5, marking the first 
inflection point and dividing the Pgt isolates into five main groups. (C) A 
second round of DAPC analysis was conducted on groups with more than 
10 Pgt individuals, further resolving within-group variation. This secondary 
analysis indicated optimal k-values of 3 for the first two groups and 4 for 
the third, ultimately resulting in 12 distinct genetic groups.

Additional file 5: Fig. S4. A subset of 392 Pgt genes with > 0.13 SNPs/bp 
was sufficient to accurately reconstruct the phylogenetic topology, even 
with 40% of genes excluded. Randomly selected 60% subsets of the 392 
highly polymorphic Pgt genes with > 0.13 SNPs/bp were used to generate 
cladograms of the 86 Pgt isolates using an approximate maximum-likeli-
hood model.

Additional file 6: Fig. S5. Gene Ontology (GO) annotations for the 276 
highly polymorphic Pgt genes showed that, among the 89 genes with 
annotated protein functions, half are associated with catalytic activities 
(GO:0003824). A total of 70, 54 and 56 Pgt genes encoded proteins anno-
tated with molecular functions, associated with cellular components and/
or are involved in biological processes, respectively.

Additional file 7: Fig. S6. The MultiQC report from analysis of 12 
Pgt-infected field samples collected in Kenya and Ethiopia shows that 
sequence data was successfully generated for an average of 78% of the 
276 polymorphic Pgt genes. Pools A-D, individual primer pools; % Dups, 
percentage of duplicated reads.

Additional file 8: Fig. S7. Primers successfully amplified the genes Cyp51, 
SdhA, SdhB, SdhC and SdhD in Pgt isolates UK-01, UK-03 and UK-13. PCR 
amplification of the five genes was confirmed following agarose gel elec-
trophoresis, with a no template control (NTC) containing water included 
for each primer pair. bp, base pairs.

Additional file 9: Fig. S8. Sequence alignments of five fungicide target 
genes  – Cyp51, SdhA, SdhB, SdhC and SdhD– across five Pgt isolates with 
available reference genomes. Primers were designed from conserved 
regions within the orthologous sequences for Cyp51, SdhA, SdhB, SdhC and 
SdhD extracted from the Pgt reference genomes (CRL 75-36-700-3 [27], 
99KS76A [44], 21 − 0, Ug99 [21], UK-01 [23]).

Additional file 10: Dataset S1. Phylogenetic analysis of the 86 Pgt 
isolates and 2 Pga isolates used to assign Pgt-infected field samples to 
different genetic groups. Newick format.

Additional file 11: Dataset S2. Phylogenetic analysis of the 86 Pgt 
isolates, for genes with an average > 0.13 SNP/bp. Newick format.

Additional file 12: Dataset S3. Phylogenetic analysis of Pgt-infected 
wheat field samples from Kenya and Ethiopia, along with the 102 global 
Pgt and 2 outgroup Puccinia graminis f. sp. avenae (Pga) isolates used in 
MARPLE diagnostics. Newick format.
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