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Abstract:

Repeat-induced point mutation (RIP) is a fungal genome defence mechanism that generates
extensive C—T-biased mutations, yet its spatial and temporal dynamics across pathogen
populations remain poorly understood. We analysed whole-genome variation in a global pan-
genome of 649 Parastagonospora nodorum isolates, including 269 from the Western Australian
(WA) wheatbelt and 380 from international populations. Populations showed strong geographic
differentiation. WA and United States (US) populations had the highest overall RIP activity,
largely confined to non-genic regions, whereas European and South African populations showed
greater non-synonymous RIP enrichment, indicating selection for functional diversification via
RIP leakage into coding regions. RIP signatures accumulated earlier in global populations,
particularly the US, whereas WA populations showed a more recent but rapid increase in high-RIP
regions. Chromosomes harbouring major effector loci exhibited elevated RIP signatures,
particularly around ToxA (Chr4) and Toxl (Chrl0) in WA populations, suggesting RIP

accumulation may mark locally important virulence-associated regions. Although rainfall
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gradients and sampling decade did not explain population-wide effector composition,
phylogeographic analyses revealed evidence consistent with climate-associated pathotype
movement across the wheatbelt. Spatio-temporal RIP dynamics thus generate distinct genomic
signatures that can help identify adaptive effector regions and the evolutionary drivers of virulence

in fungal crop pathogens.

Keywords: Repeat-Induced Point Mutation (RIP), Parastagonospora nodorum, Pan-genome,
Crop fungal diseases, Spatio-temporal dynamics, Effector diversification, Phylogeography,

Climate-associated population shift

1. Introduction

Septoria nodorum blotch (SNB) of wheat (7riticum aestivum) is caused by haploid necrotrophic
fungal pathogen Parastagonospora nodorum, a globally important disease that reduces grain
quality and yield . In major wheat-growing regions such as Western Australia, SNB typically
causes 5-15% vyield loss, with severe epidemics exceeding 30% **. Disease development is
governed by complex, often additive or epistatic interactions between secreted necrotrophic
effectors (NEs), and the interactions of NEs with cognate host susceptibility genes >~’. P. nodorum
populations are highly diverse and predominantly reproduce sexually, with long-distance dispersal
via infected seed, crop residues, and wind-borne ascospores, and secondary spread through splash-
dispersed pycnidiospores 8. The combination of frequent recombination, high standing genetic

variation, and strong agricultural selection pressure confers substantial adaptive potential °',
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making P. nodorum a useful model for investigating genome evolution, population structure, and

repeat-associated mutational processes in necrotrophic plant pathogens.

Transposable elements (TEs) are major drivers of genome size variation and genome architecture
across eukaryotes and constitute the primary source of non-coding DNA expansion 2. In fungi,
TE content varies widely '*1°, from near absence in compact yeast genomes to 18.6% of the
genome in Zymoseptoria tritici '° to more than 70% of the genome Blumeria graminis (64% to
90%) '°. TE mobilization imposes opposing evolutionary pressures: while insertions can be
deleterious and destabilize genome integrity, TEs also generate genetic variation (i.e. duplications)
that may facilitate adaptation '”-!®, Many fungal plant pathogens exhibit genome regions enriched
in TEs that evolve at accelerated rates through sequence rearrangements, with elevated

polymorphism in TE-proximal genes relative to conserved regions 2!,

Repeat-induced point mutation (RIP) is a fungal-specific genome defense mechanism against TEs,
that targets duplicated DNA during sexual reproduction, introducing C:G to T:A transitions
primarily in CpA/TpG contexts across the phylum Ascomycota '#?*2?* First described in
Neurospora crassa, RIP generates the highest known mutation rates outside viruses, reaching 3.38
x 107¢ per bp per generation—several orders of magnitude higher than mitotic mutation rates in
the same species »°. Two mechanistically distinct RIP pathways have been characterized in N.
crassa: a Ridl-dependent pathway acting directly on repetitive sequences and a Dim2/Dim5-
dependent pathway targeting single-copy regions flanking repeats. Although RIP signatures are
widespread among ascomycetes, the underlying machinery shows a patchy phylogenetic

distribution, with repeated loss of key components (Dim35, Ridl, Dim2) across the phylum 2628,
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Importantly, RIP activity can extend beyond repeats into adjacent non-repetitive regions,
generating mutational gradients (“RIP leakage”) that affect nearby genes °. In plant pathogenic
fungi, such leakage has significant evolutionary consequences, often driving the rapid
diversification of effector genes located in repeat-rich regions and the emergence of
compartmentalized genomes with contrasting repeat and gene content, a phenomenon well-
documented in P. nodorum, Leptosphaeria maculans, and Neurospora crassa ***>°. A very recent
synthesis argues that the molecular machinery underlying the fungal RIP “hypermutator”
phenotype has deeper evolutionary roots shared with other eukaryotic lineages, rather than being

wholly fungal-specific *!.

Population-level analyses highlight the complexity of genome evolution in P. nodorum, shaped by
the intertwined dynamics of transposable elements (TEs) and repeat-induced point mutation (RIP).
This interplay can affect virulence, as key pathogenicity genes, including necrotrophic effectors,
are frequently located near repetitive elements !, Although TEs account for only ~6% of the
P. nodorum genome, proximity to repeats strongly correlates with gene presence—absence
polymorphisms and is associated with horizontal transfer events, such as the transfer of the ToxA4

effector locus between wheat pathogen species 233

, illustrating the dual role of repeats in
promoting both genome instability and adaptive innovation. These processes operate within a
“two-speed” genome architecture, in which polymorphisms and gene gains or losses are unevenly
distributed within repeat-rich, G:C-depleted DNA regions !!. Recent pangenomic analyses
revealed that RIP-like mutations are concentrated on accessory chromosome 23 (AC23) and in the

subtelomeric regions of core chromosomes, where secreted effector candidates show accelerated

evolution *!°. Broader pangenome analysis revealed RIP-like SNPs occur frequently across the
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whole pangenome, and that RIP-like mutations “leak” from TE-rich sequences into neighbouring
non-repetitive DNA regions, including effector loci where they account for over half of non-
synonymous amino acid changes °. This high potential for RIP-driven diversification is counter-
balanced by strong purifying selection against non-synonymous SNPs within most gene coding
regions, maintaining essential gene functions and isolate viability while enabling rapid adaptation

at the genome’s more dynamic margins.

Pangenomic surveys across P. nodorum populations from Iran, Europe, Africa, Australia, and the
USA revealed strong geographic structuring, with Iranian populations displaying the highest
genetic diversity, consistent with a longer co-evolutionary history during early wheat
domestication in the Fertile Crescent ***° In North America, population-scale resequencing of 197
U.S. isolates showed the effect of geographically structured selection on effector loci, by
identifying two distinct (North-South) pathogen populations that respond differently to local wheat
varieties based on host susceptibility 3*. Similarly, the necessity for high-resolution, population-
level surveillance is further underscored by regional studies from Western Canada, where the
discovery of SnToxA Haplotype 21 (H21), alongside the high prevalence of the H5 haplotype,
demonstrated that local adaptations can lead to distinct pathogenic profiles that challenge
traditional resistance breeding strategies *¢. In Western Australia, surveys spanning 44 years
documented temporal shifts in population structure associated with changes in wheat cultivar
deployment, particularly following widespread adoption of SnToxA-insensitive cultivars after

2013, with emergent clusters reported to be more aggressive despite increased host resistance 3’
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Despite increasing population-level studies of P. nodorum, the spatial and temporal patterns of
RIP signatures - and how differences in reproductive mode, demography, and selection influence
their accumulation - remain incompletely resolved. RIP-like mutation signatures have been
systematically assessed across the fungal kingdom, demonstrating that canonical C—T-biased
mutational patterns are largely restricted to Ascomycetes and closely associated with RIP-related
genes 8. However, this study did not explore how RIP varies within species across agro-ecological
zones or through time, and while it provided critical insight into the role of RIP in shaping local
genomic diversity and effector adaptation, it was geographically restricted and did not address
broader spatial or temporal dynamics. Consequently, how RIP signatures vary across global P.
nodorum populations, how these patterns have changed over time, and whether regional
differences in RIP activity reflect distinct evolutionary or epidemiological histories remain
unknown. Addressing these gaps is essential for understanding RIP's contribution to effector-

mediated virulence, long-term pathogen adaptation, and genome evolution at a global scale.

Results

Phylogeny and population structure of the global Parastagospora nodorum pangenome
indicate similarities and differences between major regions that may be associated with

climate

We analysed global genome sequencing data for 648 P. nodorum isolates and identified 4,778,479
high-confidence SNP markers with a minor allele frequency of 5%. RIP-like C:G—T:A

substitutions (C—T and G—A) represented 37.9% of all SNPs and constituted the most frequent
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mutation class in the genome. SNPeff annotation showed that 1,001,505 SNPs (21.0%) resulted in
non-synonymous amino-acid changes, whereas 1,799,286 (37.7%) were synonymous, and 26,039
(0.5%) introduced premature stop codons, indicating that only a subset of mutations are predicted
to directly alter protein function. To determine how this genome-wide variation is structured across
global populations, we next examined phylogenetic relationships and population structure among

1solates.

The Western Australian (WA) P. nodorum population exhibited substantial diversity compared
with other major global regions (Figure 2). Although this region was initially subdivided into hot,
warm and cold sub-groups (North to South) (Supplementary Table 1B), these latitudinal and
climatic sub-groupings did not appear to be grouped phylogenetically. The WA isolates were
phylogenetically most similar to some (but not all) Iranian isolates and to South African isolates
and were distinct from isolates from the USA and Europe. Most US isolates belonged to two
distinct groups — one from warmer regions (Southern) and another from colder regions (Northern),
as reported in a previous study . US isolates from warm regions were most similar to isolates
from Europe, and US isolates from cold regions were most similar to (the non-WA-like) Iranian
isolates. The two mating-type loci (MAT1-1 and MAT1-2) were observed in all regions across the
global pangenome. Within WA, the MAT1-1 and MATI1-2 loci were dispersed throughout the
population at nearly equal ratios (Figure 2), with the exception of a few isolates that were

phylogenetically extremely similar and restricted to a small geographic area.
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Figure 2: Global phylogenetic tree of Parastagonospora nodorum [clades color-coded by region],
showing the diversity of mating type loci [purple] and population sub-group structure [teal] across
5 major regions: the USA, Europe, Iran, South Africa, and Western Australia (WA). The USA was
sub-divided into warm and cold regions (South to North), and WA was sub-divided into hot, warm

and cold regions (North to South).

The distribution of RIP mutation signatures across the world indicates variable selection

pressures between different P. nodorum chromosomes, with widespread selection against

non-synonymous RIP mutations that is contrasted by hotspots of RIP-diversification
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To quantify RIP accumulation across the pangenome, we calculated a normalised metric termed
'RIPness', representing the proportion of RIP-like C—T and G—A transitions within non-
overlapping 10 kb genomic windows relative to all C—N and G—N mutations, allowing
comparison across regions of variable GC content. Comparisons of whole-genome RIPness across
the major global regions showed that isolates from the WA and US regions had higher proportions
of RIP-affected regions. Across all SNPs, Western Australian (WA) and US populations exhibited
the highest number of high-RIP windows (>0.6 RIPness per 10 kb), significantly exceeding those
in Europe, South Africa (SA), and Iran (Figure 3). This may suggest that the WA and US
populations are ‘hyper-adaptive’ relative to the rest of the world. However, this scenario shifts
when considering SNPs within protein-coding genes and those that lead to non-synonymous amino
acid changes. For non-synonymous SNPs, Europe and SA displayed the highest values, while WA
and US showed the lowest. These regional differences indicate that the high whole-genome
RIPness of WA and the US is concentrated in non-genic compartments (e.g. TEs, intergenic
regions) that lead to protein and functional changes less often, whereas Europe and SA exhibited

stronger RIPness, leading to non-synonymous changes (Figure 3).
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Figure 3. Comparison of whole-genome RIPness across six sub-populations of Parastagonospora
nodorum, from Western Australia (WA), Europe, the USA, South Africa (SA) and Iran. Bar plots
indicate the whole-genome average RIPness calculated from all 10kb genomic windows with
RIPness > 0.6, and averaged for all isolates belonging to each region. Data is presented for two
categories of SNP mutation: (A) All SNPs and (B) Non-synonymous SNPs. Error bars represent

standard deviation.
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In addition to these population-level patterns at the whole-genome level, we also observed
chromosome-specific RIP dynamics that further highlighted regional differences (Figure 4; Supp
Figure 2). Consistent with population-level trends, chromosome-level analysis of all SNPs
revealed more high-RIP windows in WA and US populations, whereas only a few chromosomes
showed elevated RIP in SA and Iranian populations. In contrast, for non-synonymous SNPs,
European populations exhibited higher RIPness across most chromosomes relative to other regions
(Figure 4; Supp Figure 2). Examination of chromosomes harbouring known effector loci—Chr4
(ToxA), Chr10 (Tox1), Chrl1 (Tox3), and Chr12 (Tox267) - based on alignment to the SN15 (WA)
reference genome - revealed elevated RIPness in Europe and SA relative to WA and US
populations (Supp. Figure 2), suggesting stronger non-synonymous RIP enrichment around

effector loci in these regions.

Most Candidate Secreted Effector Proteins (CSEPs) were associated with genomic windows
exhibiting elevated RIPness values (Figure 5). However, when considering all SNPs, genomic
windows containing known effector and CSEP genes showed no consistent or pronounced
difference in RIPness compared to non-effector windows. In contrast, when restricted to non-
synonymous SNPs, effector/CSEP-containing windows generally displayed higher RIPness than
non-effector windows across most chromosomes, with few exceptions (Figure 5). Among Snl5
chromosomes carrying known effector loci—Chr4 (ToxA), Chrl0 (ToxI), Chrll (Tox3), and
Chr12 (Tox267)—non-synonymous SNPs exhibited significantly elevated RIPness within effector
windows on Chr4 and Chrl10, a moderate increase on Chrll, and only a weak signal on Chrl2.
Figure 4 and 5 further highlights how effector-chromosome importance varies by region, with

specific effector-chromosomes having higher RIPness in different sub-populations. This is
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214  particularly evident in WA populations, where regions of Chr4 (7oxA) and Chr10 (7ox1) around
215  their respective effector loci showed elevated non-synonymous RIP mutations. Together, these
216  spatial patterns of RIP accumulation across global populations raised the question of how RIP

217  signatures have changed over time.
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Figure 4. Circular genome plot showing genomic distribution of RIPness values (RIPness > 0.6
per isolate) across all chromosomes of P. nodorum based on (A) all SNPs and (B) non-synonymous
SNPs. Concentric tracks represent populations from Western Australia (WA), Europe (EU), USA,
South Africa (SA), and Iran. RIPness scores (10kb) are displayed as coloured scatter points, where
green indicates lower RIPness and red indicates higher RIPness. The outermost blue tracks show
the positions of effector candidate genes in WA isolates, while the red lines in the outer ring

indicate repeat-rich genomic regions of the SN15 reference genome.
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Figure 5: WA-specific (state-level) RIPness values for 10kb genomic windows containing known

232

effector genes or CSEPs (blue) versus windows without effector genes (light blue) across all
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chromosomes of P. nodorum. Data is presented for two SNP categories: (A) All SNPs and (B)
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Non-synonymous SNPs.
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RIP Temporal Dynamics and Chromosomal Heterogeneity across state-level (WA) and

global-level P. nodorum populations

Analysis of genome-wide RIPness revealed a pronounced temporal signal, with a progressive
increase in RIP accumulation across sampling decades at both global and WA scale. At the global
level, the trend became apparent in the 1990s, with an average of >0.5 high-RIP windows per
isolate (>0.6 RIPness per 10 kb window, based on all SNPs), whereas WA populations exhibited
lower values (<0.2) during the same period and reached comparable levels (>0.5) only in the
2000s. Global populations, and USA populations in particular, therefore reached comparably high
RIP levels earlier than WA populations. However, over the most recent decade, WA populations

exhibited substantially higher RIPness (~1.0) than the global average (~0.7) (Figure 6).

Among all chromosomes, Chr6, Chr11, Chrl5, and Chr21 exhibited RIP activity signatures across
all 5 decades at a global scale, and at the state level (WA), Chrl1, Chrl5, and Chr21 varied across
4 decades. These were the only chromosomes showing historic RIP patterns (before 1990s), while
the majority exhibited recent RIP signatures (Figure 6). Examination of chromosomes harbouring
known effector loci—Chr4 (ToxA), Chrl10 (Tox1), Chrll (Tox3), and Chrl12 (Tox267)—revealed
elevated RIP metrics specifically on Chrl1 across multiple decades, extending back to the 1960s
(Supp Figure 3 and 4), while the ToxA4-bearing Chr4 showed detectable RIP signatures beginning
in the 1980s. Notably, Chr4 exhibited a clear increase in RIPness over time at both the global and
WA scales, indicating increasing selection pressure, whereas Chrll displayed a contrasting

(decreasing) pattern at the global scale, but an increasing trend in WA populations. In contrast,
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Chr10 and Chrl2 showed RIP signatures largely confined to recent decades. Among the non-
(known) effector-containing chromosomes, Chr2, Chr6, Chrl5, and Chr21 exhibited historical RIP
signatures dating back to the 1960s but showed declining trends globally, except for Chr2. At the
WA scale, these chromosomes displayed more variable patterns. The remaining chromosomes
predominantly exhibited recent RIP activity, with no evidence of long-term selective retention. To
determine whether these temporal RIP dynamics correspond to shifts in pathotype distribution
across the WA wheat belt, we conducted phylogeographic analysis of WA isolates in relation to

geographic location, sampling year, and local climate data.
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270  Figure 6: Temporal change in the average number of high-RIPness (> 0.6, based on all SNPs) 10

271 kb windows per isolate across decades in (A) Global and (B) WA P. nodorum population.
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State-level phylogeography analysis suggests that pathotype migrations may be associated

with changes to local climate

To investigate how local climate may influence the distribution of P. nodorum isolates and their
pathotypes, we performed phylogenetic and population-structure analyses, mating-type profiling,
and effector/CSEP profiling. Prediction of the structure of the P. nodorum population of Western
Australia (WA) formed four distinct groups, where groups 1 and 4 were formed from two highly
phylogenetically similar sets of isolates from Geraldton. These groups, with few exceptions, were
dominated by a single mating type (although different between groups 1 and 4). In further analysis
of the WA population, these two groups were excluded, leaving the main WA population divided
into two major groups (2 and 3). Considering only groups 2 and 3, the mating type loci were mixed
in approximately equal proportions, indicating potential for sexual recombination across the WA

region.

The inferred phylogeny of the WA P. nodorum population can be roughly divided into two major
clades: upper and lower (Figure 7). The upper clade was dominated by Group 2 isolates, which are
diverse in both sampling year and geographic location. The lower clade was mostly composed of
Group 3 isolates and was also restricted to very recent sampling years. Despite this overall division,
isolates from several geographic locations were interspersed throughout the phylogeny rather than
forming single, location-specific clusters, suggesting ongoing gene flow between regions.
Phylogenetically similar isolates typically had identical profiles of known effectors and predicted
CSEPs (Figure 7); however, diversity in effector profiles did not appear to differ noticeably

between the upper and lower groups. Considering the 2-year average rainfall values at the sampling
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locations, the lower/group 3 subset exhibited a narrower rainfall range than the upper/group 2
subset. To further assess whether observed phylogenetic groupings and climate factors affect
effector profiles, we performed PERMANOVA on Jensen—Shannon divergences in effector and
CSEP protein-isoform compositions across 162 WA isolates with known locations, spanning
approximately 50 years and a rainfall gradient of ~577.4 mm. This analysis detected no statistically
significant effects of mean annual rainfall (p = 0.070) or temporal grouping (p = 0.181) on overall
effector/CSEP diversity, indicating that broad precipitation or time-based gradients do not explain
population-wide patterns of effector composition in this system (Supp Figure 5). However, case-
by-case phylogeographic analysis identified several examples of pathotype co-occurrence across

different geographic locations and sampling periods (Supp Figure 7).

The ad hoc collection of isolates that comprised the WA P. nodorum pangenome (Figure 7)
revealed a small number of examples of small groups of isolates that appeared to belong to the
same pathotype (i.e. highly similar phylogenetically and identical in effector profile) yet were
sampled across different locations and years (note: Northam and South Perth were excluded as
these isolates may have been sampled from field trials, with true locations unknown). Isolates
DPIRD12 and DPIRD27 from Moora in 1969 were highly similar to isolate DPIRD42 sampled
from Badgingarra in 1980. DPIRD14 and DPIRD28 from Welbungin in 1969 were highly similar
to DPIRD111 from Badgingarra in 1991. Lastly, DPIRD40 from Badgingarra (1980) was highly
similar to WAC13447 from Geraldton 2011 and WACI13418 from Geraldton 1996. These

examples represent geographic dispersal from inland to coastal regions (Figure 1).
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Figure 7. Phylogenetic distribution of WA P. nodorum isolates showing (A) phylogenetic tree
constructed using IQ-TREE2 from genome-wide high-confidence SNP markers, together with (B)
year and location of collection, (C) mating type, (D) population structure, (E) known effectors, (F)
top candidate secreted effector proteins (CSEPs), and (G) average annual rainfall (2-year mean,
mm) for each region. The primary purpose of the figure is to illustrate the distribution of effector

diversity and associated metadata across the phylogeny.

Within the constraints of the limited data available to this study, we also predicted P. nodorum
pathotypes present in WA based on either a) the profiles of 5 known effectors, or b) the top 20
CSEPs and observed changes to their distribution across time and space (Supplementary Table 3).
Considering pathotypes constructed from the 5 known effectors, one frequent pathotype (PT_001)
was observed in 13 isolates and was present primarily in Dandaragan from at least 1991 to 2014,
was observed in Badgingarra in 1990, and may have moved to Geraldton from 2013 to 2018. A
moderately frequent pathotype (PT_003) was detected in 6 isolates, first in Badgingarra in 1980,
and then in Geraldton from 2005 to 2011. Some less frequent pathotypes (3 isolates) such as
PT 004, PT 006 and PT_007 were first detected inland (Badgingarra and Dandaragan) and later
detected in Geraldton. Other pathotypes (e.g. PT 011 and PT _012) were observed in 14 and 5
isolates, respectively, but were only detected in Geraldton from 2005-2012 and 2005-2011.
Considering pathotypes constructed from the top 20 CSEPs, most were only detected in Geraldton
(2005-2012). PT_001 was detected first in Badgingarra in 1980, and later in Geraldton from 1996-

2011, consistent with the pattern observed in the known effector-based pathotype.
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Discussion

In this study, we investigated long-term spatial and temporal RIP dynamics across a global
Parastagonospora nodorum pan-genome of 648 isolates across five major regions - Western
Australia (Australia), Europe, South Africa (SA), Iran and the USA. Our analyses revealed that
RIP signatures are geographically and temporally dynamic, and enriched at effector-associated
loci, with distinct regional patterns pointing to divergent evolutionary histories and selection
pressures. Phylogenetic analysis revealed WA isolates were most closely related to South African
and some Iranian isolates, while US and European isolates formed largely distinct groups, with
US isolates further partitioned into northern (cold) and southern (warm) sub-groups, consistent
with Pereira et al. '°. The similarity of the SA population to some WA isolates may be due to
pathogen adaptations to similar latitudes, which may indicate similar climatic conditions, or
alternatively may suggest a migration history linked to the export of wheat lines adapted to similar
climate zones **. Within WA, population structure analysis identified four distinct groups, and two
groups comprised highly phylogenetically similar isolates from Geraldton, dominated by a single
mating type and restricted to a small geographic area, suggesting predominantly asexual or
homothallic reproduction within these lineages, if these isolates were not co-located with isolates
possessing alternate mating types. However, the presence of both mating type loci (MAT1-1 and

40,41 and

MATI1-2) across all regions suggests widespread potential for sexual recombination
ongoing RIP activity **. Together, these patterns show how gene flow, founder effects and regional
reproductive strategy shape the standing genomic variation on which both climate- and host-driven

selection, including cultivar turnover, can act, making P. nodorum a tractable system for studying

how pathogen genomes record past selective pressures >°.
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RIP randomly introduces C—T mutations and has been shown to be the predominant type of
sequence mutation (~80%), with the potential to occur at any position across the 23 chromosomes
of the P. nodorum genome °. ‘RIP leakage’ from interspersed repeats may occur several kilobases
away from the RIP-targeted repeat site, although the maximum effective distance of leakage is
unknown °. In this study, we have used RIPness as a normalised ratio estimating the cumulative
effects of RIP across chromosomes - as opposed to quantifying total mutation rate, or mutation
density, as these raw frequency metrics may vary considerably across DNA regions with different
G:C contents. We assume that RIP and RIP-leakage occur ubiquitously across the genome, but
over successive generations, may be enriched or depleted in some genome regions due to the
effects of selection, as RIP is likely to generate many non-viable isolates through psuedogenisation
%14 Thus, RIPness reflects how much RIP is retained, or allowed to occur, after selection pressures
have acted upon a population. High RIPness indicates either low selection pressure or a potential
advantage from diversification of a genomic region, whereas low RIPness reflects a high selection
pressure to conserve current functions, as would be expected for most genomic regions important

for pathogen fitness.

We observed substantial variability in RIP accumulation patterns across the global P. nodorum
population, with distinct regional signatures emerging at both the whole-genome and chromosomal
levels. Specifically, WA and US populations exhibited the highest whole-genome RIPness based
on all SNPs, yet showed the lowest proportion of non-synonymous RIPness. These regional
differences may indicate that the high whole-genome RIPness of WA and the US is concentrated
in non-genic compartments (e.g. TEs, intergenic regions) but leads to protein and functional

11,43

changes less often. This pattern is consistent with a "two-speed" genome architecture ' *°, in which
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RIP is effectively partitioned away from coding sequences, preserving protein function while
allowing rapid diversification. Whereas Europe and SA exhibited lower overall RIPness but
stronger non-synonymous RIPness, indicating that RIP leakage into coding regions is
proportionally greater in these populations, potentially reflecting relatively more relaxed or
diversified environments that are more likely to lead to changes in protein function (Figure 3) or a
different history of host—pathogen co-evolution alongside locally deployed wheat cultivars **. The
coevolution of regional P. nodorum populations with their respective regional host cultivars
reflects the complex history of the diverse routes of host domestication, highlighted by recent
wheat genome studies ***°. The elevated genome-wide RIPness concentrated in non-genic regions
of WA and US populations may indicate that these populations are under some form of selection
pressure related to crop management in those regions that causes higher diversity to arise without
systematically disrupting protein-coding sequences. It is also worth noting that RIP effectiveness
is not necessarily a fixed property of a lineage: kingdom-wide phylogenomic analysis shows RIP
signatures can vary markedly even between closely related taxa ** and in Zymoseptoria tritici the
recent loss of Dim2 in some lineages has substantially reduced C—T mutation in repeats during
mitotic growth *6. Because classical RIP occurs during the sexual cycle ***7, whereas DIM-2-
associated RIP-like mutation can also accumulate mitotically *6, some of the regional differences
in RIPness reported here could therefore reflect variation in RIP input, through differences in the
frequency of sexual reproduction *® or in RIP pathway activity (e.g. allelic variation in RID or

DIM-2 homologues; 2**%), in addition to selection acting on the mutations it generates.

Spatio-temporal RIP analyses revealed that RIP, though widespread throughout the pangenome, is

not uniformly distributed but is consistently enriched within specific regions at the population
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level. At finer resolution, specific chromosomal regions harbouring known or putative effector loci
showed elevated non-synonymous RIPness compared to non-effector loci *°°, whereas no
consistent or pronounced difference was observed in overall SNP-RIPness between effector and
non-effector windows. These results suggest that effector regions do not receive more RIP overall,
but rather retain a greater proportion of RIP-induced amino-acid changes, consistent with relaxed
purifying selection or diversifying selection acting on effector genes !*2. Although RIP mutations
accumulate across the genome, their disproportionate recurrence within particular chromosomes
or chromosomal regions, including effector-enriched regions, is unlikely to reflect stochastic noise
alone, and more plausibly reflects the combined effects of genome architecture (e.g. proximity to
repeats and heterochromatin) and differential retention under selection '®2%3-5% Regionally, this
may indicate that some populations experience selection pressures favouring the retention of RIP-
induced changes in chromosomes harbouring locally adaptive effectors. This is particularly
evident in WA populations, where regions of Chr4 (containing ToxA4) and Chr10 (containing 7ox/)
showed elevated non-synonymous RIP mutations around their respective effector loci. Elevated
non-synonymous RIPness may thus serve as a genomic signature of the relative importance of
effector loci between regional populations and may also flag novel genomic regions harbouring

unknown effectors for functional characterisation °.

Beyond these spatial patterns, RIP signatures also show a pronounced temporal dimension that
further distinguishes regional populations. Extensive RIP mutations accumulated predominantly
in more recent populations rather than being uniformly distributed across the historical dataset of
both global and WA scales, though the timing and magnitude of the increase differ between the

regions. Owing to the large number of isolates from the USA and WA, these regions are likely to
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contribute most to the observed global temporal trend. However, the enrichment of high-RIP
windows in recent decades coincides with periods of cultivar turnover and changing host-
associated selection in WA P. nodorum populations *’, although a direct link between these factors
and RIP accumulation remains untested. At the chromosome level, RIPness is observed to increase
or decrease over time differentially across chromosomes, and it is important to distinguish for
different chromosomes whether they possess known effectors or other biological roles. The long-
term RIP signals on Chr4 (7ToxA) and Chr11 (7ox3) reflect ancient RIP activity with elevated C—T
rates; balancing selection likely maintains functional effector polymorphisms despite ongoing RIP
leakage °. The contrasting pattern observed for Chrll—decreasing in the global dataset but
increasing in Western Australian (WA) populations—may reflect region-specific selection acting
on or near the SnTox3 locus, consistent with evidence for geographically structured selection and
population-specific diversification of effector-associated genomic regions in P. nodorum . In
contrast, the RIP signatures of Chrl0 and Chrl2 being largely confined to recent decades,
alongside the predominantly recent activity of most non-effector chromosomes, suggest transient
mutational processes rather than sustained adaptive evolution for these chromosomes. To assess
whether these genomic patterns are influenced by environmental factors, we examined the

geographic and climatic context of the WA isolates.

The WA wheatbelt has a Mediterranean climate with hot, dry summers and cool, wet winters,
although the locations sampled in this study range from coastal sites with higher rainfall and milder
temperatures to inland sites with hotter, more arid summers. P. nodorum sporulates in spring and
early summer 3, when easterly to north-easterly winds prevail across most of WA, countered in

coastal areas by afternoon southerly to south-westerly winds *. The region's climate has also
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experienced recent and dramatic changes. All sampled locations, past and present isolates (e.g.
Badgingarra, Dandaragan, Geraldton, Northam and Esperance; Supp Figure 7) have been drier and
hotter since 2000, consistent with DPIRD analyses showing that drier and hotter rainfall zones
shifted westward to south-westward between 2000-2024 relative to 1910-1999 %°. Climate shifts
can drive the migration or emergence of pathogens and their more aggressive strains °"*62, but this
has not yet been examined for P. nodorum. Recent work in other fungal pathosystems suggests
that precipitation and humidity, rather than temperature alone, often drive climate-linked adaptive
divergence, with populations facing the largest projected moisture deficits showing the greatest
genomic offset, that is, the largest mismatch between current genotypes and those predicted to suit

future conditions ©3.

When we tested whether rainfall gradients and sampling period explained effector-profile diversity
across WA isolates, we found no significant relationship at the population level or among temporal
groupings. However, case-by-case phylogeographic analysis identified three instances of possible
climate-associated pathotype movement (Supp Figure 7). Two were westward (Moora-to-
Badgingarra and Welbungin-to-Badgingarra) and one north-westward (Badgingarra-to-Geraldton)
(Figure 1), each broadly consistent with prevailing spring winds and the direction of recent rainfall-
zone shifts >, Such movement could reflect direct climatic adaptation, or indirect selection
through cultivars deployed in response to changing local climate. However, these examples should
be interpreted with caution, as only a few sites were sampled across multiple time periods;

therefore, more extensive spatio-temporal sampling would be needed to confirm these movements.
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The Badgingarra-to-Geraldton case is the most informative, because both locations were sampled
before and after 2000. Genetic diversity was higher at Badgingarra, which lies within a wheatbelt
rainfall-transition zone (Supp Figure 6), whereas the lower diversity at Geraldton may reflect
localised clonal expansion or dominance by a few lineages. Post-2000 Badgingarra isolates are
increasingly clustered within Geraldton-associated clades. Pathotype profiles based on both known
effectors and top-ranked CSEPs also showed multiple pathotypes detected first at Badgingarra and
subsequently at Geraldton. This directional shift is consistent with the prevailing southerly to
south-easterly coastal winds, which blow north-northwest along the coast during the sporulation
season>® (Figure 1). However, before 2000, although spores may have been dispersed from
Badgingarra to Geraldton, the larger climatic differences between the two sites may have
prevented Badgingarra-derived pathotypes from establishing. After 2000, rainfall declined much
more at Badgingarra (~—130 mm) than at Geraldton (~—50 mm), bringing conditions at the two
sites closer together and potentially favouring establishment. In genomic-offset terms,
Badgingarra's steeper rainfall decline implies a greater mismatch between its historically adapted
pathotypes and its new climate envelope, consistent with genotypes moving from the more
climate-mismatched site towards the comparatively stable one , although genomic offset was not
estimated directly here. Although not conclusive, this trend is suggestive of drought-associated
selection of either pathogens or host cultivars, with directional gene flow of pathotypes along
climatic gradients, consistent with prevailing southerly winds in the Geraldton region during spring
and early summer %2, Detecting such shifts reliably will require regular, spatially dense sampling,

as has been used to resolve population structure and inter-regional migration in wheat stripe rust
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Taken together with temporal RIP dynamics, these results suggest that climate change, cultivar
deployment, and effector evolution are coupled components of pathogen adaptation 2. Under
elevated RIP activities, effector loci can diversify rapidly and generate virulence gains on resistant
cultivars, as shown in Z. tritici %, In L. maculans, RIP-rich, TE-associated regions similarly
promote high variation in effector genes, enabling both the emergence of new virulence alleles and
the loss of avirulence alleles that have become detrimental under resistance gene selection 2. Our
P. nodorum pan-genome shows comparable patterns, with effector neighbourhoods retaining a
greater proportion of RIP-induced amino-acid changes, suggesting potential for resistance
breakdown when particular cultivars are used over long periods ®’, and distinct RIP profiles of
regional populations likely reflect differing histories of co-evolution with regionally deployed
cultivars *. The increasing number of RIP signatures in WA populations over time is of particular
interest. If they reflect elevated mutational input rather than retention alone, they could accelerate
effector diversification and adaptive responses to resistant cultivars, heightening the risk of
resistance erosion and outbreak emergence (Figure 8). This would be consistent with the broader
idea that regulated, elevated mutagenesis ("hypermutation") can itself be an adaptive feature of
fungal pathogens under selection, rather than simply an incidental by-product of genome defence
68, In this context, resistance breakdown may reflect structured evolutionary dynamics shaped by
interacting climatic and genomic forces, rather than purely stochastic events, as reported for

climate- and management-driven structuring in other plant pathosystems .
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Figure 8: Conceptual framework of RIP-mediated adaptive dynamics linking climate-driven
population shifts, effector diversification and cultivar deployment. Climate may act directly
on pathogen populations through population shifts (solid arrow) and indirectly by influencing
cultivar deployment (dashed arrow). RIP-associated genomic diversity supports effector
diversification, which can lead to resistance breakdown; the deployment of new cultivars then

imposes renewed selection, completing the cycle.

Conclusions

This global analysis shows that RIP signatures in P. nodorum are not uniformly distributed but are
spatially and temporally structured, varying among regions, chromosomes and sampling decades.
Although effector-associated regions did not accumulate more RIP overall, they retained a greater
proportion of RIP-induced amino-acid changes, most clearly around 7oxA4 and ToxI in WA,

consistent with region-specific selection acting on effector loci. RIP signatures have increased in
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recent decades at both global and WA scales, a trend that may coincide with a changing climate
and shifting cultivar deployment. In Western Australia, we find preliminary phylogeographic
evidence, most clearly the Badgingarra-to-Geraldton lineage shift, consistent with climate-
associated pathotype movement along a rainfall gradient. Confirming a causal role for climate will
require denser, more balanced spatio-temporal sampling than was available here. Nevertheless,
our results suggest that tracking RIP signatures at effector loci, alongside climate and cultivar-
deployment data, could provide an early indicator of emerging pathogen variants and help

anticipate resistance breakdown before it occurs, rather than responding to it after the fact.

Methods

Sampling, gathering and generation of pangenome data for a global population of

Parastagonospora nodorum

This study analyzed 649 Parastagonospora nodorum isolates, comprising 269 from the Western
Australian (WA) wheat-belt and 380 international isolates. (i) WA isolates: Of the 269 WA
isolates, sequences from 156 previously published P. nodorum isolates were obtained from NCBI
BioProject PRINA398070. These were sequenced at the Australian Genome Research Facility
(Melbourne, Australia) using [llumina HiSeq2500 with TruSeq PCR-free libraries, generating 125
bp paired-end reads and 600 bp insert sizes °. An additional 104 newly sequenced WA isolates
were generated using Illumina HiSeq2500 with TruSeq PCR-free libraries (150 bp paired-end

reads, 350 bp insert size). For WA-specific analyses, only isolates with confirmed WA locations
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and collection years were included. (ii) International isolates: 380 isolates originated from
Switzerland (CH, n=43), South Africa (SA, n=22), Iran (IR, n=32), USA (US, n=261), and other
Australian isolates (n=22). All 197 US isolates had paired-end sequencing (100-150 bp read
length). Sequencing data were accessed from NCBI BioProject PRINA398070, PRINA606320,

PRINA476481 and PRINA1130627.

The seqeunce reads of all isolates were trimmed using CutAdapt v2.1 7 to remove TruSeq
universal adapters with parameters ‘-q30° and ‘--minimum-length=50’. The specified adapters
trimmed were ‘AAGTCGGAGGCCAAGCGGTCTTAGGAAGACAA’ and
‘AAGTCGGATCGTAGCCATGTCGTTCTGTGAGCCAAGGAGTTG . Quality control statistics
were generated using FastQC v0.11.8
(https://www.bioinformatics.babraham.ac.uk/projects/fastqc/) and summarised using MultiQC
v1.14 7!, The trimmed reads were merged and gap filled by bbmerge v38.90 7 included in BBTools
suite. Potential sample contaminants were searched against a database (PlusPFP) constructed from
all NCBI Refeq standard (bacterial, viral, human, plasmid) plus Refeq protozoa, fungi and plant

using Kraken2 v-2.1.2 73,
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locations. Global sampling distribution of P. nodorum isolates is shown on the left, with circle
size proportional to the number of isolates collected from each region: Western Australia, USA,

Europe, South Africa, and Iran. The right panel presents a detailed map of south-western Western
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along with spring morning wind roses *°.

Whole-genomes of newly sampled isolates (excluding reference isolates) were assembled de novo
with SPAdes v3.12.0 " (--only-assembler, --cov-cutoff auto) and MitoZ v3.6 7° (all, --
genetic_code 4, --clade Chordata, --thread number 8, --assembler spades, --requiring taxa
Chordata, with --insert size and --fastq read length adjusted according to the input data).
Genome assemblies generated with SPAdes were filtered to remove sequences matching MitoZ
mtDNA contigs using BLASTn 7® (>95% mtDNA coverage). Filtered SPAdes and MitoZ
sequences were combined into a final assembly and annotated as “nuclear” or “mtDNA”
respectively. Quast v5.0.2 77 and OcculterCut v1.1 were used to assess genome assembly quality

and find AT-rich regions in fungal genomes '#*(Supplementary table 1A).

Identifying genome mutations across the global P. nodorum pangenome

Cleaned sequence reads were aligned to the P. modorum Snl5 reference genome [NCBI
Assembly: GCA_016801405.1] '° using BWA-MEM v0.7.17 7® with default parameters. GATK
v4.2.6.1 was used for short variant calling (SNPs and indels)”. HaplotypeCaller was first run in
GVCF mode for the reads of each isolate independently, after which GenotypeGVCFs was used
to perform joint genotyping of all isolates. Raw SNPs and indels were hard-filtered separately
using the VariantFiltration tool with the following parameters: SNPs: QD < 2, QUAL < 30, SOR
>3, FS > 60, MQ <40, MQRankSum < -12.5, ReadPosRankSum < -8 and Indels: QD <2, QUAL

< 30, FS > 200, ReadPosRankSum < -20 3% Additional filtering for bi-allelic SNPs was
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performed to remove sites with >5% missing data per site, LD >0.9, and retaining 1 high-quality
SNP per 5 kb window. Filtered variants were annotated using SNPEff v5.0 8!, versus a recent re-

annotation of the P. nodorum Sn15 reference genome from '°.

Repeat-induced point (RIP)-like mutations were quantified using a new genome-wide metric
called the "RIPness index", which represents the normalised proportion of RIP-like transitions
within fixed genomic windows. This allowed the relative impact of RIP mutation to be compared
between sequences with variable G:C content, e.g. G:C-equilibrated regions could be roughly
compared to AT-rich regions. 'RIPness’ was calculated by quantifying the normalised frequency
of C—T (and G—A) transition mutations within non-overlapping 10 kb windows relative to other
C—N mutations: i.e. RIPness = (C—T + G—A) / (C—»N + G—N). Although C—T and G—A
transitions can arise through multiple mutational processes, they represent the predominant and
well-established mutational signatures associated with RIP in fungi. Therefore, the RIPness index
was designed to measure the relative abundance of RIP-like signatures across genomic regions
rather than to attribute every individual transition event exclusively to RIP activity. C/T and G/A
variable sites were determined from GVCF data across all isolates in the pangenome (not
reference-based), and were only counted in the RIPness numerator (C—T + G—A) if they
contained a base that was the potential result of RIP mutation i.e. T or A bases. Windows lacking
C/T or G/A variable sites were excluded, as they would have no detectable RIP-associated
transitions. The RIPness index was calculated both genome-wide and for specific genomic
contexts (i.e., regions containing effector genes) using all SNPs or non-synonymous SNPs. While
RIPness provides a comparative measure of RIP-like mutation signatures, it cannot distinguish

individual RIP events from other processes that may generate C—T/G—A transitions.
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Determining the Phylogenetic and Population Structure of the P. nodorum global

pangenome:

Filtered SNPs were converted from VCF format into the NEXUS using ‘vcf2phylip’ v2.8 8 to
construct a phylogenetic tree using IQTree2 v2.1.2 3. 1Q-Tree2 was used to automatically test
substitution models (-m TEST+ASC) for the SNP alignment (-st DNA). The final tree was
constructed using the best-fitting model selected by 1Q-Tree2, with 1000 ultrafast bootstrap
iterations (-bb 1000) and 1000 replicates for the approximate likelihood ratio test (-alrt 1000).
Phylogenetic trees were visualised along with other genome-derived metadata (see below) via

iTOL v5 3.

FastSTRUCTURE version *°, which is based on a Bayesian clustering approach, was run on the
entire SNPs alignment to infer population structure. Before running fastSTRUCTURE, VCF files
were converted into the PLINK bed format using PLINK v1.90b7. For k = 1 to 12, twelve
independent runs were performed with default parameters. The fastSTRUCTURE function
"chooseK.py" was used to determine the optimal number of subpopulations that maximise the
marginal likelihood. After determining the best value of K, the population structure of P. nodorum
was inferred using FastSTRUCTURE. The population structure was visualised using the

distruct.py script from FastSTRUCTURE %’

Prediction of global pan-genome gene content and candidate secreted effector-like proteins

(CSEPs):
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We employed the reference-guided gene prediction software MetaEuk v0.021 % to identify
putative genes in our P. nodorum isolates. A representative gene ortholog dataset, termed "SNOO-
set," was previously generated from P. nodorum pangenome data from a small set of international
isolates and extensive isolates from the Western Australian (WA) region °. This was used as a
representative proteome reference for input to MetaEuk, to predict gene content in all isolates
across the global pangenome. We confirmed the applicability of the WA-based SNOO-set to the
new set of global P. nodorum pangenome data by constructing a rarefaction curve (Supplementary
Fig. 1). This rarefaction curve demonstrated that the number of genes captured by the SNOO-set
plateaued rapidly after all WA isolates were considered, which further flattened with the addition
of European (EU), Iranian and US isolates, indicating that representation of the global pan-
proteome by this dataset was near complete and validating its use in our study. Additionally, we
utilised MetaEuk separately to screen the population for datasets of specialised proteins, including

mating types and known effector genes.

The Predector v1.2.7 ¥ pipeline was used to predict functional annotations and candidate secreted
effector-like proteins (CSEPs), processing the translated gene annotation outputs from MetaEuk
versus the representative ortholog sequences of the SNOO-set. Predector combines the outputs of
multiple tools including SignalP (different versions) 8% DeepLoc version 1.0 °°, TargetP version
2.0 °!, Phobius version 1.01 %2, TMHMM version 2.0c ****, EffectorP versions 1, 2 and 3 °>%,
ApoplastP version 1.0.1 °7, LOCALIZER version *, HMMER version 3.3 * which was used for
homology searches against the dbCAN version 8 database '®°, and MMSeqs2 version 11.elalc !

to perform sequence matches against PHI-base version 4.9 %2, The Predector pipeline generated a
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summarised list of ranked effector candidates with a range of effector properties and their
homologies to various databases, including Pfam ', SwissProt %, InterPro !9, dbCAN %, and
PHIbase '%, as well as homology to the Predector dataset of known effectors 8. CSEPs were
predicted by the following criteria: a Predector score of >1, the presence of >2 cysteines, and a
total residue count of <300 (Supplementary Table 2). The selected criteria were based on the
common characteristics of known fungal CSEPs, which are typically small, cysteine-rich secreted

proteins with positive effector prediction scores.

A region-focussed analysis was performed for isolates sampled from WA, where the protein
isoform profiles of known effectors were analysed to test for rainfall and year-based structuring
using PERMANOVA on Jensen-Shannon divergence (JSD) distances 1%, The profile of each
isolate comprised proportions of 118 top ranked protein families that were classified into six
categories: none (no variants), varl (reference only), var2/var3/vardplus (single derived variants),
or multiple (highest diversity). Pairwise JSD matrices quantified compositional differences, with
PERMANOVA assessing rainfall (continuous/categorical via tertiles: low/medium/high) and
collection year effects (1969-2018, n=164 isolates). All analyses were implemented in Python 3.8
or later using scikit-learn (v1.4.0)(  https://scikit-learn.org/stable/),  scikit-optimize
(v0.9.0)(https://scikit-optimize.github.io/stable/), NumPy (v1.19.0) ' and pandas
(v1.3.0)(http://pandas.pydata.org/pandas-docs/stable/whatsnew/v3.0.1.html). Key functions
included jensenshannondivergence, createvariantcompositionprofiles, and permanovatest. Custom
Python implementations partitioned JSD matrix variance via permutational ANOVA, yielding

pseudo-F statistics, R? (variance explained), and p-values without normality assumptions. Models
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tested included: (1) rainfall continuous, (2) rainfall categorical, (3) year continuous, and (4) year

decades; principal coordinates analysis (PCoA) visualized ordinations.
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Supplementary Figures:
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Supplementary Figure 1: Rarefaction curve, demonstrating the saturation of gene content capture
without our comprehensive set of isolates. The plateau indicates that the current number of isolates
are sufficient to represent the majority of potential gene content within a global pan-genomic

population study.

Supp Figure 2 (Chromosome-specific RIPness by region): chromosome specific average number
of 10 kb genomic windows with RIPness > 0.6 per isolate across five geographic regions: Western
Australia (WA, red), Europe (teal), United States (USA, blue), South Africa (SA, light green), and
Iran (yellow). Data are presented for two SNP mutation categories: (A) All SNPs and (B) Non-

synonymous SNPs.

Supp Figure 3: Comparison of RIPness across decades from the 1960s to the 2010s across the 23
chromosomes of P. nodorum, for the (A) global pangenome and (B) the Western Australian (WA)
sub-set (right). Circular genome plots show RIPness scores across based on all SNPs within 10 kb
windows, with concentric rings representing sequential decades from the 1960s (innermost) to the
2010s (outermost). Scatter points indicate SNP-level RIPness scores, coloured from green (low

RIPness) to red (high RIPness).

Supp Figure 4: RIPness across the (A) Global and (B) Western Australia Parastagonospora

nodorum populations: Chromosome-specific average 10kb genomic windows with RIPness score
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1061

(based on all SNPs) > 0.6 per isolate across five collection decades in WA Parastagonospora

nodorum isolates.

Supplementary Figure 5. Principal Coordinates Analysis (PCoA) of isolate-level protein variant
composition based on Jensen—Shannon divergence of variant-class distributions. Left panel:
PCoA coloured by annual rainfall (mm) and Right panel: PCoA coloured by Years. Each point
represents a single isolate. Overall clustering reflects similarities in the relative proportions of

protein variant classes across isolates, rather than protein identity or sequence length.

Supplementary Figure 6: Average annual rainfall zones in south-west Western Australia (2000-

2024) compared to 1910-1999 baseline (DPIRD, 2025

[https://library.dpird.wa.gov.au/gis_climate/4/]), with study location indicated (red circle).

Supplementary Figure 7: Average annual rainfall and max temperature before and after 2000 at

five different locations, where we have old and new isolates
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