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SUMMARY

Nucleotide-binding leucine-rich repeat (NLR) proteins are major components of the plant immune system,

recognizing pathogen effectors and triggering defense responses. Because of the diversity of pathogen

effector repertoires, NLRs have extraordinary sequence, structural, and regulatory variability. Although pro-

cesses contributing to NLR diversity have been identified, the precise evolution of NLRs in their genomic

context and along the multiple axes of diversity has been difficult to trace. We integrate genome-specific

full-length transcript, homology, and transposable element information to annotate 3,789 NLRs in 17 diverse

Arabidopsis thaliana accessions. We define 121 pangenomic NLR neighborhoods, which vary greatly in size,

content, and complexity. NLRs are diverse across many axes, and multiple metrics are required to fully cap-

ture NLR variation. Based on these findings, we propose that diversity in diversity generation is fundamental

to maintaining a functionally ‘‘adaptive’’ immune system in plants and that mechanistic studies should

consider multiple axes of immune system diversity.

INTRODUCTION

All organisms must defend themselves against a multitude of ad-

versaries, for which they use both physical and biochemical

means. The latter often rely on detecting alien molecular signals

that initiate countermeasures by the attacked host. While plants

lack an adaptive immune system in the vertebrate sense, they

benefit from extensive population-level genetic diversity of im-

mune genes,1 with networks of interacting sensors and down-

stream factors that detect infection and trigger defenses.2,3 As

a result, components of the plant immune system both evolve

more rapidly than the genome at large but also maintain diversity

for much longer than the rest of the genome, in co-evolution with

multiple pathogens whose abundance and diversity fluctuate

over space and time.4–6 Because of a general trade-off between

immunity and plant vigor, there are also inherent limits to the

number and diversity of immune genes.7 Therefore, selection

on immune genes can be both strong and ephemeral at the

same time, with successive waves of diversification and selec-

tion maintaining an evolutionary balance both between plants

and their pathogens and between growth, defense, and avoid-

ance of autoimmunity.

A major group of immune receptors are the NLR proteins

(nucleotide-binding leucine-rich repeat proteins; alternatively

NOD-like receptors), which detect effector proteins that help

pathogens to evade or co-opt the primary, generalized stage

of pattern-triggered immunity.3 The diversity of NLRs appears

to match the enormous diversity of pathogen effector reper-

toires.8–10 NLR genes vary in their primary domain composition,

with some active NLRs lacking several canonical NLR domains,

and they can be found in complex and dynamic gene clusters or

occur in stable paired or single gene configurations. Finally, not

all NLRs are directly involved in pathogen recognition, and some

function as executors of helper NLRs downstream of sensor

NLRs.11

Early analyses noted high nucleotide-level diversity of individ-

ual NLRs9 and highlighted the birth, divergence, and death of

genes within clusters as potential key mechanisms underlying

NLR evolution.8 These patterns have been confirmed at

increasing scales in the decades since,10,12–14 including recent
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insights into epigenetic and regulatory variation.15–18 What re-

mains less clear are the specific mechanisms by which plants

generate and maintain functionally relevant NLR diversity.11,19

While NLRs often come to the fore when one looks for a high

density of structural variants that disrupt synteny between

closely related genomes,20 one can only understand the evolu-

tion of the entire NLR family by considering both population di-

versity and the genomic context of all NLR genes. Here, based

on evidence-based rigorous annotation and epigenetic profiles

of the individual genomes, we characterize the NLR gene com-

plement in genomic and population contexts across a diverse

collection of 17 genomes that represent the range-wide haplo-

type diversity of A. thaliana. We used a pangenome graph-based

principled approach for delineating the complex genomic re-

gions surrounding NLRs, what we call ‘‘NLR neighborhoods.’’

Importantly, our methods are robust to the rampant structural

variation typical for many regions containing multiple NLRs. Us-

ing our pangenomic neighborhood approach, along with high-

confidence annotations of NLRs, pseudogenes, and transpos-

able elements (TEs), a much richer picture of immune system

evolution emerges. Notably, NLR diversification and evolution

defy classification by simple measures or metrics, and a

comprehensive understanding requires a holistic view.

RESULTS

Defining the pangenomic context of NLRs

To characterize the dynamics of NLR evolution in A. thaliana,

we selected 17 accessions to represent the genetic diversity

across the Western Palearctic, based on geographic stratifica-

tion and previously identified haplotype sharing groups21

(Figure 1A). They represent a phenotypically diverse set of ac-

cessions based on their nested responses to 104 downy mildew

disease-causing oomycete, Hyaloperonospora arabidopsidis

(Har) isolates collected across the native range of A. thaliana in

Europe (Figure 1C). We assembled and scaffolded contigs

from PacBio HiFi reads into chromosomes with the aid of a

BioNano optical map for one of the accessions (at9852). We an-

notated protein-coding genes using both homology and full-

length cDNA expression evidence from Har-challenged plants

(sequenced using PacBio isoform sequencing [Iso-Seq]) and an-

notated TEs using both homology and a curated collection of an-

notated repeat families. We annotated up to 29,321 protein-cod-

ing genes per accession (including pseudogenes but not

including TE protein genes), with an average of 35.1 Mb of re-

peats, and a combined total of 3,789 NLR genes (Figure S1A).

As expected, all genomes show a high degree of global synteny

(Figure S1C).22 We took an integrated approach to the annota-

tion of the NLR genes, combining multiple sources of evidence

including Iso-Seq data with manual curation to produce high-

confidence NLR gene models (see STAR Methods and

Figure S11 for full details). This annotation approach improves

upon previous work that relied on single-accession references,

target capture techniques, and short-read RNA sequencing

(RNA-seq). We also manually annotated and verified NLR pseu-

dogenes and partial NLR copies that could not be annotated by

automated approaches, many of which likely have compromised

activity, allowing us to examine mutational processes that inac-

tivate NLRs.

Given that TEs and the epigenetic landscape can influence

NLR function,15,17 we aimed to take a principled approach that

takes the entire genomic environment of NLRs beyond inter-

NLR non-coding sequences into account. In addition, we

wanted to include in our comparisons also NLR-free regions

that were orthologous to NLR-containing regions in other acces-

sions. To do so, we devised a method for consistent delineation

of NLR-related regions that is robust to frequent presence-

absence variation and that included variable flanking sequences.

Compared with defining NLR clusters as regions that include a

fixed amount of sequence up- and downstream of an NLR or

clustering NLRs based solely on genomic proximity,13,14,24 our

approach guarantees that all structural variation is considered,

including cases where NLRs are entirely absent from a region

in some accessions. This allows us to study complete losses

as well as de novo emergence of NLR loci.

We use the term NLR neighborhood for such regions that

contain at least one NLR in at least one accession, bordered

by pangenome-wide syntenic, conserved anchors that were

determined with a pangenomic approach (Figure 1D). In a spe-

cific accession, an NLR neighborhood may contain no NLR

(‘‘nullitons’’), one NLR (‘‘singletons’’) or multiple NLR genes

(‘‘clusters’’). These regions vary greatly in complexity in our data-

set: in the simplest cases they consist of a single syntenic NLR

across all accessions, but they can also be very large and diverse

in NLR copy number across accessions.

Across all genomes, we identified 121 NLR neighborhoods.

These generally are like other euchromatic regions with respect

to protein-coding gene density and steady-state cytosine

methylation (Figure S2). However, NLR neighborhoods tend to

have a higher TE density, with on average younger TEs as in-

ferred from divergence from the family consensus (Figure S2).

NLR neighborhood complexity and variability vary

greatly

NLR neighborhoods differ greatly in average length, from 1.9 kb

to over 900 kb, although most are smaller than 50 kb (Figure 2A).

Similarly, while the length of some neighborhoods varies consid-

erably between accessions, this is not the case for most

(Figure 2A). The neighborhoods are widely variable in NLR con-

tent, ranging from neighborhoods with only NLR fragments pre-

sent in just a few accessions, to neighborhoods with several

NLRs that themselves differ greatly in size and sequence across

accessions (Figure 2B). A numerous class, about 33%, com-

prises single-copy NLRs with highly conserved synteny.

There is also substantial variation in the relative proportions of

NLRs, non-NLR protein-coding genes, and TEs making up NLR

neighborhoods (Figures 2B and 2C). Notably, there is no simple

relationship between the size of a neighborhood and the number

of NLRs it contains. While larger neighborhoods on average have

a higher fraction of TEs, potentially indicating that these represent

a genomic context that is more tolerant to TE activity, many coun-

terexamples exist (Figure 2C). The helper NLRs of the Activated

disease resistance 1 (ADR1) and N requirement gene 1 (NRG1)

families as well as loci conferring resistance to generalist bacterial

pathogens such as Resistance to Pseudomonas syringae pv.

maculicola 1 (RPM1), Resistance to Pseudomonas syringae 5

(RPS5), or Resistance to Pseudomonas syringae 2 (RPS2), on

average occur in smaller, less variable neighborhoods. The larger,
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more variable neighborhoods typically contain NLR genes that are

co-evolving with highly specialized oomycete pathogens, such as

Resistance to Peronospora parasitica 1 (RPP1) and RPP4/5, which

encode resistance to Hyaloperonospora arabidopsidis, but again,

with notable exceptions: the neighborhood (chr2_nbh01) with the

highest average length is defined by two NLR fragments in a sea of

highly complex TE insertions.

Pangenomic complexity in NLR neighborhoods is

centered on NLRs

The degree of variation and structural complexity varies not only

among NLR neighborhoods but also within them. We quantified

the local complexity within neighborhoods using a pangenome

graph metric that summarizes the degree of structural variation

around a sequence (‘‘node’’) across all occurrences in the pange-

nome, what we call ‘‘node radius’’ (see STAR Methods;

Figure S12). This metric represents the local connectedness of se-

quences within a pangenome graph. It increases especially with

rearrangements, duplication, and translocations, as these in-

crease the number of other sequences that can be reached

from the focal node. In neighborhoods with increased local

complexity, this diversity is often centered on the NLRs

(Figures 2D and 3). This observation suggests that rather than di-

versity being a consequence of the surrounding genomic

A D

E

C

B

Figure 1. Defining NLR neighborhoods across 17 Arabidopsis thaliana genomes

(A and B) Our 17 accessions (squares) are broadly representative of both the geographic and population genetic distributions of the broader 1,001 Genomes

collection (circles23); inset shows the UMAP embedding of 17 accessions in the co-ancestry space of all 1,135 accessions (adapted from Shirsekar et al.21).

Colors in (A) and (B) represent the haplotype sharing groups from Shirsekar et al.21; samples in gray represent the three haplotype sharing groups not represented

by our 17 accessions and their corresponding selected accession (see E).

(C) Phenotypic diversity of 17 accessions (rows) with respect to the oomycete pathogen Hyaloperonospora arabidopsidis (Har; columns), with resistant phe-

notypes denoted as black. 104 Har accessions were collected across Europe, as described in STAR Methods.

(D) Universal, pangenome-wide syntenic anchors define NLR neighborhoods.

(E) Representative example of an NLR neighborhood, highlighting accurate delineation of the borders of NLR-containing variable regions, regardless of structural

or presence/absence variation. Black bars indicate pangenomic neighborhoods, syntenic anchors in pink. A fixed-sized window approach centered on a focal

NLR (in yellow) would produce a very different outcome. Note accession codes used in this paper of the form atNNNN represent Arabidopsis ecotype IDs, see

Alonso-Blanco et al.23 and Table S1.

See also Figure S1.
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context—for example, because of DNA sequences that are partic-

ularly prone to double-strand breakage or attracting TE inser-

tions—local complexity is associated with the duplication and re-

arrangement of the NLRs themselves. These patterns are

exemplified by the RPP4/5 locus, where a high degree of copy-

number, domain, and single-nucleotide variation greatly increases

our complexity metric over most of the numerous NLRs in this

neighborhood, while TEs, including recent insertions, contribute

less to pangenomic complexity (Figure 3). In contrast, in the

RPP13 neighborhood, conserved gene structure and limited

copy-number variation only slightly increases local complexity,

despite sequences encoding the leucine-rich repeat (LRR) do-

mains of the NLRs varying greatly (Figure S3).

NLR diversity spans many axes

That local pangenomic complexity in NLR neighborhoods is often

centered on the NLRs themselves and is consistent with rampant

structural variation in many NLR genes. However, structural varia-

tion is only one of many forms of diversity. We used several com-

plementary metrics to measure other axes of NLR diversification,

such as pairwise nucleotide distance, population-wide frequency

of high-impact mutations, isoform diversity, Shannon entropy of

amino acid variation, diversity of NLR-associated domains

(Figures S4 and S8), and copy-number variation (see STAR

Methods). These metrics were calculated for homologous clusters

of NLR sequences (see STAR Methods). Across these metrics,

NLR gene families differ in both their main axes and degrees of

A

D

C

B

Figure 2. NLR neighborhoods across 17 genomes

(A–C) NLR neighborhoods vary across accessions in their overall length (A), their combined length of NLR sequences (B), and by the composition of their an-

notated space (C). See also Figure S2 (D) Pangenome local complexity (‘‘node radius’’) varies within and between neighborhoods, and where elevated, is

predominantly elevated in NLR genes themselves rather than non-NLR genes or intergenic space. Node radius is a genome graph-derived measure of local

structural variation complexity, see Figure S12 and STAR Methods. In all subplots, neighborhoods are ordered by their mean length across accessions.
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diversity (Figures 4A and 4B). Importantly, no single metric cap-

tures the majority of NLR diversity on its own (Figures 4A, S4,

and S5). This also applies to NLRs demonstrated to confer specific

disease resistance, although they are among the more diverse

NLRs by most metrics. For example, RPP13 is highly diverse in

sequence but not isoforms or copy number, whereas DA1-

related protein 4 (DAR4) shows the opposite pattern, while RPP4

is consistently extreme in nearly all metrics (Figures 4A, 4B,

and S4).

Transcript isoform variation is an under-appreciated axis of NLR

diversity. It is only weakly correlated with domain diversity (adj. R2

0.10, p = 1.1e− 9) and gene length (adj. R2 0.18, p = 1.3e− 15)

(Figure S6A). Instead, it is a specific property of individual NLR

gene families (adj. R2 0.45, p < 2.2e− 16) (Figure S6B). Therefore,

genes that are highly conserved based on genomic DNA-based

metrics can still produce diverse proteins across accessions

through the expression of alternative transcripts (e.g., the bacterial

effector AvrRPS4 recognizing NLR gene Rps4). NLRs feature

more isoform variation than non-NLR genes in the same neighbor-

hood, indicating that this increased diversity is specific to NLRs

rather than epigenetic cues affecting a broader genomic context

(Figure S6D). However, we did find that methylation in NLR neigh-

borhoods is most associated with TE presence rather than

methylation of the NLRs themselves (Figure S8D).

Insights into how NLR diversity has been generated

Turning to the processes and possible molecular mechanisms

generating NLR diversity, we first looked at the gain and loss

Figure 3. Pangenome complexity of the RPP4/RPP5 NLR neighborhood

The neighborhood containing RPP4/RPP5 is among the most complex, and the highly elevated local complexity is focused on NLR genes and pseudogenes.

Each per-accession track consists of both a trace of local pangenomic complexity (above the abscissae), and a representation of the gene annotation (below the

abscissae). Individuals show extreme haplotypic diversity of NLRs, which is reflected in highly elevated local complexity focused on NLR genes and their im-

mediate surrounds, while TE genes or other protein-coding genes show little elevation in complexity above the genome background. For an enlarged version

contrasting two nearby neighborhoods, please see Figure S3.
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A

D

C

B

Figure 4. Linking genomic context to gene families

(A) Variation of OG70 diversity across different axes. If not stated otherwise, always for all OG70 members across all accessions (A). π, mean nucleotide pairwise

distance; entropy, mean Shannon entropy of column states within an amino acid multiple sequence alignment, excluding positions with fewer than 10 non-gap

characters; local complexity, mean pangenome local complexity; severe mutations, sum of allele frequencies of mutations with severe predicted consequences

among the 1,001 Genomes collection for OG70s present in at9852; copies, mean number of copies per accession; domains, mean Simpson’s index of diversity of

NLR-associated domains detected by NLRtracker; isoforms, mean of Simpson’s index of diversity of isoform variation affecting the open reading frame of each

transcript; gene-body methylation, mean percentage of methylated CpG sites. Enlarged in Figure S4, and Figures S5–S8 explore each individual axis in more

detail.

(legend continued on next page)
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of NLR genes. We initially defined 204 more broadly related

NLRs homologous clusters (broad OGs). A little under half (88)

were split into more finely delineated groups with at least 70%

protein sequence identity (OG70s), for a total of 371 OG70s

(Figures 4C, 4D, S7D, and S7E). Some NLR neighborhoods

with multiple OGs are likely evolutionarily old, as there are typi-

cally only single members of multiple OGs. In other cases,

such as the RPP1 and RPP4/5 neighborhoods, copy-number ex-

pansions have likely occurred after speciation, and these neigh-

borhoods generally contain few broad OGs, but with each being

represented by multiple copies, indicative of an ongoing and

active copy-number expansion process (Figure 4C). To be

more specific, many NLR neighborhoods (45%) contain multiple

broad OGs, but most broad OGs, 72%, are found in only one

neighborhood (Figure 4C).

In terms of conservation of individual OGs and OG70s, fewer

than half (47%) of broad OGs, and an even smaller fraction of

OG70s (18%), are present in all accessions. Conversely,

OG70s are more likely to be restricted to a single accession

(18% of OG70s) than broad OGs (4%; Figures S7D and S7E).

Some relatively rare OG70s represent long-range translocations

of NLRs into new, distant neighborhoods and are likely recent

and TE-mediated (Figures 4C and S10).

A special case is represented by neighborhoods with paired,

yet highly divergent OGs that encode proteins forming obligate

heteromers.25 Complete duplication of such paired genes26

and different pairs of alleles at the Chilling sensitive 3-

Constitutive shade-avoidance 1 (CHS3-CSA1) locus having

different biochemical functions are indicative of functional link-

age of paired NLR genes being under strong purifying selection.

In agreement, tight genetic linkage between paired NLRs is

maintained across accessions in our dataset. Finally, as in the

A. thaliana reference genome, we did not find cases where

coiled-coil NLRs (CNLs) and Toll/Interleukin-1 receptor (TIR)-

NLRs (TNLs) share a neighborhood, something that has been

observed in other species.27

An NLR neighborhood with clear examples of both NLR birth

and death is the neighborhood containing ADR2. This neighbor-

hood has multiple copies of a single broad OG, several of which

have undergone independent duplication and pseudogenization

(Figures 5A and 5B). Two separate pseudogenization events

have occurred in this neighborhood, once in ADR2 homolog 2

and once in ADR2 homolog 4. In both cases intact copies still

exist in some accessions. No accession has the full complement

of all six homologs found in this neighborhood across acces-

sions. Finally, there are examples of inversions and other struc-

tural variants generating novelty, such as at9879, where a TE is

inserted into an NLR and the resulting new transcript encodes

a fusion of the N terminus of the NLR with a DUF1985 domain

containing portion of a VANDAL2 TE (Figure 5A). While just one

of many examples in this dataset, this neighborhood in particular

presents an ideal candidate for future studies investigating the

functional consequences of gene duplication and pseudogeni-

zation, given the functional importance of ADR2 in the recogni-

tion of Albugo species.28,29

Pseudogenization is frequent but pseudogenized alleles

rarely persist or spread

Compared with other genes, a major feature that makes NLR

genes stand out is the large fraction of genes with mutations

that interrupt the open reading frame (Figure S7C). Notably,

genes that encode only some of the domains found in canonical

NLRs can have biological function.30,31

Of all annotated NLR genes, 7.5% have a truncated open

reading frame relative to allelic copies in other accessions, with

single premature stop codons or frameshift mutations that are

not fixed in the population. An additional 8.4% have multiple

disabling mutations or produce transcripts that no longer encode

any canonical NLR domain (Figure 4D). Genes in the latter class

are more likely to have only limited expression compared with

the genes with single large-effect mutations (Figure S6E), consis-

tent with these genes being further along the path to pseudogeni-

zation. The causes of pseudogenization include a variety of muta-

tional processes, such as single-nucleotide variants and small

indels causing in-frame stop codons, as well as, more rarely, TE

insertions or larger deletions (Figure S7B). Unsurprisingly, prox-

imity to TEs significantly increases the odds of a gene being pseu-

dogenic, both genome-wide (odds ratio = 2.3; 95% CI 2.25–2.37;

p < 2e− 16) and even more so for NLRs adjacent to TEs (odds ra-

tio = 3.01; 95% CI 2.37–3.86; interaction term p 0.01). Importantly,

this does not establish causality: are NLRs near TEs more likely to

be pseudogenized, or are TEs more likely to insert or persist near

pseudogenized NLRs? Single-copy conserved NLRs are less

likely to be pseudogenized (Figure 4D), suggesting that, as a

group, they are more likely to be essential.

While NLRs seem to have a higher burden of severe mutations

than non-NLR genes, individual deleterious variants are most

often found in only a single accession. To more accurately esti-

mate the population frequency of large-effect mutations, we

called single-nucleotide variants from short-read data of 1,135

individuals from the 1,001 Genomes Project23 against one of

our annotated accessions (at9852). The combined occurrence

(the product of allele frequency and number of alleles) of variants

with predicted severe consequences varies considerably among

NLRs, with some genes with known roles in disease resistance,

such as RPP13, having an increased burden of large-effect mu-

tations (Figure 4A). This burden is also higher for NLRs than for

other protein-coding genes (Figure S7C), albeit it only marginally,

and it is not strongly correlated (R2 = 0.065) with the overall

sequence diversity within NLR OG70s (Figure S5).

(B) Principal-component analysis (PCA) of OG70 diversity across each of the axes from (A) highlights that diversity varies in both degree and class between

orthogroups. In both (A) and (B), colored dots represent NLR genes previously identified as encoding resistance to a specific pathogen (see Table S2), which on

the whole are distributed throughout the range of each diversity metric (A) and are relatively evenly distributed throughout the multivariate diversity space (B).

(C) The distribution of broad orthogroups across the 121 NLR neighborhoods, ordered by chromosome positions (y axis), and the first occurrence of the or-

thogroup (x axis). Numbers on the x axis refer to the row number in Table S3. See also Figure S9 for an enlarged version with neighborhoods and orthogroups

names on axes, which can be used to reference individual orthogroups or neighborhoods.

(D) Total gene count per orthogroup across accessions, classified by pseudogenization state, ordered as in (C). Please note that (C) and (D) share x axes, ordered

by the genome position of the first occurrence of the orthogroup, thus (D) represents column sums of (C). Enlarged in Figure S9.
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Figure 5. ADR2 as an example of a neighborhood with birth and death of NLRs

(A) A local map of NLR genes in the neighborhood in each accession, with genes colored by OG70 membership. While some OG70s are intact in most accessions

(ADR2, ADR2 homolog 4), others show presence/absence variation (ADR2 homologs 2 and 5), and/or frequent pseudogenization (ADR2 homologs 3 and 1). Most

accessions have 2–3 intact NLRs and 1–2 pseudogenized NLRs, however some accessions have heavily reduced haplotypes containing no pseudogenes (e.g.,

at9578 and at6929).

(B) A gene tree of NLRs in this neighborhood, with annotated pseudogenization events. The gene tree shows that there have been at least two separate

pseudogenization events within the neighborhood within both ADR2 homologs 3 and 1. For further examples of neighborhoods undergoing NLR birth and death,

see Figure S10.
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NLR neighborhoods are enriched for recent TE activity

TE sequences occur more frequently in NLR genes than in non-

NLR genes. Genome-wide, just over half of intact NLR genes

contain at least one TE sequence, while it is closer to a quarter

for non-NLR genes. While, judging by their size, most TE se-

quences in NLR genes appear to be incomplete, the difference

between NLR and non-NLR genes also holds when considering

only intact TE insertions, with 3.9% of NLRs and 2.6% of non-

NLR genes containing intact TEs, and when considering only

TEs with clear homology to annotated TEs in Col-0 (NLRs,

33.1%; non-NLRs, 14.5%). While in some cases, TEs within

NLRs are conserved across accessions, in most cases the TEs

within an NLR vary across accessions (Figure S8B).

NLR neighborhoods are enriched for TEs, containing a wide

variety of TE families. TEs within NLR neighborhoods are on

average younger than outside NLR neighborhoods, as judged

by formal models for dating intact LTR transposons32

(Figure S2). We see evidence of rare long-range duplications of

NLRs, likely mediated by copy-paste TE activity: at least 12

neighborhoods contain NLRs or NLR pseudogenes in only a

few accessions, are TE-rich, and are not near any other NLR

neighborhoods (Figures S10A–S10C). While these could repre-

sent NLR neighborhoods that have lost NLRs in all but a few

accessions, the ages of linked TEs suggest that these NLR

neighborhoods are most parsimoniously the result of copy-paste

activity of TEs that moved partial or intact NLR genes. The pres-

ence of multiple homologous TE sequences is furthermore likely

to provide a substrate for NLR gene duplication that is indepen-

dent of TE copy-paste activity, but rather the result of localized

processes such as replication slippage and illegitimate recombi-

nation. There are many examples where TEs seem to be directly

responsible for the removal of NLRs including ADR1 a nominally

essential helper NLR that is missing from one of the accessions

(Figure S10D).

DISCUSSION

For three decades, studies of plant NLRs, a major class of im-

mune receptors, have often stressed their evolutionary fluidity.

This emphasis on structural and sequence variability of NLRs

is not surprising, given that the functional identification of NLRs

in many cases began with naturally occurring genetic variation.

More recent work has suggested that extreme intraspecific

diversification is a hallmark of a special class of hypervariable

NLRs, while many other NLRs are evolutionarily much more sta-

ble. Here, by considering both structural and sequence variation,

we show that highly conserved NLRs and hypervariable NLRs

represent merely the extremes of a continuum, and that NLR di-

versity itself is much more complex than previously recognized.

A major question for the future will be how representative our dis-

coveries are for other types of highly variable gene families and/

or immunity regulators, both in plants and in animals.

Context uncovers the extent of NLR evolution

Previous studies identified highly complex regions of the

genome, a subset of which contain NLRs,20 or studied NLRs

either without genomic context,12 or in the context of a single in-

dividual.17 By exhaustively annotating intact and degraded NLRs

in their pangenomic neighborhood contexts, we highlight that

NLR loci vary considerably in structural complexity, with the

majority of NLRs existing in relatively structurally conserved re-

gions. A major surprise was that, when NLR neighborhoods

are structurally complex, the complexity seems primarily

centered on the NLR genes themselves. While not definitive

proof, this suggests that NLRs are more likely the local drivers

of structural diversification, rather than NLRs being mere pas-

sengers in regions of the genome that are generally complex.

While plants lack the somatically adaptive immune system

common to vertebrates, one could consider the highly dynamic

nature of NLRs in structurally complex neighborhoods to provide

a similar vast adaptability as the vertebrate adaptive immune

system.33 Obviously, this analogy only holds with the proviso

that plant NLR diversity and therefore adaptability plays out at

the population level and is driven—at least in short-lived

plants—by germline mutations rather than somatic variation

that arises within individuals. It is obvious that somatic recombi-

nation and hypermutation of the loci encoding vertebrate im-

mune receptors is the outcome of selection for a maximally

effective immune system of the individual.34 It is difficult to think

that the same logic does not apply to plant immune receptors,

even though the generational scale of diversification is a different

one. Indeed, several—though not all—of the structurally most

complex NLR neighborhoods harbor genes that are known to

confer resistance to a highly co-evolving obligate biotrophic

oomycete pathogen, Hyaloperonospora arabidopsidis.24,35

There is, however, a fine line between adaptation and maladap-

tation, and several of these neighborhoods also harbor genetic

loci that can cause autoimmunity.13,20,36

The diversity of NLRs cannot be generalized

While a few NLRs are at the same time highly diverse across mul-

tiple axes, many more NLRs have elevated diversity according to

only one or a few of our seven metrics. Focusing on confirmed

resistance genes, we find that they span the spectrum of diver-

sity across all axes. Some resistance genes that are co-evolving

with pathogen effectors that they directly recognize achieve

extreme diversity in many axes, with many copies and a high de-

gree of sequence variation (e.g., RPP1 and RPP4/5); this is often

seen as the prototypical pattern for resistance genes.13,37,38

Most resistance genes, however, have elevated diversity in

only some axes: RPP13 exhibits a large degree of variation in

its primary sequence but is otherwise a single-copy gene with

comparatively low diversity along all other axes.39 The sequence

of RPP7 is relatively conserved across accessions, with limited

copy-number variation but with many independent inactivating

mutations across the wider population. While one can derive

simplifying metrics for NLR diversity,17 the use of multiple met-

rics clearly provides a much more nuanced picture of NLR diver-

sity. That said, single metrics have promise in highlighting candi-

dates for bioengineering.18 Critically, as discussed below, given

our metapopulation-scale sampling of only tens of individuals,

we can only form parsimonious hypotheses as to the true mech-

anistic underpinning of each axis of diversity, rather than tie each

axis to a (combination of) specific mutagenesis mechanism(s).

While it is important to understand the constraints of NLR diver-

sification imposed by mutational mechanisms, a pathogen does

not care if its receptor is disabled by point mutation, deletion, or

TE insertion, only that it can now invade unrecognized.

ll
OPEN ACCESSResource

Cell Host & Microbe 33, 1291–1305, August 13, 2025 1299



The many axes of NLR diversification

The diversity observed at any locus is the product of local muta-

tion rates and the specific selective landscape acting on a locus,

and genomic context improves our understanding of the pro-

cesses generating and maintaining NLR diversity.12–14,17 For

example, gene duplications occur more readily where local

segmental duplications already exist.40 Such duplicated copies

of an NLR gene could allow additional recognition specificity to

evolve, or could pose increased costs, for example, illegitimate

oligomerization that impedes proper molecular functionality.41

Whether these differences result from the underlying DNA

sequence biasing mutational processes, or whether it is imposed

through selection is less easy to determine. In addition, while we

have treated the different axes of diversity as being largely inde-

pendent, a more thorough understanding of the underlying

mutational mechanisms in the future may reveal that some muta-

tional processes lead to multiple outcomes. For example, dou-

ble-strand breaks can be resolved in many ways, leading to point

mutations, deletions, or complex rearrangements.42 TEs in turn

can induce double-strand breaks43 and could therefore in princi-

ple be causal for a multitude of mutation types. Uncovering the

true molecular mutagenic mechanisms underlying NLR diversifi-

cation presents a challenge due to their incredible diversity,

especially in retrospective range-wide studies such as this

one. Future studies using regional time-series sampling of NLR

diversity could make significant headway on this problem.

While NLR loci are well-known hotspots of gene duplication,

inactivation, and loss,8 relatively few NLR orthogroups are found

in multiple neighborhoods, suggesting that most copy-number

expansion occurs locally,44 although we observe at least 12

apparently TE-associated distal duplications of NLRs to neigh-

borhoods that did not previously contain an NLR. The causes

of NLR inactivation by premature stop codons or frame shifts

generally reflect the spectrum of mutations disabling non-NLR

genes in A. thaliana.45,46 Taken at face value, this would seem

to indicate that inactivating mutations or pseudogenization are

more common in NLR neighborhoods than elsewhere because

of a greater tolerance for NLR mutations. The punctuated nature

of pathogen selection may lead NLR neighborhoods to

frequently experience episodes during which they are less con-

strained by purifying selection, and consequently we see muta-

tions that would otherwise have been purged, especially when

intact NLRs are mildly deleterious in the absence of pathogens.

Whether this is unique for NLR regions or extends to other re-

gions of the genome that contain non-essential genes will be

an interesting topic for future research.

While NLR neighborhoods are enriched for TEs, TEs appear to

play only a minor direct role in both gene duplication and pseu-

dogenization events, even though they tend to be young and turn

over quickly in NLR neighborhoods. We do not know whether

this is due to increased rates of TE insertion, or to increased

persistence of TEs, possibly due to fluctuating selection dy-

namics whereby TE insertions are tolerated in the absence of a

pathogen, then swept to high frequency as passengers on selec-

tively advantageous NLR haplotypes in the presence of a path-

ogen. It is also possible that TEs are positively selected in

some NLR neighborhoods as they impact the regulatory land-

scape.47,48 TE insertions likely play some role in immune system

maintenance: a relatively simple example is the CHS3/CSA1

paired NLR locus, where two distinct haplotypes are maintained

across the population,49 likely aided by the presence of highly

divergent intergenic TEs that prevent recombination between

the two NLRs. We also frequently observe multiple copies of

NLRs and adjacent TEs within an NLR neighborhood,

possibly due to segmental duplication by replication slippage

or illegitimate recombination, which while mechanistically inde-

pendent from TE activity may be accelerated by additional TE

copies.40

Alternative splicing increases transcript diversity, and there

are examples of isoform variation generating immune diversity

in plants.50,51 We found that individual NLR genes vary in isoform

diversity, but that NLR genes from the same orthogroup have

similar isoform diversity. While our study design does not inves-

tigate changes in isoform diversity during the course of infection,

the observation of frequent instances of alternative splicing

makes it likely that this is an important additional axis of NLR vari-

ation. NLR expression has been shown to vary among acces-

sions52 and across environmental clines,53 further highlighting

the need to consider regulation of expression in studies of func-

tional NLR diversification. Similarly, structurally complex loci

around NLRs are highly diverse in methylation patterns across

accessions,16 highlighting the need to consider both inter-

accession variation, as well as the dynamics of methylation

around NLRs over the course of pathogen invasion and defense,

which our single time point data cannot evaluate.

To efficiently explore present-day diversity, we deliberately

chose accessions as single representatives of regional popula-

tions, between which recent gene flow and therefore recombina-

tion is limited. An obvious next step will be a careful comparison

of NLR neighborhoods across multiple populations with closely

related individuals. This will allow, for example, assaying popula-

tion recombination rates and to determine exactly how they are

affected by structural variation.54

Plant immunity is not adaptive at the level of individuals

but at the level of populations

We posit that ‘‘diversity in diversity’’ allows for evolutionary

innovation over different time scales, enabling plants to keep

pace with pathogens that themselves evolve rapidly by pro-

cesses that range from two-speed genomes to the formation

of minichromosomes and horizontal gene transfer.55,56 Like

all organisms, plants must survive the onslaught of a highly

diverse and ever-changing set of pathogens and must also

constantly balance the detection of novel pathogen signals

with fitness costs that come from a hyperactive immune sys-

tem—a known consequence of mal-adaptive NLR diver-

sity.36,57 Critically, as long as enough of the plants in a popula-

tion have the right immune genes to survive that year’s wave of

pathogens with only a minority of individuals having either too

little or too much immunity, the population can persist. Fre-

quency-dependent or balancing selection is a well-established

concept in plant-pathogen dynamics, however the number of

NLR loci for which balancing selection has been formally

demonstrated is surprisingly small,6,9,58–61 which is not surpris-

ing given the excessive diversity, including structural diversity,

at NLR loci. The type of data that we have begun to present here

will hopefully provide an incentive for the development of inno-

vative population genetic approaches to prospect for signals of
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balancing selection at many more NLR loci. Such studies

should, of course, not be limited to NLRs, as the phenomenon

of rapid coevolutionary diversification that we explore here with

regards NLRs likely extends to other immune or highly diverse

gene families. Another interesting question for the future is how

all this plays out in long-lived plants such as trees, which will

encounter a much greater diversity of pathogens over their life-

time than an ephemeral annual herb such as A. thaliana, and

whose population-level adaptability iterates over decades

rather than annually. Currently, we can only speculate whether

trees might generate greater intra-individual NLR diversity

through somatic mutation arising in continually dividing stem

cells62 or epigenetic variation63,64 or whether trees rely more

on NLR-independent broad-spectrum resistance.
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Har17KABG005 This manuscript Har17KABG005

Har1837-1 This manuscript Har1837-1

Har2002-1 This manuscript Har2002-1

Har211-1 This manuscript Har211-1

Har257-1 This manuscript Har257-1

Har320-1 This manuscript Har320-1

Har325-1 This manuscript Har325-1

Har458-1 This manuscript Har458-1

Har459-1 This manuscript Har459-1

Har466-1 This manuscript Har466-1

Har471-1 This manuscript Har471-1

Har477-1 This manuscript Har477-1

Har495-1 This manuscript Har495-1

Har511-1 This manuscript Har511-1

Har527-3 This manuscript Har527-3

Har538-1 This manuscript Har538-1

Har55-1 This manuscript Har55-1

Har564-1 This manuscript Har564-1

Har566-1 This manuscript Har566-1

Har660-1 This manuscript Har660-1

Har661-1 This manuscript Har661-1

Har682-1 This manuscript Har682-1

Har695-1 This manuscript Har695-1

Har708-1 This manuscript Har708-1

Har711-1 This manuscript Har711-1

Har724a-1 This manuscript Har724a-1

Har733-1 This manuscript Har733-1

Har736-2 This manuscript Har736-2

Har745-1 This manuscript Har745-1

Har877-1 This manuscript Har877-1

Har884-1 This manuscript Har884-1

Har885-1 This manuscript Har885-1

Har891-1 This manuscript Har891-1

Har892-1 This manuscript Har892-1

Har900-1 This manuscript Har900-1

Har919-1 This manuscript Har919-1

Har920-1 This manuscript Har920-1

Har944-1 This manuscript Har944-1

HarEmCo5 This manuscript HarEmCo5

HarHiks1 This manuscript HarHiks1

Deposited data

18 HiFi Ath genomes (reads + assemblies) Wlodzimierz et al.66;

this manuscript

PRJEB91362

17 HiFi IsoSeq library reads this manuscript PRJEB91362

1 Illumina bisulphite library reads this manuscript PRJEB91362

(Continued on next page)
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Processed data archive this manuscript https://dl20.coevolutionlab.org/

datarelease/; https://github.com/

coevolutionlab/teasdale-2025-public

Source code for analyses this manuscript https://github.com/coevolutionlab/

teasdale-2025-public

Software

PacBio CCS v 6.0.0 Pacific Biosciences of California

Inc., Menlo Park, CA, USA

https://github.com/PacificBiosciences/

ccs/releases/tag/v6.0.0

PacBio Bam2fastx v1.3.0 Pacific Biosciences of California Inc.,

Menlo Park, CA, USA

https://github.com/PacificBiosciences/

bam2fastx/releases/tag/1.3.0

Ccsmeth 0.3.0 Ni et al.67 https://github.com/PengNi/ccsmeth/

releases/tag/0.3.0

DeepConsensus Baid et al.68 https://github.com/google/

deepconsensus/releases/tag/v1.0.0

Bismark v0.24.0 Krueger et al.69 https://github.com/FelixKrueger/Bismark/

releases/tag/0.24.0

methylartist Cheetham et al.70 https://github.com/adamewing/

methylartist

hifiasm v0.15.4-r343 Cheng et al.71 https://github.com/chhylp123/hifiasm/

releases/tag/0.15.4

minimap2 (various versions) Li72; Li73 https://github.com/lh3/minimap2/releases

samtools (various versions) Danecek et al.74 https://github.com/samtools/samtools/

releases

diamond2 (various versions) Buchfink et al.75 https://github.com/bbuchfink/diamond/

releases/tag/v2.1.7

blobtools v1.1.1 Laetsch et al.76 https://github.com/DRL/blobtools/

releases/tag/blobtools_v1.1.1

ragtag v2.1.0 Alonge et al.77 https://github.com/malonge/RagTag/

releases/tag/v2.1.0

BUSCO v4.0.6 Simão et al.78 https://gitlab.com/ezlab/busco/-/releases/

4.0.6

QUAST v5 Gurevich et al.79 https://quast.sourceforge.net/quast.html

SyRi Goel et al.80 https://github.com/schneebergerlab/syri/

releases/tag/v1.3

AUGUSTUS Stanke et al.81,82 https://github.com/Gaius-Augustus/

Augustus/releases/tag/v3.4.0

Liftoff Shumate et al.83 https://github.com/agshumate/Liftoff/

releases/tag/1.6.0

InterProScan (various versions >= 5.44) Jones et al.84 https://github.com/ebi-pf-team/

interproscan/releases

Hydra This Manuscript https://github.com/Lnve/HYDRA

lima 2.6.0 Pacific Biosciences of California Inc.,

Menlo Park, CA, USA

https://github.com/PacificBiosciences/

barcoding

Tama Kuo et al.85 https://github.com/GenomeRIK/tama

PASA Haas et al.86; Haas et al.87 https://github.com/PASApipeline/

PASApipeline/releases/tag/pasa-v2.5.2

TransDecoder (v5.5.0) (no published manuscript) https://github.com/TransDecoder/

TransDecoder/releases/tag/

TransDecoder-v5.5.0

miniprot Li88 https://github.com/lh3/miniprot/releases/

tag/v0.5

NLRannotator (v2) Steuernagel et al.89 https://github.com/steuernb/NLR-

Annotator

(Continued on next page)
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NLRtracker (custom version) Kourelis et al.90; this manuscript https://github.com/kdm9/NLRtracker

WebApollo Lee et al.91 https://github.com/GMOD/Apollo/

releases/

igv-js (2.12.6; via Blindschleiche) Robinson et al.92 https://github.com/kdm9/blindschleiche/

blob/main/blsl/genigvjs.py

Blindschleiche (various versions) Murray et al.93,94;

this manuscript

https://github.com/kdm9/blindschleiche

AGAT Dainat et al.95 https://github.com/NBISweden/AGAT

SQUANTI 3 Pardo-Palacios et al.96 https://github.com/ConesaLab/SQANTI3

RepeatMasker (v4) Chen97 https://github.com/Dfam-consortium/

RepeatMasker

EDTA v1.9.7 Ou et al.98 https://github.com/oushujun/EDTA/

releases/tag/v1.9.6

LTRharvest 1.5.10 Ellinghaus et al.99 https://www.zbh.uni-hamburg.de/en/

forschung/gi/software/ltrharvest.html

LTR_FINDER_parallel 1.0 Ou et al.100 https://github.com/oushujun/LTR_

FINDER_parallel

HelitronScanner 1.0 Xiong et al.101 https://sourceforge.net/projects/

helitronscanner/

TIR-Learner 1.23 Su et al.102 https://github.com/WeijiaSu/TIR-element-

annotation/tree/master/TIR-Learner

MITE-Hunter 1.0 Han et al.103 http://target.iplantcollaborative.org/mite_

hunter.html

EAhelitron Hu et al.104 https://github.com/dontkme/EAHelitron

CD-hit (various versions) Li et al.105 https://www.bioinformatics.org/cd-hit/

TEsorter Zhang et al.106 https://github.com/zhangrengang/TEsorter

Ape Paradis et al.107 https://cran.r-project.org/web/packages/

ape/index.html

Orthofinder 2 Emms et al.108 https://github.com/davidemms/

OrthoFinder/releases/tag/2.5.4

Genespace Lovell et al.109 https://github.com/jtlovell/GENESPACE

NCBI Blast Camacho et al.110 https://ftp.ncbi.nlm.nih.gov/blast/

executables/blast+/LATEST/

mafft (various versions) Katoh et al.111,112 https://mafft.cbrc.jp/alignment/software/

IQtree (various versions) Minh et al.113 https://github.com/iqtree/iqtree2

ggtree Yu114 https://bioconductor.org/packages/

release/bioc/html/ggtree.html

PGGB 0.5.0 Garrison et al.115 https://github.com/pangenome/pggb/

releases/tag/v0.5.0

Odgi Guarracino et al.116 https://github.com/pangenome/odgi

raugraf 0.1.0 This Manuscript https://github.com/kdm9/raugraf

Acanthophis v0.2.0 Murray et al.94 https://github.com/kdm9/Acanthophis/

releases/tag/0.2.0

AdapterRemoval 2.3.1 Schubert et al.117 https://github.com/MikkelSchubert/

adapterremoval/releases/tag/v2.3.1

BWA MEM Li118 https://github.com/lh3/bwa/releases/tag/

v0.7.17

bcftools (various versions) Danecek et al.74,119 https://github.com/samtools/bcftools/

freebayes Garrison et al.120 https://github.com/freebayes/freebayes/

releases/tag/v1.3.6

Seqtk (no published manuscript) https://github.com/lh3/seqtk

ll
OPEN ACCESS Resource

e5 Cell Host & Microbe 33, 1291–1305.e1–e9, August 13, 2025

https://github.com/kdm9/NLRtracker
https://github.com/GMOD/Apollo/releases/
https://github.com/GMOD/Apollo/releases/
https://github.com/kdm9/blindschleiche/blob/main/blsl/genigvjs.py
https://github.com/kdm9/blindschleiche/blob/main/blsl/genigvjs.py
https://github.com/kdm9/blindschleiche
https://github.com/NBISweden/AGAT
https://github.com/ConesaLab/SQANTI3
https://github.com/Dfam-consortium/RepeatMasker
https://github.com/Dfam-consortium/RepeatMasker
https://github.com/oushujun/EDTA/releases/tag/v1.9.6
https://github.com/oushujun/EDTA/releases/tag/v1.9.6
https://www.zbh.uni-hamburg.de/en/forschung/gi/software/ltrharvest.html
https://www.zbh.uni-hamburg.de/en/forschung/gi/software/ltrharvest.html
https://github.com/oushujun/LTR_FINDER_parallel
https://github.com/oushujun/LTR_FINDER_parallel
https://sourceforge.net/projects/helitronscanner/
https://sourceforge.net/projects/helitronscanner/
https://github.com/WeijiaSu/TIR-element-annotation/tree/master/TIR-Learner
https://github.com/WeijiaSu/TIR-element-annotation/tree/master/TIR-Learner
http://target.iplantcollaborative.org/mite_hunter.html
http://target.iplantcollaborative.org/mite_hunter.html
https://github.com/dontkme/EAHelitron
https://www.bioinformatics.org/cd-hit/
https://github.com/zhangrengang/TEsorter
https://cran.r-project.org/web/packages/ape/index.html
https://cran.r-project.org/web/packages/ape/index.html
https://github.com/davidemms/OrthoFinder/releases/tag/2.5.4
https://github.com/davidemms/OrthoFinder/releases/tag/2.5.4
https://github.com/jtlovell/GENESPACE
https://ftp.ncbi.nlm.nih.gov/blast/executables/blast+/LATEST/
https://ftp.ncbi.nlm.nih.gov/blast/executables/blast+/LATEST/
https://mafft.cbrc.jp/alignment/software/
https://github.com/iqtree/iqtree2
https://bioconductor.org/packages/release/bioc/html/ggtree.html
https://bioconductor.org/packages/release/bioc/html/ggtree.html
https://github.com/pangenome/pggb/releases/tag/v0.5.0
https://github.com/pangenome/pggb/releases/tag/v0.5.0
https://github.com/pangenome/odgi
https://github.com/kdm9/raugraf
https://github.com/kdm9/Acanthophis/releases/tag/0.2.0
https://github.com/kdm9/Acanthophis/releases/tag/0.2.0
https://github.com/MikkelSchubert/adapterremoval/releases/tag/v2.3.1
https://github.com/MikkelSchubert/adapterremoval/releases/tag/v2.3.1
https://github.com/lh3/bwa/releases/tag/v0.7.17
https://github.com/lh3/bwa/releases/tag/v0.7.17
https://github.com/samtools/bcftools/
https://github.com/freebayes/freebayes/releases/tag/v1.3.6
https://github.com/freebayes/freebayes/releases/tag/v1.3.6
https://github.com/lh3/seqtk


EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Accession selection and plant growth

We selected 17 accessions of Arabidopsis thaliana (Ath) from the 1001 Genomes Consortium23 diversity set based on geographic

stratification, seed availability, and previously identified haplotype sharing groups.21 We grew plants in potting mix at 23◦C with

16 hours light and 65% humidity until 30 days old. We harvested whole rosettes after 30 hours of dark treatment to reduce starch,

and stored them at -80◦C.

Phenotyping of Ath-Har interactions

We inoculated a Europe-wide collection of 104 Hyaloperonospora arabidopsidis (Har) isolates individually on five to ten 8-day-old

seedlings of each of the 17 accessions following a standard protocol.121 Briefly, we propagated isolates on eds-1 Ath by infecting

8-day old eds-1 seedlings with spores extracted from sporulating tissue (initially from field samples, thereafter the previous gener-

ation of eds-1 infected with the respective isolate) every approximately 10 days. We grew infected plants at 16 C and approximately

100 μE light intensity in self-contained growth cabinets. We performed infection assays under similar conditions, using 8-day old

seedlings of each respective Ath isolate. We replicated inoculations 3-5 times per accession and scored the immune response of

the accessions after 11 days of the inoculation as resistant (no Har sporulation to mild Har sporulation) or susceptible (moderate

to profuse Har sporulation).

METHOD DETAILS

HMW DNA Extraction

To extract high molecular weight (HMW) nuclear DNA with minimal organellar contamination, we first isolated nuclei. Approxi-

mately 40 grams of fresh plant tissue was ground to an ultra-fine powder with a mortar and pestle cooled with liquid nitrogen.

Working at 4◦C, we resuspended about 20 grams of ground tissue in 200mL of nuclei isolation buffer (NIB) and gently stirred

for 15 minutes. The solution was filtered through Miracloth and incubated with 10 mL NIB-Triton20 for 15 minutes. We centrifuged

the solution to collect the nuclei and washed the pellet twice with NIB-Triton20 and finally centrifuged again to collect the final

clean nuclei pellet.

We extracted HMW DNA by lysing nuclei in G2 lysis buffer at 37◦C, treating with RNase for 30 minutes at 37◦C and then proteinase

K at 50◦C for 3 hours. We centrifuged this lysate at 4◦C to remove debris. We eluted and precipitated the HMW DNA in the genomic tip

device, then physically separated clumped DNA with a sterile glass hook and eluted in Qiagen EB buffer. We left the eluted HMW DNA

at room temperature until it fully dissolved and stored it at 4◦C. We measured HMW DNA fragment sizes with the Femto® Pulse sys-

tem (Agilent), and quantitated DNA with the dsDNA-HS Qubit Fluorometer kit (Life Technologies). Typical yields were 30-80 μg of

HMW DNA, with median fragment lengths of over 60-80 kb.

PacBio HiFi Library Preparation

We prepared the extracted genomic DNA for PacBio Circular Consensus Sequencing (CCS) with the "Procedure & Checklist - Pre-

paring HiFi SMRTbell Libraries using SMRTbell Express Template Prep Kit 2.0 (PN 101-853-100 Version 01 (September 2019))" pro-

tocol, with the following modifications. We sheared the genomic DNA with the Megaruptor 2 device (Diagenode) to a target size of

20 kb to 25 kb. To reduce clogging of the Megaruptor hydropore, we sheared 15 μg HMW genomic DNA in a volume of 700 μl to an

average size of between 15-20 kb. We purified sheared DNA with AMPure PB Beads (Pacific Biosciences) and checked the concen-

tration and size with the Qubit Fluorometer and the Femto Pulse System. We used the Express Template Prep Kit 2.0 for library con-

struction, except that we doubled the suggested amount of input DNA (10 μg of sheared DNA) and accordingly increased all reagent

volumes two-fold. The library was size selected to >15 kb using a BluePippin instrument. Immediately before sequencing on a Pacific

Biosciences Sequel II instrument, we performed a final bead cleanup, annealed the templates with Sequencing Primer v2 and bound

it to the sequencing polymerase.

HiFi Reads and DNA Methylation

We generated HiFi consensus reads from raw read files using the PacBio Circular Consensus Sequencing tool (v6.0.0) and bam2-

fasta, keeping reads ≥ 10 kb and with average quality ≥Q20 for genome assembly. We re-generated HiFi consensus reads with ki-

netics information with ccsmeth call_hifi.67 We generated an Illumina bisulfite sequencing (BS-seq) library as described122 for a single

accession (at9852) using a portion of input DNA from which PacBio CCS reads had been generated. We used Bismark69 to generate

estimates of cytosine methylation from the BS-seq reads. We trained a ccsmeth model (v0.3.0; 67) to call methylation based on HiFi

read kinetics, using the Bismarck methylation estimates as ground truth. Briefly, genomic positions with 100% methylation and at

least 6x BS-seq read depth were considered methylated and those with 0% methylation were considered non-methylated. During

cross-validation, our fine-tuned ccsmeth CG model had 98% accuracy, but CHG and CHH sites could not be accurately predicted.

We then used ccsmeth to estimate methylation status for each HiFi reads for all accessions. We used methylartist70 to aggregate

read-level methylation data for individual cytosines in each genome.
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Long-read transcript evidence

To produce transcript evidence for gene annotation, we infected 10-day old seedlings of each of the 17 accessions with three isolates

of the specialist oomycete pathogen Hyaloperonospora arabidopsidis (166-4, 495-1, 527-3). We harvested two replicates each at

2 hours, 24 hours, and 4 days post infection, and extracted RNA with a silica column-based protocol.123,124 We quantified the

RNA using a Nanodrop instrument and pooled all samples for each accession in an approximately equimolar fashion. We prepared

Iso-Seq libraries using the ‘‘Procedure & Checklist - Preparing HiFi SMRTbell ® Libraries using SMRTbell ® Express Template Prep

Kit 3.0 (PN102-141-700 Rev: 06 (2022))’’ protocol. Libraries were individually indexed using SMRTbell barcoded adaptors during the

adapter ligation step of the library prep protocol. The libraries were multiplexed and sequenced across 3 SMRTcells (8-10 libraries

per SMRTcell) using the Sequel II binding kit 3.1 recommended for libraries with fragments shorter than 3 kb. The ten libraries with the

lowest yields were re-pooled and re-sequenced on a fourth SMRTcell.

QUANTIFICATION AND STATISTICAL ANALYSIS

Genome assembly and quality assessment

We assembled reads into primary contigs with hifiasm (v0.15.4-r343).71 We mapped HiFi reads back to primary contigs with mini-

map272,73 and SAMtools,74,125 and searched each contig against the NCBI’s non-redundant protein database with diamond blastx.75

We used blobtools76 to combine these data and generate summary plots that we used to identify contaminant sequences, which we

removed with seqtk.126 To increase the accuracy of scaffolding, we used an optical map (produced by BioNano Genomics) of acces-

sion at9852. We scaffolded contaminant-filtered primary contigs of at least 100 kb by aligning them to the BioNano map of at9852

using ragtag scaffold (v2.0.1;77). We assessed the completeness and correctness of each de novo assembly with BUSCO (v4.0.6)78

using the odb10_embryophyta database.127 We calculated continuity, GC content, overall assembly length and reference coverage

of assembled contigs with Quast (v5.0.2).79 We detected structural variation between each scaffolded genome and the A. thaliana

reference genome TAIR10128 with SyRi (v1.3).80

Ab initio and homology-guided gene annotation

We created initial gene annotations using both homology evidence and statistical prediction. We created ab initio gene predictions

with Augustus,81 using a BUSCO-refined A. thaliana model similar to the BREAKER workflow.129 We used liftoff83 to transfer the Ara-

port11130 annotation of the Col-0 reference accession to homologous regions of each assembly. We also produced a protein domain

annotation, for all putative gene models using InterProScan (interproscan-5.51-85.084). We then translated these matches into GFF

files using pfam2gff.py (https://github.com/wrf/genomeGTFtools/blob/master/pfam2gff.py).

Gene annotation with transcript evidence

To predict isoforms from the Iso-Seq reads we used a custom pipeline that can handle multiple reference genomes (https://github.

com/Lnve/HYDRA). Briefly, Pacbio CCS reads were demultiplexed and barcodes removed using Lima (2.6.0) with the Iso-Seq mode.

We clipped poly-A tails using refine (3.8.1) and removed apparent concatemers. We merged samples that were sequenced twice with

samtools (1.16.1). We mapped reads to the respective reference genome using minimap2 (2.17-r941 -ax splice:hq;72,73) and

collapsed the reads into predicted isoforms using TAMA (tc_version_date_2020_12_14;85). We set the 5’ threshold (-a 10) to

10 bp, the 3’ threshold to 5 bp (-z 5) and did not allow for any differences at the splice junctions (-m 0), resulting in variation at the

ends, but capturing all possible splice junctions of each gene. Only sequences with 99% identity were collapsed (-i 99). We then up-

dated the initial gene predictions from AUGUSTUS with PASA (2.5.2;86) using default settings. We predicted open reading frames for

all isoforms using transdecoder (5.7.0;131) with the complete ORF setting.

Evidence-weighted gene prediction

To integrate ab initio, liftoff and RNA supported gene predictions, we combined all predictions into non-overlapping loci likely rep-

resenting the same underlying gene(s). We used NLRannotator89 and NLRtracker90 to find NLR remnants or NLR genes missing from

our annotated genes. We devised a decision tree (see Figure S11) to categorize genes according to the amount and source of consis-

tent evidence. Where annotators agreed on the coding sequence and exon structure of a gene, we selected the most evidence-rich

annotation (PASA > liftoff > Augustus). Where RNA-based annotation disagreed with ab initio and/or liftoff prediction, or where RNA

evidence was missing, we manually curated NLR annotations.

The manual curation process involved examining the locus in both WebApollo91 and igv-js,92 and assessing which evidence track

contained the valid gene model with the most canonical NLR domain structure supported by both RNA and homology evidence.

Manual annotation was mostly needed for a small set of predictions where the Iso-seq evidence overlapped with multiple ab initio

and liftoff annotations, or where there were multiple liftoff annotations for a single Augustus annotation and vice versa. Where we

encountered valid open reading frames encoding NLRs with non-canonical domain structure, we used Iso-Seq evidence as the pu-

tative gene model. In the absence of Iso-Seq evidence, if putative annotations supported differing numbers of genes, we examined

the domain structure of these ORFs to determine whether the "split" or "conjoined" putative annotation was likely more accurate,

informed by the domain structure of homologous sequences from other accessions. For example, if liftoff of Araport11 predicted

two gene models but the IsoSeq and the domain structure predicted a single NLR with a TE insertion, we selected the gene model

predicted using the IsoSeq. We used a custom script to parse the manual annotation decisions and output a composite GFF. GFF
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entries were adjusted for some truncated pseudogenes, where the extent of the mRNA boundaries was lengthened to encompass

the full 3’ UTR of the truncated gene. Finally, we combined the outputs for each accession, which we then sanitized for a variety of

common minor problems using both AGAT95 and custom tools.93 Where multiple transcripts were predicted for a gene model, the

transcript with the 5’-most start codon and then longest CDS was chosen as representative. Genes were labelled as pseudogenes if

there was a liftoff annotation that did not have a valid ORF. Proto-pseudogenes/truncated genes were labelled as part of the manual

NLR annotation process, usually where only one mutation interrupted the NLR ORF, often with Iso-seq evidence for a transcript with a

long 3’ UTR downstream of the mutation truncating the ORF.

Isoform diversity

We summarized isoform variation based on the ORF structure of each isoform (i.e. collapsing isoforms with the same open reading

frame) using SQUANTI3.96 We calculated the isoform diversity for each gene as Simpson’s index of diversity (1-Simpson’s D;

1=maximal diversity). As observed isoform diversity is limited by the number of reads sequenced, we also recalculated Simpson’s

index of diversity only for genes that had at least 10 Iso-seq reads. As we did not explicitly enrich for intact 5’ caps, we also re-calcu-

lated isoform diversity disregarding isoform variation at the 5’ end to account for potential transcript degradation.

Repeat annotation

We annotated satellite repeats such as telomeres, centromeres and rDNA clusters by homology to a library of consensus sequences

from the reference accession Col-0132 using RepeatMasker97 (v 4.0.5) with the following parameters: -e ncbi -s -a -inv -xsmall -div

40 -no_is -nolow -cutoff 200 -norna. To annotate transposable elements (TEs) in each genome, we first used EDTA_raw.pl (v.1.9.7)98

to annotate LTRs with LTRharvest (v1.5.10),99 LTR_FINDER_parallel (v1.0)100 and LTR_retriever,133 Helitrons with HelitronScanner

(v1.0),101 and TIR elements with TIR-Learner (v1.23)102 and MITE-Hunter (v1.0).103 We then merged all 90 chromosomes from the

18 accessions, combined the raw output and proceeded with the rest of the EDTA pipeline, adding the current TE library from

TAIR10. Originally 18 genomes were included in this dataset, but we could not generate IsoSeq expression evidence for at6137,

so it was not included in any analysis of NLR diversity and evolution. The result was a combined TE library and GFF annotation of

TEs common for all the accessions.

To refine these automated annotations and to detect previously unknown repeat families, we used additional steps: To mitigate

rampant mis-annotation of tandem repeats as TEs, we intersected EDTA annotation with the independent satellite annotation of cen-

tromeres, telomeres and rDNA and removed EDTA-annotated TEs overlapping >20% with satellite repeats. We removed repeats not

assigned to a known repeat family, as they were predominantly either artefacts of the joint analysis of all 18 genomes, or unidentified

satellite repeats.

To increase the confidence of the de novo Helitron annotations, we considered whether a TE family had at least one intact member,

and whether there was a Rep/Hel protein domain in at least one member (using RexDB Viridiplantae v3.0.134 Finally, we ran EAheli-

tron104 to reannotate Helitrons and report whether a given TE copy intersected with both EDTA and EAhelitron.

The EDTA pipeline did not assign a TE family to several TE instances because they were single copy, likely because we had run the

raw EDTA module independently for each genome. To correct this, we associated elements with known TE families via BLAST

matches following the 80/80/80 rule. We clustered the remaining TE instances that did not correspond to a known TE family following

the 80/80/80 rule using CD-hit.105 Clusters with at least two copies were assigned new TE family names and their corresponding TE

models were incorporated into the TE library of the pangenome. Finally, we used TEsorter106 to assign all LTR families in our TE library

to known clades using RexDB Viridiplantae v3.0.134 Finally, we estimated the age of intact LTRs by aligning their two LTR ends and

calculating the pairwise distance between the two ends using the dist.dna function of the R package ‘‘ape’’107 with the model ‘‘K80’’

and translating it to millions of years using the mutation rate calculated in Ossowski et al.135

TE gene annotation

To distinguish bona fide TE genes from non-TE genes, we devised the following decision tree (Figure S13). We combined all TE and

non-TE genes produced by the annotation (together referred to as putative genes from now on), and used Diamond v275 to compare

their protein products against a curated repeat database of TE-related protein domains (RexDB Viridiplantae 3.0134). We overlapped

all putative genes with a collapsed version of the TE annotation without Helitrons, merging all annotated TE copies, minus Helitrons,

that overlap or are within 100 bp of each other. We classified putative genes as TE genes if they overlapped at least 20% with merged

TEs and had a RexDB hit. In addition, we classified putative genes as TE genes if they did not have a hit against RexDB but over-

lapped at least 90% with merged TEs. We compared all putative genes with a RexDB hit with a merged Helitron annotation and clas-

sified those with more than 20% overlap as TE genes. We classified as ‘‘TE-like protein genes’’ all other putative genes with a RexDB

hit but without overlap with the TE or Helitron annotations. All remaining genes without a RexDB hit and without overlap with merged

TEs or Helitrons as protein coding genes.

Orthogrouping and phylogenetic inference

To identify NLR sequences that represent the same gene, we first extracted the protein sequences of all genes with a valid ORF

(excluding pseudogenes but including truncated genes) using AGAT.95 We also extracted the nucleotide sequences for all genes

(including pseudogenes and pseudogenic regions). We clustered all protein sequences across the 17 accessions using
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OrthoFinder2108 as an initial first pass with default settings. This resulted in 35,697 orthogroups (OGs), of which 249 contained NLR

proteins. We confirmed the global synteny of the 17 genomes using Genespace109 (Figure S1c).

Many diversity metrics are heavily affected by how orthogrouping is performed, which can be quite arbitrary, particularly for NLRs

with both recent and not so recent copy number variation. We attempted to account for the variation in NLRs by defining broad or-

thogroups (OGs) along with finer orthogroups (OG70s, Table S4). For OGs, we first conducted an all-by-all protein blast (BLASTP110)

to ensure that sequences had not been mis-assigned by OrthoFinder and to determine whether any OGs needed to be merged. If only

a few sequences in an OG had close hits (≥ 85% amino acid sequence identity) to another OG, we moved these sequences to the

other OG. If most sequences of an OG had a close hit with sequences from another OG, we merged the OGs. This procedure reduced

the number of OGs from 249 to 204 and led to OG reassignment of 24 sequences. To produce final OGs representing sequences of

nominally the same NLR gene, we clustered sequences within OGs using CD-hit105 with a 70% sequence similarity threshold to

produce OG70s. By definition, all members of an OG70 belong to the same OG. We aligned sequences in each OG70s using mafft –

auto136 calculated average pairwise distance using a custom script - p-distance_script_v3.py and Shannon entropy using Blind-

schleiche (blsl entropy93).

We assigned pseudogenes to OGs using tblastn (NCBI BLAST+110), aligning all NLR proteins to the nucleotide sequences of the

pseudogene regions. A pseudogene was assigned to the orthogroup of the protein that best aligned to each pseudogenic region. We

did not search against the entire protein complement as the dataset contains TE proteins, many of which exist inside the

pseudogenes.

We constructed gene trees for orthogroups (OGs and OG70s) of interest (e.g. the orthogroup containing ADR2, Figure 5B). We

aligned nucleotide sequences for the entire genes using MAFFT136 and reconstructed a Maximum likelihood phylogeny using

IQtree113 and visualised the tree using ggtree.114

Pangenome graphs

We induced a graph of each of the five chromosomes from all assemblies with PGGB115 using the parameters recommended for

A. thaliana (-s 5000, -p 95, -n 18, -k 47). We visualised graphs and subgraphs with odgi viz.116 We calculated local graph complexity

(‘‘node radius’’) with a graph-walking metric: for each node in the graph counted the total number of unique nodes that could be

visited with a specific number of steps without back-tracking and ignoring self-loops. We walked each assembly’s path through

the graph, transferring node-level statistics to assembly-specific genome coordinates. The functionalities are implemented in the

novel tool ’raugraf’.137

Definition of NLR-dense neighborhoods

We defined NLR-dense gene neighborhoods (‘‘NLR neighborhoods’’) with a semi-automated pangenome graph traversal algorithm.

For each chromosome, we find the position of an NLR in the pangenome graph. We then traverse the sequence graph outward in both

directions until we find at least five graph nodes that together represent at least 100 bp of syntenic, single-copy sequence shared

across all accessions (Figure 1B). These syntenic anchors from the left and right borders of a region with at least one NLR in at least

one accession. We then define a NLR neighborhood in each accession by finding the corresponding genome coordinates of these

syntenic anchor nodes with odgi. We repeat this for all NLRs in all accessions, skipping those already covered by a neighborhood,

until all annotated NLRs are contained in neighborhoods. We removed two neighborhoods that contained only a single incomplete

NLR fragment across the pangenome, in both cases a partial TIR sequence appears to be inserted into pericentromeric TE repeat

clusters.

Genotyping with data from the 1001 Genomes project

To determine the species-wide frequency of mutations that disrupt the coding sequence of NLR genes, we applied the Acanthophis

variant calling pipeline94 to short reads from the 1001 Genomes project.23 We removed low quality and adapter sequences from

reads with AdapterRemoval117 and mapped reads to the at9852 assembly with BWA MEM,118 calling variants with freebayes.120

We predicted variant consequences with bcftools csq,74,119 using our final gene annotation of at9852. We calculated the total fre-

quency of severe mutations (frameshifts, starts/stops gained or lost) as the sum of the allele frequency of all variants with a minor

allele frequency above 1%, a variant quality above 1,000, and a total coverage within 5,000-50,000 (across 1,135 samples, equivalent

to an average depth of approximately 5-50x).

ADDITIONAL RESOURCES

In addition to sequence deposition in the European Nucleotide Archive (see key resources table), we have created an online portal to

collate additional data releases and browsers, available at https://dl20.coevolutionlab.org/datarelease/ and mirrored at https://

github.com/coevolutionlab/teasdale-2025-public.
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