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Abstract

Plant nucleotide-binding leucine-rich repeat (NLR) immune receptors detect
pathogen effectors in the cell and trigger immune responses that lead to cell
death. Within the superasterid NRC (NLR Required for Cell death) network,
sensor NLRs detect pathogens but need NRC helpers to mediate immune
signaling and confer disease resistance. NLR evolution has been extensively
studied in the context of co-evolution with pathogen effector. However, the
degree to which plant NLR evolution is shaped by other selection pressures
remains poorly understood.

This thesis studies the relationships between NLRs themselves and the selective
pressures that have shaped these NLR–NLR interactions. I investigated the evo-
lutionary dynamics of the NRC network and found that the interfaces mediating
helper homodimerization in the resting state have diverged between paralogous
clades but remain conserved within lineages. This pattern is consistent with se-
lection acting to keep the signaling pathways of paralogous helpers insulated
from one another.

Through comparative evolutionary analysis, I found that sensor NLR diversifica-
tion rate correlates with helper dependency: sensors dependent on recently de-
rived helpers have diversifiedmore rapidly than those reliant on ancient helpers.
These findings indicate that evolutionary pressures beyond direct co-evolution
with pathogen effectors act onNLRs tomaintain immune network dynamics and
robust signaling.

I also showed that AlphaFold 3 can model NLR resistosomes with high
confidence and accuracy. The models reproduced experimentally determined
structures and resolved the membrane-inserting N-terminal α1 helix, a region
frequently missing from cryo-EM structures. Helper NLRs were modeled with
higher confidence than their cognate sensors across several sensor–helper
systems, including monocot NLR pairs and the NRC network. This supports
the hypothesis that sensor NLR subfunctionalization involves loss of the
capacity to oligomerize, and provides a structural criterion, complementary
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to sequence-based methods, for classifying sensor and helper NLRs to help
determine genetic dependencies and assist crop breeding.
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Chapter 1: General Introduction

1.1 An overview of plant immunity

Plants are constantly engaged in biotic interactions with their environment,
many of which involve pathogenic and parasitic organisms such as fungi,
bacteria, oomycetes, and nematodes. To counter these threats, plants have
evolved a multi-tiered immune system that protects them against most
potential pathogens. This immune system is traditionally conceptualized
as two layers of defense. First, upon pathogen contact, plant cell-surface
receptors recognize conserved microbe- or pathogen-associated molecular
patterns (MAMPs/PAMPs) to mediate an initial defense response named
pattern-triggered immunity (PTI). These plasma membrane-associated pattern
recognition receptors (PRRs) belong to distinct protein families, most notably
leucine-rich repeat receptor-like kinases (LRR-RLKs) and leucine-rich repeat
receptor-like proteins (LRR-RLPs) (Dievart et al., 2020; Ngou et al., 2024).

Successful pathogens, however, have evolved to evade or suppress
this first line of defense by delivering effector proteins into host cells,
leading to effector-triggered susceptibility (ETS) (Ngou et al., 2022). In
response, plants evolved intracellular receptors like nucleotide-binding
leucine-rich repeat receptors (NLRs) to detect these pathogen-derived
effectors (Contreras et al., 2023a). Effector recognition by NLRs activates
effector-triggered immunity (ETI), which is often accompanied by a localized
form of programmed cell death known as the hypersensitive response (HR)
( Jones et al., 2016). NLRs constitute this second layer of plant immunity, and
most cloned disease resistance (R) genes in crops belong to this superfamily
(Kourelis and Van Der Hoorn, 2018).

Historically, PTI and ETI were viewed as distinct, sequentially acting tiers
functioning in a dynamic “zig-zag” model ( Jones and Dangl, 2006). Recent
studies, however, demonstrate that these two pathways are intimately
connected, mutually potentiating one another and sharing overlapping
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2 Chapter 1: General Introduction

signaling networks (Ngou et al., 2021 ; Yuan et al., 2021 ; Pruitt et al., 2021 ;
Tian et al., 2021). In addition, PRRs that cause cell death appear to execute this
response via NLRs (Kourelis et al., 2022). In this thesis, I focus primarily on
intracellular NLR immune receptors, reviewing our current understanding of
their function, structural diversity, and evolution.

1.2 NLR proteins: architecture and function

1.2.1 Domain architecture and the STAND superfamily

NLR proteins are found across all kingdoms of life and share a tripartite
domain architecture: an N-terminal variable signaling domain, a
central nucleotide-binding and oligomerization domain (NOD), and
C-terminal superstructure-forming repeats (SSFRs) (Duxbury et al., 2021 ;
Uehling et al., 2017 ; Dyrka et al., 2020). NLRs belong to the STAND (signal
transduction ATPases with numerous domains) superfamily, a distinct lineage
of P-loop NTPases that includes key animal and plant regulators of programmed
cell death (Leipe et al., 2004). The N-terminal domains typically mediate
downstream signaling; in plants, this often culminates in a localized cell death
response upon receptor activation (Dyrka et al., 2020; Kourelis et al., 2021).
In plant NLRs, the central NOD is specifically an NB-ARC (nucleotide-binding
adaptor shared by APAF-1, certainR gene products, and CED-4) domain, while
the C-terminal SSFRs are predominantly leucine-rich repeat (LRR) modules
(Duxbury et al., 2021 ; Kourelis et al., 2021).

Although this modular architecture is conserved across kingdoms, the family
has diversified far more extensively in plants than in other lineages. Animal
NLRs constitute a comparatively small, conserved set of cytosolic sensors that
typically assemble into inflammasomes (Duxbury et al., 2021). NLR proteins
functioning via analogous signaling logic have also been characterized in
fungi and bacteria, where they frequently link to amyloid-forming motifs
and cell death-associated domains (Uehling et al., 2017 ; Dyrka et al., 2020;
Daskalov et al., 2016). Plant genomes, by contrast, frequently encode hundreds
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of diverse NLRs, with repertoire sizes varying by more than an order of
magnitude across species (Barragan andWeigel, 2021 ; Shao et al., 2016 ;
Toghani and Kamoun, 2024 ; Toghani et al., 2025b ; Toghani et al., 2026c). This
massive lineage-specific expansion, coupled with high sequence divergence and
domainmodularity,makes plant NLRs both a compellingmodel for evolutionary
studies and a notoriously difficult target for automated annotation, a challenge
addressed in detail in Section 1.8.

1.2.2 NLRs as molecular switches

Like most STAND proteins, plant NLRs function as molecular switches
(Takken et al., 2006). In the absence of a pathogen, they are held in an
inactive, ADP-bound state, activating immune signaling upon detection of
foreign or altered-self elements. The central NB-ARC domain plays a crucial
role in this process, facilitating the transition between inactive and active
states through the exchange of ADP for ATP (Wang et al., 2019b). While the
C-terminal LRR sometimes determines pathogen perception, it also contributes
to maintaining the receptor in its inactive state through autoinhibitory
interactions. Once the receptor is activated, these inhibitory contacts are
released, allowing the N-terminal domain to initiate downstream immune
signaling (Förderer et al., 2022 ; Takken and Goverse, 2012).

The nucleotide-binding pocket that governs this switch is defined by a set of
conserved motifs across the NB-ARC domain. These include the P-loop, which
coordinates the bound nucleotide, and the MHD motif, which its aspartate
makes contacts the ADP β-phosphate in the resting state (Takken et al., 2006 ;
Takken and Goverse, 2012). These motifs have proven both biologically
important and experimentally useful. Substitution of the P-loop lysine abolishes
nucleotide binding and renders most NLRs inactive, whereas substitution of the
MHD aspartate destabilizes the autoinhibited conformation, yielding autoactive
receptors that trigger cell death in the absence of pathogen recognition
(Wang et al., 2019b ; Adachi et al., 2019a). Autoactive MHD mutants are used
throughout this thesis to test whether a given receptor is competent to execute
cell death independently of upstream activation partners.
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1.2.3 Classes of plant NLRs defined by the N-terminal domain

Plant NLRs are classified into distinct groups based on their N-terminal signal-
ing domains, which align with the phylogeny of the NB-ARC domain and point
to a deep evolutionary origin for this partitioning. In angiosperms, four main
types of N-terminal signaling domains have been described: coiled-coil (CC), RE-
SISTANCE TO POWDERY MILDEW 8 (RPW8)-type (CCR), G10-type CC (CCG10),
and Toll/interleukin-1 receptor-type (TIR) (Kourelis et al., 2021). Certain plant
lineages like non-flowering plants appear to possess additional types, such as
α/β hydrolase and kinase domains (Chia et al., 2022 ; Andolfo et al., 2019). The
N-terminal domain is thought to determine both the nature of the downstream
signaling pathway and the specific execution events that follow NLR activation.
Throughout this thesis, I refer toCC, CCR, andCCG10NLRs collectively as CC-type
NLRs.

The four classes are unevenly distributed across the plant phylogeny and differ
in their functional roles. CC-NLRs are the most phylogenetically widespread
and numerically abundant class in angiosperm genomes, comprising both
functional singletons and the helper receptors that execute cell death in NLR
networks (Shao et al., 2019 ; Kourelis et al., 2021). TIR-NLRs are abundant
in eudicots but have been lost from monocot lineages, with their signaling
routed through a dedicated downstream module rather than direct membrane
insertion (Lapin et al., 2019 ; Liu et al., 2023b). CCR-NLRs form a small, highly
conserved group that functions almost exclusively as helpers (Saile et al., 2020;
Jacob et al., 2021), while CCG10-NLRs are a comparatively poorly characterized
class that forms a distinct branch in NB-ARC phylogenies (Kourelis et al., 2021).
Because these assignments rest on phylogeny and on the detection of
N-terminal domains that are often weakly conserved at sequence level,
automated classification can be ambiguous; consequently, a proportion of
receptors in any large-scale annotation remain unresolved among the CC-type
classes.
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1.2.4 Integrated domains and the integrated decoymodel

In many plant species, around 3.5% to 10% of NLR proteins deviate from the
canonical tripartite architecture by carrying additional integrated domains
(IDs), as exemplified by the rice receptors Pik-1 and RGA5 (Cesari et al., 2014 ;
Kroj et al., 2016 ; Césari et al., 2014). These IDs often resemble host effector
targets and play a central role in pathogen detection, either through direct or
indirect interactions (Maqbool et al., 2015 ; Fujisaki et al., 2015 ; Gu et al., 2023 ;
De La Concepcion et al., 2018). This concept was formalized as the integrated
decoy hypothesis, which proposes that plants have genetically incorporated
effector targets within NLRs over evolution to detect pathogens and activate
host immunity efficiently (Cesari et al., 2014).

Systematic surveys have since shown that the repertoire of integrated domains
is broad and evolutionarily labile. Hundreds of distinct domain families have
fused to NLRs across the angiosperms, including heavymetal-associated (HMA),
WRKY, BED, kinase, and exocyst subunit domains, with identical domain fami-
lies being integrated independently across divergent lineages (Sarris et al., 2016 ;
Kroj et al., 2016 ; Marchal et al., 2018 ; Shao et al., 2024). The presence of an ID
is informative regarding both function and recognitionmechanism. Because IDs
act in perception rather than downstream execution, they are mostly found in
sensor NLRs and are typically absent from helpers. Detecting an ID therefore
provides one of the few sequence-based criteria available for hypothesizing sen-
sor and helper functions (Białas et al., 2018 ; Marchal et al., 2018). However, this
criterion remains incomplete, as many sensors carry no integrated domain at all.
Moreover, it is not clear whether all NLRs with IDs are sensors and rely on other
components for signaling. These diagnostic limitations motivate the structural
and predictive approaches developed in Chapter 6.
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Figure 1.1: Domain architecture of plant NLR immune receptors.
Canonical plant NLRs have a tripartite architecture comprising an N-terminal signaling domain,
most commonly a coiled-coil (CC) or Toll/interleukin-1 receptor (TIR) domain, which mediates
downstream signaling; a central NB-ARC domain, which acts as a molecular switch governing
activation and oligomerization; and a C-terminal leucine-rich repeat (LRR) domain, which
contributes both to pathogen recognition and to intramolecular regulation of the resting state.
Pathogen-secreted effectors may be detected at the LRR, either directly or indirectly. Around 3.5%
to 10% of the NLR family, carry an additional integrated domain (ID). IDs typically resemble host
proteins targeted by pathogen effectors and function in recognition.

1.3 NLR singletons, pairs, and networks

1.3.1 Functional singletons

NLRs can function in distinct configurations: as functional singleton NLRs,
paired NLRs, or complex NLR networks (Figure 1.2A) (Adachi et al., 2019b ;
Feehan et al., 2020; Gong et al., 2023). Functional singleton NLRs operate
as single genetic units, detecting pathogen effectors and initiating
immune signaling without the requirement of additional NLR partners
(Adachi et al., 2019b ; Adachi et al., 2019a). Well-studied examples include
ZAR1 from Arabidopsis thaliana and Sr35 from wheat. ZAR1 does not recognize
pathogen effectors directly; instead, it detects them indirectly through its
associated receptor-like cytoplasmic kinases (RLCKs), which act as guardees
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or decoys (Wang et al., 2019a ; Adachi et al., 2023b). In contrast, Sr35 binds
its cognate effector AvrSr35 directly via its LRR domain (Förderer et al., 2022).
Additional NLRs, such as Sr50 (Chen et al., 2017), various members of
the barley MLA allelic series (Brabham et al., 2024 ; Maekawa et al., 2019 ;
Saur et al., 2019 ; Gómez De La Cruz et al., 2026), and RPS5 (Qi et al., 2012 ;
Pottinger and Innes, 2020), are likewise considered singletons based on their
ability to sense effectors and trigger hypersensitive cell death across diverse
plant species.

A widely used method to characterize these NLRs is agroinfiltration, in
which immune receptors are transiently expressed in the leaves of Nicotiana
benthamiana or other amenable plant species to assess their function
(Derevnina et al., 2019). This assay is particularly valuable for testing whether
an NLR from another plant species can autonomously trigger cell death in
N. benthamiana (Derevnina et al., 2019), which provides initial evidence for
singleton or helper activity. However, this assay is not definitive on its own, as
the outcome depends on the conservation of downstream signaling partners
as well as adequate expression and correct subcellular localization. A receptor
that fails to induce cell death in this heterologous system may be a dedicated
sensor lacking its partner helper, a helper whose downstream components have
diverged, or simply a poorly expressed protein. For this reason, the assay is most
informative when combined with “autoactive” MHD mutants to test intrinsic
cell death execution, and especially when performed in genetic backgrounds
where candidate downstream potential helpers have been knocked out.

1.3.2 Paired NLRs

Paired NLR systems operate through division of labor, comprising a sensor NLR
dedicated to effector detection and a helper NLR that executes downstream
immune signaling. Notable examples of paired NLRs include the rice NLR
pairs Pik-1/Pik-2 and RGA5/RGA4 (Maqbool et al., 2015 ; Gong et al., 2023 ;
Zdrzałek et al., 2020; De La Concepcion et al., 2021), alongside the Arabidopsis
TIR-NLR pair RPS4/RRS1 (Sarris et al., 2015 ; Saucet et al., 2015). In these
systems, pathogen recognition by the sensor NLR is communicated to the helper
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NLR, which then activates immune responses.

The two genes in a pair are typically encoded adjacent to each other in a
head-to-head orientation, sharing a common promoter region, with the sensor
frequently carrying an integrated domain (Kroj et al., 2016 ; Sarris et al., 2016).
The regulatory mechanism transmitting signals between them varies across
pairs. In the RGA5/RGA4 pair, the helper RGA4 is constitutively active and
held in an autoinhibited state by the sensor RGA5, such that effector binding
relieves negative regulation (Césari et al., 2014). For Pikp-1/Pikp-2, by contrast,
the evidence supports cooperative activation of the helper by the sensor upon
effector binding (Zdrzałek et al., 2020; Dong et al., 2018 ; Pai et al., 2025a).
Because paired receptors often originate from distinct phylogenetic clades while
functioning as a unit, they are more difficult to classify on purely phylogenetic
criteria than the known NLR networks, making the identification of sensor and
helper partners in candidate pairs a persistent challenge (Kourelis et al., 2021 ;
Contreras et al., 2023a).

1.3.3 Immune receptor networks

Plant NLRs can also organize into interconnected networks that extend beyond
isolated sensor–helper pairs (Adachi et al., 2019b ; Wu et al., 2018). These net-
works encompass multiple, often genetically unlinked NLRs, featuring flexible
architectures with “one-to-many” or “many-to-one” connections. Multiple sen-
sor NLRs can converge onto a single downstream helper, while individual sen-
sors may also signal through multiple helpers. This architecture provides evolu-
tionary flexibility and robustness to the plant immune system, with helpers ex-
hibiting functional specialization in sensor compatibility and execution dynam-
ics (Adachi et al., 2019b ; Wu et al., 2018).

A prominent example of an NLR network occurs in superasterid plants,
where NRCs (NLRs required for cell death) serve as central helper nodes
(NRC-H). NRC helpers mediate immune responses against a diverse spectrum
of pathogens and pests, including oomycetes, fungi, nematodes, insects,
viruses, and bacteria (Wu et al., 2017 ; Derevnina et al., 2021). The sensors
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that depend on these helpers (NRC-S) fall into two phylogenetic subtypes.
Rx-type NRC-S, which include the potato virus X resistance protein Rx, the
pepper bacterial spot resistance protein Bs2, and Rpi-amr3, retain the canonical
tripartite NLR architecture with occasional integration of IDs in their scaffold
(Contreras et al., 2022 ; Ahn et al., 2023 ; Lin et al., 2021). The second subclass,
named SD-type NRC-S such as Prf, Sw5-b, Hero, and Rpi-blb2 typically carry
an additional N-terminal extension termed the Solanaceous domain (SD)
(Seong et al., 2020; De Oliveira et al., 2016). The function of the SD is not fully
resolved, although in the tomato sensor Prf it provides binding sites for the Pto
kinase as well as mediating homotypic interactions (Saur et al., 2015). SD-type
NRC-S can also carry integrated domains such as HMA IDs in potato R1 clade
sensors (Wang et al., 2026).

The network features functional redundancy, as several sensors can signal
through more than one helper. While some helpers can act upstream of
numerous sensors, others maintain restricted compatibility (Wu et al., 2017 ;
Goh et al., 2024 ; Lüdke et al., 2025). This redundancy provides an adaptive
defense advantage: when a pathogen effector suppresses a specific helper node,
sensors capable of signaling through alternative uninhibited helpers preserve
immune output (Derevnina et al., 2021). Similarly, in an independent network,
the CCR-NLRs NRG1 and ADR1 function as helpers that execute immune
responses downstream of small-molecule signals generated by diverse TIR-type
sensor NLRs (Castel et al., 2019 ; Feehan et al., 2023 ; Qi et al., 2018).

1.3.4 Modulators and atypical NLRs

Beyond standard sensor and helper categories, NLRs can also modulate the ac-
tivity of other immune receptors. This was first recognized in genetically linked
sensor–helper pairswhere the sensor suppresses an otherwise autoactive helper,
as seenwith RGA5/RGA4. More recent studies have identified atypical NLRs that
function as dedicatedmodulators of immune signaling outside of canonical sen-
sor or helper roles (Cesari et al., 2014 ; Ma et al., 2018).

NRCX, a full-length CC-NLR closely related to the helpers NRC2 and NRC3,
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is a representative example. Its N-terminal MADA motif is non-functional,
and silencing NRCX in N. benthamiana triggers spontaneous autoimmunity
that depends specifically on NRC2 and NRC3, but not NRC4. NRCX therefore
acts as a negative regulator of NRC2 and NRC3, likely having evolved to
prevent inappropriate activation of these helper pathways in the absence of
pathogens (Adachi et al., 2023a). NRCX highlights how atypical NLRs can act as
network modulators (Adachi et al., 2023a ; Wu et al., 2022). Another example is
truncated NLR variants such as NRG1C, which antagonizes immunity mediated
by its full-length counterparts NRG1A and NRG1B (Wu et al., 2022). The
existence of such modulators indicates that complex network configurations
evolved regulatory mechanisms to balance immune output and prevent
autoimmunity.

The known network configurations are non-randomly distributed across the
plant NLR phylogeny. Within a given network, NRC-S and NRC-H belong
to distinct, monophyletic clades. In the superasterids, the NRC superclade,
comprising the NRC-H alongside their dependent Rx-type and SD-type NRC-S,
forms a well-supported lineage nested within the broader CC-NLR clade
(Figure 1.2B).

1.4 The N-terminal α1 helix and theMADAmotif

The MADA motif, located in the N-terminal α1 helix of about 20% of
all angiosperm CC-NLRs, is required for the induction of cell death
(Adachi et al., 2019a). This motif, along with related sequences such as the
MAEPL motif found in non-flowering plants, is functionally conserved across
a wide range of evolutionarily distant NLRs capable of triggering cell death
(Chia et al., 2022 ; Chia and Carella, 2023). NLRs carrying an N-terminal MADA
motif include diverse receptors, from the ancient singleton ZAR1 to helper NLRs
like Pik-2 and NRC4 (Adachi et al., 2019a). This points to a shared origin for
these CC-NLRs and implies that the MADA-type α1 helix has been a feature
of the family since the emergence of land plants. However, as sensor NLRs
specialized in detecting pathogens, they appear to have frequently lost or
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Figure 1.2: Functional configurations of NLR immune receptors and their phylogenetic
organization.
(A) Schematic of the proposed transition from a multifunctional singleton ancestor, capable of
both pathogen perception and immune signaling, to specialized receptors. Duplication and
subfunctionalization gave rise to dedicated sensors, which detect effectors and may acquire
integrated domains or a Solanaceous domain (SD), and helpers, which execute immune signaling.
These specialized receptors form connections ranging from genetically linked pairs to networks
in which several sensors converge on a single helper and individual sensors signal through more
than one helper. (B) Maximum likelihood phylogenetic tree of NLRs from nine plant species, with
branches colored by species and the CC-NLR, CCG10-NLR, CCR-NLR, and TIR-NLR clades indicated.
Selected node support values are shown. The inset (left) shows the NRC superclade present in
superasterids in detail, comprising the NRC helper clade and the Rx-type and SD-type NRC sensor
clades. This figure has been adapted from Contreras et al. (Contreras et al., 2023a ) and appears
here with permission.
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degenerated their MADA motif, rendering them unable to initiate immunity
independently (Adachi et al., 2019a).

For instance, while NRC helpers carry a MADA motif, the NRC-S that depend
on them lack it. Moreover, the N-termini of NLRs containing MADA or MAEPL
motifs can functionally replace the N-terminus of the helper NRC4, whereas the
N-termini of sensor CC-NLRs cannot (Chia et al., 2022 ; Adachi et al., 2019a).
These observations are consistent with an evolutionary “use-it-or-lose-it”
model. Under this model, as sensor NLRs came to rely on helpers for executing
cell death, the conserved motifs in their N-termini degenerated into sequences
that no longer function for independently activating immunity or causing cell
death.

The functional interchangeability of the motif also makes it a useful diagnostic.
Because the MADA motif is largely confined to receptors that execute cell
death, its presence has been used as a sequence-based criterion to identify
candidate helpers and singletons in genomes where functional data are lacking
(Adachi et al., 2019a ; Kourelis et al., 2021). Like the integrated domain criterion
discussed above. However, this more complicated as: 1/ the motif is detected
in only around a fifth of CC-NLRs and many non-MADA are capable to cause
cell death, 2/ its degeneration in sensors is gradual rather than absolute, and
3/ receptors carrying an apparently intact motif are not always competent to
induce cell death.

1.5 Mechanisms of NLR activation

1.5.1 The ZAR1 resistosome and the pentameric paradigm

Recent studies have provided substantial insight into the activationmechanisms
of CC-NLRs and of TIR-NLR/CCR-NLR pathways (Wang et al., 2019b ;
Förderer et al., 2022 ; Wang et al., 2019a ; Ma et al., 2020; Martin et al., 2020;
Zhao et al., 2022). In functionally singleton CC-NLRs such as Arabidopsis
thanliana ZAR1, pathogen detection triggers a cascade of conformational
changes leading to the assembly of a wheel-shaped pentameric complex termed
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Figure 1.3: The MADA motif is a conserved, functionally replaceable unit at the very
N-terminus of various CC-NLRs.
(A)Alignmentof theN-terminal regionofMADAandMADA-like (MADAL)CC-NLRs, togetherwith
otherNLRs that lack themotif. Key residues for cell deathactivity aremarkedas red characterswith
asterisks, and the HMM score for the MADA motif is indicated for each sequence. The consensus
sequence logo of the motif is shown below the alignment. (B) Position of the MADA motif at the
N-terminus of the ZAR1 resistosome structure (Wang et al., 2019a ), indicated by the red box. (C)
Cell death phenotypes induced by NRC4 chimeras in which the N-terminus of NRC4was replaced
with that of MADA, MADAL, or non-MADA NLRs. NRC4WT and the autoactive NRC4DV were used
as negative and positive controls. Photographswere taken 5 days after agroinfiltration. This figure
has been adapted from Adachi et al. ( Adachi et al., 2019a ) and appears here with permission.

the “resistosome”. This activation is driven primarily by the NB-ARC domain:
uridylylation of the receptor-like cytoplasmic kinase PBL2 by the bacterial
effector AvrAC is sensed through the partner pseudokinase RKS1, which primes
the ADP-bound ZAR1 monomer for nucleotide exchange and subsequent
oligomerization (Wang et al., 2019b ; Wang et al., 2019a).

The resulting pentamer inserts into the plasma membrane through its
N-terminal CC domain. In this assembly, the α1 helices of the five protomers,
which are buried against theNB-ARCdomain in the resting state, swing outward
to form a funnel-shaped pore (Wang et al., 2019a). This funnel structure
is required for cell death, and electrophysiological studies established that
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the ZAR1 resistosome acts as a calcium-permeable cation channel, placing
sustained calcium influx upstream of the cell death response (Bi et al., 2021).
The structure provided a mechanistic model for how effector recognition at the
C-terminal LRR is converted into a membrane-associated signaling event at
the N-terminus, becoming the reference paradigm against which subsequent
CC-NLR assemblies were compared.

1.5.2 Sr35: the second pentameric resistosome

The mechanism first observed for ZAR1 has since been validated in other
CC-NLRs. The wheat receptor Sr35 differs from ZAR1 in that it recognizes its
cognate effector, AvrSr35, directly through its LRR domain rather than by
guarding a host component. Despite this difference, Sr35 also assembles into a
pentameric resistosome with the same overall wheel-shaped architecture and
comparable calcium channel activity (Förderer et al., 2022 ; Zhao et al., 2022).
Two receptors from distantly related plant lineages, using different recognition
strategies, thus converge on the same activated architecture. This was taken
as evidence for a shared activation pathway, temporarily establishing the
pentamer as the canonical active state for CC-NLRs (Förderer et al., 2022).

1.5.3 Activation in the NRC network

In the NRC network the sensor–helper communication and activation
mechanism differs substantially from the singleton model. NRC-S trigger
the activation and subsequent oligomerization of their downstream helper
NRCs without forming a stable complex with them (Contreras et al., 2022 ;
Ahn et al., 2023). The absence of a detectable sensor–helper complex,
combined with the observation that activated helpers oligomerize while
their upstream NRC-S remain monomeric, is most consistent with a transient
“activation-and-release” interaction rather than a persistent heterooligomeric
signaling complex (Contreras et al., 2022 ; Ahn et al., 2023). Further work
mapped this activity to the nucleotide-binding domain (NBD) of the sensor
NLR, which is sufficient as a minimal unit to trigger helper activation and
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oligomerization (Contreras et al., 2023c). More recently, we identified the
interfaces mediating this transient interaction (Toghani et al., 2026a). Using
AlphaFold 3, we could predict a high-confidence model of the sensor NLR Rx
in complex with its helper NRC2. We then validated the predicted contacts
through loss- and gain-of-function mutagenesis (Toghani et al., 2026a).
These sensor–helper interfaces are conserved across asterid NRC networks
despite more than 120 million years of divergence. Notably, structure-guided
mutagenesis of a lettuce sensor NLR was sufficient to expand the range of its
helper compatibility (Toghani et al., 2026a). Together, these findings support
the activation-and-release model and show that sensor–helper compatibility is
determined by a small number of key contact interfaces.

The resting and activated states of the helper NLRs themselves also diverge
from the known singleton model. NRC helpers such as NRC2 exist natively
as homodimers rather than monomers (Selvaraj et al., 2024), meaning
that upstream sensors must interact and convert a resting homodimer into
a higher-order assembly rather than simply activating an autoinhibited
monomer. Furthermore, activated NRC2, NRC3, and NRC4 assemble into
hexameric resistosomes, deviating from the pentameric structures observed for
singletons (Liu et al., 2023a ; Madhuprakash et al., 2024 ; Seager et al., 2026).
Remarkably, recently we have also shown that NRC7 from several Solanaceae
species assembles into an 11-mer resistosome structure upon activation
(Toghani et al., 2026b), suggesting structural and oligomeric diversity even
within the same closely related protein family. However, so far, no empirical
structure of resting-state or activated NRC-S has been reported. Together, these
findings highlight fundamental differences in the resting architecture and
activation dynamics of the NRC network relative to singleton CC-NLRs, pointing
to potential structural diversity within the NLR family.

1.5.4 CCG10-NLRs and the octameric resistosome

The CCG10-NLRs form a phylogenetically distinct clade within the CC-type
NLRs, resolved as a separate lineage in NB-ARC phylogenies of angiosperm
receptors and classified as one of the four main N-terminal classes in current
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plant NLR nomenclature (Shao et al., 2016 ; Kourelis et al., 2021). This class
has remained comparatively understudied despite containing several classic
resistance genes, including Arabidopsis RPS2 and RPS5 (Bent et al., 1994 ;
Mindrinos et al., 1994 ; Qi et al., 2012 ; Pottinger and Innes, 2020), pepper
Pvr4 (Kim et al., 2015 ; Lee et al., 2023), and soybean Rsv3 (Tran et al., 2018).
Functionally, characterized CCG10-NLRs behave like singletons. A genome-wide
screen of pepper NLRs identified a group of ancient and autonomous NLRs
(ANLs) carrying autoactive coiled-coil domains whose cell death activity
requires neither NRCs nor the NRG1/ADR1 helper families, and which localize
directly to the plasma membrane like ZAR1 (Lee et al., 2021). Conserved across
seed plants, the CCG10 class represents an ancient family that is distinct from
both canonical singleton CC-NLRs and the networked helpers discussed above.

This class is further distinguished by sequence divergence in its CC domain.
Canonical CC-NLRs carry a conserved EDVID motif in the α3 helix that packs
against the NB-ARC domain to support autoinhibition and oligomerization. The
sequence variation of this motif tracks structural and functional divergence
closely enough that its presence has been proposed as a predictor of canonical
resistosome assembly (Sulkowski et al., 2025). CCG10-NLRs lack this EDVID
motif, nor do they carry an N-terminal MADA motif. In the case of pepper
CCG10-NLRs, cell death activity depends on the structural integrity of the α1
helix itself (Lee et al., 2021 ; Lee et al., 2023). These features indicated that the
N-terminal architecture of CCG10-NLRs diverges significantly from the canonical
CC-NLR models, hinting at potential differences in structural configurations in
this class.

This hypothesis has recently been confirmed experimentally. Cryo-EM analysis
of an activated wheat CCG10-NLR named Wheat AutoImmunity 3 (WAI3GOF),
phylogenetically close to Arabidopsis thaliana RPS2, demonstrated that it
assembles into an octameric resistosome; RPS2 was likewise shown to form an
octamer, indicating that this stoichiometry is possibly conserved across this
clade (Guo et al., 2026). The WAI3 resistosome triggers sustained cytosolic
calcium influx via a distinct channel pore shaped by the divergent configuration
of its CC domain, an arrangement that may be shared by other plant NLRs
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lacking the EDVID motif (Guo et al., 2026 ; Sulkowski et al., 2025). Within
the CC-type NLRs alone, known resistosome architectures therefore span
pentamers, hexamers, and octamers, and 11-mers.

1.5.5 TIR-NLR and CCR-NLR signaling

Plant TIR domains function as NAD+-cleaving enzymes whose catalytic
activity is required for cell death (Wan et al., 2019 ; Horsefield et al., 2019). This
activity is shared with animal SARM1 and a diverse family of prokaryotic TIR
proteins involved in antiphage defense, indicating that TIR-based enzymatic
signaling is an ancient module recruited independently across the tree of life
(Essuman et al., 2022 ; Shi et al., 2022 ; Ofir et al., 2021).

Catalysis depends on proximity: cryo-EM structures of the activated ROQ1
and RPP1 resistosomes showed that effector recognition drives assembly into
tetramers in which four TIR domains are brought together in an asymmetric
arrangement, reconstituting composite NADase active sites so that the activated
receptor functions as a holoenzyme (Ma et al., 2020; Martin et al., 2020).
Subsequent structural work has extended this model to canonical TIR-NLR
activation more broadly (Maruta et al., 2026 ; Huang et al., 2025). Meanwhile,
induced proximity via substrate-driven condensation has emerged as an
alternative route to the same activated state for TIR-only proteins, of which
Arabidopsis thaliana and other land plants encode a substantial repertoire
alongside the full-length TIR-NLRs (Song et al., 2024 ; Duxbury et al., 2020;
Bayless et al., 2025).

What this holoenzyme produces has been resolved only recently, revealing not a
single molecule but a family of nucleotide-derived second messengers. Beyond
the variant cyclic ADP-riboses first associated with plant TIR activity, two
classes of products have been identified as the biologically active signals: the
phosphoribosyl adenosines pRib-AMP and pRib-ADP (Huang et al., 2022), and
the ADP-ribosylated nucleotides ADPr-ATP and di-ADPR ( Jia et al., 2022). Plant
TIR domains have also been reported to act as 2′,3′-cAMP/cGMP synthetases
(Yu et al., 2022). The product spectrum differs systematically between plant
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and prokaryotic TIR domains, with prokaryotes generating distinct cyclic
ADPR isomers and, in some bacteria, histidine-ADPR (Bayless et al., 2023 ;
Sabonis et al., 2025 ; Jia et al., 2023). The signal generated by a TIR-NLR is
therefore diffusible and chemically specific, rather than being tied to the
membrane insertion of the receptor itself.

These molecules are perceived by the EDS1 signaling hub, which operates
as two heterodimeric modules, EDS1–PAD4 and EDS1–SAG101, that act
downstream with the helper CCR-NLRs ADR1 and NRG1, respectively
(Pruitt et al., 2021 ; Lapin et al., 2019 ; Gantner et al., 2019). The second
messengers bind an allosteric pocket at the heterodimer interface to promote
association with the cognate helper: pRib-AMP/ADP acts on EDS1–PAD4–ADR1,
while ADPr-ATP/di-ADPR acts on EDS1–SAG101–NRG1 (Huang et al., 2022 ;
Jia et al., 2022). This mechanism provides a biochemical basis for the
effector-dependent recruitment of NRG1 to EDS1–SAG101 observed in planta
(Sun et al., 2021).

Specificity between the two branches is determined in part by cavity-lining
residues in PAD4 and SAG101 (Dongus et al., 2022). The two branches are
also functionally specialized: NRG1 is required primarily for the execution
of cell death (Castel et al., 2019 ; Wu et al., 2019), whereas ADR1 contributes
mainly to transcriptional defense reprogramming and the potentiation of
pattern-triggered immunity (Saile et al., 2020; Pruitt et al., 2021). The EDS1
family andRNLhelpers have coevolved as a functionalmodule andare frequently
lost together in lineages lacking TIR-NLRs, notably in monocots, pointing to
a tightly constrained signaling unit (Lapin et al., 2020; Baggs et al., 2020;
Tarr and Alexander, 2009). Recent work nonetheless indicates that the
EDS1–PAD4–ADR1 node itself is conserved and functional in monocots as well
as eudicots (Maruta et al., 2025). As in the NRC network, this pathway carries
its own endogenous modulators, including the N-terminally truncated variant
NRG1C, which antagonizes immunity mediated by full-length NRG1 helpers in
Arabidopsis thaliana (Wu et al., 2022).

Despite the divergence in upstream signaling chemistry, the endpoint of both
CC-NLR and TIR-NLR pathways converges. Helper CCR-NLRs oligomerize upon
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activation and associate with the plasmamembrane in a manner reminiscent of
CC-NLR resistosomes (Feehan et al., 2023 ; Jacob et al., 2021 ; Wang et al., 2023).
Helper RNLs are activated directly by both plant and bacterial TIR-derived
small molecules to assemble into resistosome-like complexes (Yu et al., 2024 ;
Ge et al., 2026). Calcium influx appears to be the shared output: RNL and
CC-NLR resistosomes alike act as calcium-permeable channels, and calcium
mobilized from both organellar and extracellular pools converges on the
execution of cell death (Bi et al., 2021 ; Bi and Zhou, 2021 ; Ibrahim et al., 2026 ;
Shen et al., 2024). However, it was recently shown NRG1-type helper NLRs
localize to organellar membrane and channel internal calcium deposits
from such as chloroplast to induce the calcium influx ( Ibrahim et al., 2026),
contrasting the known plasma membrane localization of CC-NLR resistosomes.
Nevertheless, two receptor classes with entirely different recognition strategies
and signaling mechanisms therefore converge on the same execution step,
reinforcing the principle that oligomerization into a defined higher-order
assembly is the universal mechanism of NLR activation (Hu and Chai, 2023 ;
Wu, 2025).

1.6 Oligomerizationandcell deathacross thedomainsof
life

1.6.1 Nucleotide-dependent oligomerization as a shared signaling prin-
ciple

Plant NLRs represent one branch of the STAND clade of P-loop NTPases, a
group defined by shared domain architecture and nucleotide-binding chemistry
that also encompasses animal NOD-like receptors, the apoptotic regulators
APAF-1 and CED-4, and, more distantly, the AAA+ ATPases (Leipe et al., 2004 ;
Duxbury et al., 2021 ; Seraphim and Houry, 2020; Khan et al., 2022). What
these proteins share is not sequence similarity across their peripheral domains,
but a common signaling logic: a central nucleotide-binding module acts
as a conformational switch, with activation transduced by converting an
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Figure 1.4: Structural diversity of plant NLR resistosomes across the four N-terminal classes.
Maximum likelihood phylogenetic tree of NLRs compiled from nine plant species, with branches
colored by species and the CC-NLR, CCG10-NLR, CCR-NLR, and TIR-NLR clades indicated above.
Receptors with experimental structure of the activated resistosome complex are marked on the
tree together with their Protein Data Bank accessions. Five of these are shown below in top view:
the pentameric TmSr35 (Förderer et al., 2022 ; Zhao et al., 2022 ) and AtZAR1 (Wang et al., 2019a )
resistosomes, the hexameric NbNRC2a resistosome (Madhuprakash et al., 2024 ), the
octameric wheat WAI3 resistosome (Guo et al., 2026 ), and the tetrameric AtRPP1 resistosome
(Ma et al., 2020 ). For each, the corresponding AlphaFold 3 prediction is shown beneath the
experimental structure, with the root mean square deviation between the two given for the
full complex and, in parentheses, for all atoms, together with the interface predicted template
modeling (ipTM) score of the prediction. The final row indicates whether the experimental
structure was available at the time the AlphaFold 3 training set was assembled. The phylogenetic
tree is adapted from one published in Contreras et al. (Contreras et al., 2023a ) and appears here
with permission; the remaining panels were generated for this thesis.
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autoinhibited monomer, or an autoinhibited higher-order assembly, into a
defined oligomer that serves as a platform for downstream effector recruitment
or activation (Hu and Chai, 2023 ; Saur et al., 2021).

The apoptosome illustrates this principle in its simplest form, where APAF-1
assembles upon cytochrome c binding into a wheel-shaped heptamer that
recruits andactivates initiator caspases (Yuan et al., 2013 ; Pang et al., 2015). The
inflammasomes of animal innate immunity, originally described as molecular
platforms for activating inflammatory caspases (Martinon et al., 2002),
follow an analogous scheme toward different outputs, whether through
templated self-propagation of NLRC4 into a disc (Hu et al., 2015), the
cage-to-disc transition of NLRP3 (Andreeva et al., 2021 ; Xiao et al., 2023), or the
proteasome-dependent release of an active NLRP1 fragment (Barry et al., 2023 ;
Sundaram et al., 2024 ; Fu et al., 2024).

This principle extends well beyond animals and plants. Fungal NLR
proteins have nucleotide-binding scaffolds fused to amyloid signaling
motifs, that act as oligomerization templates leading to the conversion
of a downstream effector domain into a self-propagating amyloid state,
as seen in the HET-s/HET-S incompatibility system and the NWD2
receptor (Uehling et al., 2017 ; Daskalov et al., 2016 ; Seuring et al., 2012 ;
Greenwald et al., 2010 ; Gaspar and Pawlowska, 2022). Similar motifs occur
across bacterial genomes (Dyrka et al., 2020). Bacterial NLR proteins have since
been shown to function in antiphage defense, representing part of a broader
paradigm in which components of eukaryotic cell-autonomous immunity have
prokaryotic or archaeal antecedents acquired through horizontal gene transfer
and domain shuffling (Kibby et al., 2023 ; Gao et al., 2022 ; Aravind et al., 2024 ;
Wein and Sorek, 2022 ; Bernheim et al., 2024 ; Culbertson and Levin, 2023 ;
Leão et al., 2024 ; Johnson and Kranzusch, 2022).

The NLR family itself is correspondingly ancient within eukaryotes: plant
NLRs have been traced to chlorophyte green algae and retain recognizable
structural and functional hallmarks across that evolutionary distance
(Ortiz and Dodds, 2018 ; Busche and Laflamme, 2024 ; Feng et al., 2024), while
animal NLRs are already present and diversified in sponges (Yuen et al., 2014).
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What is conserved across these systems is proximity-driven activationmediated
by an oligomerizing scaffold rather than a fixed oligomeric geometry. NLR
assemblies range from the heptameric APAF-1 apoptosome to the octameric
CED-4 apoptosome (Qi et al., 2010), and from discs and filaments in animal
inflammasomes to the tetramers, pentamers, hexamers, octamers, and 11-mers
identified in plants. That stoichiometry remains variable even where the overall
activation mechanism is conserved is a central theme addressed directly in
Chapter 5.

Figure 1.5: Nucleotide-binding immune receptors assemble into higher-order complexes
across the domains of life.
Experimentally determined structures of three activated receptor complexes, shown in top view.
Left, the bacterial antiviral STAND protein Avs4 of Escherichia coli (green) bound to the portal
protein of phage PhiV-1 (orange), which it recognizes as a conserved viral signature (PDB 8DGF)
(Gao et al., 2022 ). Center, the disc-shaped active human NLRP3 inflammasome in complex with
NEK7 and the adaptor ASC, which recruits caspase-1 (PDB 8EJ4) (Xiao et al., 2023 ). Right, the
hexameric resistosome formed by the helper NLR NRC2 of Nicotiana benthamiana (PDB 9FP6)
(Madhuprakash et al., 2024 ). Although the three receptors differ in their N-terminal domains,
recognition specificities, anddownstreamoutputs, eachconvertspathogenorphagedetection into
a defined ring-shaped oligomer. Structures are not shown to a common scale.
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1.6.2 Executing cell death: convergent routes to membrane permeabi-
lization

This evolutionary comparison is informative about how these pathways end as
well as how they begin. In animals, both pyroptosis and necroptosis terminate
in the permeabilization of the plasma membrane by a dedicated executor
protein distinct from the upstream receptor. Inflammasome-activated caspases
cleave gasdermins, releasing an N-terminal fragment that oligomerizes within
the membrane to form a large β-barrel pore (Ding et al., 2016 ; Ruan et al., 2018 ;
Broz et al., 2020). Similarly, during necroptosis, RIPK3 phosphorylates the
pseudokinase MLKL, which then translocates to the plasma membrane to
permeabilize it (Murphy et al., 2013 ; Petrie et al., 2019 ; Samson et al., 2020).
Both executor classes are ancient: gasdermins occur in fungi and bacteria, where
bacterial gasdermin pores function in antiphage defense (Chen and Broz, 2024 ;
Johnson et al., 2024 ; De Schutter et al., 2021). In animals, sensing and
execution are therefore separated across multiple regulatory steps, and the
terminal rupture of the membrane is itself a regulated event mediated by
NINJ1 (Degen et al., 2023 ; Newton et al., 2024). These pathways exhibit
significant crosstalk, with pore-forming executors recurring widely as the
terminal step in regulated cell death (Ai et al., 2024 ; Snyder and Oberst, 2021 ;
Mesa-Galloso et al., 2021).

In the canonical NLR pathways, singleton and helper NLR resistosome funnel
formed by the N-terminalα1 helices inserts directly into themembrane and acts
as a calcium-permeable channel. Consequently oligomerization and membrane
permeabilization are mediated by a single NLR receptor rather than distributed
across an extended protease cascade (Bi et al., 2021 ; Förderer et al., 2022 ;
Bi and Zhou, 2021).

Even so, these plant and animal systems converge on a shared proximal trigger,
as sustained calcium influx precedes cell death in both kingdoms (Bi et al., 2021 ;
Chen et al., 2026). However, more recently some NLRs have been reported
to require non-NLR components for immune signaling. Plants encode a
family of MLKL-like proteins that function in TIR-NLR immunity and mediate
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cytoplasmic calcium influx (Mahdi et al., 2020; Shen et al., 2024), and a wheat
receptor pair was recently shown to execute cell death through an auxiliary
MLKL helper (Bennett et al., 2026). Dedicated executors and self-executing
receptors can therefore both operate in plants across distinct signaling branches
(Maekawa et al., 2023 ; Pitsili et al., 2019).

1.7 The evolution of NLR immune receptors

1.7.1 The classical view: co-evolution with pathogen effectors

NLRs are among the most evolutionarily dynamic families of plant
proteins and are under constant pressure to evolve (Adachi et al., 2023b ;
Prigozhin and Krasileva, 2021 ; Tamborski and Krasileva, 2020). Selection can
drive the recognition of new pathogen effectors or host targets, or promote
evasion from effector-mediated suppression. The signature of this process
is most visible in the LRR, where exposed residues on the concave side show
evidence of diversifying selection, both between species and within populations
(Prigozhin and Krasileva, 2021 ; Prigozhin et al., 2025 ; Liu et al., 2005).

At the repertoire level, NLR gene numbers range from a handful to well
over a thousand per genome. They are generally understood to follow a
birth-and-death model, in which gene duplication continually generates
new receptors, some of which are retained for their recognition capability
while others are lost or pseudogenized (Michelmore andMeyers, 1998 ;
Seong et al., 2020; Wingen et al., 2025). As a result, presence/absence
variation is common, in a way that a receptor present in one accession of
a species may be entirely absent from another (Van DeWeyer et al., 2019 ;
Barragan andWeigel, 2021). The forces behind this turnover are not limited
to selection for new recognition specificities. Mutation, recombination, and
the rates of duplication and deletion all contribute, and population genomics
offers a way to weigh their relative contributions across a repertoire rather than
one receptor at a time (Wingen et al., 2025). Pathogens add a further layer of
pressure by directly targeting immune receptors: the Solanaceae helper NLRs
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NRC2 and NRC3 are suppressed by the cyst nematode effector SS15 and the
oomycete effector AVRcap1b (Derevnina et al., 2021). In some species NRC3 has
accumulated substitutions in the effector-binding loop that allow it to evade
suppression (Contreras et al., 2023b).

1.7.2 Emergence of networks from singleton ancestors

The evolution of CC-NLRs in plants reflects a transition from an ancestral sin-
gleton to complex networks with specialized partners. This shift, driven by the
need for rapid adaptation to evolving pathogen effectors, resulted in the forma-
tion of dedicated sensor and helper NLRs, each fulfilling distinct roles during
the immune response (Wu et al., 2018 ; Wu et al., 2017). This division of labor is
thought to offer several advantages. It alleviates evolutionary constraints on in-
dividual NLRs, enabling faster diversification and functional specialization. Sen-
sor NLRs can also more readily incorporate additional domains, such as IDs or
the SD, to expand their detection capabilities without being constrained by ex-
ecution requirements (Cesari et al., 2014 ; Seong et al., 2020; Białas et al., 2021).
Thismodularity, seen in both paired andnetworked configurations, is likely a key
driver of the adaptability of the plant NLR family.

1.7.3 Genomic organization and themechanics of NLR diversification

The distribution of NLR genes in plant genomes provides further insight into
their evolutionary history. In plants such as Arabidopsis, about half of the NLRs
are found in clusters formed through tandem gene duplication or unequal
crossing-over events (Lee and Chae, 2020; Van DeWeyer et al., 2019). Others
are scattered throughout the genome and often lack introns, which suggests
expansion via retroduplication (Kim et al., 2017). These duplication processes
allow NLRs to develop new functions and domain architectures, leading to
diverse gene clusters containing either phylogenetically related genes or a mix
of different NLR types (Adachi et al., 2019b).

Sensor–helper NLR pairs, such as the rice pairs Pik-1/Pik-2 and Pia (RGA5/RGA4),
are typically found in close genetic proximity, often in head-to-head
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arrangements (Cesari et al., 2014 ; Białas et al., 2021 ; Stein et al., 2018). This
close linkage likely facilitates transcriptional co-regulation and ensures that
functionally dependent sensor and helper pairs are co-inherited. This is
especially important given that some helpers are intrinsically active and
could trigger autoimmunity in the absence of their corresponding sensor
(De La Concepcion et al., 2018 ; Ashikawa et al., 2008).

In contrast, the NRC network in asterids shows a different pattern, where NRC-S
and NRC-H are mostly genetically dispersed despite their common evolutionary
origin (Wu et al., 2017). Within this network, some helper clades can
nonetheless remain linked with their cognate NRC-S, as seen for the NRC6 and
Hero clades (Lüdke et al., 2023). The ancestral helper NRC0 is likewise found
in a conserved cluster with the NRC-S that depend on it (Sakai et al., 2024).
Overall, NRC-S and NRC-H belong to distinct but related phylogenetic clades.
The network dates back roughly 120 million years and probably evolved from
an initial sensor/helper gene pair derived from an ancestral singleton NLR
(Goh et al., 2024 ; Sakai et al., 2024). In the TIR-NLR/CCR-NLR network, helper
NLRs like NRG1 and ADR1 and their upstream TIR-NLRs likewise form distinct
phylogenetic groups and may have evolved from similar functional pairings
(Liu et al., 2023b).

1.7.4 Asymmetric evolution of sensors and helpers

A prediction that follows from this division of labor is that sensors and helpers
should experience different selective regimes. Sensors track rapidly evolving
effectors and are expected to diversify, whereas helpers are constrained by the
need to remain compatible with many upstream partners and are expected
to be more conserved. The broad generalization in the literature is indeed
that sensors evolve rapidly while helpers remain conserved (Goh et al., 2024).
Within the NRC network, NRC0 stands out as the most ancient and conserved
helper and is often genetically linked to its dependent sensors, whereas more
derived helpers have undergone lineage-specific expansions and occupy varied
genomic positions (Goh et al., 2024 ; Sakai et al., 2024 ; Lee et al., 2021). A
comparable pattern is seen for ZAR1, which has remained atypically conserved
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across angiosperm evolution while the ZRK guardees on which it depends for
recognition have greatly diversified (Adachi et al., 2023b). This generalization,
however, is unlikely to be the whole story. Helpers face competing selective
demands: they must remain compatible with multiple upstream sensors while
also evading effectors that target them directly, two pressures that pull in
opposite directions (Derevnina et al., 2021 ; Contreras et al., 2023b).

1.7.5 Evolutionary pressures beyond R–AVR co-evolution

The selective pressures described so far are most often framed in terms of classic
R–AVRco-evolution, and the recognition surfaces of sensorNLRs clearly bear this
signature. A substantial part of NLR sequence evolution, however, appears to
concern the relationships among NLRs themselves rather than their interactions
with pathogens. This includes the requirement that a receptor signal correctly
and exclusively to its intended partners, that paralogous nodes remain insulated
from one another. Insulation of this kindwould preserve functional redundancy,
minimize undesired cross-activation between pathways, and provide a route to
evade pathogen effectors that suppress individual helpers (Selvaraj et al., 2024 ;
Derevnina et al., 2021 ; Contreras et al., 2023b). Moreover, the network activity
should be kept in check bymodulators such as NRCX (Adachi et al., 2023a).

1.8 Genome-scale resources for studying NLR evolution

1.8.1 The expansion of sequenced plant genomes

Over the past two decades, the number of publicly available plant genome as-
semblies has grown from a handful of model species to many hundreds span-
ning the land plant phylogeny, driven largely by falling sequencing costs and the
maturation of long-read technologies (Marks et al., 2021). This rapid accumu-
lation of genomes has opened the door to large-scale comparative analyses of
plant gene families, allowing tracing gene gain and loss, copy-number variation,
and lineage-specific expansions across broad evolutionary distances. Sampling
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has also deepened within species, so that many crops are now represented by
pangenomes assembled from dozens of accessions rather than by a single refer-
ence genome (Zhou et al., 2022 ; Li et al., 2023 ; VanWorkum et al., 2024). For a
gene family as variable as the NLRs, this shift matters, since a single reference
genome captures only a fraction of the receptors segregating in a species.

However, the value of such comparisons depends critically on the consistency of
the underlying gene annotations. Unlike genome assembly, gene annotation has
not been standardized: genomes are annotated with different gene predictors,
different sources and depths of transcript or protein evidence, and different
parameter choices. This can lead to orthologous sequences to be modeled as
a gene in one species but missed entirely in another (Salzberg, 2019). This
annotation heterogeneity can systematically bias comparative results. Mixing
annotation methods across a clade has been reported to inflate the apparent
number of lineage-specific genes by up to 15-fold (Weisman et al., 2022 ;
Van Oss and Carvunis, 2019), whereas errors in gene number inferred fromdraft
assemblies are pervasive (Denton et al., 2014). The same problem confounds
presence/absence analyses, where the apparent absence of an ortholog in a
heterogeneous dataset may reflect poor or inconsistent annotation rather than
true gene loss.

1.8.2 Why NLRs are particularly affected

NLRs are highly diverse and rapidly evolving, which makes them a
compelling subject for evolutionary study but also a particularly challenging
gene family to annotate consistently (Barragan andWeigel, 2021 ;
Michelmore andMeyers, 1998 ; Shao et al., 2016 ; Prigozhin et al., 2025).
Their modular, repetitive domain structure, their tendency to occur in dense
tandem clusters, and their frequent location in repeat-rich or transposon-rich
regions all frustrate standard gene-prediction pipelines. Because of
this, often specialized motif-aware tools are required to recover the full
repertoire (Steuernagel et al., 2015 ; Steuernagel et al., 2020; Li et al., 2016 ;
Kourelis et al., 2021 ; Jupe et al., 2012 ; Kim et al., 2017).
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The consequences are not evenly distributed across the family. Clustered NLRs
are prone to being merged into chimeric gene models or split across several par-
tial ones; pseudogenized copies may be annotated as functional or omitted alto-
gether, and receptors carrying integrated domains are especially liable to be trun-
cated at the point of fusion. Because these failure modes is largely dependent on
the pipeline, the same locus can be represented quite differently in two genomes
annotated by different groups, and comparative counts of NLR repertoire size
can reflect annotation practice as much as biology. Curated resources such as
NCBI RefSeq provide high-quality, internally consistent annotations, but only
for a limited number of reference genomes (Pruitt et al., 2007), which leaves the
great majority of published assemblies outside any harmonized standard.

1.8.3 Deep-learning gene annotation

Gene annotation has long relied on ab initio gene finders built on hidden
Markovmodels, an approach pioneered in eukaryotes in part on compact fungal
genomes (Ter-Hovhannisyan et al., 2008; Min et al., 2017). These tools remain
widely used, but they depend on genome-specific training or on transcript and
protein evidence, and their parameters and outputs still vary from assembly
to assembly. A more recent generation of deep-learning annotators aims to
close this gap by predicting gene models directly from genomic DNA sequence.
Helixer, for example, uses a deep neural network to assign each base to a
structural category and then resolves these base-wise predictions into gene
models with a hidden Markov model (Stiehler et al., 2021). Because a single
model is trained once per lineage on curated NCBI RefSeq annotations and then
applied uniformly across genomes, such tools can produce internally consistent,
harmonized annotations at scale (Stiehler et al., 2021 ; Holst et al., 2023). The
paradigm is developing quickly, with recent tools coupling deep learning to
differentiable HMMs and to large DNA foundation models (Gabriel et al., 2024 ;
Liu et al., 2025 ; Vader et al., 2026).

However, no pipeline is perfect. While tools like Helixer are trained on
high-quality datasets such as NCBI RefSeq, applying a single model uniformly
across genomes harmonizes gene models rather than necessarily improving
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them. Deep-learning predictors are themselves imperfect and carry their own
systematic biases, so a harmonized annotation is best understood as internally
consistent rather than error-free (Sugihara et al., 2026). With that qualification,
harmonized annotation removes one of the main confounders in comparative
analysis of a family as annotation-sensitive as the NLRs.

1.9 Structural biology and computational modeling of
NLRs

1.9.1 What experimental structures have revealed

Over the past few years, a succession of cryo-EM structures has transformed
our understanding of NLR-mediated immunity. These resolve several activated
receptor complexes, including the ZAR1 and Sr35 pentamers, the tetrameric
TIR-NLR resistosomes ROQ1 and RPP1, and most recently, the hexameric
NRC2 and NRC4 assemblies alongside the resting-state NRC2 homodimer
(Wang et al., 2019a ; Förderer et al., 2022 ; Martin et al., 2020; Ma et al., 2020;
Liu et al., 2023a ; Madhuprakash et al., 2024 ; Selvaraj et al., 2024). Collectively,
these structures established that NLR activation proceeds through
oligomerization, while demonstrating that oligomeric state and signaling
output differ systematically across classes.

Despite these advances, each structure required substantial effort in protein
purification, sample preparation, and data collection, and as a result coverage
remains restricted to a small number of model receptors relative to the size of
the family. Moreover, within these structures, the N-terminal α1 helix that
forms the CC-type resistosome funnel is structurally dynamic and frequently
unresolved or only partially resolved in the resultingmaps (Förderer et al., 2022 ;
Zhao et al., 2022 ; Liu et al., 2023a ; Madhuprakash et al., 2024). Consequently,
the region responsible for membrane insertion and cell death execution is
missing from experimental data and has remained elusive.
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1.9.2 Protein structure prediction and its extension to complexes

Computational structure prediction offers a complementary route.
AlphaFold 2 made accurate monomer prediction available ( Jumper et al., 2021 ;
Senior et al., 2020), and its multimer extension allowed researchers to
model protein complexes (Evans et al., 2021). AlphaFold 3, in addition
to faster prediction speed and overall improvements, added the capacity
to model proteins together with ligands, ions, and small molecules
(Abramson et al., 2024). This feature was proven to be highly relevant for NLR
biology, as CC-type NLR resistosomes could be modeled with lipids binding to
the N-terminalα1 helix, simulating the plasmamembrane.

These tools also report a set of internal confidence metrics that indicate how far
a given model should be trusted. The most widely used are the per-residue pre-
dicted Local Distance Difference Test (pLDDT), the pairwise Predicted Aligned
Error (PAE), and the model-wide predicted template modeling (pTM) and ipTM
scores ( Jumper et al., 2021 ; Evans et al., 2021 ; Abramson et al., 2024). Each cap-
tures a different aspect of a prediction and they aremost informativewhen inter-
preted together, since a complex can scoremodestly overallwhile still containing
local regions that are modeled with high confidence and are biologically mean-
ingful (Posbeyikian et al., 2026). These metrics also carry known biases. The
ipTMscore, for instance, is sensitivenot only to the size of the interfacebut also to
the total length of the proteins, and it decreases when one partner is disordered
even if the interface itself is modeled correctly. Several complementary interface
scores have been developed to address this, including ipSAE, pDockQ, and the
Local Interaction Score (LIS), which allow predicted complexes to be assessed at
scale without manual inspection of PAE plots (Posbeyikian et al., 2026).

Prediction is also a stochastic process. These tools use random seeds to initialize
the masking or subsampling of the multiple sequence alignment (MSA), and
in the diffusion-based models such as AlphaFold 3 the seed additionally
sets the initial noise pattern from which the structure is generated. Because
proteins exist as ensembles of related conformations rather than as single static
structures, a given run may converge on a local solution. Sampling several
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seeds and asking whether the same model is recovered each time is therefore a
practical way to distinguish robust structural features from stochastic variation
(Posbeyikian et al., 2026). The depth of the MSA matters for the same reason:
AlphaFold 2 depends heavily on deep evolutionary profiles and tends to struggle
with fast-evolving or lineage-specific proteins, whereas AlphaFold 3 relies
more on learned structural priors and is comparatively less sensitive to shallow
alignments (Posbeyikian et al., 2026). This is directly relevant for NLRs, which
are among the most rapidly evolving gene families in plants and frequently
return shallow alignments.

1.9.3 Applications to plant immunity and their limits

Structure prediction has already been applied extensively to NLR biology,
including structure-informed comparative analyses of receptors and effectors,
classification of proteins whose relationships are not resolvable from
sequence alone, and modeling-guided engineering of recognition specificity
( Ibrahim et al., 2023 ; Seong and Krasileva, 2021 ; Barrio-Hernandez et al., 2023 ;
Contreras et al., 2023b).

Because everypredicted structure is effectively ahypothesis, benchmarking is the
most direct way to decide how far to trust one. Where an experimental structure
exists, it should be modeled alongside the targets of interest and used as a ref-
erence. Negative controls matter just as much, since confidence scores on their
own often cannot separate a genuine complex from a plausible-looking artifact
(Posbeyikian et al., 2026).

Low-confidence or unexpected predictions can be informative rather than
simply being failures. Interpreted against what is already known about a
protein family, they can point to architectures or functions that depart from the
canonical model (Posbeyikian et al., 2026). NRC helpers, for example, generally
model with high confidence as hexamers. Through a systematic inspection of
outliers in a large-scale prediction we found that the NRC7 clade deviates from
this arrangement, which was subsequently confirmed as an 11-mer by electron
microscopy (Toghani et al., 2026b ; Posbeyikian et al., 2026). The same logic
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applies to the sensor–helper distinction, since sensors typically fail to return
confident oligomeric predictions while helpers generally model with higher
confidence. This prediction confidence can itself carry functional information to
classify NLRs (Toghani et al., 2025a ; Pai et al., 2026 ; Posbeyikian et al., 2026).

However, predictions are therefore best treated as hypotheses to be tested rather
than as direct substitutes for experimental structures. Predictions are made in
the absenceof the cellular context inwhich these receptors operate, lackingmem-
branes, partners, or post-translational modifications unless these are supplied
explicitly. They also depend on the depth and quality of the multiple sequence
alignment available for a given receptor, whichmay vary across the NLR family.

1.10 Aims and thesis outline

The evolution of plant NLRs ismost often interpreted through co-evolutionwith
pathogen effectors. This framework accounts well for how recognition specifici-
ties are gained and lost, but it explains considerably less about the remainder of
the receptor. The central question of this thesis is therefore what other forces
shape NLR sequence and structure. I focus on the following topics: 1. how the
evolutionary patterns determine or affect sensor-helper relationships?, 2. how
paralogous receptors remain functionally insulated from one another?, and 3. to
explore the structural and functional diversity ofNLRs using structuralmodeling.
To address these questions, I combined comparative genomics, phylogenomics,
andcomputational structuralmodeling. I used the superasteridsNRCnetworkas
theprincipal system, given itsmassivebut lineage-specificexpansion, containing
both sensor and helper NLRs, and being well characterized experimentally.

In Chapter 2 I establish the resources on which the remainder of the thesis de-
pends on. Because annotation heterogeneity can be mistaken for biological sig-
nal in a gene family as variable as the NLRs, I compiled three NLRome datasets
at nested taxonomic resolutions and re-annotated the underlying genomeswith
a single deep-learning pipeline. This allows repertoire size, class composition,
and presence or absence of individual clades to be compared across genomes in
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a harmonizedmanner.

InChapter 3 I examine two features of theNRChelper clade that does not directly
relate to effector recognition. I first analyze the diversity of theN-terminalMADA
motif across the clade, identify a sequence signature shared between the modu-
lator NRCX and a previously undescribed group of NRC4 sequences, and test the
functional consequences of that signature in cell death assays. I then turn to the
interfaceswhichNRC2 self-associates in its resting state, anddeterminewhether
these have diverged between paralogous helpers in themanner expected if selec-
tion acts to keep their signaling pathways insulated from one another.

In Chapter 4 I extend my analysis from individual helpers to entire networks. I
compare the architecture andgenomic organizationof theNRCnetworkbetween
the Asterales and the Solanales, establish experimentally sensor-helper relation-
ships in lettuce, and test whether these relationships shaped the evolution of the
network.

In Chapter 5 I address the same problem from a structural perspective. I bench-
mark AlphaFold 3 against the CC-NLR resistosomes that have been determined
experimentally, and then apply the same approach to receptorswhose structures
remain unsolved, in order to establish how far oligomeric state varies across the
CC-type NLRs and whether it can be inferred computationally.

In Chapter 6 I test the extent to which sensors and helpers can be distinguished
by their predicted oligomeric structures, evaluate this criterion against the
sequence-based ones currently used for the same purpose, and apply it to NLR
pairs and networks for which functional data are limited.

Finally, in Chapter 7 I discuss what I learned about the forces acting on immune
receptors within a network, and about the extent to which structural prediction
can assisst experimental characterization and classification of NLR proteins.



Chapter 2: Curation of harmonized plant
NLRome datasets on multiple taxonomic
resolutions

The work described in this chapter was carried out in collaboration with
Yu Sugihara (The Sainsbury Laboratory). For the superasterid dataset,
I collected and compiled the genome assemblies from NCBI Datasets
(https://www.ncbi.nlm.nih.gov/datasets/), and ran the Helixer
and NLRtracker pipelines together with Yu Sugihara. For the Solanaceae
dataset, Yu Sugihara and I collected the genomes together, and ran the Helixer,
NLRtracker, and BUSCO pipelines. All downstream analyses, data curation, and
interpretations presented in this thesis were performed byme.

2.1 Introduction

Over the past two decades, the number of publicly available plant genome
assemblies has grown from a handful of model species to many hundreds
spanning the land plant phylogeny, driven largely by falling sequencing costs
and the maturation of long-read technologies (Marks et al., 2021). This rapid
accumulation of genomes has opened the door to large-scale comparative
analyses of plant gene families, allowing researchers to trace gene gain and
loss, copy-number variation, and lineage-specific expansions across broad
evolutionary distances. However, the value of such comparisons depends
critically on the consistency of the underlying gene annotations. Unlike genome
assembly, gene annotation has not been standardized: genomes are annotated
with different gene predictors, different sources and depths of transcript
or protein evidence, and different parameter choices, so that orthologous
sequences may be modeled as a gene in one species but missed entirely in
another (Salzberg, 2019). This annotation heterogeneity can systematically
bias comparative results. It has been reported that mixing annotation methods
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across a clade can inflate the apparent number of lineage-specific genes by up
to 15-fold (Weisman et al., 2022 ; Van Oss and Carvunis, 2019), and errors in
gene number inferred from draft assemblies are pervasive, with a majority of
genes assigned the wrong copy number in some datasets (Denton et al., 2014).
The same problem confounds presence/absence analyses, where the apparent
absence of an ortholog or paralog in a heterogeneous dataset may reflect poor
or inconsistent annotation rather than true gene loss. Distinguishing biological
signal from annotation artifact therefore requires harmonized, high-quality
datasets, making the production of consistently annotated genome collections a
prerequisite for robust comparative genomics.

In plant immunity, the nucleotide-binding leucine-rich repeat receptor (NLR)
family of proteins has been extensively studied due to its crucial role in pathogen
recognition and the activation of immune responses ( Jones and Dangl, 2006 ;
Jones et al., 2016 ; Dodds et al., 2024). NLRs are highly diverse in plants and
rapidly evolving, which makes them a compelling subject for evolutionary
study but also a particularly challenging gene family to annotate consistently
(Barragan andWeigel, 2021 ; Michelmore andMeyers, 1998 ; Shao et al., 2016 ;
Prigozhin et al., 2025). NLR annotation has historically been difficult: their
modular, repetitive domain structure, their tendency to occur in dense tandem
clusters, and their frequent location in repeat-rich or transposon-rich regions all
frustrate standard gene-prediction pipelines, so that specialized motif-aware
tools are typically required to recover the full repertoire (Steuernagel et al., 2015 ;
Steuernagel et al., 2020; Li et al., 2016 ; Kourelis et al., 2021 ; Jupe et al., 2012 ;
Kim et al., 2017). As a result, NLR gene models are especially sensitive to
how a genome was annotated, and comparative studies of this family depend
on high-quality and comparable annotations. Yet among publicly available
genomes, many lack author-provided annotations altogether, and where
annotations do exist the pipelines and parameter choices used to generate
them differ from study to study, which can markedly affect how gene families
such as NLRs are resolved (Toghani and Kamoun, 2024 ; Toghani et al., 2026c ;
Weisman et al., 2022). Curated resources such as NCBI RefSeq provide
high-quality, internally consistent annotations, but only for a limited number of
reference genomes (Pruitt et al., 2007).
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Gene annotation has long relied on ab initio gene finders built on hiddenMarkov
models. This approachwas pioneered in eukaryotes on compact fungal genomes:
GeneMark-ES introduced unsupervised self-training of a hidden Markov model
(HMM) directly on genomic sequence (Ter-Hovhannisyan et al., 2008),
and pipelines such as FunGAP later combined several such predictors with
evidence-basedmodel selection to annotate fungal assemblies (Min et al., 2017).
These tools remain widely used, but they depend on genome-specific training
or on transcript and protein evidence, and their parameters and outputs still
vary from assembly to assembly. A more recent generation of deep-learning
annotators aims to close this gap by predicting gene models directly from
genomic DNA sequence. Helixer, for example, uses a deep neural network
to assign each base to a structural category (intergenic, UTR, coding, or
intron) and then resolves these base-wise predictions into gene models with
an HMM (Stiehler et al., 2021). Because a single model is trained once per
lineage and then applied uniformly across genomes, such tools can produce
internally consistent, harmonized annotations at scale, sidestepping much of
the pipeline-to-pipeline heterogeneity discussed above. Helixer’s models are
trained on curated NCBI RefSeq annotations spanning hundreds of high-quality
genomes within a clade, so that the network learns a reference-grade
representation of gene structure that generalizes to newly sequenced species
of the same lineage (Stiehler et al., 2021 ; Holst et al., 2023). Dedicated
pre-trained models have since been released for fungal and invertebrate
genomes alongside those for plants and vertebrates (Holst et al., 2023). This
paradigm is developing quickly, with recent tools coupling deep learning to
HMMs (Gabriel et al., 2024), to large DNA foundation models (Liu et al., 2025),
and to lineage-tailored architectures that push accuracy further, including
for fungal genomes (Vader et al., 2026). However, applying a single model
uniformly across genomes harmonizes gene models rather than necessarily
improving them. The aim is to make annotations mutually comparable, not to
claim that any individual gene model is more accurate than an author-provided
one. Deep-learning predictors are themselves imperfect and carry their own
systematic biases, so a harmonized annotation is best understood as internally
consistent rather than error-free (Sugihara et al., 2026).
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To study NLR diversity and molecular evolution in plants across different
evolutionary depths, I compiled three large-scale datasets from public genomes
at three distinct taxonomic resolutions. All three were assembled following
the same workflow (Figure 2.1), which begins from high-quality public
genome assemblies and branches on a single question: whether harmonized,
high-quality annotations already exist for the genomes in question. Where they
do, as for RefSeq, the existing proteomes can be used directly; where they do not,
gene models are generated de novo with Helixer so that the whole collection
rests on a common annotation footing. Both branches then converge on NLR
annotation with NLRtracker, followed by curation of the resulting NLR set.

The first dataset comprises 180 RefSeq-annotated green plant (Viridiplantae)
genomes and takes the first of these branches. Because these assemblies
were accompanied by high-quality reference annotations, I ran NLRtracker
(Kourelis et al., 2021) directly on their proteomes to annotate protein domains
and extract the NLR repertoire (Toghani and Kamoun, 2024). To examine
the phylogeny and evolution of the NRC network more closely, I compiled
a second dataset of 230 superasterid genomes. Since many of these lacked
pre-existing annotations, I annotated the entire set uniformly using the
deep-learning-based gene predictor Helixer (Stiehler et al., 2021) to generate
harmonized gene models, subsequently extracting the NLRs with NLRtracker
(Toghani et al., 2025b). Finally, to resolve the intra- and inter-specific evolution
of Solanaceae NLRs, I assembled a third dataset of 346 Solanaceae genomes. As
with the superasterid dataset, I generated de novo annotations using Helixer
and extracted the corresponding NLRs (Toghani et al., 2026c). In this chapter, I
describe each of these NLR datasets in detail, establishing the methodological
foundation for the work presented in the subsequent chapters.

2.2 Functional annotation of 180 RefSeq reference plant
proteomes reveals a dataset of 113,684 NLR proteins

The first and taxonomically broadest dataset was assembled from the NCBI
RefSeq database (Pruitt et al., 2007), which provides curated, internally



Functional annotation of 180 RefSeq reference plant proteomes reveals a … 39

Sequence Dataset
Are there high-quality and harmonized 

genome annotations available?

High Quality Public 

Genome Assemblies

Compilation

Yes (e.g. RefSeq)

No

NLR annotation 

(NLRtracker)

Genome 

annotation 

(Helixer)

NLR set curation 

and clean-up

Figure 2.1: Workflowused to compile the harmonizedNLRdatasets described in this chapter.
Starting fromhigh-quality public genomeassemblies, I compiled sequence datasets and evaluated
whether harmonized, high-quality genome annotations were already available. Where suitable
annotations existed (such as RefSeq reference genome annotations ( Pruitt et al., 2007 )), I used
themdirectly. Where theywere lacking, I generated genemodels using the ab initio gene predictor
Helixer ( Stiehler et al., 2021 ; Holst et al., 2023 ) to ensure all genomes in the dataset shared a
uniform annotation standard. Both workflowswere followed by NLR annotation with NLRtracker
(Kourelis et al., 2021 ), and subsequently by manual curation and filtering of the resulting NLR
dataset.

consistent annotations for a limited set of reference genomes. I selected 180
reference plant (Viridiplantae; up to September 2024) proteomes spanning a
wide phylogenetic range, from algae and gymnosperms through early-diverging
floweringplants tomonocots anddicots, to surveyNLRdiversity across the green
plant lineage on a uniformly annotated foundation. Because these proteomes
were already annotated to RefSeq’s reference standard, no de novo gene
prediction was required, and I applied NLRtracker (Kourelis et al., 2021) directly
to each proteome. NLRtracker integrates InterProScan (Blum et al., 2025) to
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identify the constituent domains and motifs of NLR proteins and classifies
sequences according to the NLR definition established for RefPlantNLR
(Kourelis et al., 2021). Where NCBI-provided annotation BUSCO scores were
available (156 of the 180 genomes), completeness was uniformly high (median
98.4%; Figure 2.2A), in line with the reference-grade quality expected of RefSeq
annotations.

Using this pipeline, 169 of the 180 species contained at least one predicted NLR.
All eleven species without a single NLRwere chlorophyte green algae. Across the
169 proteomes, NLRtracker cataloged 113,684 NLRs, distributed highly unevenly
(Figure 2.2). Per-genome counts ranged fromnone to 4,155, with amedian of 468
andameanof632, andNLRsaccounted for amedianof 1.0%of eachproteome(up
to 7.7%). Counts varied by twoorders ofmagnitude, from33 inCucurbitamaxima
to 4,155 inQuercus robur, which is consistent with the lineage-specific expansion
and contraction thought to characterize this gene family. Proteome sizewas only
weakly associated with NLR count (Pearson r = 0.42; Figure 2.2B), suggesting
that repertoire size is not simply a function of overall gene number.

Classifying NLRs by their N-terminal signaling domain recovered a structural
breakdown broadly in line with expectations (Figure 2.2D). CC-NLRs were the
most abundant class (53,708; 47.2%), followed by TIR-NLRs (27,076; 23.8%) and
a smaller set of CCR-NLRs / RPW8-typehelperNLRs (1,360; 1.2%). A further 16.6%
could not be unambiguously resolved among the CC/CCR/CCG10 types, and
10.8% remained undetermined. Unlike TIR-only proteins, TIR-NLRs were absent
frommonocots, recapitulating thewell-documented loss of the TIR-NLR class in
this lineage (Tarr and Alexander, 2009 ; Shao et al., 2016 ; Liu et al., 2023b) and
suggesting that the dataset recovers established evolutionary patterns.

Beyond NLR extraction, NLRtracker returned functional annotations for the
complete proteome of each species, providing a comparative framework for the
domain- and motif-level analyses developed in the following chapters. For each
proteome, the pipeline produces identifier lists, GFF3 annotations, and FASTA
sequences for both NLRs and NLR-associated genes, together with full-length
and deduplicated NB-ARC domain sequences, iTOL-ready domain annotation
files, a per-sequence domain metadata table, and the raw InterProScan output.
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The complete dataset, along with a RefSeq species metadata table and a
per-genome table of proteome and NLR statistics, is openly available on Zenodo
(Toghani and Kamoun, 2024).
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Figure 2.2: Overview of the RefSeq reference-plant NLR dataset.
(A) Distribution of NCBI annotation BUSCO completeness for the 156 of 180 genomes with
available scores; the dashed line indicates themedian (98.4%). (B)NLR count per genome against
proteome size, colored by major clade; NLRs are absent from the chlorophyte algae and expand in
land plants, with Quercus robur carrying the largest repertoire. (C) NLR repertoire size by clade,
ordered from land plants to algae; the number of genomes per clade is given in parentheses. (D)
Composition of the 113,684NLRsbyN-terminal signalingdomain class, as assignedbyNLRtracker.
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2.3 Deep-learning-based annotation of 230
superasterid genomes reveals a harmonized
dataset of 91,366 NLRs

The second dataset was assembled to support phylogenetic and evolutionary
analysis of the NRC network, and therefore narrows the taxonomic scope
to the superasterids while increasing sampling density. I collected 230
high-quality, publicly available superasterid genomes, representing 227
distinct taxa across 59 families and 14 orders. Potato (Solanum tuberosum)
is represented by four independent assemblies, while all other taxa are
represented by a single genome. In contrast to the RefSeq collection, many
of these genomes lacked author-provided annotations, and those that were
available had been generated with different pipelines and parameter settings.
To eliminate this as a source of variation, I set aside the existing annotations
and produced harmonized de novo annotations for the entire set using the
deep-learning annotator Helixer v0.3.2 (Stiehler et al., 2021 ; Holst et al., 2023).
This was run with the --lineage land_plant option so that a single
land-plant model was applied uniformly across all genomes. This workflow
yielded 10,124,265 predicted protein sequences, with a median proteome
size of 38,192 (interquartile range 31,628–48,612). Coding sequences and
proteomes were extracted from the Helixer GFF output with GffRead v0.12.7
(Pertea and Pertea, 2020), and NLRs and NLR-associated sequences were
identified with NLRtracker (Kourelis et al., 2021) using InterProScan for domain
assignment (Blum et al., 2025).

Annotation completeness was assessed with BUSCO v5.5.0 against the
viridiplantae_odb10 lineage dataset (Manni et al., 2021). The harmonized
annotations appeared to be of consistently high quality (Figure 2.3A): BUSCO
completeness averaged 95.1% (median 96.7%), with 89.1% of genomes exceeding
90% completeness and 67.0% exceeding 95%. Missing and fragmented BUSCOs
were correspondingly low (median 0.7% and 2.4%, respectively). Only five
genomes fell below 80% completeness: Striga hermonthica (65.9%), Jacaranda
mimosifolia (70.4%), Lactuca virosa (72.9%), Drosera capensis (78.6%), and
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Artemisia tridentata subsp. tridentata (79.3%). In most of these the deficit was
driven by fragmented rather than missing BUSCOs, as in J. mimosifolia (23.1%
fragmented versus 6.5% missing) and S. hermonthica (20.2% versus 13.9%),
which points to fragmented underlying assemblies rather than a failure of
the annotation model; L. virosa was the exception, with 20.0% of BUSCOs
missing outright. It is also worth noting that two of these species, the obligate
parasite S. hermonthica and the carnivorous D. capensis, have specialized
lifestyles associated with genuine gene loss (Li et al., 2025), so reduced BUSCO
completeness in such taxa need not reflect annotation quality alone. These
five genomes span nearly the full range of NLR content observed across the
dataset, from 86 inD. capensis to 1,246 in A. tridentata (Figure 2.3B), and BUSCO
completeness showed no correlation with NLR count across the collection as a
whole (Pearson r = 0.14). With the exceptions discussed below, this suggests
that the variation in NLR repertoire size described later is unlikely to be driven
primarily by differences in annotation quality.

Five genomes exceeded 100,000 predicted proteins, and these fall into two
apparent classes. In Craterostigma plantagineum (199,483 proteins), 76.9% of
BUSCOs were duplicated against only 22.4% single-copy, which most likely
reflects genuine retention of homoeologous gene copies in a polyploid genome;
the same signature, in milder form, probably explains the elevated duplication
seen in Fraxinus americana (98.8% duplicated) and Nicotiana tabacum (94.4%).
The remaining cases show the opposite signature: Diospyros kaki (181,147),
Dorcoceras hygrometricum (149,066), and Artemisia tridentata subsp. tridentata
(132,727) all retain single-copy BUSCO profiles (1.4–1.6% duplicated), so
haplotype redundancy is unlikely to account for their inflated gene counts.
This is clearest for D. kaki: although the species is an autohexaploid, the
assembly used here is a haploid representation, and its single-copy BUSCO
profile indicates that retained homoeologs are unlikely to be the source of
its 181,147 predicted proteins. Consistent with this, the proteomes obtained
for the other two species substantially exceed the published evidence-based
annotations for the same genomes: 43,377 genes were reported for A. tridentata
(Melton et al., 2022) and 49,374 for D. hygrometricum (Xiao et al., 2015),
roughly a third of the counts obtained here. All three are large or difficult to
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annotate—the A. tridentata assembly is 4.2 Gb and 77.99% repetitive, among
the most repetitive plant genomes sequenced to date (Melton et al., 2022),
while the D. hygrometricum assembly is an early short-read draft—and
both show elevated fragmented BUSCOs (16.5% and 11.3%, respectively).
The most likely explanation is therefore over-prediction of gene models in
repeat-rich and fragmented sequence, where transposon-derived open reading
frames and split loci can be readily called as genes. This failure mode would
also be largely invisible to BUSCO, which assays whether a conserved core
gene set is present but is insensitive to the addition of spurious models, so
high BUSCO completeness should not by itself be read as evidence against
over-annotation. NLR counts in these genomes should therefore be interpreted
with corresponding caution, particularly for A. tridentata, whose 1,246 NLRs
rank among the highest in the dataset.

Applying the NLRtracker definition, this pipeline recovered 91,366 NLRs across
the 230 genomes. Per-genome counts spanned more than two orders of mag-
nitude, from 12 to 2,049, with a median of 338 and a mean of 397, and NLRs
accounted for a median of 0.80% of each proteome, up to 3.25%. As in the Ref-
Seq dataset, proteome size explained only part of this variation (Pearson r =

0.42). The smallest repertoires belonged to parasitic and carnivorous lineages,
namely Cuscuta campestris (12 NLRs),Orobanche coerulescens (19), andUtricularia
gibba (32), consistentwith the reduced immune receptor repertoires reported for
plantswith specialized lifestyles and correspondingly alteredpathogen exposure
(Liu et al., 2021 ; Baggs et al., 2020). The largest repertoires were found in the
Lamiaceae, ledbyPerilla frutescens (2,049),Pogostemon cablin (1,479), andThymus
mandschuricus (1,466). At theorder level,medianNLRcontent varied several-fold,
from 82 in Santalales and 167 in Caryophyllales to 401 in Solanales, 582 in Cor-
nales, and 702 in Dipsacales, with the two most densely sampled orders, Lami-
ales (n = 58) and Solanales (n = 40), showing broad within-order dispersion
(Figure 2.3C).

Classifying NLRs by their N-terminal signaling domain gave a breakdown
broadly similar to the RefSeq dataset (Figure 2.3D), with CC-NLRs the
dominant class (47,276; 51.7%), followed by TIR-NLRs (12,606; 13.8%) and
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CCR-NLRs / RPW8-type helper NLRs (884; 1.0%). A further 21.1% could not be
unambiguously resolved among the CC/CCR/CCG10 types, and 12.0% remained
undetermined. The lower TIR-NLR fraction relative to the RefSeq green plant
dataset (13.8% versus 23.8%) likely reflects the asterid-focused sampling of this
collection.

Genome annotations are organized by phylogenetic order following the APG IV
classification (The Angiosperm Phylogeny Group, 2016), with each order held
in its own subdirectory containing the genome assembly, GFF annotation,
CDS and protein FASTA files, and the corresponding NLRtracker output;
compiled proteome and CDS files carrying source-assembly tags are also
provided. As for the RefSeq dataset, the NLRtracker output comprises identifier
lists, GFF3 annotations, and FASTA sequences for NLRs and NLR-associated
genes, full-length and deduplicated NB-ARC domain sequences, iTOL-ready
domain annotation files, a per-sequence domain metadata table, and the raw
InterProScan output. The complete dataset, together with a species metadata
table and a per-genome table of proteome, NLR, and BUSCO statistics, is openly
available on Zenodo and Dryad (Toghani et al., 2025b).

2.4 Harmonized genome annotation of 346 Solanaceae
genomes reveals 197,834 NLR immune receptors

The third and most finely resolved dataset narrows the scope to a single
family. The Solanaceae encompass several agriculturally important crops,
including potato, tomato, eggplant, pepper, and tobacco, alongside a rich
diversity of wild relatives that serve as reservoirs of genetic variation. I
assembled a set of 346 publicly available Solanaceae genomes spanning 85
species and 9 genera. Because many species are represented by multiple
independent assemblies, the dataset supports comparison at both the
interspecific and the intraspecific level, the resolution on which the analyses
developed in later chapters relate to. This release builds directly on an earlier
Solanaceae NLRome resource, which cataloged 66,665 NLRs from 124 published
Solanaceae proteomes (Sugihara et al., 2023). That earlier dataset relied
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Figure 2.3: Overview of the harmonized superasterid NLR dataset.
(A) Distribution of BUSCO completeness across the 230 Helixer-annotated genomes, scored
against viridiplantae_odb10; the dashed line indicates the median (96.7%). (B) NLR count
per genome plotted against BUSCO completeness. The five genomes with completeness below
80% are highlighted in red and labeled. The absence of correlation (Pearson r = 0.14) indicates
that repertoire size is not driven by annotation quality. (C)NLR repertoire size by taxonomic order,
orderedbymedian; points show individual genomes and thenumber of genomesper order is given
in parentheses. (D) Composition of the 91,366 NLRs by N-terminal signaling domain class, as
assigned by NLRtracker.

on heterogeneous, author-supplied annotations and so was subject to the
pipeline-to-pipeline inconsistency described above. Here, the sampling was
expanded to 346 genomes, and the author-supplied annotations were replaced
throughout with harmonized de novo annotations generated using the same
Helixer-basedworkflowapplied to the superasterid dataset (Stiehler et al., 2021 ;
Holst et al., 2023 ; Pertea and Pertea, 2020). NLRs and NLR-associated
sequences were identified with NLRtracker (Kourelis et al., 2021) using
InterProScan for domain assignment (Blum et al., 2025), and annotation
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completeness was assessed with BUSCO v6.0.0 against the family-appropriate
solanales_odb12 lineage dataset (Manni et al., 2021).

Across the 346 genomes the pipeline predicted 15,078,455 protein sequences,
with a median proteome size of 35,970 (interquartile range 32,587–42,519).
The harmonized annotations appeared to be of high and consistent quality
(Figure 2.4A), with BUSCO completeness averaging 96.6% (median 97.8%),
97.4% of genomes exceeding 90% completeness, and 78.6% exceeding 95%.
Both fragmented and missing BUSCOs were low, at a median of 1.0% and 1.1%,
respectively. Elevated BUSCO duplication was common, with 49 genomes
exceeding 50% duplicated BUSCOs. Because duplicated single-copy orthologs
are a recognized signature of polyploidy (Manni et al., 2021), and the Solanaceae
include the autotetraploid cultivated potato as well as several other polyploid
lineages (Fox et al., 2020; Sun et al., 2025), this pattern most likely reflects
the retention of homoeologous gene copies rather than an annotation artifact,
though the two cannot be fully disentangled from BUSCO scores alone.
Reassuringly, BUSCO completeness showed no correlation with NLR count
across the dataset (Pearson r = 0.09), as in the other two collections, which
suggests that variation in NLR repertoire size is unlikely to be driven primarily
by differences in annotation quality.

Applying the NLRtracker definition, this pipeline recovered 197,834 NLRs. Per-
genome counts ranged from 139 to 2,675, with a median of 600 and a mean of
572, and NLRs accounted for a median of 1.44% of each proteome. Within this
taxonomically narrow sample, proteome size wasmore strongly associated with
NLR count than in the broader datasets (Pearson r = 0.58; Figure 2.4B), which
would be consistent with polyploid genomes tending to carry both more genes
overall and more NLRs. At the genus level, the pepper genus Capsicum (n = 30)
had the highestmedian repertoire (630NLRs), closely followed by Solanum (n =

294; median610),whileNicotiana (n = 11) carriedmarkedly fewer (median 281)
(Figure 2.4C).

The value of this dataset lies in its dense within-species sampling. Nineteen
species are represented by more than one genome, including 110 assemblies
of Solanum tuberosum (potato), 59 of S. lycopersicum (tomato), and 24 each of
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Capsicum annuum (pepper) and S. candolleanum. This sampling offers a first
view of the extent of intraspecific variation in NLR content (Figure 2.4D). In
cultivated tomato, NLR counts were relatively stable across all 59 assemblies
(215–244, representing a spread of roughly 13%), which may point to limited
presence/absence variation at the species level and to good reproducibility
of the harmonized pipeline, although some of this stability could also reflect
the comparatively uniform, high-quality assemblies available for tomato. In
potato, by contrast, counts ranged far more widely, from 549 to 2,675 across 110
assemblies. This dispersion appears to track the varying ploidy and haplotype
content of the potato assemblies, with the highest counts tending to come
from genomes with elevated BUSCO duplication, and is therefore probably
better interpreted in that light than as straightforward differences in gene copy
number. These patterns are suggestive rather than definitive and disentangling
true intraspecific variation from assembly- and ploidy-related effects will
require the more controlled comparisons developed in the following chapters.

ClassifyingNLRs by their N-terminal signaling domain gave a breakdown consis-
tent with the other datasets, with CC-NLRs the dominant class (111,968; 56.6%),
followed by TIR-NLRs (27,724; 14.0%) and CCR-NLRs / RPW8-type helper NLRs
(1,117; 0.6%). A further 16.3% could not be unambiguously resolved among the
CC/CCR/CCG10 types, and 12.3% remained undetermined.

The dataset provides the underlying genome assemblies, the complete Helixer-
derived annotation outputs (proteome, CDS, and GFF files), and the full NLR-
tracker output archives, following the same file organization as the superasterid
resource. It is openly available onZenodo (Toghani et al., 2026c) and is intended
to serve as a harmonized foundation for comparative genomics, NLR evolution,
and immune-receptor engineering in the nightshade family.

2.5 Conclusions and Discussion

In this chapter I curated three NLR datasets spanning nested taxonomic resolu-
tions, together comprising 756 plant genomes andmore than 400,000 cataloged
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Figure 2.4: Overview of the harmonized Solanaceae NLR dataset.
(A) Distribution of BUSCO completeness across the 346 Helixer-annotated genomes, scored
against solanales_odb12; the dashed line indicates the median (97.8%). (B) NLR count
per genome against predicted proteome size, colored by BUSCO duplication level; genomes
with more than 50% duplicated BUSCOs (red) are polyploid and tend to carry both larger
proteomes andmore NLRs. Assemblies at the extremes are labeled: S. tuberosum cv. Diacol Capiro
(most NLRs), N. tabacum cv. K326 (largest proteome), S. cleistogamum (smallest proteome), and
Przewalskia tangutica (fewest NLRs). (C) NLR repertoire size by genus, ordered by median; points
show individual genomes and the number of genomes per genus is given in parentheses. (D)
Intraspecific NLR variation for the four most densely sampled species.

NLRs. The three collections were designed to complement one another: 180 Ref-
Seq referenceproteomesprovide a broad, uniformly annotated viewofNLRdiver-
sity across the green plant lineage; 230 superasterid genomes narrow the focus
to the phylogenetic distribution of the NRC network while increasing sampling
density; and 346 Solanaceae genomes add the depth needed to compare NLR
repertoires within, as well as between, species. Except for the RefSeq set, which
was already annotated to a consistent standard, all genomes were re-annotated
de novo with a single Helixer model and processed through an identical NLR-
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tracker pipeline, so that differences between genomes reflect biology rather than
the pipeline-to-pipeline heterogeneity that motivated this work.

Across all threedatasets, theharmonizedannotationswere of high completeness,
and NLR content was uncorrelated with annotation quality, suggesting that
the repertoire variation described here is largely biological in origin. It is
important, however, to be clear about what harmonization does and does
not achieve. Re-annotating every genome with a single Helixer model makes
gene models comparable across the collection, but it does not make them
perfect. Like any annotation pipeline, Helixer has its own systematic limitations,
and it can over-predict genes in repeat-rich or fragmented assemblies, miss
atypical or highly divergent NLRs, and inflate counts in polyploid genomes
(Sugihara et al., 2026). The datasets presented here therefore trade per-genome
optimality for cross-genome consistency; their value lies in comparability rather
than in any claim to be the definitive annotation of a single genome. With these
limitations in mind, the collections nonetheless recovered well-established
patterns, including the absence of NLRs in green algae and the loss of the
TIR-NLR class in monocots, providing confidence that they capture genuine
evolutionary signal. Together, they establish a consistent foundation for the
comparative and evolutionary analyses performed in the following chapters.



Chapter 3: Functional and molecular evolution
of the NLR proteins beyond R-AVR co-evolution

Part of the work described in this chapter has been published in Selvaraj et al.
(Selvaraj et al., 2024) and appears here with permission. Cryo-EM structure de-
termination was carried out by Muniyandi Selvaraj. Biochemical and cell death
assays for NbNRC2 homodimer section were performed by Mauricio Contreras
andMuniyandi Selvaraj. My contribution comprised the phylogenomics and the
structural analyses described below.

3.1 Introduction

Nucleotide-binding and leucine-rich repeat (NLR) immune receptors are
essential components of innate immunity across the tree of life, detecting
intracellular pathogen components and initiating immune responses to
counteract infection ( Jones et al., 2016 ; Contreras et al., 2023a). Plant NLRs
are activated by pathogen-secreted virulence proteins, termed effectors,
which pathogens deliver into host cells to modulate host physiology
( Jones and Dangl, 2006). They belong to the signal transduction ATPases
with numerous domains (STAND) superfamily (Leipe et al., 2004) and
typically exhibit a tripartite domain architecture consisting of an N-terminal
signaling domain, a central nucleotide-binding domain, and C-terminal
superstructure-forming repeats (Takken et al., 2006). The central domain,
termed NB-ARC (nucleotide-binding adaptor shared by APAF-1, plant R

proteins, and CED-4) in plant NLRs, is a signature of this protein family and
acts as a molecular switch, mediating the conformational changes required for
activation (Takken et al., 2006). A hallmark of NLR activation in eukaryotes
and prokaryotes is oligomerization into higher-order immune complexes,
termed resistosomes in plants or inflammasomes in mammalian and bacterial
cells. These higher order immune complexes initiate immune signaling
through diverse mechanisms and often culminate in programmed cell death
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(Wang et al., 2019b ; Bi et al., 2021 ; Förderer et al., 2022).

Plant NLRs fall into different phylogenetic classes carrying distinct N-terminal
domains, of which the coiled-coil (CC) type is the most widespread
(Shao et al., 2019). A canonical plant CC-NLR is Arabidopsis thaliana
AtZAR1, which is held in a resting monomeric state in complex with its
partner pseudokinase RKS1. Perception of its cognate effector AvrAC primes
individual AtZAR1 monomers, which leads to ADP to ATP exchange and
undergo conformational changes and subsequently assemble into pentameric
resistosomes (Wang et al., 2019b ; Bi et al., 2021). Following resistosome
assembly, CC-NLR oligomers insert into the plasma membrane and act
as calcium-permeable channels, initiating immune signaling and cell
death, as shown for AtZAR1 and the wheat CC-NLR TmSr35 (Bi et al., 2021 ;
Förderer et al., 2022). NLRs can operate in different configurations: as
functional singletons, as sensor–helper pairs, or within more elaborate immune
receptor networks (Adachi et al., 2019b ; Wu et al., 2017). Functional singletons
such as AtZAR1 and TmSr35 combine both effector perception and immune
signaling in a single genetic unit (Adachi et al., 2019b ; Saintenac et al., 2013).
Many other NLRs, however, have subfunctionalized over evolutionary time into
sensors dedicated to pathogen perception and helpers that execute immune
signaling, as exemplified by the rice NLR pairs Pik-1/Pik-2 and RGA5/RGA4
(Césari et al., 2014 ; Maqbool et al., 2015). In the NRC (NLR required for
cell death) network of solanaceous plants, multiple sensor CC-NLRs signal
redundantly through an array of downstream paralogous helper CC-NLRs
to confer disease resistance to diverse pathogens and pests, including
oomycetes, fungi, nematodes, insects, viruses, and bacteria (Wu et al., 2017 ;
Derevnina et al., 2021). Effector perception by NRC-dependent sensors
(NRC-S) triggers conformational changes in their central nucleotide-binding
domain that signal to downstream helper NRCs, activating them, and driving
their oligomerization into a helper resistosome (Contreras et al., 2022 ;
Contreras et al., 2023c ; Ahn et al., 2023 ; Toghani et al., 2026a). Assembly into
a resistosome is a shared endpoint between AtZAR1 and the NRCs, although the
NRC assemblies described to date are hexameric or undecameric rather than
pentameric (Liu et al., 2023a ; Madhuprakash et al., 2024 ; Seager et al., 2026 ;
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Toghani et al., 2026b).

The N-terminal region is central to this activationmechanism. TheMADAmotif,
located in the N-terminal α1 helix of about 20% of all angiosperm CC-NLRs, is
required for plasma membrane integration of resistosome and the induction
of cell death (Adachi et al., 2019a). This motif, along with related sequences
such as the MAEPL motif found in non-flowering plants, is functionally
conserved across evolutionarily distant NLRs capable of triggering cell death
(Adachi et al., 2019a ; Adachi et al., 2023b). MADA-type NLRs include the
ancient singleton ZAR1 as well as helper NLRs from distinct phylogenetic clades
such as Pik-2 and NRC4, pointing to a shared origin for these CC-NLRs and
indicating that the MADA-type α1 helix has been a feature of the family since
the emergence of land plants (Adachi et al., 2019a). As sensor NLRs specialized
in pathogen detection, however, they appear to have lost or degenerated their
MADA motif, rendering them unable to initiate immune signaling on their
own. Consistent with this, NRC helpers carry a MADA motif whereas NRC-S do
not, and the N-termini of MADA- or MAEPL-containing NLRs can functionally
replace the N-terminus of the helper NRC4, while the N-termini of sensor
CC-NLRs cannot (Adachi et al., 2019a ; Adachi et al., 2023b). These observations
fit an evolutionary “use-it-or-lose-it” model, in which the conserved N-terminal
motifs of sensor NLRs degenerated once these receptors came to rely on helpers
for cell death execution.

NLRs are among the most evolutionarily dynamic families of plant proteins
and are under constant pressure to evolve, whether to gain recognition of
new pathogen effectors or effector targets, or to evade effector-mediated
suppression (Seong et al., 2020; Prigozhin and Krasileva, 2021). This pressure
is most often framed in terms of R–AVR co-evolution, which is usually observed
in NLR domains involved in effector recognition. Yet the transition from
multifunctional singleton ancestors to networks of specialized partners
suggests that additional selective pressures act on NLRs (Adachi et al., 2019b ;
Wu et al., 2017). The division of labor between NRC-S and NRC-H relaxes
evolutionary constraints on individual receptors, allowing faster diversification
and functional refinement. It helps unlock greater evolutionary flexibility.
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Sensor NLRs can readily acquire additional domains, such as integrated domains
(IDs) or the Solanaceous Domain (SD), to expand their detection capabilities
( Jubic et al., 2019 ; Kourelis et al., 2023). A further layer of complexity comes
from NLRs that modulate the activity of other NLRs in ways that do not fit the
standard sensor–helper pairing. NRCX, a full-length CC-NLR closely related to
the helpers NRC2 and NRC3, is one such case: its N-terminal MADA sequence
is non-functional, and silencing it in N. benthamiana leads to autoimmunity
that depends on NRC2 and NRC3, but not NRC4 (Adachi et al., 2023a).
NRCX therefore appears to have evolved to regulate the activity of its closest
paralogs, likely preventing inappropriate activation of their pathways
(Adachi et al., 2023a). Modulators of this kind imply that complex network
configurations evolved in part to maintain network balance and prevent
misregulation, and that NLR evolution is also shaped by relationships among
NLRs themselves rather than just by their interactions with pathogens.

Two aspects of these intra-network relationships remain poorly resolved.
First, although the MADA motif is functionally important and broadly
interchangeable, it is not known how diverse this region is within NRC helper
clade, nor whether the degeneration seen in NRCX represents an isolated event
or a recurrent evolutionary outcome. Second, the extent to which the model of
NLR activation derived from singletons such as AtZAR1 and TmSr35 applies to
helper CC-NLRs is unknown. Paralogous helpers within the NRC network signal
redundantly yet remain functionally insulated from one another, and how this
insulation is achieved at the level of protein–protein interactions has not been
addressed.

In this chapter, I examined both questions using the NRC helper clade of
the Solanaceae family as a model system. The NRC helpers are massively
expanded in this family, form awell-supported clade, and have been established
experimentally, making them well suited to comparative analysis. I first
analyzed the diversity of the N-terminal MADA motif across the clade. I then
turned to the resting state of NRC2, which we recently showed to accumulate in
planta as a homodimer rather than a monomer (Selvaraj et al., 2024). I used
phylogenomics across the NRC clade to ask whether the interfaces mediating
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this self-association have diverged between paralogous helpers. Together, these
analyses address howNRC helpers andmore broadly NLR proteins have evolved
not only in response to pathogens, but also in relation to one another and to
their compatibility or incompatibility within a shared network.

3.2 The N-terminal MADA motif has diversified in NRC
helpers

While the function and interchangeability of the MADA motif are well
established (Adachi et al., 2019a), the sequence variation observed among
MADA-containing NLRs, including non-cell-death-inducing variants, points
to potential functional divergence within the family (Adachi et al., 2019a ;
Adachi et al., 2023a). I hypothesized that diversification within the MADA
motif could lead to NLR neofunctionalization. To test this, I analyzed the
MADA motif diversity across the NRC helper clade, which provides an
ideal model system. Using NLRtracker, I constructed an NLRome dataset
from 123 Solanaceae proteomes across the genera Nicotiana, Physalis,
Capsicum, and Solanum (Kourelis et al., 2021 ; Sugihara et al., 2023). From
phylogenetic analysis, I extracted 1,796 NRC sequences for downstream
investigation. NRC helpers are massively expanded in the Solanaceae and
form a well-supported clade within CC-type NLRs (Selvaraj et al., 2024 ;
Lee et al., 2021 ; Goh et al., 2024) (Figure 3.1). Using reference NRC sequences
(Kourelis et al., 2021 ; Adachi et al., 2023a ; Oh et al., 2023), I resolved 15
major subclades within the helper clade. Although all NRC helpers possess
a recognizable MADA motif, some, such as NRCX (Adachi et al., 2023a), do
not induce cell death and instead act as negative modulators (Wu et al., 2017 ;
Lee et al., 2021).

Because the MADA motif resides within the N-terminal α1 helix of CC-NLRs, I
implemented a computational pipeline to predict secondary structure using
NetSurfP-3.0 (Høie et al., 2022) and extract the α1 helix from each sequence. I
then clustered these sequences using MCL (Van Dongen, 2008) and mapped
the resulting clusters onto the NRC phylogenetic tree (Figure 3.2). Sequence



56 Chapter 3: Functional and molecular evolution of the NLR proteins beyond …

0.5

NRC 

Clade

NRC Helpers

0.98

Rx-type Sensors

SD-type Sensors

ZAR1

R3a

NRC2

A

Rx

Hero

NRC0

0.25

Rx

Hero

Bs2

Prf

0.9

NRC0

NRC2

NRC4

B

0.25

NRC2

NRC1

NRC3

NRCX

NRC0

NRC9

NRC8

NRC6NRC7
NRC5

NRC4c

NRC4b

NRC4
other

NRC4t

NRC4a

C

Figure 3.1: NRC sequences formawell-supportedmonophyletic cladewithin theCC-NLRand
NRC superclade phylogenetic trees.
(A) The NRC superclade, comprising NRC helpers, Rx-type NRC-S, and SD-type NRC-S, forms
a distinct and well-supported clade within a phylogenetic tree of 19,760 CC-NLRs from the
Solanaceae. (B) 1,796 NRC sequences form a monophyletic clade within the NRC superclade,
indicating a shared evolutionary history. (C) Based on reference NRC sequences, 15 distinct
subclades are resolved within the NRC clade; subclade relationships are supported by bootstrap
values ( Selvaraj et al., 2024 ).

logos from each cluster were used to compare clades. This unbiased clustering
matched the phylogenetic relationships of theNRChelpers and revealed that the
N-terminalα1 helix has diversified in both length and amino acid composition.

3.2.1 NRCX carries a signature threonine at the fourth position of its
MADAmotif

Building on previous observations that chimeras between the NRCXN-terminus
and NRC4 fail to induce cell death (Adachi et al., 2023a), I compared N-terminal
sequences of theNRCXcladewith its sister clades, NRC2andNRC3. NRCXcarries
a conserved threonine at the fourthposition of itsMADAmotif (T4) that is absent
in both NRC2 and NRC3 (Figure 3.3A). I hypothesized that this T4 residue repre-
sents a degenerative mutation that renders the MADA motif of NRCX incapable
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Figure 3.2: The N-terminal MADAmotif has diversified in NRC helpers.
Unbiased clustering of N-terminal sequences from NRC helpers matches their phylogenetic
relationships. The N-terminal α1 helix has diversified in both length and sequence. The total
number of sequences in each cluster is indicated. The red box marks the alignment of N-terminal
sequences at their conserved leucine/isoleucine stretch. Y-axis shows the frequency of each amino
acid in the given position within that cluster.

of triggering cell death.

3.2.2 A subset of NRC4 sequences share the NRCXN-terminal signature

Prompted by the identification of the NRCX T4 signature, I screened other NRC
clades for the same feature. The T4 signature was also present in the NRC4/5
superclade (Figure 3.3B). Mapping these sequences onto the NRC phylogeny re-
vealed that most NRC4 variants carrying the T4 residue belong to a distinct sub-
clade sister to NRC4a (Figure 3.4). I designated this subclade as “NRC4t”. The
NRC4t clade mirrors NRCX in two aspects: it forms a distinct lineage closely re-
lated to a canonical helper clade (NRC4a), and it carries the characteristic T4
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Figure 3.3: NRCX has a distinct threonine at the fourth position of its MADAmotif.
(A) NRCX has a unique threonine at the fourth position (T4) of its MADA motif compared with
NRC2 and NRC3. (B) The same T4 N-terminal signature is found in approximately 25% of NRC4/5
clade sequences. The red box indicates the fourth position of theMADAmotif.

N-terminal signature.

3.2.3 NRC4t proteins induce cell death as autoactive mutants

Given their N-terminal sequence similarity to NRCX, I tested whether represen-
tative NRC4t proteins are competent to trigger cell death. I hypothesized that,
like NRCX, NRC4t variants would fail to induce cell death as autoactive mutants
due to the T4 substitution. To test this, I transiently expressed two potato NRC4t
variants (StNRC4p and StNRC4h) alongside autoactive mutants carrying a D-to-
V substitution in the MHDmotif, and screened for cell death (constructs cloned
and provided by Jiorgos Kourelis; Table 3.1).

Contrary to the initial hypothesis, both NRC4t DV mutants also induced strong
cell death, while their wild-type variants did not cause any visible cell death.
To confirm this finding and exclude interference from endogenous helpers, I
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Figure 3.4: NRC4 sequences with the T4 N-terminal signature form a distinct phylogenetic
clade in the NRC helper tree.
116 of 143NRC4 sequences carrying theT4 signature (indicatedby the orange line)map to adistinct
subclade sister toNRC4a,mirroring the phylogenetic position ofNRCX relative toNRC2 andNRC3.

repeated the assay across two independent replicates in an nrc2/3/4 knockout
line ofN. benthamiana, and obtained consistent results (Figure 3.5B). NbNRC4, a
potato NRC4a homolog (StNRC4e), NbNRCX, and StNRCX, together with their
corresponding DV mutants, served as controls: wild-type proteins were not
expected to cause cell death, NRCX DV mutants served as negative controls
(Adachi et al., 2023a), and NRC4 DV mutants served as positive controls. The
controls behaved as expected: StNRCX did not cause cell death, whereas
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StNRC4e triggered cell death as an autoactive DV mutant (Figure 3.5A). These
findings demonstrate that NRC4t receptors do not behave like NRCX in this
assay; whether they operate as canonical helpers or fulfill specialized regulatory
roles on other NRC helpers remains to be determined.

Figure 3.5: NRC4t sequences are capable of inducing cell death as autoactivemutants.
(A) StNRC4e, a homolog of NRC4a, induces cell death in N. benthamiana as an autoactive (DV)
mutant. Like NbNRCX, StNRCX is unable to induce cell death as either wild type or an autoactive
mutant in wild-type N. benthamiana (images taken at 64 hpi). (B) The NRC4t variants StNRC4h
and StNRC4p (marked by red circles) induced cell death as autoactive DV mutants in an nrc2/3/4
knockout line of N. benthamiana (72 hpi). Neither protein triggered cell death as wild type.
Constructs used are listed in Table 3.1.

3.3 Resting-state NRC2 forms a homodimer

Recently, we showed that NbNRC2, unlike the canonical functional singleton
NbZAR1, self-associates in co-immunoprecipitation assays (Figure 3.6A)
(Selvaraj et al., 2024). Moreover, we could not detect hetero-association
between NbNRC2 and its paralogs NbNRC3 and NbNRC4, or NbZAR1. This
suggests that NbNRC2 preferentially self-associates in N. benthamiana and
does not form stable heterocomplexes with its paralogs. This conclusion
was independently corroborated by live-cell confocal microscopy showing
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that resting-state NbNRC2 and NbNRC4 do not co-localize in planta
(Selvaraj et al., 2024).

To investigate the NbNRC2 resting state we performed cryo-EM 2D class
averaging (Figure 3.6B) and resolved the atomic model of the resting-state
NbNRC2 homodimer. The cryo-EM model included the NBD, HD1-WHD,
and LRR domains, while the N-terminal CC domain was absent from the
density (Figure 3.6C) (Selvaraj et al., 2024). This structure revealed the contact
sites between the two protomers, comprising eight stretches that form three
main interaction interfaces across the NBD, HD1-WHD, and LRR domains
(Figure 3.6C,D) (Selvaraj et al., 2024). Because NbNRC2 does not form stable
heterocomplexes with other NRC paralogs despite their shared evolutionary
origin, we hypothesized that these homodimerization interfaces diversified
across NRC helpers to insulate their association and therefore activation
pathways.

3.4 Evolution of homodimerization in NRCs

To test whether the homodimerization interfaces have diversified across
NRC helpers, I performed a phylogenomic analysis across the expanded
NRC clade of the Solanaceae. Using the 123-proteome Solanaceae NLRome
dataset (Sugihara et al., 2023), phylogenetic analysis yielded 993 unique NRC
sequences. Together with 99 reference NRC sequences from N. benthamiana,
C. annuum, S. lycopersicum, and S. tuberosum, these were used to construct
a detailed phylogenetic tree of the NRC helper clade. This resolved the 15
subclades noted above, with clade sizes ranging from 31 to 129 sequences.

3.4.1 The dimerization interfaces have diverged between NRC clades

When I compared the eight dimerization stretches identified in the NbNRC2 ho-
modimer (Selvaraj et al., 2024) across all NRC sequences, they were noticeably
less conserved than classic NLRmotifs such as the P-loop andMHD (Figure 3.7A).
This suggests that these interfaces diversified during NRC evolution. Within in-
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Figure 3.6: The helper NLR NRC2 forms a homodimer in planta.
(A) Co-immunoprecipitation assay testing the self-association of NRC2 in N. benthamiana.
C-terminally 3×FLAG-tagged NbNRC2 or NbZAR1 was co-expressed with C-terminally 4×Myc-
taggedNbNRC2orNbZAR1; immunoprecipitationwasperformedwith anti-FLAGbeads (FLAG IP),
and total extracts (Input) and IPswere immunoblottedwith the antisera indicated on the left, with
approximatemolecularweights (kDa) on the right. NbNRC2 self-associates but does not associate
withNbZAR1. Protein loading is shownby Ponceau stain (PS). (B) Representative cryo-EM2Dclass
averages of the resting-stateNbNRC2homodimer (scale bar, 230 Å). (C)Atomicmodel of theNRC2
homodimer in two orthogonal views (left), with the resolved NBD, HD1-WHD, and LRR domains;
theN-terminalCCdomainwas absent from the cryo-EMdensity. The inset (right) details the three
contact interfacesbetween the twoprotomers and theaminoacid stretches (1a–1f, 2a, 2b) that form
them. (D) Schematic of the NRC2 domain architecture and boundaries, with the residue ranges of
the eight dimerization stretches indicated. This figure has been adapted from one published in
Selvaraj et al. ( Selvaraj et al., 2024 ) and appears here with permission.
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dividual NRC clades, however, these regions were substantially more conserved
(Figure 3.7B).

Toquantify this, I calculated the relative amino acid ratiowithin eachmajor clade
(NRC2, NRC3, NRC4) compared with the others, using a 50-fold cutoff and re-
quiring at least 80% of sequences within a clade to carry the identified variant
(scripts provided by Yu Sugihara). With this analysis I identified clade-unique
polymorphisms. For example, the NRC2 and NRC3 clades, which contain the
representative proteins tested in the co-immunoprecipitation assays, showed 5
and3uniquepolymorphisms, respectively, across the44 aminoacids comprising
the homodimer interface (Figure 3.7B).

3.4.2 Entropy analysis reveals clade-specific variation in NRC homod-
imerization stretches

To evaluate these patterns further, I used Shannon entropy analysis to quantify
position-specific amino acid diversity. In this metric, a fully conserved position
has an entropy score of 0, whereas a position with all 20 amino acids occurring
at equal probability reaches a maximum entropy of 4.32 bits. I set a threshold
of 1.5 bits to identify highly variable positions, following previous studies
(Prigozhin and Krasileva, 2021).

All eight dimerization stretches scored above 1.5 bits when all 1,092 NRC
sequences were analyzed together, but remained conserved within 11 of the
15 individual NRC clades (Figure 3.S1 and Figure 3.S2). In six clades (NRC0,
NRCX, NRC2, NRC3, NRC4a, and NRC4t), all residues across the eight stretches
scored below the 1.5-bit threshold, showing little to no sequence diversity. In
five clades (NRC1, NRC6, NRC7, NRC4b, and NRC4other), the eight stretches
remained below this threshold except for one to three variable residues per clade.
In the remaining four clades (NRC8, NRC9, NRC5, and NRC4c), the stretches
contained up to 12 variable residues with entropy values above 1.5 bits, reflecting
higher sequence divergence. In contrast, the catalytic P-loop and MHD motifs
remained below the 1.5-bit cutoff in 13 of the 15 clades, displaying minimal
sequence variation (Figure 3.S1 and Figure 3.S2).
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Figure 3.7: The NRC homodimerization interface has diversified throughout the evolution of
the NRC clade.
(A) Schematic of NRC domain architecture (CC, NBD, HD1-WHD, and LRR), with the approximate
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(<1.5 bits) positions ( Prigozhin and Krasileva, 2021 ). (B) All 1,092 NRC sequences were grouped
by phylogeny and consensus sequence logos were generated within each clade for the eight
dimerization stretches. Clades are ordered by phylogenetic relationship with the number of
sequences per clade indicated. Red stars mark clade-unique amino acid polymorphisms; †marks
clades containing the N. benthamiana NRCs used in the co-immunoprecipitation experiments.
This figure has also been published in Selvaraj et al. ( Selvaraj et al., 2024 ) and appears here with
permission.
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3.5 Conclusions and Discussion

In this chapter I examined two features of theNRChelper clade that are not easily
explained by co-evolution with pathogen effectors: the diversification of the N-
terminal MADAmotif, and the divergence of the interfaces through which these
receptors self-associate in their resting state. In both cases, the relevant selective
pressures appear to arise from within the network itself, driven by the require-
ment that a receptor signals independently and correctly, rather than fromdirect
recognition of pathogenmolecules.

TheMADA analysis began from the observation that while all NRC helpers carry
the motif, not all of them execute cell death. Unbiased clustering of N-terminal
α1 helix sequences recovered the phylogenetic structure of the clade and showed
that the α1 helix has diversified in both length and sequence. This is notable
for a regionwhose function is generally considered interchangeable between dis-
tantly related NLRs (Adachi et al., 2019a). Within this diversity, NRCX carries a
threonine at the fourth position (T4) of the motif that is absent from its closest
functional relatives, NRC2 and NRC3. Our working hypothesis was that this T4
residue represents a degenerative substitution that renders theMADAmotif non-
functional, consistentwith the inabilityofNRCXto trigger cell deathandwith the
loss of activity in NRCX–NRC4 N-terminal chimeras (Adachi et al., 2023a).

Screening for this signature across the wider clade revealed that it is not unique
to NRCX. Around a quarter of NRC4/5 sequences also carry the T4 signature, and
most of these form a distinct subclade, NRC4t, that is sister to NRC4a in much
the same way that NRCX sits sister to NRC2 and NRC3. Given this parallel in
both sequence and phylogenetic placement, I hypothesized that NRC4t might
represent a second, independently derived group of modulators.

However, functional assays did not support this idea. Both potato NRC4t vari-
ants tested induced strong cell death as autoactive mutants, both in wild-type
plants and in nrc2/3/4 knockout line, behaving like canonical helper NLRs like
NRC2 and NRC4. Moreover, I could detect the T4 pattern in other NRC4 and
NRC5 proteins not belonging to NRC4t clade. Additionally, not all NRC4t clade
sequences contained the T4 signature. The most direct interpretation is that the
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T4 substitution alone is not sufficient to abolish cell death activity, and that the
functional degeneration of NRCX depends on additional features within its N-
terminus or elsewhere in the protein. This is supported by lack of cell death with
NRCX chimeras containing NRC4α1 (Adachi et al., 2023a). Whether NRC4t pro-
teins act as conventional helpers or have acquired distinct regulatory roles re-
mains an open question. This will require identifying the upstream NRC-S that
signal through them or helpers being regulated by them.

In the second half of the chapter, I addressed the homodimer resting
state of NRC2. NRC2 accumulates in planta as a homodimer and does not
form stable heterocomplexes with the paralogs NRC3 and NRC4, despite
their shared evolutionary origin and overlapping roles in the network
(Selvaraj et al., 2024). The phylogenomic data support that expectation. Across
all 1,092 NRC sequences, the eight dimerization stretches were markedly
less conserved than the P-loop and MHD motifs, suggesting that they
diversified as the clade expanded. Within individual clades, however, these
stretches were well conserved. Each of the major clades also carried unique
polymorphisms at these positions. This pattern of between-clade divergence
combined with within-clade conservation matches what is expected when
selection acts to preserve self-association while preventing cross-association
between paralogs, paralleling theoretical models for the emergence of
orthogonal signaling pathways following gene duplication (Capra et al., 2012 ;
McClune and Laub, 2020).

Together with the structural data, these findings suggest that the diversification
of dimerization interfaces serves to insulate helper nodes from one another
within the network. Such insulation maintains functional redundancy,
minimizes undesired cross-activation between pathways, and provides
a way to evade pathogen effectors that suppress individual helpers
(Derevnina et al., 2021 ; Contreras et al., 2023b).

However, several caveats apply to these conclusions. The phylogenomic
analyses draw exclusively on Solanaceae genomes, and the 15 clades differ
substantially in size, meaning the entropy and polymorphism comparisons are
not equally powered across all clades. Furthermore, co-immunoprecipitation
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captures stable complexes and would not necessarily detect weak or transient
interactions between paralogs, which may still occur during activation and
release. Most importantly, the link between interface divergence and activation
insulation remains correlative. The sequence analyses show that these positions
have diverged in the expected pattern, but do not directly prove that this
divergence prevents heterodimerization. Although stretch swaps between
NbNRC2a and NbNRC3 lead to loss of association between the NRC2 chimera
and the WT variant (Selvaraj et al., 2024), testing will require swapping
or mutating interface residues between paralogs to determine whether
heterodimerization is acquired.

A further consideration links the two themes of this chapter. Tomato NRC2
has recently been shown to assemble beyond the homodimer, forming
tetramers and higher-order oligomers at elevated concentrations in an inactive
conformation. Dimerization and higher-order oligomerization appear to
stabilize the resting state, sequestering the receptor from assembling into an
active resistosome, while mutations at the dimeric or interdimeric interfaces
enhance pathogen-induced cell death (Ma et al., 2024). However, we could not
detect a tetramer for NbNRC2 resting state.

In the SlNRC2 tetramer, two homodimers associate through an interface
distinct from the dimerization contacts analyzed above. This contact is formed
by residues at the N-terminus of the CC domain of one protomer (including
M14, R18, and D32) packing against the LRR domain of an adjacent protomer
at positions including Y739 and T743 (Figure 3.8). Notably, the CC residues
involved fall directly within or adjacent to the N-terminal α1 helix carrying
the MADA motif. If this arrangement is functional in vivo, this region would
serve two distinct roles: executing cell death upon activation and maintaining
the resting receptor in an autoinhibited higher-order state prior to activation.
Whether this tetramerization interface is general to the NRC clade or specific
to NRC2 remains unresolved. Moreover, why NRCs dimerize or why NLRs can
exist as monomers, dimers, and higher oligomers in their resting state remains
unanswered here.

More broadly, these results illustrate that NLR evolution is shaped by internal
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network dynamics aswell as by arms raceswith pathogens. The interfaces exam-
ined here reside within the N-terminal, NB-ARC, and LRR regions that mediate
self-association and oligomerization, rather than the interfaces that bind effec-
tors. The pressures acting on them stem from the need to maintain functional
architecture within the network.

By Domains

CC NB HD1 WHD LRR

By Chains

SlNRC2 tetramer

PDB: 8XUQ

Y739

T743

D32

M14

R18

Figure 3.8: The SlNRC2 tetramer associates through an interface formed by the N-terminal
α1 helix and the LRR domain.
Cryo-EM structure of the tomato NRC2 tetramer in its inactive conformation (PDB 8XUQ)
(Ma et al., 2024 ), shown colored by protomer chain (left) and by domain (center; CC, NBD, HD1,
WHD, and LRR as indicated). The tetramer comprises two homodimers related by the contact
boxed in the central panel. The inset (right) details this interdimeric interface, inwhich residues at
theN-terminus of theCCdomain of one protomer (M14, R18, D32) pack against residues of the LRR
domain of the adjacent protomer (Y739, T743). TheCC residues involved liewithin or immediately
adjacent to the N-terminalα1 helix that carries theMADAmotif.
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3.6 Supplementary figures
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Figure 3.S1: Sequence logos and Shannon entropy of the conserved motifs and dimerization
stretches across all NRC clades.
Consensus sequence logos and per-position Shannon entropy for the MADA, P-loop, and MHD
motifs and the eight dimerization stretches (1a–1f, 2a, 2b), shown for the NRC-helper consensus
(1,092 sequences) and for each of the 15 NRC clades grouped by phylogeny. The number of
sequences per clade is indicated, and the colored squares on the right summarize representation
across theNicotiana, Physalis,Capsicum, and Solanum genera. Per-position entropy is colored from
conserved (blue) to variable (red), with a 1.5-bit reference. This figure has also been published in
Selvaraj et al. ( Selvaraj et al., 2024 ) and appears here with permission.
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Figure 3.S2: Full-length Shannon entropy across NRC clades.
Per-position Shannon entropy calculated across the full-length alignment for the NRC-helper
consensus (all 1,092 sequences) and within each of the 15 NRC clades, ordered by phylogeny. The
domain architecture (CC, NBD, HD1-WHD, LRR) is shown at the top, with the positions of the
MADA, P-loop, and MHD motifs and the eight dimerization stretches highlighted. The 1.5-bit
threshold is indicated by the dotted line. This figure has also been published in Selvaraj et al.
( Selvaraj et al., 2024 ) and appears here with permission.
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3.7 Tables

Table 3.1: Constructs used in the NRC4t cell death assays.
Binary expression constructs used for agroinfiltration in N. benthamiana (Figure 3.5). Constructs
1–4 were assembled in the pICH47732 Golden Gate acceptor under a short 35S promoter with an
omega translational enhancer and a C-terminal 3×FLAG tag. Constructs 5–12 were assembled in
the pJK-001c level 2 acceptor under a double 35S promoter with a C-terminal 4×Myc tag and a
35S terminator. Superscripts denote the aspartate-to-valine substitution in the MHD motif that
renders the receptor autoactive, andDV denotes the equivalent substitutionwhere the residue po-
sition is not given. Plasmid parts are listed in the order acceptor backbone; promoter; epitope tag;
terminator. Antibiotic resistances refer to selection of the Agrobacterium strain carrying each con-
struct (Carb, carbenicillin; Kan, kanamycin; Rif, rifampicin; Gen, gentamicin).

No. Construct Antibiotic Agrobacterium
strain

Source Plasmid parts

1 NbNRC4c Carb/Rif/Gen GV3101 Hiroaki Adachi pICH47732; Short
35S+Ω; 3×FLAG; ocs

2 NbNRC4cDV Carb/Rif/Gen GV3101 Hiroaki Adachi pICH47732; Short
35S+Ω; 3×FLAG; ocs

3 NbNRCX Carb/Rif/Gen GV3101 Hiroaki Adachi pICH47732; Short
35S+Ω; 3×FLAG; ocs

4 NbNRCXDV Carb/Rif/Gen GV3101 Hiroaki Adachi pICH47732; Short
35S+Ω; 3×FLAG; ocs

5 StNRC4e Kan/Rif/Gen GV3101 Jiorgos Kourelis pJK-001c; 2×35S;
4×Myc; 35S

6 StNRC4eD479V Kan/Rif/Gen GV3101 Jiorgos Kourelis pJK-001c; 2×35S;
4×Myc; 35S

7 StNRC4h Kan/Rif/Gen GV3101 Jiorgos Kourelis pJK-001c; 2×35S;
4×Myc; 35S

8 StNRC4hD478V Kan/Rif/Gen GV3101 Jiorgos Kourelis pJK-001c; 2×35S;
4×Myc; 35S

9 StNRC4p Kan/Rif/Gen GV3101 Jiorgos Kourelis pJK-001c; 2×35S;
4×Myc; 35S

10 StNRC4pD478V Kan/Rif/Gen GV3101 Jiorgos Kourelis pJK-001c; 2×35S;
4×Myc; 35S

11 StNRCX Kan/Rif/Gen GV3101 Jiorgos Kourelis pJK-001c; 2×35S;
4×Myc; 35S

12 StNRCXD478V Kan/Rif/Gen GV3101 Jiorgos Kourelis pJK-001c; 2×35S;
4×Myc; 35S





Chapter 4: Contrasting patterns of evolution in
sensor and helper NLRs

The work described in this chapter has been published in Pai et al.
(Pai et al., 2026) and appears here with permission. Cell death assays were
performed by Hsuan Pai. I carried out the bioinformatic and evolutionary
analyses and generated all the figures.

4.1 Introduction

Plants rely on a layered innate immune system to defend themselves against
a broad range of pathogens ( Jones and Dangl, 2006 ; Dodds et al., 2024).
Intracellular NLR receptors form a central component of this system, recognizing
pathogen-secreted effector proteins and initiating defense responses that
often culminate in localized programmed cell death to restrict pathogen
spread ( Jones and Dangl, 2006). NLRs constitute one of the most diverse
protein families in plants, with individual members evolving at strikingly
different rates (Prigozhin and Krasileva, 2021 ; Michelmore andMeyers, 1998 ;
Seong et al., 2020). What remains poorly resolved is howmuch of this variation
in evolutionary tempo reflects the specific functional role a given receptor plays.

NLRs typically exhibit a tripartite architecture: an N-terminal signaling
domain, most often a coiled-coil (CC) or Toll/interleukin-1 receptor (TIR)
domain; a central NB-ARC domain that governs activation; and a C-terminal
leucine-rich repeat (LRR) domain that mediates pathogen detection either
directly or indirectly (Kourelis et al., 2021). Based on NB-ARC phylogeny, they
fall into four main classes: CC-NLRs, CCG10-NLRs, RPW8-type CCR-NLRs, and
TIR-NLRs (Kourelis et al., 2021). This architecture is not invariant; a subset of
receptors carry additional integrated domains that act as decoys or baits for
effector recognition (Kroj et al., 2016 ; Sarris et al., 2016). Approximately 20%
of CC-NLRs also carry a conserved N-terminal MADA motif required for cell
death execution (Adachi et al., 2019a). Upon activation, CC-NLRs assemble

73
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into higher-order complexes termed resistosomes, which insert into the plasma
membrane to act as calcium-permeable channels via their N-terminal helices
(Wang et al., 2019a ; Bi et al., 2021). Recent computational advances now allow
such assemblies to bemodeled in simulatedmembrane environments with high
confidence (Selvaraj et al., 2024 ; Toghani et al., 2025a).

Many NLRs do not act autonomously. Some function as genetically linked pairs,
such as the rice CC-NLR pairs Pik-1/Pik-2 and RGA5/RGA4, or the Arabidopsis
thaliana TIR-NLR pair RPS4/RRS1 (Kroj et al., 2016 ; Sarris et al., 2016). Others
are organized into wider networks where sensors depend on helpers in
one-to-many or many-to-one configurations (Adachi et al., 2019b). The
CCR-NLRs NRG1 and ADR1 act downstream of TIR-NLR signaling in this manner
(Castel et al., 2019 ; Saile et al., 2020).

The NRC network, first described in solanaceous species such as tomato and
Nicotiana benthamiana, is the best-characterized CC-NLR network. Sensor
NLRs (NRC-S) detect effectors but cannot signal independently, depending
instead on helper NLRs (NRC-H) to transduce signals and execute cell death
(Wu et al., 2017 ; Adachi et al., 2019b). NRC-S fall into two structural subtypes:
Rx-type NRC-S with canonical domain architecture, and SD-type NRC-S
carrying an additional N-terminal Solanaceous domain (Seong et al., 2020).
Upon effector detection, sensors trigger the transition of their helpers from
a resting homodimer into hexameric resistosomes (Contreras et al., 2022 ;
Ahn et al., 2023 ; Selvaraj et al., 2024). The mechanism transmitting this signal
between sensor and helper is consistent with a transient activation-and-release
interaction rather than a stable, persistent complex (Contreras et al., 2022 ;
Ahn et al., 2023 ; Contreras et al., 2024).

The network is thought to have emerged roughly 100 million years ago in the
superasterid lineage andhas expanded to varying degrees across asterid families,
reaching its greatest complexity in the lamiids (Wu et al., 2017 ; Goh et al., 2024 ;
Sakai et al., 2024). Within the network, NRC0 stands out as the most ancient
and conserved helper and is frequently linked genetically to the NRC-S that
depend on it. In contrast, derived helpers have undergone lineage-specific
expansions and occupy varied genomic positions, with some clustered alongside
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NRC-S, such as NRC6, and others dispersed (Goh et al., 2024 ; Sakai et al., 2024 ;
Lee et al., 2021).

The broad generalization in the field is that NRC-S evolve rapidly while
helpers remain conserved (Goh et al., 2024). However, as shown in Chapter 3,
paralogous helpers are themselves subject to diversifying selection that
preserves homodimerization while preventing cross-activation between
paralogs (Selvaraj et al., 2024). This variation in evolutionary tempo is
not arbitrary. NLR repertoires range from a handful to over a thousand
genes per genome and follow a birth-and-death model, where duplication
continually generates new receptors, some of which are retained for recognition
while others are lost or pseudogenized (Michelmore andMeyers, 1998 ;
Seong et al., 2020). On the other hand, pathogens have evolved to target
plant immune receptors. The Solanaceae helper NLRs NRC2 and NRC3 are
suppressed by the cyst nematode effector SS15 and the oomycete effector
AVRcap1b (Derevnina et al., 2021). In return, in some species NRC3 has
accumulated mutations in the effector-binding loop that allows evading
suppression (Sugihara et al., 2025). Redundancy within the network ensures
that unsuppressed nodes maintain signaling when others are blocked
(Derevnina et al., 2021). Under this model helpers face multiple evolutionary
constraints. They need to retain compatibility with multiple upstream NRC-S
while evading pathogen effectors that target them.

Most of our knowledge about the network derives from the Solanaceae family,
leaving open the question ofwhether its architecture and evolutionary dynamics
are general asterid features or specific to that family. TheAsterales, a campanulid
order that includes lettuce (Lactuca sativa), offer a useful comparison. Lettuce
is a classic model for resistance genetics. Its NLR repertoire was organized
by Meyers and colleagues into 42 phylogenetic Resistance Gene Candidate
(RGC) groups, later consolidated into eight Major Resistance Clusters (MRCs)
distributed across six chromosomes (Meyers et al., 1998 ; McHale et al., 2009 ;
Christopoulou et al., 2015). Early work on the lettuce RGC2 locus distinguished
two NLR classes: a diverse type I and a conserved type II, with contrasting copy
numbers and evolutionary trajectories (Kuang et al., 2004). This distinction has
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since been recognized in other systems, includingArabidopsis thaliana andmaize
(Prigozhin and Krasileva, 2021). Despite this rich background in resistance
genetics, the NRC network in the Asterales has received little attention.

In this chapter, I address three primary questions: how extensively the NRC net-
work has expanded in the Asterales relative to the Solanales, and how its mem-
bers are arranged in the genome; whether a functional sensor–helper network
operates in lettuce; and whether helpers and distinct sensor subgroups exhibit
different signatures of selectionwithin thegenusLactuca. Buildingon theharmo-
nized annotation framework developed in Chapter 2, I show that the network is
comparatively less expanded in the Asterales. Nevertheless, lettuce maintains a
functional, partially redundant network supported by two helpers. Furthermore,
NRC-S dependent on the ancient helper NRC0, which reflects the ancestral state
of the NRC network, evolve under markedly stronger constraint than those that
have shifted ontomore derived helpers.

4.2 The NRC network has expanded less in Asterales rel-
ative to Solanales

Because the NRC network is distributed across the asterids, I first compared
its gene content between the Solanales (a lamiid order) and the Asterales
(a campanulid order) (Figure 4.1A) (Wu et al., 2017). Applying NLRtracker
(Kourelis et al., 2021) to 40 Solanales and 29 Asterales genomes that I
annotated with Helixer (Stiehler et al., 2021 ; Holst et al., 2023), yielded 21,232
non-redundant NLR sequences. Phylogenetic analysis of these sequences
alongside RefPlantNLR references led to identification of the NRC network as a
group of 7,020 sequences (Figure 4.S1) (Kourelis et al., 2021).

Total NLR content was broadly comparable between the two orders, averaging
300 sequences per genome in the Asterales and 338.6 in the Solanales. The pro-
portion accounted for by the NRC network, however, differed: NRC-type recep-
tors represented on average only 6.6% of the Asterales NLRome, compared with
50.3% in the Solanales (Figure 4.S2). While both orders carry comparable num-
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bers of NLRs overall, the Asterales have expanded other NLR classes instead of
the NRC network.

To resolve this pattern, I analyzed the 592 Asterales NRC network sequences,
which comprise 88 helpers and 504 NRC-S (Figure 4.1B). The helpers split into
two phylogroups: 27 sequences grouped with NRC0, while the remaining 61
formed a distinct clade alongside known Solanales helpers (such as NRC2 and
NRC4), hereafter referred to as Ast-NRCs (Wu et al., 2017). All 504 Asterales
NRC-S clustered in a single well-supported clade sister to Solanales SD-type
NRC-S. None grouped with the Rx-type NRC-S prominent in the Solanales.
Although these Asterales NRC-S are phylogenetically SD-type, they lack the
N-terminal Solanaceous domain itself.

I observed the same patterns in lettuce. Its 17 NRC sequences (two helpers and
15 NRC-S) represent only 5% of its NLRome consisting of 359 NLRs. Instead, the
repertoire is dominated by TIR-NLRs (206 sequences, over 57%). The CC-NLR,
CCR-NLR, and CCG10-NLR classes each have 97, 9, and 42 sequences, respectively
(Figure 4.S3). NLR expansion in lettuce has therefore been highly uneven, with
the NRC network remaining among the least expanded.

4.3 Asterales NRC networks show lineage-specific
expansion and variable genomic clustering

Given the differences between the two orders, I next examined the copy number
and genomic organization of the network within the Asterales in more detail,
focusing on Lactuca. I analyzed 40 helper and sensor sequences drawn from
common lettuce and two wild relatives, Lactuca saligna and Lactuca virosa.
Phylogenetic analysis resolved these into four well-supported groups: a single
helper group containing sequences phylogenetically clustering either to NRC0
or to tomato NRC2 (termed Ast-NRC1 in each species), and three sensor groups,
hereafter referred to as groups 1, 2, and 3 (Figure 4.2A). Mapping these onto
the established lettuce NLR classification showed that they correspond to four
previously defined RGC groups: the helpers to RGC7, and sensor groups 1, 2, and
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Figure 4.1: The NRC network has expanded less in Asterales than in Solanales.
(A)Taxonomic treeof eudicots indicating the timingofNRCnetworkemergencewithin theasterids
(Wu et al., 2017 ; Goh et al., 2024 ); relationships and divergence times were taken from TimeTree
5 (Kumar et al., 2022 ). MYA, million years ago. (B) Phylogenetic tree of NB-ARC domains from
NRC network sequences derived from 40 Solanales and 29 Asterales genomes, built with FastTree
2 ( Price et al., 2010 ) and rooted on CcRPP1. Asterales branches are highlighted and node values
indicate bootstrap support. Helpers (NRC-H) and sensors (NRC-S) form distinct, well-supported
groups; helpers divide intoNRC0anda lineage-specific group expanded inbothorders,whileNRC-
Sdivide into SD- andRx-typegroups, the latter absent fromtheAsterales. SD, Solanaceousdomain.
This figure has also beenpublished in Pai et al. ( Pai et al., 2026 ) and appears herewith permission.
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3 to RGC26, RGC27, and RGC9, respectively (Figure 4.S3) (Meyers et al., 1998 ;
McHale et al., 2009).

Because NRC-H and NRC-S often occur in genetic clusters, as reported for NRC0
and for Solanaceae NRC6 (Sakai et al., 2024 ; Lee et al., 2021), I mapped these
genes onto the lettuce chromosomes. Contrary to the pattern observed in other
asterids, LsatNRC0 on chromosome 3 is isolated from any sensor sequence
(Figure 4.2B) (Sakai et al., 2024). Ast-LsatNRC1, by contrast, resides within a
physical cluster of less than 100 kb on chromosome 8 alongside NRC-S from
groups 2 and 3, with all group 3 members localized to this locus. This cluster
falls within the previously described MRC8c locus (Christopoulou et al., 2015 ;
McHale et al., 2009). The remaining NRC-S, including all of group 1, are
dispersed across chromosomes 4, 8, and 9 within MRC4, MRC8a, and MRC9a.
LsatNRC0 is the only NRC gene outside any reportedMRC.

The lack of chromosome-level assemblies for thewild lettuce species precluded a
complete synteny analysis, althoughAst-LvirNRC1was located adjacent to group
2 and 3 NRC-S on a single contig (Figure 4.S4). Given these observations, I ex-
tended this analysis to five additional Asterales species, classified by their phylo-
genetic relationship to Lactuca helpers and NRC-S (Figure 4.S5), revealed no uni-
form genomic arrangement. In Cichorium intybus, CiNRC0 lies within 500 kb of
a group 1 sensor, while both Ast-CiNRC1 copies cluster with group 2 and 3NRC-S.
In Cynara cardunculus, CcNRC0 is close to a group 1 sensor and Ast-CcNRC1 clus-
ters with four group 1 NRC-S. In contrast, in Helianthus annuus, Chrysanthemum
lavandulifolium, and Codonopsis lanceolata, helpers and NRC-S show no genomic
clustering (Figures 4.S6 and 4.S7). Physical linkage within the network is there-
fore variable both within Lactuca and across the wider Asterales order.

4.4 LsatNRC0 and Ast-LsatNRC1 signal for distinct sen-
sor groups

To test whether the phylogenetic grouping of these sequences into
NRC-H and NRC-S reflects genuine functional dependency, we used
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Figure 4.2: Unlike LsatNRC0, Ast-LsatNRC1 is genetically linked to NRC-S in lettuce.
(A)Phylogenetic treeofNB-ARCdomains from40NRCsequencesof threeLactuca species (L. sativa,
L. saligna, L. virosa), constructed with IQ-TREE 2 (Minh et al., 2020 ). The Lactuca NRC family
divides into one helper and three well-supported sensor groups; node values indicate bootstrap
support. AtZAR1 and NbZAR1 were used as outgroups, and SlNRC0 and SlNRC2 as references. (B)
Physical map of L. sativa NRC sequences. Ast-LsatNRC1 is genetically linked to group 3 NRC-S,
whereas LsatNRC0 on chromosome 3 is not linked to any sensor. Previously described Major
Resistance Clusters (MRCs) are indicated (McHale et al., 2009 ; Christopoulou et al., 2015 ). This
figure has also been published in Pai et al. ( Pai et al., 2026 ) and appears here with permission.
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Agrobacterium-mediated transient co-expression in an nrc2/3/4 CRISPR
knockout line of Nicotiana benthamiana (Wu et al., 2017). Because the
cognate effectors of these lettuce NRC-S are unknown, we generated
autoactive derivatives carrying a D-to-V substitution in the MHD motif
(Adachi et al., 2019a). Expressed alone, none of the NRC-S produced a visible
cell death response, whereas autoactive variants of both helpers triggered strong
cell death inNicotiana benthamiana leaves (Figure 4.S8).

NRC-S andNRC-Hwere then co-expressedpairwise. Of the 16NRC-S tested, nine
induced visible cell death when combined with one or both wild-type helpers,
and these phenotypes were reproducible across replicates (Figure 4.S8). These
functional dependencies mapped cleanly onto the phylogeny: three NRC-S sig-
naled exclusively through LsatNRC0 and all belonged to group 1; four signaled
exclusively through Ast-LsatNRC1 and all belonged to group 3; and two NRC-S
from group 2 could induce cell death with either helper (Figure 4.3A).

I also screened these sequences for theMADAmotif required forhelper-mediated
cell death (Adachi et al., 2019a). Both helpers encoded clear MADA motifs,
whereas none of the NRC-S did, matching the observation that only the helpers
can execute cell death independently.

Functional dependencies in the wild lettuce species and across the wider Aster-
ales remain to be validated experimentally. However, given their phylogenetic
relationships and the fact that both NRC0 and group 1 NRC-S are absent from
several of these genomes, functional specificity likely follows the same group-
wise pattern. Together, these results define a functional NRC network in lettuce
in which two helpers work downstream of nine NRC-S with partial redundancy
(Figure 4.3B).

4.5 NRC-S dependent on Ast-LsatNRC1 are under
stronger positive selection

To determine whether these functional differences are reflected in distinct selec-
tive regimes, I tested for positive selection across the Lactuca NRC groups using
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Figure 4.3: LsatNRC0 and Ast-LsatNRC1 mediate the cell death signaling of distinct NRC-S
phylogenetic groups.
(A) Co-agroinfiltration cell death assays ofNRC-HandNRC-S. NRC-Swere expressed as autoactive
(MHD D-to-V) mutants together with the two wild-type helpers; combinations producing cell
death are outlined. Group 1 and group 3 NRC-S signal only through LsatNRC0 and Ast-LsatNRC1,
respectively, while group 2NRC-S signal through both. Protein accumulationwas not assessed for
combinations giving no visible cell death. (B) Model of the lettuce NRC network, in which nine
validated NRC-S signal through the two helpers in a partially redundant manner. This figure has
also been published in Pai et al. ( Pai et al., 2026 ) and appears here with permission.
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CodeML in PAML suite (Yang, 1997). These analyses compare a model permit-
ting a subset of sites to evolve under positive selection (ω = dN/dS> 1) against
a null model with neutral and purifying selection only (ω ≤ 1). Where the
selection model fits significantly better, individual sites under positive selection
are identified by Bayes Empirical Bayes (BEB) analysis (Yang, 2005). For each
group, I comparedmodel M8 against its null counterpart M8a using a likelihood
ratio test.

For the helpers, the test was not significant at the 1% threshold (p = 0.037),
and BEB identified no positively selected sites. Sensor group 2 yielded a statisti-
cally significant likelihood ratio test (p = 0.003) but likewise lacked any BEB-
supported sites. A significant test in the absence of identified sites is most con-
servatively interpreted as a false positive, as theM8a/M8 comparison is sensitive
to alignment noise and gene conversion.

Sensor groups 1 and 3, by contrast, showed clear signatures of positive selection.
In group 1, BEB identified five sites with posterior probabilities exceeding 0.95,
three of which mapped to the CC domain on an AlphaFold 3 structural model
(Figure 4.4B). Group 3 displayed the strongest signal, with 48 sites above 0.95
and 33 exceeding 0.99 posterior probability. The majority of these sites mapped
to the concave face of the LRR domain, the surface typically responsible for direct
effector recognition (Figure 4.4C) (Prigozhin and Krasileva, 2021).

To test whether average selective pressure varies across groups, I fitted a branch
model assigning an independentω to each phylogroup and compared it to a uni-
form one-ratio model. The four-ratio model fit the data significantly better (2 ·

∆ lnL = 305.66, df= 3, p = 6.5 × 10−65), yielding ω = 0.12 for the helpers,
0.35 for group 1, 0.39 for group 2, and 0.58 for group 3. The helpers showed the
lowest average ω and group 3 the highest, matching the site-level analyses (Fig-
ure 4.S9). Although the four groups differ in sequence count and tree depth, their
total tree dS lengths are comparable (1.51–2.87), as the higher sequence number
in group 3 is offset by lower per-branch divergence. Branch-level heterogeneity
under the free-ratio model is shown for reference in Figure 4.S10.

Finally, I calculated pairwise dN, dS, and ω values within each group using the
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Nei–Gojobori method, both across full-length sequences and separately for the
CC, NB-ARC, and LRR domains (Figure 4.S11) (Nei and Gojobori, 1986). The
helper group consistently had the lowest average ω. Sensor group 3 showed the
highest overall ratios, while the CC domain of group 1 NRC-S yielded pairwise
ω > 1, indicating domain-specific positive selection rates (Figure 4.S12).
Together, these analyses indicate that NRC-S signaling through Ast-LsatNRC1
evolve under stronger positive selection than those dependent on LsatNRC0,
while the helpers themselves remain under strong purifying constraint.

4.6 Conclusions and discussion

Using the harmonized annotations described in Chapter 2, in this chapter I com-
pared the NRC network between two asterid orders and used lettuce as a model
to study the evolution of NRC network. Although the Asterales and Solanales
carry comparable numbers of NLRs per genome, the NRC network accounts for
only 6.6% of the Asterales repertoire compared with 50.3% in the Solanales. The
Asteraleshave expandedother classes instead,most conspicuously theTIR-NLRs,
which alone make up more than half of the lettuce NLRome. This fits the wider
observation that the network proliferated heavily in lamiids relative to campan-
ulids (Goh et al., 2024).

I observed theabsenceofRx-typeNRC-S fromtheAsterales. Thisgroupexpanded
extensively in the Solanales and contains many of the characterized resistance
genes in solanaceous crops (Wu et al., 2017). The Asterales NRC-S cluster phy-
logenetically with Solanales SD-type NRC-S yet lack the Solanaceous domain it-
self. It has been proposed that this pattern reflects the secondary loss of SD-
containing NRC-S in the Asterales (Seong et al., 2020). Consistent with this, the
presence of SD-like NRC-S in more distantly related superasterids, such as sugar
beet, argues that NRC-S with and without this integration were already present
in their common ancestor, with the SD-carrying forms subsequently lost in an-
cestral Asterales. Resolving thiswill require denser phylogenetic sampling across
the superasterids to determinewhenandhow the SD integrationoriginally arose.
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Figure 4.4: Ast-LsatNRC1-dependentNRC-S are under stronger positive selection thanNRC0-
dependent NRC-S and NRC helpers.
(A) Posterior probability that each site belongs to the positively selected class (ω > 1), estimated
by Bayes Empirical Bayes under model M8 in CodeML (Yang, 1997 ; Yang, 2005 ). Sites with P >

0.95 and P > 0.99 are marked by circles and triangles, respectively. No positively selected sites
were detected in helpers or group 2 NRC-S, whereas groups 1 and 3 containmultiple selected sites,
withmostgroup3sitesmapping to theLRRdomain. (B)Positively selectedsites (red)mappedonto
AlphaFold 3models of representative NRC-S from groups 1 and 3. (C) Close-up of the LRR domain
of a representative group 3 sensor, showing positively selected sites concentrated on the concave
face. CC, coiled-coil; NBD, nucleotide-binding domain; HD1, helical domain 1;WHD,winged-helix
domain; LRR, leucine-rich repeat. This figure has also been published in Pai et al. ( Pai et al., 2026 )
and appears here with permission.
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Within lettuce, the network resolves into one helper and three sensor groups
that map onto four previously described RGC groups (Meyers et al., 1998).
Ast-LsatNRC1, together with all group 3 NRC-S and one group 2 sensor, lies
within MRC8c, a cluster associated with quantitative trait loci for resistance
to Fusarium oxysporum and Verticillium dahliae (Christopoulou et al., 2015).
NRC-type receptors account for 12 of the 26 immune receptor genes at that locus.
Although they have not yet been directly implicated in lettuce disease resistance.

The remaining NRC-S fall within MRC4, MRC8a, and MRC9a, of which
MRC4 and MRC9a have been linked to downy mildew resistance
(Christopoulou et al., 2015 ; McHale et al., 2009). LsatNRC0 sits outside
any reportedMRC and, unlike its homologs in several other asterids, is unlinked
to any sensor (Sakai et al., 2024). Together with the variable genomic clustering
observed across the other Asterales species surveyed here, this suggests that the
ancient linkage of NRC0 to its NRC-S was disrupted by lineage-specific genomic
rearrangements rather than lost systematically.

The functional assays extend earlier phylogenetic surveys of NRC network archi-
tecture (Goh et al., 2024) by directly testing which NRC-S signal through each
helper. They reveal a graded shift in helper dependency across the sensor phy-
logeny: exclusive reliance on ancestral NRC0 in group 1, dual compatibility in
group 2, and exclusive dependence on the derived Ast-LsatNRC1 in group 3. This
makes lettuce a useful experimental system, as it allows helper dependency and
evolutionary rate to be compared within a single, compact network rather than
across distantly related species.

The selection analyses show that these functional categories track evolutionary
rate: helpers are under the strongest purifying selection, group 1 NRC-S show
limited diversification, and group 3 NRC-S display strong signatures of positive
selection concentrated on the concave LRR surface implicated in effector binding.

The low sequence variability of the helpers matches observations from other
helper systems, such as ADR1, which likewise belongs to the low-variability
NLR class (Prigozhin and Krasileva, 2021 ; Saile et al., 2020). Group 1 NRC-S
are unusual in having their variability concentrated within the CC domain
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and the N-terminal portion of the LRR rather than the typical recognition
interfaces, consistent with previous observations on NRC0-dependent NRC-S
(Sakai et al., 2024); whether this pattern reflects relaxed selection or an
active co-evolutionary process remains an open question. Group 2 NRC-S
are comparatively invariant and represent the intermediate group capable
of signaling through either helper. In contrast, group 3 NRC-S resemble
highly polymorphic receptors such as Arabidopsis thaliana RPP1, displaying
multiple positively selected sites clustered on the concave face of the LRR
(Prigozhin and Krasileva, 2021).

A plausible model is that evolutionary constraint is shaped by signaling within
the network (Figure 4.5). NRC-S that depend on the conservedNRC0 helpermay
be constrained both by the requirement to maintain helper compatibility and
by the nature of their recognition targets, particularly if they monitor conserved
effectors or guard essential host targets in a manner similar to the ZAR1–ZRK
system. NRC-S that shifted onto a more recently derived helper appear relieved
of these constraints, and their physical clustering indicates that recent tandem
duplicationaccelerated their diversification. This pattern is visible inbothorders,
but is amplified in the Solanales, where a larger suite of derived, lineage-specific
helpers supports a greatly expanded set of rapidly diversifying NRC-S. These in-
terpretations should be treated with appropriate caution, as recent duplications
andunevengroup sizes introducephylogenetic non-independenceand sampling
biases that site- and branch-model tests cannot completely eliminate.

The functional data also speak to the biochemical distinction between the two
classes. None of the lettuce NRC-S triggered cell death when expressed alone,
whereas both helpers did, and multiple lines of biochemical evidence indicate
that NRC-dependent NRC-S likewise fail to form higher-order complexes
either before or after activation (Contreras et al., 2022 ; Ahn et al., 2023 ;
Contreras et al., 2024 ; Selvaraj et al., 2024). Taken together this is consistent
with the view that these NRC-S have lost the capacity to assemble resistosomes
altogether. Structural modeling supports the same conclusion and is developed
in Chapter 6, where the lettuce network is placed alongside monocot NLR pairs
to ask whether sensor and helper identity can be predicted structurally.
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Figure 4.5: Evolutionary constraints and diversification patterns in NRC-H and NRC-S.
In the proposed model, NRC-S dependent on NRC0 are present at lower copy number and are
under weaker positive selection, likely reflecting the evolutionary constraints imposed by their
dependence on a deeply conserved helper. NRC-S dependent on the other, more recently derived
helpers have by contrast undergone greater expansion and diversification. The same asymmetry
is seen in both orders but is far more pronounced in the Solanales, which carry several derived
helpers and a correspondingly larger sensor repertoire. Representative species are shown for each
order. NRC-H, NRC helper NLRs; NRC-S, NRC-dependent sensor NLRs. This figure has also been
published in Pai et al. ( Pai et al., 2026 ) and appears here with permission.

Why, then, should members of a single network evolve at such different rates?
The most economical explanation is that evolutionary trajectory follows from
functional position, and specifically from the dependencies each receptor
must maintain (Figure 4.5). NRC0 and its dependent NRC-S are conserved
across most asterid lineages (Goh et al., 2024 ; Sakai et al., 2024). Their low
copy number and the conservation of their LRR domains, the region that
normally mediates recognition, may indicate that they detect conserved effector
molecules or guard essential host components in the manner of the ZAR1–ZRK
system (Adachi et al., 2023b), either of which would limit how far the receptor
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can drift. A second, non-exclusive constraint is the requirement to remain
compatible with NRC0 itself, since changes that compromise signaling to
the helper would be selected against. NRC-S that have shifted onto a more
recently derived helper appear correspondingly released from at least the
latter constraint, and their physical clustering suggests that recent tandem
duplication has accelerated their diversification, plausibly under pressure to
recognize a wider range of effectors, to evade suppression, or to add redundancy
to the pathway (Derevnina et al., 2021 ; Contreras et al., 2023b).

Together these results suggest that the differential tempo of evolutionwithin the
NRC network is not incidental but reflects the functional position each receptor
occupies. The network confers resistance against an unusually broad range of
pathogens, spanning bacteria, fungi, oomycetes, nematodes, and viruses, and
individual members such as NRC6 have taken on more specialized tissue- or
pathogen-specific roles (Lee et al., 2021). A system in which conserved and
rapidly evolving components coexist can retain reliable core signaling while
continuing to sample new recognition specificities, and the comparatively
simple lettuce network offers a model for how a shift in helper dependency
might have licensed that diversification. It is also striking that closely related
and functionally connected receptors can differ so markedly in evolutionary
rate, echoing the contrast between diverse and conserved NLR types described
at the lettuce RGC2 locus (Kuang et al., 2004). Establishing the molecular basis
of helper specificity, and of sensor–helper communication more generally, is
the natural next step, and would inform both resistance breeding and immune
receptor engineering in asterid crops.
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4.7 Supplementary figures

Figure 4.S1: Phylogenetic tree of NB-ARC domains from Solanales and Asterales NLRs with
RefPlantNLR as the reference.
The tree fromwhich themonophyleticNRCnetworkwas delimited, comprising all non-redundant
NLR sequences extracted from the 40 Solanales and 29 Asterales genomes together with
RefPlantNLR reference sequences (Kourelis et al., 2021 ). This figure has also been published in Pai
et al. ( Pai et al., 2026 ) and appears here with permission.
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Figure 4.S2: Total NLRs, NRC network sequences, NRC0s, other NRC helpers, Rx-type NRC-S,
SD-type NRC-S, and the percentage of NRC sequences per species.
Counts are shown for each of the studied Asterales and Solanales species alongside the
corresponding phylogeny, with order-level averages given at the foot of each panel. This figure
has also been published in Pai et al. ( Pai et al., 2026 ) and appears here with permission.
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Figure 4.S3: Phylogenetic tree of the common lettuce (Lactuca sativa) NLRome featuring 359
sequences.
NLR classes and the previously described Resistance Gene Candidate (RGC) groups are indicated,
showing the placement of the NRC network sequences within the wider lettuce NLRome
(Meyers et al., 1998 ). This figure has also beenpublished in Pai et al. ( Pai et al., 2026 ) and appears
here with permission.
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Figure 4.S4: Physical map of Lactuca saligna and Lactuca virosaNRC sequences.
Because chromosome-level assemblies are unavailable for these species, NRC positions are shown
on contigs; Ast-LvirNRC1 is located close to group 2 and group 3 NRC-S. This figure has also been
published in Pai et al. ( Pai et al., 2026 ) and appears here with permission.
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Figure 4.S5: Phylogenetic tree of NRC sequences from Lactuca species and five further
Asterales.
Sequences fromLactuca sativa, L. saligna, and L. virosa are shown togetherwith those ofCodonopsis
lanceolata, Helianthus annuus, Cichorium intybus, Chrysanthemum lavandulifolium, and Cynara
cardunculus, and were used to assign NRC sequences in these species to the Lactuca helper and
sensor groups. This figure has also been published in Pai et al. ( Pai et al., 2026 ) and appears here
with permission.
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Figure 4.S6: Physicalmap ofCodonopsis lanceolata,Helianthus annuus, andCichorium intybus
NRC sequences.
In C. intybus, CiNRC0 lies within 500 kb of a group 1 sensor while both Ast-CiNRC1 copies cluster
with group 2 and 3NRC-S; no helper is clusteredwith a sensor in the other two species. This figure
has also been published in Pai et al. ( Pai et al., 2026 ) and appears here with permission.
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Figure 4.S7: Physical map of Chrysanthemum lavandulifolium and Cynara cardunculus NRC
sequences.
InC. cardunculus, CcNRC0 lies close toagroup 1 sensor andAst-CcNRC1 is clusteredwith fourgroup
1NRC-S,whereasnohelper is clusteredwitha sensor inC. lavandulifolium. Thisfigurehasalsobeen
published in Pai et al. ( Pai et al., 2026 ) and appears here with permission.
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Figure 4.S8: Hypersensitive response (HR) cell death assays of NRC-H and NRC-S.
Autoactive (MHD D-to-V) mutants of the lettuce NRC-H and NRC-S were expressed alone and
in sensor–helper combinations in the nrc2/3/4 knockout line of Nicotiana benthamiana, with the
corresponding HR scoring. This figure has also been published in Pai et al. ( Pai et al., 2026 ) and
appears here with permission.
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Figure 4.S9: Multi-ratio model branch-specific dN/dS (ω) values across the Lactuca NRC
phylogeny.
Each phylogroup was assigned its own ω parameter under the branch model in CodeML and
compared against the one-ratio model ( Yang, 1997 ). This figure has also been published in Pai
et al. ( Pai et al., 2026 ) and appears here with permission.
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Figure 4.S10: Free-ratio model branch-specific dN/dS (ω) values across the Lactuca NRC
phylogeny.
Per-branchω estimates are showndescriptively rather thanas a formal test; brancheswithω ≥ 10

reflect artifacts of low synonymous substitution rates rather than meaningful estimates. This
figure has also been published in Pai et al. ( Pai et al., 2026 ) and appears here with permission.
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Figure 4.S11: Pairwise dN and dS values for full-length sequences and the CC, NB-ARC, and
LRR domains of NLRs within the LactucaNRC phylogroups.
Values were estimated using the Nei and Gojobori method (Nei and Gojobori, 1986 ). This figure
has also been published in Pai et al. ( Pai et al., 2026 ) and appears here with permission.
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Figure 4.S12: Histogram of pairwise dN/dS ratios for full-length sequences and the CC, NB-
ARC, and LRR domains of NLRs within the LactucaNRC phylogroups.
Helpers show the lowest averageω across all comparisons, while the CC domain of group 1 NRC-S
returnsω > 1. This figure has also been published in Pai et al. ( Pai et al., 2026 ) and appears here
with permission.





Chapter 5: Computational structural modeling
of NLR resistosomes reveals structural diversity
in plant CC-type NLRs

Part of the work described in this chapter has been published in Madhuprakash
et al. (Madhuprakash et al., 2024) and appears here with permission.
Cryo-EM structure determination was carried out by Jogi Madhuprakash
and Michael Webster. Biochemical and cell death assays were performed by
Mauricio Contreras and Jogi Madhuprakash. My contribution comprised the
computational structural modeling and the comparative analyses described
below.

5.1 Introduction

The structural basis of NLR-mediated immunity has been transformed over the
past few years by a succession of cryo-EM structures of activated receptor com-
plexes. The first of these, the Arabidopsis thaliana CC-NLR AtZAR1, was shown
to assemble upon activation into a wheel-shaped pentamer, termed a resisto-
some, in which the N-terminal α1 helices of the five protomers project outwards
to form a funnel that inserts into the plasma membrane and acts as a calcium-
permeable channel (Wang et al., 2019b ; Wang et al., 2019a ; Bi et al., 2021). The
wheatCC-NLRSr35was subsequently found to adopt the samepentameric archi-
tecture (Förderer et al., 2022 ; Zhao et al., 2022),while theTIR-NLRresistosomes
ROQ1 and RPP1 assemble as tetramerswith an entirely different signaling output
(Martin et al., 2020; Ma et al., 2020). For CC-NLRs specifically, the pentamer
was regarded as the canonical activated state.

In Chapter 3, we showed that the helper NLR NRC2 rests as a homodimer
(Selvaraj et al., 2024). Upon sensor-mediated activation, NRC2 assembles into
a hexameric resistosome rather than a pentamer (Madhuprakash et al., 2024).
Structural studies on the related helper NRC4 independently confirmed
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this hexameric architecture (Liu et al., 2023a). Because NRC helpers are
activated indirectly by NRC-S that do not incorporate into the resistosome
(Contreras et al., 2022 ; Ahn et al., 2023), these findings overturned the
assumption of a universal pentamer. They raised the broader question of how
widely oligomeric states vary across plant CC-NLRs, and whether pentamers or
hexamers represent the more common active form.

Testing this experimentally across dozens of receptors remains a bottleneck by
protein expression, purification, and cryo-EM data collection. Computational
structural modeling offers a scalable alternative. AlphaFold 2 established
high-throughput and high-quality monomer prediction ( Jumper et al., 2021).
AlphaFold 2 multimer enabled high-confidence protein complex predictions
(Evans et al., 2021), and AlphaFold 3 introduced modeling proteins with
ligand, ions, and small molecules (Abramson et al., 2024). Modeling lipids is
particularly useful for CC-NLR resistosomes. The CC-NLR resistosome executes
cell death via a membrane-inserting funnel and typically mediated by the α1
helix, which is not resolved in most cryo-EM resistosomemodels.

In this chapter, I use AlphaFold 3 to address three core questions. First, I test
whether computational modeling recapitulates the experimentally resolved
NRC2 hexamer, evaluating how predictions hold across different seeds, model
versions, and lipid ligands. Second, I benchmark whether model confidence
metrics can identify the correct oligomeric state using the established ZAR1 and
Sr35 pentamers. Third, I map oligomerization propensity across the NRC helper
clade and diverse CC-NLRs across the plant phylogeny.

5.2 AlphaFold 3 predicts a lipid-bound NRC2
resistosomewith high confidence

Activated CC-NLR resistosomes insert into the host plasmamembrane via a fun-
nel formed by their N-terminal α1 helices. In the NbNRC2 cryo-EM structure,
theseMADA-containinghelices lacked resolveddensity, leaving the pore unmod-
eled. I therefore used AlphaFold to predict this missing region and complete the
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structural model (Abramson et al., 2024).

Using the cryo-EM hexamer as a reference, I compared the performance
of AlphaFold 2, AlphaFold 3, and AlphaFold 3 supplemented with 50 oleic
acid molecules to simulate the membrane environment ( Jumper et al., 2021 ;
Abramson et al., 2024). Given the large size of the NLR oligomer and GPU
memory limits, I restricted modeling to the CC-NB-ARC module containing the
oligomerization interfaces. I evaluated the resulting predictions using pLDDT,
pTM, ipTM, predicted aligned error, minimum per-chain pTM, and chain-pair
ipTM.

All three approaches produced high-confidence models with pTM and ipTM val-
ues above 0.7, aligning to the experimental structure with RMSD values below
1.8 Å (Figures 5.1A and 5.S1). However, protomer orientations differed fundamen-
tallybetweenversions. In theAlphaFold2model, theN-terminalα1helixpointed
inward toward the central pore. In contrast, both AlphaFold 3 models oriented
the helix outward, assembling a complete funnel. Adding oleic acid molecules
further improved model quality. The α1 helix formed confident contacts with
the surrounding lipids, yielding higher local confidence scores than predictions
runwithout lipids (Figures 5.1B and 5.S1). Including amembrane proxy therefore
directly guides the outward orientation of the pore-forming helix missing from
the cryo-EMmap.

I next examinedwhether themodels recovered the experimental oligomerization
contacts. Using a 4.5 Å contact cutoff, the AlphaFold 3 model successfully
capturedmost inter-protomer contacts from the cryo-EMstructure (Figure 5.1D).
Prediction accuracy varied across individual domains. Adjacent CC domains
aligned closelywith the experimental contacts, whereas adjacentNBD interfaces
diverged from the cryo-EM model (Figures 5.1E and 5.S3). AlphaFold 3 thus
reliably recovers the overall quaternary architecture, even when specific
inter-domain contacts and specific side-chains show local differences.
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5.3 Model confidence is highest for the hexameric stoi-
chiometry

After confirming that AlphaFold 3 reliably predicts the hexamer, I tested how
varying stoichiometry influences prediction confidence. I modeled NbNRC2
across stoichiometries ranging from four to eight protomers, running ten
random seeds per stoichiometry in the presence of 50 oleic acid molecules
(Figures 5.1C and 5.S2).

Hexamer models achieved the highest median pTM and ipTM scores, aligning
to the experimental structure with RMSD values below 1.8 Å. Pentamers and
heptamers scored lower across all metrics, while tetramers and octamers
showed lower confidence and higher variance across runs. All oligomeric forms
from pentamer to octamer assembled complete funnel structures. In contrast,
tetramer runs produced inconsistent assemblies, alternating between closed
funnels and split, arc-like incomplete rings (Figure 5.S3A). Model confidence
metrics for NbNRC2 therefore clearly distinguish the experimentally determined
hexamer from alternative stoichiometries.

These models provide a structural hypothesis for the unresolved N-terminal re-
gion. The α1 helices form an outward-facing bundle at the apex of the complex,
superimposing onto the protomer core without disrupting the overall fold (Fig-
ure5.S3B). In thehexamermodel, thesehelices frameacentralpore linedbya ring
of leucine residues at position L126 (Figure 5.S3C). This arrangement provides a
concrete model for the channel-forming executioner region.

5.4 AtZAR1 and TmSr35 are predicted with higher confi-
dence as pentamers

I next asked whether AlphaFold 3 could distinguish the pentameric state of
AtZAR1 and TmSr35, the two CC-NLRs with known pentameric resistosome
structures (Wang et al., 2019a ; Förderer et al., 2022 ; Zhao et al., 2022). I
modeled the CC-NB-ARCmodules of both receptors as pentamers and hexamers.
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Figure 5.1: AlphaFold 3 recapitulates the NRC2 hexameric resistosome.
(A) Top, side, and bottom views of the cryo-EMmodel of the NRC2 resistosome (gray) and of the
AlphaFold 3 model superimposed on it, colored by pLDDT. Interface pTM (ipTM), pTM, and the
root-mean-square deviation from the cryo-EM model are given. (B) Predicted aligned error for
the modeled assembly, with the NRC2 protomer, CC domain, and NB-ARC domain indicated, and
the elevated error between the CC domains and the lipid molecules highlighted. (C) ipTM, pTM,
andminimumper-chain pTM forNRC2modeledwith four to eight protomers. (D) Inter-protomer
contacts derived from the cryo-EM model (blue) and from the AlphaFold 3 model (red), mapped
onto the NRC2 domain architecture. (E) Superposition of the CC–CC and NBD–NBD interfaces
from the cryo-EM (EM) and AlphaFold 3 (AF3) models. This figure has also been published in
Madhuprakash et al. (Madhuprakash et al., 2024 ) and appears here with permission.
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While overall confidence scores were lower than those for NbNRC2, both
pentamer models aligned closely with their cryo-EM models, yielding RMSDs
of 1.51 Å for Arabidopsis thaliana AtZAR1 and 1.76 Å for TmSr35 (Figure 5.2A).
Crucially, both receptors scored higher as pentamers than as hexamers,
matching their experimental assemblies (Figure 5.S6).

These benchmarks show that AlphaFold 3 confidence metrics track the correct
oligomeric state across all three structurally characterized CC-NLRs. The helper
NRC2 scores highest as a hexamer, while the two singletons score highest as pen-
tamers. However, the score differences between stoichiometries remain mod-
est. These metrics should serve as guides to the most probable state rather than
definitiveproof of assembly, particularly givenknown limitationsof ipTM ineval-
uating protein interfaces (Dunbrack, 2025 ; Lin et al., 2025).

5.5 Modeling across the NRC helper clade

Building on the high-confidence prediction of the NbNRC2 hexamer, I examined
structural models of other NRC helpers. I modeled eleven representatives from
the major NRC clades described in Chapter 3 as both pentamers and hexamers
(Figure 5.S4).

Threeof theelevenhelpers, specifically SlNRC0,NbNRCX, andNbNRC7a, failed to
yield confidentmodels and returned ipTMandpTMscores below0.6 across both
stoichiometries (Figure 5.S5). The remaining eight helpers returned confidence
scores of 0.6 or higher in both configurations. For all eleven helpers, hexamer
models scored higher than pentamermodels, although this difference was often
subtle. Every hexamer model except that of NbNRC7a also achieved minimum
per-chain pTM scores of 0.7 or higher, a benchmark reached by fewer pentamer
models (Figure 5.S5).

The poor prediction scores for NRC0 are particularly notable given its status as
the ancestral helper. They align with previous observations of an incomplete
N-terminal funnel in modeled NRC0 oligomers (Selvaraj et al., 2024), a feature
also observed for the lettuce ortholog LsatNRC0 in Chapter 6. Whether this out-
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Figure 5.2: AlphaFold 3 modeling of known pentameric resistosomes and of CC-type NLRs
from different clades.
(A) Cryo-EM models (gray) and superimposed AlphaFold 3 models, colored by pLDDT, for the
Arabidopsis thaliana ZAR1 (PDB 6J5T) and Triticum monococcum Sr35 (PDB 7XE0) resistosomes,
shown in top and side views with ipTM, pTM, and RMSD values. Chain-pair ipTM matrices and
predicted aligned error plots are shown beneath each, with the receptor (blue) and lipid (red)
regions indicated. (B) AlphaFold 3 models of representative NLRs from the CC, CCG10, and CCR
clades, modeled as both hexamers and pentamers, with ipTM and pTM values: Rpi-blb1 (Solanum
bulbocastanum), RPS5 (Arabidopsis thaliana), and ADR1 (Nicotiana benthamiana). This figure has
also been published in Madhuprakash et al. (Madhuprakash et al., 2024 ) and appears here with
permission.
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come reflects a genuine divergence in resistosome assembly or simply shallower
sequence alignments available for divergent helpers remains an open question.

5.6 CC-NLR resistosomes show a diversity of predicted
stoichiometries and N-terminal pores

Following the benchmark results for NbNRC2, AtZAR1, and TmSr35, I modeled a
phylogenetically diverse panel of plant NLRs with unknown resistosome archi-
tectures (Figure 5.S7). I tested eight CC-type, six CCG10-type, and two CCR-type
NLRs as both pentamers and hexamers to evaluate whether their resistosomes
could be predicted with high confidence and to determine their preferred stoi-
chiometry (Figure 5.2B).

Both the CC-type and CCG10-type clades contained representatives of hexameric
and pentameric assemblies. Every receptor within the CC-NLR clade modeled
with ipTM, pTM, and minimum per-chain pTM values of 0.6 or higher
(Figures 5.S8–5.S10 and 5.S14). AtHrt1, AtRpm1, and SlPtr1 yielded higher
confidence as hexamers than as pentamers. In contrast, OsPit, TaPm2a, StR3a,
SbRpi-blb1, andBvRz2 scoredhigher in the pentameric form (Figures 5.S8–5.S10).
In StR3a and BvRz2, the CC domain and N-terminal α1 helix modeled with
lower confidence than in the other resistosomes regardless of stoichiometry
(Figures 5.S9 and 5.S10).

The CCG10-NLRs showed a similar split in preferred stoichiometry. AtRPS5
returned higher confidence as a hexamer (Figure 5.S12), whereas CaPvr4,
LsatRGC2B, GmRsv3, and CmVat scored higher as pentamers (Figures 5.S11
and 5.S12). AtRPS2 was the sole exception in this group, modeling poorly in both
stoichiometries with scores below 0.6 (Figures 5.S11 and 5.S14).

The two CCR-NLRs, NbADR1 andNbNRG1, failed to generate confidentmodels in
either configuration and scored below 0.6 throughout (Figures 5.S13 and 5.S14).
Even within this low confidence range, both proteins scored slightly higher
as pentamers than as hexamers. Because these helper receptors function
downstream of TIR-NLR signaling (Castel et al., 2019 ; Saile et al., 2020;
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Jacob et al., 2021), these low scores likely reflect current modeling limitations
for divergent RPW8-type CC domains rather than an inability to oligomerize.

5.7 Conclusions and discussion

Benchmarked against three experimentally resolved CC-NLR resistosomes,
AlphaFold 3 predicted activated NRC hexamers and CC-NLR pentamers with
high confidence. The overall fold of the NbNRC2 hexamerwas recovered at 1.72 Å
RMSD along with key interface residues, while AtZAR1 and TmSr35 pentamers
aligned at 1.51 Å and 1.76 Å, respectively. While contacts between adjacent CC
domains aligned approximately with experimental interfaces, residues at the
NBD–NBD interface showed different side-chain orientations from the cryo-EM
structure. The modeling pipeline is therefore best suited to recovering overall
resistosome architecture rather than precise atomic contacts across every
interface.

The inclusion of membrane lipids proved to be a critical practical factor. Sup-
plying oleic acidmolecules enabled high-confidencemodeling of the N-terminal
funnel. These funnels are frequently unresolved in cryo-EM maps due to non-
functional mutations introduced to block cell death or the loss of native lipids
during purification. AlphaFold 3 can therefore help fill structural gaps in resisto-
somes that remain technically challenging to solve experimentally. These find-
ings also demonstrate that providing a lipid proxy substantially improves com-
putational models of membrane-associated complexes.

Model confidence metrics accurately distinguished experimental stoichiometry
in all three benchmark cases, favoring a hexamer for NbNRC2 and pentamers
for AtZAR1 and TmSr35. This benchmark carries a broader implication. Because
publishedpentameric structureswere obtained fromproteins expressed in insect
cells rather than plants, independent computational support for pentamers sug-
gests that these assemblies are not expression artifacts. Direct purification of
these complexes from plant tissue will still be valuable to confirm these states
in their native background. While score differences between stoichiometries re-
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mainmodest, these metrics consistently identify the more probable assembly.

Applied across a broader set of plant NLRs, the pipeline generated confident
models for members of both canonical CC and CCG10 clades. Both groups
contained receptors that favored pentamers alongside others that favored
hexamers, demonstrating that stoichiometry is not fixed within a phylogenetic
class. Several CC-NLRs and both CCR-NLRs failed to yield confident assemblies.
Within the NRC clade, the three helpers that modeled poorly were SlNRC0,
NbNRCX, and NbNRC7a. This is an intriguing pattern, as NRC0 represents
the ancestral network helper and NRCX acts as a negative regulator that
lacks autonomous cell death activity (Sakai et al., 2024 ; Adachi et al., 2023a).
Building on these observations, we recently developed an expanded
computational pipeline to systematically assess oligomeric states across the
NRC family. This led to the discovery of an atypical 11-mer resistosome assembly
in NRC7 (Toghani et al., 2026b). This result provides further evidence for
structural diversity in CC-NLR resistosomes, demonstrating that stoichiometry
can vary even among closely related helper paralogs.

The finding that the conservedNB-ARC domain can supportmultiple oligomeric
states highlights unexpected structural flexibility in this family. Further compu-
tational and structural workmay identify the sequence determinants within the
CC and NB-ARC domains that drive the formation of diverse resistosome assem-
blies. Additionally, AlphaFold 3 provides a platform for hypothesis generation
that complements thephylogenomic and functional analyses developed inChap-
ters 3 and 4.
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5.8 Supplementary figures

Figure 5.S1: Comparison of AlphaFold 2 and AlphaFold 3models of the NRC2 hexamer.
(A)Top, side, andbottomviewsof the cryo-EMmodel (gray)with superimposedmodels generated
by AlphaFold 3 in the presence of oleic acid, by AlphaFold 3 without lipids, and by AlphaFold 2,
each colored by pLDDT and annotated with ipTM, pTM, and RMSD. (B) Predicted aligned error
plots for the three models; the AlphaFold 2 prediction shows substantially higher error between
protomers than either AlphaFold 3 model. This figure has also been published in Madhuprakash
et al. (Madhuprakash et al., 2024 ) and appears here with permission.
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Figure 5.S2: Reproducibility of the NRC2 hexamer prediction across random seeds.
(A)Ten independentAlphaFold 3predictions of theNRC2hexamer, eachgeneratedwith adifferent
randomseed, shown in topviewandcoloredbypLDDT,with the corresponding ipTM,pTM,RMSD,
and seed value. (B) ipTM, pTM, and RMSD across the tenmodels. Predictions are tightly clustered,
with ipTM between 0.70 and 0.72 and RMSD between 1.46 and 1.78 Å. This figure has also been
published inMadhuprakash et al. (Madhuprakash et al., 2024 ) and appears herewithpermission.
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Figure 5.S3: NRC2 modeled across a range of stoichiometries and the predicted N-terminal
pore.
(A) AlphaFold 3 models of NRC2 assembled as a tetramer, pentamer, hexamer, heptamer, and
octamer, colored by pLDDT. Only the tetramer fails to form a closed, symmetric ring. (B)
Superpositionof a singleprotomer fromtheAlphaFold3model (AF3)and thecryo-EMmodel (EM),
showing the position of the CCα1 helix that was unresolved in the experimental density. (C) Top
view of theα1 helix bundle in the hexameric model, forming a pore of approximately 23 Å lined by
residues including E7, Q11, and L126. This figure has also been published in Madhuprakash et al.
(Madhuprakash et al., 2024 ) and appears here with permission.
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Figure 5.S4: AlphaFold 3modeling of eleven NRC helpers as hexamers and pentamers.
Foreachhelper, orderedby thephylogenyshownonthe left, sideandbottomviewsof thepredicted
assembly are shown colored by pLDDT, together with the chain-pair ipTM matrix, the predicted
aligned error plot, and the overall ipTM and pTM values. Helpers from Solanum lycopersicum (Sl),
Nicotiana benthamiana (Nb), and Capsicum annuum (Ca) are included. This figure has also been
published inMadhuprakash et al. (Madhuprakash et al., 2024 ) and appears herewithpermission.
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Figure 5.S5: Model confidencemetrics for NRChelpersmodeled as hexamers and pentamers.
ipTM, pTM, and minimum per-chain pTM for each of the eleven NRC helpers, plotted in
phylogenetic order and colored by modeled stoichiometry. All helpers score higher as hexamers
than as pentamers; NbNRC7a returns the lowest values in every metric. This figure has also been
published inMadhuprakash et al. (Madhuprakash et al., 2024 ) and appears herewith permission.
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Figure 5.S6: Benchmarking hexameric and pentameric models of receptors with experimen-
tally determined structures.
NRC2a (Nicotiana benthamiana), ZAR1 (Arabidopsis thaliana), and Sr35 (Triticum monococcum)
were each modeled as both a hexamer and a pentamer. Side and bottom views colored by
pLDDT are shown together with chain-pair ipTM matrices and predicted aligned error plots, in
which the receptor (NLR) and lipid regions are indicated. Only NRC2a shows an appreciable
preference for the hexameric state. This figure has also been published in Madhuprakash et al.
(Madhuprakash et al., 2024 ) and appears here with permission.
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Figure 5.S7: Phylogenetic placement of the CC-type NLRs selected for structural modeling.
Phylogenetic tree of plant NLRs with the TIR, CC, CCR, and CCG10 clades indicated, and the NRC
sensor and helper clades shown within the CC-NLR clade. Branches are colored by species, with
species relationships given in the inset. The receptors modeled in this chapter are labeled, and
node values indicate branch support. This figure has also been published in Madhuprakash et al.
(Madhuprakash et al., 2024 ) and appears here with permission.
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Figure 5.S8: Structural modeling of CC-NLRs (part 1).
Hexameric and pentameric AlphaFold 3 models of Hrt1 (Arabidopsis thaliana), Pit (Oryza sativa),
and Pm2a (Triticum aestivum), each shown in side and bottom view colored by pLDDT,with chain-
pair ipTMmatrices, predictedalignederror plots, andoverall ipTMandpTMvalues. This figurehas
also been published in Madhuprakash et al. (Madhuprakash et al., 2024 ) and appears here with
permission.
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Figure 5.S9: Structural modeling of CC-NLRs (part 2).
Hexameric and pentameric AlphaFold 3 models of Ptr1 (Solanum lycopersicoides), R3a (Solanum
tuberosum), and Rpi-blb1 (Solanum bulbocastanum), presented as in Figure 5.S8. This figure has
also been published in Madhuprakash et al. (Madhuprakash et al., 2024 ) and appears here with
permission.
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Figure 5.S10: Structural modeling of CC-NLRs (part 3).
Hexameric and pentameric AlphaFold 3 models of Rpm1 (Arabidopsis thaliana) and Rz2 (Beta
vulgaris), presented as in Figure 5.S8. This figure has also been published in Madhuprakash et al.
(Madhuprakash et al., 2024 ) and appears here with permission.
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Figure 5.S11: Structural modeling of CCG10-NLRs (part 1).
Hexameric and pentameric AlphaFold 3 models of Pvr4 (Capsicum annuum), RGC2B (Lactuca
sativa), and RPS2 (Arabidopsis thaliana), presented as in Figure 5.S8. These receptors adopt a
distinctly elongated, two-tiered architecture; RPS2 returns the lowest confidence values of the
group. This figure has also been published in Madhuprakash et al. (Madhuprakash et al., 2024 )
and appears here with permission.
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Figure 5.S12: Structural modeling of CCG10-NLRs (part 2).
Hexameric and pentameric AlphaFold 3 models of RPS5 (Arabidopsis thaliana), Rsv3 (Glycine
max), and Vat (Cucumis melo), presented as in Figure 5.S8. RPS5 shows a marked prefer-
ence for the hexameric state. This figure has also been published in Madhuprakash et al.
(Madhuprakash et al., 2024 ) and appears here with permission.
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Figure 5.S13: Structural modeling of CCR-NLRs.
Hexameric and pentameric AlphaFold 3 models of ADR1 and NRG1 from Nicotiana benthamiana,
presented as in Figure 5.S8. Both receptors are modeled with low confidence in either
stoichiometry, with chain-pair ipTMmatrices dominated by low values. This figure has also been
published inMadhuprakash et al. (Madhuprakash et al., 2024 ) and appears herewith permission.
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Figure 5.S14: Model confidence metrics for CC-type NLRs modeled as hexamers and
pentamers.
ipTM, pTM, and minimum per-chain pTM for the sixteen modeled receptors, grouped by clade
into CC, CCG10, and CCR NLRs and colored by modeled stoichiometry. For most receptors the two
stoichiometries are barely distinguishable; RPS2 and NRG1 return the lowest values overall. This
figure has also been published in Madhuprakash et al. (Madhuprakash et al., 2024 ) and appears
here with permission.



Chapter 6: Using AI-based modeling to
distinguish between Sensor and Helper NLRs

The work described in this chapter has been published in Toghani et al.
(Toghani et al., 2025a) and appears here with permission. The analysis of the
lettuce NRC network described at the end of the chapter has been published in
Pai et al. (Pai et al., 2026) and likewise appears with permission.

6.1 Introduction

NLR receptor proteins are encoded in organisms across all kingdoms of life
but are especially diversified in plants (Barragan andWeigel, 2021). Receptors
carrying a coiled-coil (CC) domain at their N terminus are phylogenetically
the most widespread class. Following pathogen recognition, plant CC-NLR
receptors oligomerize into pentameric or hexameric pore-like complexes
(Wang et al., 2019a ; Förderer et al., 2022 ; Zhao et al., 2022 ; Liu et al., 2023a ;
Madhuprakash et al., 2024). These higher-order complexes, termed
resistosomes which are described in Chapter 5, represent the defining feature of
NLRs that execute immune responses. Upon activation and complex formation,
CC-NLRs translocate to cellular membranes to form pores which allow calcium
influx and subsequent cell death (Duggan et al., 2021 ; Contreras et al., 2022 ;
Ibrahim et al., 2026). The prevailing model indicates that the funnel-shaped
resistosome inserts into the membrane to execute cell death via the N-terminal
domain (Wang et al., 2019a ; Adachi et al., 2019b). The N-terminal α1 helix
forms the tip of the funnel and represents a structurally dynamic region that
remains difficult to resolve by cryo-EM (Förderer et al., 2022 ; Zhao et al., 2022 ;
Liu et al., 2023a ; Madhuprakash et al., 2024).

As outlined in Chapters 3 and 4, NLRs can function as singletons, pairs, or
networks (Adachi et al., 2019b ; Contreras et al., 2023a). While singletons can
detect pathogens and execute cell death within a single protein, paired and
networked NLR have subfunctionalized into pathogen-detecting sensors and
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downstream signaling helpers with distinct biochemical roles. Paired NLRs
often originate from distinct phylogenetic clades yet function together, which
makes it challenging to determineNLRpairs based on sequence phylogeny alone,
as compared to NLR networks which often fall into neighboring phylogenetic
clades (Kourelis et al., 2021 ; Contreras et al., 2023a).

Two sequence-based criteria are conventionally used to generally separate
sensors from helpers. (I) Sensor and helper pairs often locate within shared
genetic clusters. (II) Sensors can carry non-canonical integrated domains (IDs)
that act as pathogen baits which are absent from helpers (Białas et al., 2018 ;
Marchal et al., 2018). The presence of an ID therefore provides a useful sequence
diagnostic. Additionally, approximately 20% of plant CC-NLRs carry the
conserved MADA motif in their N-terminal α1 helix, which this motif has
degenerated in some Solanaceous sensor clades (Adachi et al., 2019a). Both
criteria remain useful but incomplete, leaving the structural basis underlying
sensor and helper specialization unresolved.

AlphaFold 3 might offer a computational strategy to address this gap
(Abramson et al., 2024). As shown in Chapter 5, modeling protein complexes
with oleic acid molecules simulates the membrane environment and resolves
regions that are difficult to capture experimentally, including the N-terminal α1
helix and the resistosome funnel (Madhuprakash et al., 2024). In this chapter,
I use AlphaFold 3 to evaluate the functional roles of genetically linked NLRs
computationally. I test whether sensors and helpers exhibit distinct structural
signatures in modeled oligomers and examine whether structural modeling
provides a more robust classification framework than existing sequence-based
criteria.

6.2 Helper NLRs produce higher confidence scores than
their paired sensors whenmodeled as resistosomes

I assembled a curated set of CC-NLR pairs comprising experimentally validated
pairs in rice (Pikm, Pii, and Pia), their orthologs (PIK5/6-NP, Pi5-3/1, and Pias),
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and two cloned pairs in barley (RPG5/HvRGA1 and RGH2/3) (Figure 6.S1). Follow-
ing the approach used in Chapter 5 (Madhuprakash et al., 2024), I extracted the
oligomerizing region of each protein from the N terminus through the NB-ARC
domain. I thenmodeledpentameric andhexameric stoichiometrieswith 50oleic
acid molecules across three random seeds in AlphaFold 3.

Model confidence scores followed a clear, consistent pattern across both
pentameric and hexameric configurations. Known helper NLRs yielded higher
pTM scores than their respective paired sensor in every case (Figure 6.1a,b, and
Figures 6.S2 and 6.S3). When plotting helper against sensor scores, every pair
fell above the diagonal line, and ipTM scores showed the same distribution
(Figure 6.S4), outlining that this method can be used to distinguish known
sensor and helper pairs. For instance, RGH3 reached a pTM of 0.74 compared
with 0.31 for its partner RGH2, and Pii-1 reached 0.71 against 0.54 for Pii-2. The
score difference was narrowest for RPG5/HvRGA1, where hexameric pTM values
were nearly identical (Figure 6.S3). Additionally, pentameric and hexameric
scores correlated strongly, as did pTM and ipTM within each stoichiometry
(Figure 6.S2), showing that this pattern holds across different scoring metrics,
outlining that modeling does not require detailed a priori knowledge of the real
oligimeric state.

Upon closer evaluation, the modeled structures showed clear architectural
differences between the two classes (Figure 6.1c, and Figures 6.S5 and 6.S6).
Helper NLRs assembled into funnel-shaped oligomers that projected their
N-terminal α1 helices outward contacting the lipids. In contrast, sensor NLRs
failed to form these ordered funnels. This difference aligns with evidence
that sensor NLRs cannot trigger immune signaling independently and may
have lost the ability to assemble functional resistosomes (Adachi et al., 2019b ;
Contreras et al., 2022). While sensors occasionally assembled into ring-like
structures, these models consistently returned low confidence scores, especially
compared to their paired helper (Figure 6.1). AlphaFold 3 predictions therefore
reliably distinguish the structural properties of helpers from those of paired
sensors.
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Figure 6.1: HelperNLRsproducehigher AlphaFold 3 (AF3) confidence scores than their paired
sensors.
(a) Bar plot comparing sensor and helper pTM scores in pentameric AF3 predictions. The amino
acid sequences of the oligomerizing domains, from the N terminus to the end of the NB-ARC
domain,wereused formodeling. Pentameric structuresweremodeledwith50oleic acidmolecules
using three different seed values. (b) Scatter plot comparing sensor and helper pTM scores in
pentameric AF3 predictions, averaged across the three seeds. (c) Pentameric AF3 structures of
four representative NLR pairs, shown in side and top views colored by pLDDT, with chain-pair
ipTMmatrices andpredicted aligned error plots. Structures predictedusing seed value 1 are shown.
This figure has also been published in Toghani et al. ( Toghani et al., 2025a ) and appears herewith
permission.
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6.3 Structure-based classification outperforms the
MADA motif as a determinant of sensor/helper NLR
predictions in paired NLRs

I next tested whether the presence/absence of the MADA motif alone could be
used to classify sensors and helpers of paired NLRs in this curated set using the
established MADA hidden Markov model (HMM) (Adachi et al., 2019a). Only
the helpers of Pikm and PIK5/6-NP paired NLR system contained a motif that
exceeded the HMM score cutoff of 10, outlining the presence of a MADA motif.
The remaining sensors and helpers lacked detectablemotifs. Therefore, the used
sequence analysis of the MADA motif only classified two of the eight helpers
within the NLR pairs successfully. Because structural modeling separated all
eight pairs into non-resistosome sensors and resistosome forming helpers, the
structure-based metric provides a substantially more sensitive classification
framework than sequence motifs alone.

6.4 Structure-based classification can be used to predict
putative paired NLRs in rice

I next extended this structural analysis to predict putative paired NLRs in rice.
Taking the rice pan-genome analysis of Stein and colleagues (Stein et al., 2018),
I extracted ten rice CC-NLR pairs that are (I) genetically linked in head-to-head
orientation, (II) belong to distinct phylogenetic clades, and (III) carry a complete
N-terminalCCdomain (Figure 6.2a andFigure 6.S1). In fiveof these tenpairs, one
partner carries an ID annotation, identifying it as the putative sensor.

For these five pairs, putative helpers lacking an ID annotation returned higher
pTM and ipTM scores than the respective putative sensors, which carry ID an-
notations (Figure 6.2b,c, and Figures 6.S7–6.S9). These results suggest that Al-
phaFold 3 can reliablypredict sensor andhelper identity inuncharacterizedpairs,
similar to predictions obtained for experimentally validated pairs.
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Pair-13 specifically highlights the predictive power of this approach. This pair
corresponds to PIK5/6-NP, where PIK5-NP functions as a sensor carrying an
integrated domain that escapes detection by InterProScan (Białas et al., 2021 ;
Kourelis et al., 2021). Despite the lack of an annotated ID, AlphaFold 3
prediction correctly identified PIK5-NP as the sensor based on low confidence
scores alone. Structural modeling can therefore overcome false negatives in
sequence-based domain annotations.

6.5 Validation on an experimentally characterized
wheat NLR pair

After the initial submission of this study, two genetically linked NLR genes in
wheat, Pm5e and RXL (Rx-CC-like), arranged head-to-head, were reported to
function together as a paired CC-NLR module to confer resistance to powdery
mildew (Guo et al., 2025). This pair provides a rigorous test case because
Pm5e lacks an annotated ID and both proteins display non-canonical domain
architectures, including an atypical CC domain in Pm5e and a truncatedNB-ARC
domain in RXL.

I tested whether AlphaFold 3 could be used to distinguish between sensor and
helper NLR in this newly characterized pair. Consistent with previous predic-
tions, the experimentally validated helper RXL scored higher in both pTM and
ipTMacross pentameric andhexamericmodels compared to the validated sensor
Pm5e. This result demonstrates that structural modeling successfully predicts
helper and sensor pairs that lack distinguishing sequence motifs or canonical
domain features.

6.6 Extension to a dicot NLR network

To test whether this structural dichotomy extends beyondmonocot pairs into di-
cot networks, I used AlphaFold 3 tomodel and predict sensor and helper NLRs in
the lettuce NRC network characterized in Chapter 4 (Pai et al., 2026). I modeled
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Figure 6.2: NLRs without an integrated domain (ID) exhibit higher AlphaFold 3 (AF3)
confidence scores than NLRswith an ID in rice putative paired NLRs.
(a)Domainarchitecturesof ten riceNLRpairsdescribedbySteinandcolleagues ( Stein et al., 2018 ),
annotated with NLRtracker (Kourelis et al., 2021 ). (b) Bar plot comparing putative sensor and
helper pTM scores in pentameric AF3 predictions, modeled as in Figure 6.1. Putative sensors
and helpers were assigned on the basis of the average pTM scores of pentameric and hexameric
structures, with the lower-scoring member assigned as the putative sensor. (c) Pentameric AF3
structures of four representative pairs, predicted using seed value 1. This figure has also been
published in Toghani et al. ( Toghani et al., 2025a ) and appears here with permission.
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each of the two lettuce helpers and the 16NRC-S as hexamers across five indepen-
dent replicates with 50 oleic acid molecules. Subsequently, the assemblies were
evaluated using pLDDT, pTM, ipTM, and per-chain pTM.

Both helpers assembled into resistosome-like oligomers, though LsatNRC0
failed to form a complete N-terminal funnel, mirroring the behavior of
Solanaceous NRC0 in Chapter 5 (Selvaraj et al., 2024). None of the NRC-S
across all three phylogenetic groups formed a resistosome assembly (Figure 6.3).
In accordance with that, sensor models returned consistently low confidence
scores, with high predicted aligned error, pTM and ipTM values below 0.5,
and per-chain pTM values below 0.7 (Figure 6.S10). In contrast, the helpers
scored above 0.5 for both pTM and ipTM in every replicate, with per-chain pTM
averaging 0.75 (Figure 6.3).

The structural distinction observed in monocot pairs therefore extends to dicot
networks where NRC-S lack integrated domains. Importantly, cell death assays
in Chapter 4 experimentally validated these functional relationships. In those
assays, autoactive sensor mutants did not trigger cell death alone, but activated
wild-type helpers to execute cell death. AlphaFold 3 predictions are able to di-
rectly capture this functional asymmetry.

6.7 Conclusions and discussion

The lower confidence scores for oligomeric resistosome predictions observed
for sensor and higher scores observed for helper NLRs within NLR pairs align
with evolutionary models of NLR subfunctionalization (Adachi et al., 2019b).
In this model, ancestral singletons capable of both perception and execution
subfunctionalized into specialized sensors and helpers (Adachi et al., 2019b ;
Contreras et al., 2023a). Sensors lost execution activity while helpers lost
pathogen detection. Because assembling a funnel-shaped resistosome, followed
by integration into the membrane to form a channel is required to trigger
cell death, the retention of stable resistosome funnels in helpers and their
loss in sensors structurally further supports this division of labor. Given that
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Figure 6.3: In contrast toNRChelpers, NRC-S failed to formresistosome-like structureswhen
modeled with AlphaFold 3.
Lettuce NRC-H and NRC-S were modeled as hexamers including 50 oleic acid molecules to
approximate the plasma membrane. Structural metrics, pLDDT (per-residue local confidence),
pTM, ipTM, and per-chain pTM, are plotted for each protein (n = 5). Representative predicted
structures from the fourth replicate are shown in top and side views, colored by pLDDT. This figure
has also been published in Pai et al. ( Pai et al., 2026 ) and appears here with permission.



136 Chapter 6: Using AI-based modeling to distinguish between Sensor and …

AlphaFold 3 failed to model these properties for sensor NLRs, these findings
further suggest that sensor NLRs have lost the intrinsic capacity to assemble
into autonomous resistosomes, consistent with experimental observations for
the Solanaceous sensor Rx (Contreras et al., 2022).

Notably, the helpers Pia-1, Pias-1, and RGH3 lack detectable MADA motifs yet
assembled outward-facing funnels in the AlphaFold models, when modeled as
penta- or hexamers. This raises the possibility that alternative sequence patterns
drivemembrane insertion in these non-MADAhelpers. Structural determination
by cryo-EM combined with large-scale modeling will be required to define the
motifs driving funnel formation in these divergent helpers.

This computational framework has three primary limitations. First, these
generated models focus exclusively on active resistosome assemblies and do
not evaluate resting states, which range from monomers and homodimers
to higher-order oligomers as shown in Chapter 3 (Wang et al., 2019a ;
Selvaraj et al., 2024). Second, unlike helper NLRs we still do not have any
structural evidence for how sensor NLRs, especially NRC-S, look like in their
resting or activated states. Third, these simulations test homo-oligomers and
do not assess whether paired NLRs assemble into hetero-complexes. The wheat
pair RXL/Pm5e highlights this consideration, as these proteins preferentially
form hetero-complexes (Guo et al., 2025) that homo-oligomeric modeling
cannot capture.

The primary aim of this work was to evaluate AlphaFold as a predictive tool
for classifying NLRs into functional sensors and helpers, which are highly
diverse, often number in the hundreds per plant genome, and collectively
account for approximately 1% of all plant genes, as quantified in Chapter 2
(Toghani and Kamoun, 2024). Combined with the evolutionary analyses in
Chapters 3 and 4 and the structural modeling in Chapter 5, these results show
that structural prediction can characterize NLR function within genetically
paired NLR clusters and prioritize candidate sensor and helper genes for
experimental validation. Such structural insights will help elucidate how the
distinct architectures of sensors and helpers drive their functional specialization.
However, the molecular determinants of sensor NLR emergence remains elusive.
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Moreover, given the reliance of AlphaFold 3 on multiple sequence alignments
and evolutionary information, the differences in the oligomer prediction of
sensor and helper NLRs suggests that AlphaFold 3 is detecting a signal in the
amino acid sequence of these proteins. This may help uncover the molecular
determinants of sensor-NLR evolution in future studies.
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6.8 Supplementary figures

Figure 6.S1: Phylogenetic tree of the NLRs used for structural modeling.
Circular phylogenetic tree of NLRs with branches and labels colored by category: known sensors,
known helpers, and the putative sensors and helpers of the rice pairs described by Stein and
colleagues ( Stein et al., 2018 ). Chords across the center connect the members of each pair,
distinguishing experimentally characterized pairs from those proposed by Stein and colleagues.
The TIR-NLR, CCR-NLR, and CCG10-NLR clades are indicated, and node values give branch support.
This figure has also been published in Toghani et al. ( Toghani et al., 2025a ) and appears herewith
permission.
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Figure 6.S2: Correlation between AlphaFold 3 confidencemetrics across stoichiometries.
(a) Average hexameric against average pentameric pTM. (b) Average hexameric against average
pentameric ipTM. (c) Pentameric ipTM against pentameric pTM. (d) Hexameric ipTM against
hexameric pTM. Points are colored by sensor or helper identity, the diagonal indicates equality,
and Pearson correlation coefficients are given in each panel. This figure has also been published in
Toghani et al. ( Toghani et al., 2025a ) and appears here with permission.
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Figure 6.S3: Per-replicate confidence scores and sensor–helper differences for the eight
characterized NLR pairs.
(a, c, e, g) Paired bar plots of sensor and helper pTM (a, c) and ipTM (e, g) for pentameric (a, e) and
hexameric (c, g) predictions, with individual replicate values overlaid. (b, d, f, h) Corresponding
helper-minus-sensor differences, with the dashed line marking zero. The difference is positive
for every pair except RPG5/HvRGA1 in the hexameric pTM comparison, where it approaches zero.
This figure has also been published in Toghani et al. ( Toghani et al., 2025a ) and appears herewith
permission.
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Figure 6.S4: Helper against sensor confidence scores for the eight characterized NLR pairs.
(a, b) Average pTM for the helper plotted against the average pTM for the sensor, for pentameric
(a) and hexameric (b) predictions. (c, d) The equivalent comparison for ipTM. All eight pairs fall
above the diagonal in every comparison. This figure has also been published in Toghani et al.
( Toghani et al., 2025a ) and appears here with permission.
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Figure 6.S5: Pentameric AlphaFold 3 models of the eight characterized sensor–helper NLR
pairs.
For each protein, side and top views of the predicted pentamer are shown colored by pLDDT,
together with the chain-pair ipTM matrix and the predicted aligned error plot, in which the
receptor (NLRs) and lipid regions are indicated. Sensors are shown above their paired helpers.
Helpers consistently expose the N-terminal α1 helices as a funnel, whereas sensors do not. This
figure has also been published in Toghani et al. ( Toghani et al., 2025a ) and appears here with
permission.
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Figure 6.S6: Hexameric AlphaFold 3 models of the eight characterized sensor–helper NLR
pairs.
Presented as in Figure 6.S5, with chain-pair ipTM matrices of six protomers. The same
sensor–helper asymmetry in confidence and in funnel formation is observed as for the pentameric
predictions. This figure has also been published in Toghani et al. ( Toghani et al., 2025a ) and
appears here with permission.
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Figure 6.S7: Per-replicate confidence scores and differences for the ten rice putative NLR
pairs.
(a, c, e, g) Paired bar plots of putative sensor and putative helper pTM (a, c) and ipTM (e, g) for
pentameric (a, e) andhexameric (c, g) predictions,with individual replicate values overlaid. (b, d, f,
h) Corresponding helper-minus-sensor differences, with the dashed linemarking zero. This figure
hasalsobeenpublished inToghani et al. ( Toghani et al., 2025a )andappearsherewithpermission.
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Figure 6.S8: Pentameric AlphaFold 3models of the ten rice putative NLR pairs.
For each protein, identified by its accession, side and top views of the predicted pentamer are
shown colored by pLDDT, together with the chain-pair ipTM matrix and the predicted aligned
error plot. Putative sensors are shown above their putative helpers. This figure has also been
published in Toghani et al. ( Toghani et al., 2025a ) and appears here with permission.
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Figure 6.S9: Hexameric AlphaFold 3models of the ten rice putative NLR pairs.
Presented as in Figure 6.S8, with chain-pair ipTM matrices of six protomers. This figure has also
been published in Toghani et al. ( Toghani et al., 2025a ) and appears here with permission.
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Figure 6.S10: Structural modeling of lettuce NRC-H and NRC-S with AlphaFold 3.
Predicted aligned errormatrices and per-replicate confidencemetrics for the hexamericmodels of
each lettuce helper and sensor (Abramson et al., 2024 ). This figure has also been published in Pai
et al. ( Pai et al., 2026 ) and appears here with permission.





Chapter 7: General Discussion

The evolution of plant NLR immune receptors is most often framed as an arms
racewith pathogen effectors. Pathogens deploy effectors, receptors evolve recog-
nition, pathogensmutate to evadedetection, and the cycle repeats. This dynamic
is well documented, and its molecular signature appears throughout the sensor
datasets analyzed in this thesis. Yet the arms-race model primarily explains the
recognition surfaces of sensor and singleton NLRs. It reveals little about the rest
of the protein, and it does not explain why helper NLRs, which do not recognize
pathogen effectors directly, evolve at distinct rates. This thesis investigated the
selective pressures that act on NLRs fromwithin the immune receptor network.

Three core conclusions emerge from this work. First, the evolutionary rate of an
NLR reflects partner compatibility rather than functional output alone. Second,
NLR sequence evolution proceeds under distinct regimes that act on separate
domains of the protein. Third, sensor subfunctionalization involves the loss of
autonomous oligomerization, which potentially explains why structural model-
ing can distinguish sensors from helpers where sequencemotifs fail (Figure 7.1).

7.1 Diversification structured by internal partner
compatibility

Two findings in this thesis indicate that sequence variation is structured by in-
ternal partner compatibility rather than by direct pathogen pressure. In lettuce,
the rate of sensor diversification correlated with helper dependency, forming a
spectrum from receptors dependent on the ancestral NRC0 to those signaling
through the lineage-specific derived helper Ast-LsatNRC1 (Chapter 4). Within
the Solanaceae NRC helper clade, the interfaces mediating helper homodimer-
ization diverged between clades while remaining conserved within them (Chap-
ter 3).

Consequently, the classificationof anNLRasa sensoror ahelperdoesnot fullyde-
fine the selective pressure acting on it. Instead, evolutionary constraint depends
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Figure 7.1: A conceptual model of the selective pressures shaping NLR evolution within an
immune receptor network.
Sensor NLRs (gray) detect pathogen effectors (AVR) and signal to downstream helper NLRs.
Solid lines denote functional dependencies or signaling pathways, and dashed lines denote
co-evolutionary relationships. In the classical arms-racemodel, co-evolution takes place between
pathogen effectors and the recognition surfaces of sensor NLRs, and between pathogen-derived
molecules and cell-surface receptors (purple), whose signaling can also activate helper NLRs
(Kourelis et al., 2022 ). Pathogen suppressors that target a specific helper at distinct stages
of activation impose an additional co-evolutionary pressure on helpers to evade suppression
(Derevnina et al., 2021 ; Contreras et al., 2023b ; Sugihara et al., 2025 ; Seager et al., 2026 ).
This thesis examined co-evolution beyondR-AVR interactions that ariseswithin the network itself:
whether sensors and their helpers co-evolve and how this relates to their signaling dependency
(Chapter 4), and whether distinct evolutionary trajectories reflect the ability of sensors and
helpers to oligomerize, assessed by structural modeling (Chapter 6). In the resting state, NRC
helpers accumulate as homodimers ( Selvaraj et al., 2024 ), and the interfaces that mediate this
self-association have diverged between paralogous helpers while remaining conserved within
each clade, suggesting selective pressure to insulate their signaling pathways from one another
(Chapter 3). Upon activation, helpers assemble into higher-order resistosomes (Chapter 5) that
insert into the plasma membrane (PM) through their N-terminal α1 helix (Chapters 3 and 5).
Questionmarks indicate the modes of co-evolution hypothesized in this work.
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on the position of the receptor within the network, reflecting both the number
of its interacting partners and their evolutionary conservation. A helper down-
stream of multiple sensors and a sensor dependent on an ancestral helper both
face evolutionary constraint that does not stemdirectly frompathogen exposure
(Figure 7.1).

This model also refines the classic view of sensor–helper subfunctionalization.
Specialization is usually described as relaxed evolutionary pressure on individual
receptors that frees sensors to diversify (Adachi et al., 2019b). The results pre-
sented here suggest that subfunctionalization can redistribute constraint across
the network rather than remove it. Sensors lost the ability to execute cell death
but acquired the requirement to signal through a cognate helper. Conversely,
helpers were released from pathogen detection butmustmaintain compatibility
with an expanding repertoire of upstream sensors.

One caveat should be noted. The correlation between helper dependency and
sensor diversification observed in Chapter 4 is consistent with two alternative
mechanisms that current data cannot separate. Sensors dependent on the ances-
tral NRC0 may be constrained by the need to maintain helper compatibility, or
by the host targets they monitor, particularly if they guard conserved host com-
ponents in a manner analogous to the ZAR1–ZRK system (Adachi et al., 2023b).
Nevertheless, these sensors often showsignsof diversification in regionsnot typi-
cally implicated in effector recognition, such as the coiled-coil (CC) domain. This
could be interpreted as a sign of relaxed selection following subfunctionalization
within these sensors. Distinguishing between these possibilities requires iden-
tifying receptors that have switched helper dependency while retaining effector
recognition specificity. Testing such natural or engineered variants will be essen-
tial to establish a direct causal mechanism.

7.2 Selection pressures beyond R-AVR co-evolution

By studying multiple NRC helpers and their sensors across this thesis, I found
several distinct patterns of diversification. Themost rapidly evolving lettuce sen-
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sors carry sites under positive selection concentrated on the concave face of the
LRR, the surface implicated in effector binding, as described for highly variable
receptors such as RPP1 (Prigozhin and Krasileva, 2021). The most constrained
lettuce sensors carry variable sites in the CC domain and the N-terminal por-
tion of the LRR rather than at the concave LRR surface implicated in recognition
(Chapter 4). Helper NLRs, in contrast, show a different pattern. The homod-
imerization interfaces of the NRC helpers are less conserved than the P-loop and
MHD motifs across the clade, yet well conserved within individual clades, with
polymorphisms unique to each (Chapter 3).

Under the classical R-AVR co-evolution model, sustained diversification is
favored because it enables novel recognition of effectors by the receptor, or
evasion of recognition by the effector. As discussed throughout this thesis, this
pattern is usually observed at recognition interfaces such as the concave side of
the LRR domain or the exposed surfaces of Solanaceous or integrated domains.
However, I detected two additional patterns of diversification, one in NRC
helpers and one in their sensors. In NRC helpers, stretches in the CC, NB-ARC,
and LRR domains mediate homodimerization and, at least in tomato NRC2,
homotetramerization of the helpers in their resting state (Selvaraj et al., 2024 ;
Ma et al., 2024). Consistent with biochemical, microscopy, and genetic data,
I hypothesized that the diversification of these stretches leads to insulation
of the helper signaling pathways, which may contribute to the fine-tuning
and robustness of the network. My analysis of NRC helpers is consistent
with this model, which points to a selection pressure that acts within the
network, independent of the classical R-AVR co-evolution paradigm that mostly
applies to sensor NLRs. Helper NLRs have also been reported to co-evolve
directly with pathogen effectors, not for recognition, but to evade suppression
(Sugihara et al., 2025). This model has been dubbed “Gene-for-Gene 2.0”
(Contreras, 2023 ; Sugihara et al., 2025).

Moreover, I found that not all sensor NLRs evolve in the same way. While the
mainevolutionarypressure considered for sensorNLRs relates toeffector recogni-
tion, NRC0-dependent sensors showed little or no diversification on the concave
side of their LRR domain. Instead, their diversified regions were located in the



Subfunctionalization and the loss of the ability to oligomerize 153

CC domain. Whether these patterns relate to sensor–helper communication, or
whether these sensors function differently from others, remains an open ques-
tion.

Taken together, the conclusions of this thesis expand these evolutionary models
into amulti-layered framework inwhich effector recognition, evasion of suppres-
sion, receptor–receptor communication, and the maintenance of robust signal-
ing all shape NLR evolution (Figure 7.1).

7.3 Subfunctionalization and the loss of the ability to
oligomerize

The degeneration of N-terminal motifs in sensor NLRs is conventionally
explained by a use-it-or-lose-it model, in which sensors that rely on helpers
for cell death lost the MADA motif (Adachi et al., 2019a). It has also been
shown that NRC-dependent sensor NLRs do not oligomerize or become part
of the helper resistosome (Contreras et al., 2022 ; Ahn et al., 2023). However,
the loss of oligomerization cannot be attributed only to the loss of the MADA
motif, because the motif is also absent from the helpers of many sensor–helper
pairs (Chapter 6). To address this limitation, I used AlphaFold 3 modeling
of NLR homo-oligomeric resistosomes to assess whether AlphaFold 3 can
distinguish between sensor and helper NLRs. Based on confidencemetrics alone,
sensor NLRs were generally modeled with lower confidence than their helper
counterparts across several sensor–helper systems, including monocot paired
NLRs and the superasterid NRC network. From these data, I concluded that the
loss of oligomerization is likely a product of sensor NLR subfunctionalization.
This suggests that AlphaFold 3 detects a feature of sensor sequences that
prevents them from being modeled with high confidence as resistosome-like
oligomers. This feature likely resides within the CC or NB-ARC domains of
sensor NLRs, where the oligomerization interfaces have undergone regressive
evolution and degenerated.

However, one caveat is that the mechanism of action of many sensor–helper
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pairs, particularly the monocot paired NLRs, is still unknown (Pai et al., 2025b).
Although NRC-dependent sensors are known to activate their helpers
transiently, the activation mechanism may differ for other sensor–helper pairs.
For instance, homo-oligomer modeling is inconclusive for sensor–helper pairs
that may form a hetero-oligomeric resistosome complex (Guo et al., 2025).

Furthermore, poormodeling results do not necessarily define anNLR as a sensor.
Poor modeling confidence can also point to neofunctionalization, as in NRCX
(Adachi et al., 2023a), or to the formation of atypical assemblies, as in NRC7
(Toghani et al., 2026b). The modeling outcome should therefore be interpreted
in its biological context and treated as a hypothesis.

7.4 Howmany protomers in a resistosome?

The computational modeling in Chapter 5 preceded the public release of NRC
hexamer structures andwas prompted by the determination of the NbNRC2 hex-
amer in our laboratory. Using AlphaFold 3, I showed that structural modeling
can predict resistosome assemblies across diverse CC-typeNLRs and reconstruct
unresolved regions such as the membrane-inserting N-terminal α1 helix. In ad-
dition, AlphaFold 3 confidencemetrics distinguished the correct oligomeric stoi-
chiometry for theNbNRC2, AtZAR1, andTmSr35 resistosomes, although the score
differences between stoichiometries were modest.

At the start of this project, the pentameric resistosome was regarded as the
canonical activated state of plant CC-NLRs. Subsequent work revealed that NRC
helpers assemble as hexamers (Liu et al., 2023a ; Madhuprakash et al., 2024).
Recent structural studies further showed that the wheat CCG10-NLR WAI3 and
Arabidopsis thaliana RPS2 form octamers (Guo et al., 2026). Most recently,
our analysis revealed that the helper NRC7 assembles into an atypical 11-mer
resistosome (Toghani et al., 2026b). Together, these discoveries show that
plant CC-type NLRs form assemblies of five, six, eight, and eleven protomers,
which raises the question of why NLRs adopt distinct oligomeric states.

Although the NB-ARC domain is one of the most conserved modules in
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plant NLRs, it supports assemblies ranging from four protomers in TIR-NLR
resistosomes (Ma et al., 2020; Martin et al., 2020) to eleven in NRC7. The
structural determinants that govern stoichiometry remain unresolved. One
possibility is that the NB-ARC domain provides a flexible structural scaffold,
while the N-terminal executioner domain or the C-terminal LRR dictates the
final number of protomers. For example, the loss of the canonical EDVID
motif has been proposed to drive the divergent coiled-coil packing observed in
octameric CCG10-NLRs (Sulkowski et al., 2025 ; Guo et al., 2026).

The biological significance of this architectural variation is also unclear. In struc-
turally resolved resistosomes, higher protomer counts expand the pore diame-
ter. While known resistosomes trigger calcium influx and cell death upon ac-
tivation, a larger pore may allow larger molecules to cross the host membrane.
Furthermore, consistent with the sequence diversification of N-terminal execu-
tionerdomains, activatedNLRs can targetdistinct cellular compartments, includ-
ing chloroplasts ( Ibrahim et al., 2026) and vacuoles (Sunil et al., 2024). As in
animal innate immunity, plant NLR signaling may encompass diverse execution
mechanisms that converge on programmed cell death. The selective pressures
that drive the evolution of distinct stoichiometries, and their precise physiologi-
cal outputs, are yet to be determined.

7.5 Outlook

In this thesis, I investigated NLR biology from evolutionary and structural
perspectives. In addition to classical arms-race dynamics with pathogens, these
receptors experience distinct selective pressures that insulate and optimize
immune signaling networks (Figure 7.1). Helper NLRs appear to evolve to keep
their activation pathways separate and to prevent hetero-association with
paralogs. Furthermore, while sensor NLRs diversify more rapidly than helpers
overall, their evolutionary rates vary with their helper dependency and their
potential recognition targets.

Using computational modeling, I showed that AlphaFold 3 generates
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high-confidence resistosome models that can accelerate the structural biology
of plant NLRs. This is particularly useful given the sequence diversity and
stoichiometric variation of NLR complexes across green plants. More broadly,
structural modeling can distinguish helpers from sensors based on their
predicted capacity to assemble into homo-oligomers. This structural criterion
complements sequence-based annotation pipelines and could help predict
sensor–helper relationships and map genetic dependencies from genomic
datasets, with potential applications in crop breeding.

Throughout this thesis, I integrated phylogenomics, computational structural bi-
ology, and in planta functional assays to generate mechanistic hypotheses and
test evolutionaryprinciples. CombiningAI-guidedworkflowswith targeted func-
tional experiments should speed up the study of immune receptor evolution and
support the rational engineering of durable disease resistance.



Chapter 8: Materials andMethods

The methods below are organized by the chapter in which the corresponding
results are presented. Where a method was used in more than one chapter it is
described in full at first mention and cross-referenced thereafter.

Chapter 2: Curation of harmonized plant NLRome
datasets onmultiple taxonomic resolutions

Genome assemblies and annotation

High-quality publicly available genome assemblies were compiled for
each of the three datasets. For the 180 RefSeq reference plant proteomes,
annotated proteomes were downloaded directly from the NCBI RefSeq database
(Pruitt et al., 2007), and no de novo gene prediction was performed. For
the 230 superasterid and 346 Solanaceae genome collections, harmonized
annotations were generated de novo. Helixer v0.3.2 (Stiehler et al., 2021 ;
Holst et al., 2023) was run using Singularity on the genome FASTA files with the
option --lineage land_plant, which applies the default land-plant model
(land_plant_v0.3_a_0080.h5). Coding sequences (CDS) and protein
FASTA files were extracted from the resulting GFF files using GffRead v0.12.7
(Pertea and Pertea, 2020) with the -x and -y options, respectively.

NLR annotation

The extracted protein sequences were analyzed using NLRtracker
(Kourelis et al., 2021), which integrates InterProScan for domain identification
(Blum et al., 2025), to detect NLR and NLR-associated sequences. NLRs were
defined according to the NLR definition established for the RefPlantNLR dataset
(Kourelis et al., 2021).
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Assessment of annotation completeness

BUSCOscoresweregeneratedusingBUSCOv5.5.0with theoptions-m protein
--lineage_dataset viridiplantae_odb10 for the superasterid
dataset, and BUSCO v6.0.0 with -m protein --lineage_dataset
solanales_odb12 for the Solanaceae dataset (Manni et al., 2021). For the
RefSeq dataset, annotation BUSCO scores provided by NCBI were used where
available. Genome annotations were organized by phylogenetic order following
the APG IV classification (The Angiosperm Phylogeny Group, 2016). Summary
statistics were computed and plotted in Python; the scripts and source data are
archived with the thesis.

Chapter 3: Functional andmolecular evolution of theNLR
proteins beyond R-AVR co-evolution

Phylogenetic analyses of the NRC network

NLRtracker (Kourelis et al., 2021) output from 123 genome assemblies
representing 38 species across 4 genera of the Solanaceae (Sugihara et al., 2023)
was imported into R, from which 66,451 full-length NLR sequences were
extracted. Of these, the 23,872 sequences with domain architectures of “CNL” or
“CN” as determined by NLRtracker were retained, and their NB-ARC domains
extracted. The NB-ARC sequences of RefPlantNLR (Kourelis et al., 2021),
together with tomato (Wu et al., 2017) and pepper (Lee et al., 2021) NRC
helpers, were added to this set. Using the NB-ARC domain boundaries reported
by NLRtracker, only sequences with NB-ARC domains between 300 and 400
amino acids in length were kept, so that truncated or unusually long sequences
were discarded. This left 19,760 sequences, which were aligned with MAFFT
v7.505 [--anysymbol] (Katoh and Standley, 2013) and used to generate a
phylogenetic tree with FastTree v2.1.11 [-lg] (Price et al., 2010).

The NRC network superclade, comprising 10,665 sequences including both
helpers and sensors, was extracted from the CC-NLR tree by selecting the
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major branch containing both the reference NRC helpers and sensors, using
Dendroscope v3.8.10 (Huson and Scornavacca, 2012). These sequences were
realigned and used to build a new tree, from which the NRC helper clade was
extracted in the same way. The resulting 1,796 NRC helper sequences, excluding
the reference sequences, were deduplicated with CD-HIT v4.8.1 [-c 1.00]
(Fu et al., 2012). Deduplication was performed to capture the greatest diversity
without biasing the analysis through over-represented sequences.

The deduplicated sequences were then filtered by length, retaining only those
between 750 and 950 amino acids, which left 993 sequences. This threshold
was chosen on the basis of the length distribution of the NRC helper set and
the lengths of the reference NRC sequences. The NB-ARC domains of these 993
sequences were combined with the length-filtered NB-ARCs (300–400 amino
acids) of referenceNRC helpers fromN. benthamiana (16 sequences), tomato (13),
pepper (10), potato (42), and RefPlantNLR (14), giving 1,088 sequences in total,
and aligned with MAFFT. The alignment was used to construct a further tree
with FastTree, from which NRC helper subclades were delimited on the basis of
reference NRCs falling within well-supportedmajor branches. Sequences falling
outside or between major clades were not assigned to a subclade. Clades were
extracted with Dendroscope as before.

The full set of 1,092 NRC sequences comprises the 993 filtered full-length
sequences togetherwith the unfiltered reference sequences fromN. benthamiana
(16), tomato (13), pepper (14), potato (42), and RefPlantNLR (14). These were
aligned with MAFFT [--localpair] in order to locate the dimerization
stretches across all NRC helpers, and the alignment was trimmed with ClipKIT
v2.0.1 [-m gappy] to remove sites with 90% gaps (Steenwyk et al., 2020).

Mapping of dimerization stretches and conservedmotifs

The dimerization stretches and conserved sequence motifs were mapped onto
the alignment of all NRChelpers on the basis of NbNRC2 and theNLRtracker out-
put, and extracted using custom R scripts. Sequence logo plots for the stretches
andmotifs were generated with the ggseqlogo R package (Wagih, 2017).
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Shannon entropy analysis

Shannon entropy values were calculated for all NRC helpers together
and for each NRC clade separately, using the entropy R package
(Hausser and Strimmer, 2009). Entropy ranges from zero for a fully conserved
position to a maximum of 4.32 (log

2
20) where all 20 amino acids occur with

equal frequency. A threshold of 1.5 was used to identify highly variable positions,
consistent with previous NLR studies (Prigozhin and Krasileva, 2021).

Identification of clade-unique residues

To identify residuesunique to individualNRCclades, the relative aminoacid ratio
was calculated among the NRC2, NRC3, NRC4a, NRC4b, and NRC4other clades.
Sequences were first divided into query and subject groups. Using the trimmed
alignment of NRC helpers, the amino acid frequency at each position was calcu-
lated for both groups, and the frequency in the query group divided by that in
the subject group at the same position. Only positions at which an amino acid
frequency exceeded 80% within the query group were retained, and positions
with a relative amino acid ratio greater than 50 were regarded as unique to the
query clade.

Extraction of CC domains and N-terminal sequences

From the same NLRtracker output, the CC domain of each NLR was extracted
from the start of the sequence to the beginning of the NB-ARC domain as de-
termined by NLRtracker. The CC domain sequences were used for motif analy-
sis with MEME (Bailey et al., 2015). To extract the N-terminal α1 helix, the CC
domain sequences were first processed with NetSurfP-3.0 (Høie et al., 2022) to
determine helix boundaries; the α1 helix was then extracted using a custom R
script and used for clustering. Unbiased clustering of the N-terminal sequences
was performed with MCL (Van Dongen, 2008), and the resulting clusters were
mapped onto the NRC helper phylogeny. MADAmotifs were identified using the
MADA hiddenMarkovmodel (Adachi et al., 2019a) with HMMER (Eddy, 2011 ).
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Transient protein expression and cell death assays

Proteins of interest were transiently expressed in N. benthamiana following
previously describedmethods (Wu et al., 2017). In brief, leaves of 4–5-week-old
plants were infiltrated with suspensions of Agrobacterium tumefaciens GV3101
pMP90 transformed with the relevant expression vectors. The final OD600 of all
suspensions was adjusted in infiltration buffer (10 mMMES, 10 mMMgCl2, and
150µMacetosyringone, pH 5.6), and anOD600 of 0.3was used for each construct.
Autoactive variants were generated by introducing a D-to-V substitution within
the MHD motif (Adachi et al., 2019a). Assays were performed in wild-type and
in nrc2/3/4 CRISPR knockoutN. benthamiana lines (Wu et al., 2017).

Chapter4: Contrastingpatternsof evolution in sensor and
helper NLRs

Extraction of NRC network sequences

A total of 29,261 NLRswere compiled from the NLRtracker output of 39 Solanales
and 29 Asterales de novo annotated high-quality genome assemblies obtained
from NCBI, together with a chromosome-level Solanum melongena assembly
from the GWH Genome Warehouse. Annotation followed the Helixer-based
workflow described for Chapter 2. On the basis of the simplified NLRtracker
domain annotation, only NLRs with the domain architectures “CNL”, “CNLO”,
“CN”, “OCNL”, “CONL”, “NL”, “NLO”, “ONL”, “BCNL”, “BNL”, “BCN”, “BCCNL”,
“BNLO”, “BOCNL”, “RNL”, “TN”, “TNL”, “TNLO”, and “TNLJ” were retained,
leaving 25,042 sequences. These were deduplicated with a custom R script
removing redundancy at 100% sequence identity, giving 24,518 non-redundant
sequences. Finally, entries whose NB-ARC domain was shorter than 250 or
longer than 400 amino acids were removed, yielding the 21,232 sequences used
for phylogenetic analysis.

To construct a phylogenetic tree of the extracted NLRs, the NB-ARC domain
sequences were aligned together with the RefPlantNLR NB-ARCs using FAMSA
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v2.2.2 with default options (Deorowicz et al., 2016), and the alignment used to
build a tree with FastTree v2.1.11 [-lg] (Price et al., 2010 ; Kourelis et al., 2021).
The NRC network, together with CcRPP1 and its orthologs, was extracted as a
well-supported branch containing both NRC helpers and sensors identified by
reference sequences. The NB-ARC domains of the extracted sequences were
aligned with MAFFT v7.525 (Katoh and Standley, 2013) and used to construct a
new tree as before, which was rooted on the CcRPP1 phylogroup.

Phylogenetic and gene distance analyses

Plant taxonomy trees and taxon divergence times were obtained from the Time-
Tree 5 database (Kumar et al., 2022). From the dataset, 122 NRC sequences in-
cluding helpers and sensors from Lactuca sativa, L. saligna, L. virosa, Cichorium
intybus, Helianthus annuus, Chrysanthemum lavandulifolium, Cynara cardunculus,
and Codonopsis lanceolata were extracted on the basis of phylogeny. Their NB-
ARCsequenceswere alignedwithAtZAR1,NbZAR1,NbNRC2, andSlNRC0as refer-
ences using MAFFT v7.525 [--anysymbol], and FastTree v2.1.11 [-lg] used to
generate the tree of theNRCnetwork in these species. IQ-TREE v2.3.0[-B 1000
-m MFP] (Minh et al., 2020)was then used to generate a phylogenetic tree of the
40 NRC network sequences of the Lactuca genus. The resulting tree was divided
into helpers and sensor groups 1, 2, and 3 on the basis of branch lengths and
reference sequences.

To determine the physical location of genes on the chromosomes, the GFF
output from Helixer was first simplified with GffRead using default options
(Pertea and Pertea, 2020) and then imported into R with the rtracklayer
package (Lawrence et al., 2009). Physical distances between genes were
calculated with a custom R script, and gene coordinates exported for
visualization on chromosomes using the MG2C online tool (Chao et al., 2021).
The output was then arrangedmanually.
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Linking previous lettuce NLRome classifications to the new annotation

Lettuce NLRome identifiers from Christopoulou and colleagues
(Christopoulou et al., 2015) and the Lettuce V8 genome assembly from
Phytozome 13 (Goodstein et al., 2012) were retrieved. BLASTP, as part of BLAST+
v2.16.0 (Camacho et al., 2009), was used to identify the gene identifiers in the
Phytozome 13 annotation corresponding to the new Helixer annotation. The
BLAST output was processed in R, and gene coordinates, major resistance locus
information, and RGC group assignments retrieved for the new annotation.
Corresponding genes between the two annotations were identified from BLAST
hits with greater than 98% sequence identity and bit scores above 1500. The
same approach was used to retrieve corresponding sequences from the RefSeq
reference annotation of Lsat_Salinas_v11 (GCF_002870075.4).

Cloning, agroinfiltration, and cell death assays

The NRC sequences used in the cell death assays were originally retrieved from
the Phytozome 13 annotation and cross-checked against the Helixer annotation,
with two sequences absent from the latter. Annotated genes were cloned using
the Golden Gate Modular Cloning (MoClo) kit and the MoClo Plant Parts kit. In
brief, coding sequences were synthesized by GENEWIZ as Golden Gate Level
0 pICH41155 modules and subsequently transferred into the binary vector
pICH86988 by BsaI digestion; native BsaI sites in the original sequences were
domesticated as required. In addition to wild-type clones, a D-to-V substitution
within the MHD motif was introduced to generate autoactive versions of the
lettuce NRCs (Adachi et al., 2019a). Verified clones were transformed into
A. tumefaciens strain GV3101 pMP90 for ectopic expression inN. benthamiana.

For the cell death assays, wild-type and nrc2/3/4 N. benthamiana plants
were grown in a controlled environment chamber at 22–25°C with a 16-hour
photoperiod and 45%/65% relative humidity during the light and dark cycles
respectively, at a light intensity of approximately 200 µmol m−2 s−1. Four-
to five-week-old plants were used for agroinfiltration following previously
described methods. The final OD600 of all Agrobacterium suspensions was
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adjusted to 0.5 in infiltration buffer (10 mM MES, 10 mM MgCl2, and 150 µM
acetosyringone, pH 5.6), for both individual expression and co-expression of the
NRC helpers and sensors of interest. Cell death phenotypes were imaged 4–5
days post-agroinfiltration.

Sequence polymorphism and selection analyses

Nucleotide sequences of the NRC genes were obtained with a custom Python
script from a compiled CDS file of the annotated genomes. Codon-based
nucleotide alignments were generated for each NRC helper and sensor
phylogroup using MACSE v2.07 [-prog alignSequences -seq]
(Ranwez et al., 2018). Positive selection tests were conducted on the
resulting alignments using CodeML in PAML v4.10.7 (Yang, 1997). For each
phylogroup (helpers and sensor groups 1, 2, and 3), two site models were
evaluated: M8a (beta + ω = 1) and M8 (beta + ω). Likelihood ratio tests
(2∆L = 2(lnLalternative− lnLnull))were performed comparingM8a againstM8
(df= 1; χ2 critical value 6.63 at the 1% significance level). Sites under positive
selection were identified with the Bayes Empirical Bayes method (Yang, 2005)
under the M8 model, with posterior probabilities greater than 0.95, and the
more stringent 0.99, taken to indicate strong support.

To compare average selective pressure across the NRC subclades, PAML branch
model 2was run in CodeML (model = 2, NSsites = 0, CodonFreq = 2), as-
signing eachof the four subclades its ownω parameter via$1–$4 labels placed at
the most recent common ancestor of each subclade in the rooted tree. This four-
ratio model was tested against the one-ratio model (M0; model = 0) by likeli-
hood ratio test (df= 4). Per-subclade treedS lengthswere obtained by summing
the M0 branch-level dS estimates over the stem and internal branches of each
subclade. The free-ratio model (M1; model = 1) was also run for exploratory
visualization of branch-level heterogeneity and is not used for hypothesis test-
ing; in this model, branches with ω ≥ 10 reflect low synonymous substitution
rates (dS≈ 0) and are flagged as ambiguous rather than as evidence of positive
selection.
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Pairwise nonsynonymous (dN) and synonymous (dS) substitution rates were
estimated for full-length sequences and for the individual CC, NB-ARC, and
LRR domains within each phylogroup using the Nei and Gojobori method
(Nei and Gojobori, 1986). These rates were extracted from the 2NG.dN and
2NG.dS outputs of CodeMLwith a customR script. Figures were generatedwith
the ggplot2 R package (Wickham, 2016).

Chapter 5: Computational structural modeling of NLR
resistosomes reveals structural diversity in plant CC-type
NLRs

Structural modeling and processing

ColabFold v1.5.5 (Mirdita et al., 2022 ; Jumper et al., 2021) was used to
model the NbNRC2 CC-NB-ARC region. The AlphaFold 3 web server
(Abramson et al., 2024) was used to model the CC-NB-ARC domains of 11 NRC
helpers, 10 CC-NLRs, 6 CCG10-NLRs, and 2 CCR-NLRs, in each case with 50 oleic
acid molecules as a proxy for the plasma membrane. The default seed was
set to 1; the NbNRC4c and NbNRG1 hexamers were modeled with seed 11. To
assess reproducibility of the NbNRC2 oligomers, nine additional models were
generated with randomized seed values in addition to the default seed. From
each modeling run only the top-ranked model (model_0) was retained and
processed.

The ipTM, pTM, chain-pair ipTM, and minimum per-chain pTM values were
extracted from the AlphaFold 3 JSON metadata files using custom scripts
and plotted in R. The AlphaFold 3 models corresponding to the cryo-EM
structures of NbNRC2 (PDB 9FP6), AtZAR1 (6J5T), and TmSr35 (7XE0) were
aligned to those structures using the matchmaker function of ChimeraX with
default options (Pettersen et al., 2021). Contact points were extracted from the
AlphaFold structures using the ChimeraX alphafold contacts command
with a distance cut-off of 4.5 Å. All structures were visualized in ChimeraX and
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assembledmanually.

Chapter 6: Using AI-based modeling to distinguish
between Sensor and Helper NLRs

NLR annotation

NLRs were annotated using NLRtracker v1.0.3 (Kourelis et al., 2021)
and InterProScan v5.67-99.0 (Blum et al., 2025). InterProScan did not
annotate an integrated domain in PIK5-NP, contrary to a previous report
(Kourelis et al., 2021); the domain architecture of PIK5-NP was therefore
manually changed from “CNL” to “CONL”, since it contains an HMA domain
between the NB-ARC and LRR domains (Białas et al., 2021). Domain
architectures were visualized with refplantnlR. MADA motifs were analyzed
using the hidden Markov model of Adachi and colleagues (Adachi et al., 2019a)
together with HMMER v3.4 (Eddy, 2011 ) with the --max option.

Curation of NLR sequences

The sequences of the curated NLR pairs were obtained either from RefPlantNLR
(Kourelis et al., 2021) or from NCBI. For the NLR pairs described by Stein
and colleagues (Stein et al., 2018), the protein sequences of Oryza sativa cv.
Nipponbare were downloaded from the accompanying data release. From
those data, NLR pairs that are genetically linked in head-to-head orientation
and belong to distinct phylogenetic clades were extracted. Using DIAMOND
BLASTP v2.1.9 (Buchfink et al., 2015), the corresponding NLR sequences were
identified in the NCBI RefSeq annotation of the rice cultivar Nipponbare genome
(GCF_034140825.1). The best-hit sequences were retained and confirmed to be
genetically linked in a head-to-head orientation. On the basis of the NLRtracker
output, only the CC-NLR pairs carrying a full N-terminal CC domain were kept.
Pair-05, Pair-13, and the sensor of Pair-14 correspond to Pia, PIK5/6-NP, and
Pi-ta, respectively.
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AlphaFold 3 prediction

Using the NLRtracker output, the amino acid sequences from the N terminus
to the end of the NB-ARC domain were extracted. These were modeled with
the AlphaFold 3 web server (Abramson et al., 2024) in both pentameric and
hexameric configurations, in each case with 50 oleic acid molecules and
using three different seed values (1, 2, and 3). For the wheat helper RXL, the
full-length amino acid sequence was used as input owing to its atypical domain
architecture (Guo et al., 2025). For the NLR pairs described by Stein and
colleagues (Stein et al., 2018), the pTM scores of the pentameric and hexameric
configurations were averaged, and the members of each pair assigned as
putative helpers or sensors according to whether their score was the higher or
the lower of the two.

For the lettuce NRC network, the two helpers and 16 sensors were modeled as
hexamers with 50 oleic acid molecules. The first model of each sequence was
generatedwith seed 1 and four further replicates with random seeds. Model con-
fidence values andmetadata were processed and plotted in R.

Statistical analysis and phylogenetics

Welch’s t-test was performed using the ttest_ind function of the SciPy Python
library with the option equal_var = False. The tree of monocot paired NLRs
was built using RefPlantNLR (Kourelis et al., 2021) together with a set of 4,936
NLR proteins from the NLRtracker output of 13 RefSeq proteomes, comprising
two dicot species (Arabidopsis thaliana and Solanum lycopersicum) and eleven
monocot species (Zea mays, Triticum aestivum, Setaria viridis, Phragmites
australis, Phoenix dactylifera, Oryza sativa, Musa acuminata, Lolium perenne,
Hordeum vulgare subsp. vulgare, Brachypodium distachyon, and Asparagus
officinalis) (Toghani and Kamoun, 2024).
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Data and code availability

The harmonized annotation and NLR datasets described in Chapter 2
are openly available on Zenodo and Dryad (Toghani and Kamoun, 2024 ;
Toghani et al., 2025b ; Toghani et al., 2026c). Scripts and derived
data associated with the analyses in Chapters 3–6 are available in the
corresponding publication repositories (Selvaraj et al., 2024 ; Pai et al., 2026 ;
Madhuprakash et al., 2024 ; Toghani et al., 2025a), and the analysis code and
source data for the figures generated for this thesis are archived alongside the
relevant chapters.

Declaration of Artificial Intelligence usage

I usedClaude (Anthropic) to assist in setting up the initial Git repository andLATEX
project structure, document templates, and syntax. I also consulted Claude to
draft preliminary chapter outlines synthesized from my published manuscripts
and PhD progress reports. Over the course of writing, these outlines and the
structure of each chapter were substantially revised, expanded, and refined in-
dependently through my own work. This approach was discussed with my PhD
supervisory committee and complies fully with the University of East Anglia pol-
icy on the use of artificial intelligence in research and thesis writing. A complete
export of all interactive transcripts is openly archived in the accompanying Zen-
odo repository (Toghani, 2026).
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Appendix I: Publications and datasets

During my PhD, I had the opportunity to participate in many projects and con-
tribute to several publications and datasets. This appendix lists the publications
and datasets resulting from this work. Under each entry, I provide a statement
detailing my specific contribution to the project. Entries are arranged by year,
with the most recent listed first.
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