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Abstract

Plant genetic variation can play a key role in shaping eco-
logical communities. Prior work investigated the effects
of coarse-grain variation among plant genotypes on their
diverse arthropod communities. Several recent studies, how-
ever, have leveraged the boom of genomic resources to study
how genome-wide plant variation influences associated com-
munities. These studies have demonstrated that the effects
of plant genomic variation are not just detectable but can
be important drivers of arthropod communities in natu-
ral ecosystems. Field common gardens and lab-based meso-
cosm experiments are also revealing candidate genes that
have large effects on arthropod communities. While we high-
light these exciting results, we also discuss key challenges
to address in future research. We argue that a major hur-
dle lies in the integration of genomic tools with hierarchical
models of species communities (HMSCs). HMSCs are genera-
tive models that provide the opportunity to not only better
understand the processes underlying community change but
to also predict community dynamics. We also advocate for
future research to apply models of genomic prediction to
explore the genetic architecture of arthropod community
phenotypes. We hypothesize that this genetic architecture
will follow an exponential distribution, where a few genes of
large effect, but also many genes of small effect, contribute
to variation in arthropod communities. The next generation
of studies linking plant genes to community dynamics will
require interdisciplinary collaborations to build truly pre-
dictive models of plant genetic and arthropod community
change.
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Introduction

A grand challenge we face today lies in predicting biodiver-
sity change—from genes to communities of interacting species.
Plants comprise the majority of biomass on Earth (Bar-On et al.
2018) and form the base of diverse terrestrial food webs. Genetic
variation provides the raw material for adaptive evolution (Reed
and Frankham 2003) and thus the persistence of plant popula-
tions in the face of environmental change. As such, plant genetic
variation fosters the sustainability of basal resources, which in
turn permits the assembly of multi-trophic interactions. More-
over, genetic differences in the phenotypes of individual plants
can alter ecological interactions with a diverse array of organ-
isms (Whitham et al. 2012). Thus, a major pattern that has
emerged in the past three decades is that plant genetic varia-
tion can substantially influence the diversity, composition, and
multi-trophic structure of their associated communities (Mad-
dox and Root 1987, Fritz and Price 1988, Crutsinger et al. 2006,
Whitham et al. 2006, Keith et al. 2010, Barbour et al. 2016).
Taken together, there is clear evidence that plant genetic vari-
ation can function as a critical lever that maintains biodiversity
in terrestrial food webs.

Here, we review current progress in our understanding and
ability to predict linkages between plant genes and commu-
nity dynamics. We focus on studies in the past 6 years that have
employed novel empirical tools to explore the impact of indi-
vidual plant genes on arthropod communities. We focus on
studies of arthropods because they represent the vast majority
of described terrestrial biodiversity (Grimaldi and Engel 2005).
These studies are showing the way forward, but we highlight
challenges that need to be surmounted in the next generation of
studies to move toward truly predictive models that link genetic
change to community dynamics. We delve little into the appli-
cation of post-genome-wide association study (GWAS) analyses
as the available tools have been reviewed elsewhere (Mortezaei
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and Tavallaei 2021, Zhu and Zhou 2021), and we do not feel it is
the current limiting factor in linking plant genes to community
dynamics. Instead, we focus on approaches for better under-
standing and predicting variation in “community phenotypes”
resulting from genetic changes.

Current Progress

Kagiya et al. (2018) were among the first to use genomic tools
to study how plant genetic variation in natural ecosystems
influences arthropod communities. They used restriction-site-
associated DNA sequencing to characterize the genetic distance
among 85 mature alder trees in a 25 000-ha mixedwood forest in
Japan. For each of these alder trees, they surveyed the commu-
nity of arthropods over a 2-year period. They found that genetic
distance was consistently associated with arthropod commu-
nity dissimilarity in both years. In other words, alders with more
similar genomes hosted more similar arthropod communities.
Importantly, this result held even after accounting for potential
confounding factors such as spatial distance, surrounding tree
community composition, and temporal differences between
arthropod sampling. This work provided strong evidence for
the genetic similarity rule (Bangert et al. 2006) and the role of
plant genetic variation outside of a controlled common garden
setting.

Studies in both the lab and field have used mutants or
gene-silencing techniques to identify the causal role of plant
architecture and defense signaling pathways on arthropod com-
munities (Kareiva and Sahakian 1990, Kessler et al. 2004, Kallen-
bach et al. 2012, Northfield et al. 2012, Schuman et al. 2012,
Adam et al. 2018); however, the community-level impact of
natural variation at specific genes is often unclear (Skovmand
et al. 2018). Sato et al. (2019) demonstrated the causal effect
of natural variation at a single gene on herbivore communities
in the field. They planted 17 phenotypically diverse accessions
of the genetic model plant Arabidopsis thaliana in two com-
mon gardens. Importantly, two of the accessions (Col-0 and
Ler-1) were paired with their respective glabrous mutants (gl1-
1 and gl1-2) that had independent loss-of-function mutations
at the transcription factor gene GLABRA1(GLT) that controls
leaf trichome development. These two accession—mutant pairs
permit a strong test of the causal effect of GLABRAT because
of the different genetic backgrounds of each accession. They
found that damage from leaf-chewing herbivores, and their
abundance, was lower on plants with higher trichome den-
sity, but also on the two natural accessions compared to their
glabrous mutants. While the effect of GLABRAT on herbivore
diversity and community composition was unclear, this effect
could emerge in a different environmental context (e.g. where
the abundance of leaf chewers was naturally higher).

Recent large-scale GWAS have provided compelling evi-
dence for the role of variation at individual genes in shap-
ing insect community diversity and composition. For example,
Barker et al. (2019) conducted a GWAS with a population of
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445 trembling aspen (Populus tremuloides) genotypes in a com-
mon garden to identify the genes governing variation in plant
traits and insect community composition. They identified sev-
eral candidate genes associated with variation in the abundance
or occurrence of several insect species. Notably, they found
that variation at an early nodulin-like (ENODL) transmembrane
protein (Potra001060g09097, A. thaliana homolog AT1G79800)
was associated with variation in insect community composi-
tion. Specifically, they found that aspen genotypes with the C
allele of this ENODL gene generally hosted more insect species,
but were dominated by a leaf galler, aphids, and aphid-tending
ants. This was arguably the first study to link allelic variation at
a plant gene to change in insect community composition.

Similarly, Simon et al. (2024) employed a large-scale GWAS
with hundreds of black cottonwood (Populus trichocarpa)
genotypes from across their native range planted in two differ-
ent common gardens. Similar to Barker et al. (2019), they found
evidence for a number of candidate genes associated with vari-
ation in common leaf-galling and leaf-mining herbivores as well
as the diversity and composition of the insect community. A
notable feature of their work is that they integrated their GWAS
of insect community phenotypes with multiple layers of pub-
licly available -omics data [e.g. metabolites, gene coexpression,
gene methylation, and single-nucleotide polymorphism (SNP)
correlation] to reduce the risk of false positives and thus hone
in on a more reliable set of candidate genes. This analysis treated
each data layer as a line of evidence (LOE) (Weighill et al. 2018),
such that candidate genes that were more highly connected
received higher LOE scores, lending more confidence to the
interpretation of their biological function.

The above work highlights the role of an individual host
plant’s genes in shaping multi-trophic interactions, but what
about the genes of neighboring plants? Sato et al. (2021)
recently developed a novel quantitative tool called NeighborG-
WAS, which is able to quantify the effect of genome-wide vari-
ation of neighboring plants on focal individuals. This approach
has shown that the genomic identity of neighbors leaves a clear,
but polygenic, signal on herbivory and even the number of
species found on focal individuals (Sato et al. 2024). While
the genomic identity of the focal individual appeared to be of
primary importance, the genetic effect of neighboring plants
was far from negligible. Indeed, Sato et al. (2024) combined
NeighborGWAS and genomic prediction tools to identify pairs
of genotypes where the neighboring plants were predicted to
positively affect focal individuals by reducing herbivory. They
confirmed their prediction in a subsequent year (i.e. differ-
ent environmental conditions), proving how their method can
be used to plant genetic mixtures that modify the strength
of plant-herbivore interactions. Moreover, this analytical tool
can also identify the relevant spatial scale at which to quantify
neighbor effects (i.e. nearest neighbors, nearest + next closest
neighbors). Importantly, this method can be readily applied to
most common garden experiments, providing a valuable tool
to fully explore the indirect effects of plant genomic variation.
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Finally, Barbour et al. (2022) provided concrete evidence
for a “keystone gene” that controlled the coexistence of insect
species in a simple experimental food web. Using an array of
mesocosms in climate chambers, they took advantage of three
different mutant lines of A. thaliana in a common genetic back-
ground (Col-0 accession) that mimic natural functional and
loss-of-function mutations in genes that control the biosynthe-
sis of aliphatic glucosinolates in Arabidopsis and many other
Brassicaceae (Katz et al. 2021). They found that allelic variation
at AOP2, a gene that controls the side-chain modification of
aliphatic glucosinolates, controlled the persistence of an aphid-
parasitoid food chain. Importantly, this “keystone gene” effect
was robust to experimental warming of 3°C.

Future Challenges

The last 6 years have ushered in exciting results about the poten-
tial linkages between plant genes and their associated commu-
nities; however, we still lack the ability to predict how genetic
change in plant populations will affect the dynamics of their
associated communities. In the following sections, we highlight
what we think are the major challenges for predictive model-
ing of gene-to-community linkages and give advice on how to
surmount these challenges in future work.

Hierarchical modeling of species communities

All of the reviewed field studies sought to test for a genetic
effect on an aggregate index of an ecological community, such
as species diversity (e.g. richness) or distance-based metric
of composition (e.g. nonmetric multidimensional scaling axis
from the ordination of Bray—Curtis dissimilarities). These aggre-
gate indices may be useful for testing for evidence of gene-
to-community linkages but can also result in misleading con-
clusions. For example, samples from individual trees usually
contain <20 species, less than a hundred individuals total, and
many zeros (Wimp et al. 2005, Barbour et al. 2015, Barker et al.
2018). This situation is exacerbated for smaller plants (Johnson
and Agrawal 2005, Barbour et al. 2019, Sato et al. 2019). In these
scenarios, metrics of species diversity will be primarily deter-
mined by the number of individuals sampled (Gotelli and Col-
well 2001) and dissimilarity indices can exhibit erratic behavior
(Beck et al. 2013, Hardersen and La Porta 2023), making inter-
pretation difficult. Moreover, current distance-based metrics
(e.g. Bray—Curtis dissimilarity) do not account for the mean—
variance relationship that defines species count data, which can
result in misleading conclusions (Warton et al. 2012). Another
limitation of this approach is that it does not allow an explo-
ration of the mechanisms underlying community change or pre-
dictive modeling (Warton et al. 2015, Ovaskainen et al. 2017).
This is because aggregate indices are ultimately determined by
changes in the abundance of multiple species that are often
interacting, a fact that is ignored if an index of species diver-
sity is modeled directly. It would be much more informative
to directly model the changes in multiple species simultane-
ously, with the appropriate statistical distribution, to derive a
prediction of community change.

Fortunately, we have entered a statistical era of commu-
nity ecology where data on the abundances of many poten-
tially interacting species are relatively straightforward to model
and can incorporate a rich variety of biological information
(e.g. functional traits and phylogeny) (Warton et al. 2015,
Ovaskainen et al. 2017). These hierarchical models of species
communities (HMSCs) provide a number of advantages over
traditional approaches (Ovaskainen et al. 2017). For exam-
ple, sparse data from rare species do not have to be dis-
carded and can be naturally modeled (Ovaskainen and Soini-
nen 2011). Appropriate mean—variance relationships for species
abundances can be modeled and assumptions can be checked
with diagnostic tools. Information on species traits (e.g. herbi-
vore feeding guild) or phylogenetic relationships can be readily
incorporated to provide mechanistic insight to drivers of com-
munity assembly. This modeling approach is generative, mean-
ing that it generates predictions at the species, community, or
trait levels, while naturally propagating uncertainty to the level
of the prediction. Importantly, HMSCs can be applied to many
different study designs (e.g. hierarchical, spatial, or temporal)
and many types of data (e.g. presence—absence, counts, or con-
tinuous measurements). In fact, the large-scale common garden
studies previously mentioned (Barker et al. 2019, Sato et al. 2024,
Simon et al. 2024) already collect the type of community data
required for integrating genomic information into HMSCs (i.e.
species absolute/relative abundance or presence/absence data
on genotyped plant individuals). Finally, HMSCs can account
for species interactions in explaining and predicting changes in
species distributions.

Another advantage of HMSCs is that they build from
the mixed modeling framework that forms the basis of
GWAS (Zhou and Stephens 2012). Thus, common statisti-
cal approaches for GWAS can be naturally incorporated into
HMSC, although this has yet to be done in practice. For exam-
ple, the genomic relationship matrix (GRM) among individ-
ual plants can be modeled as a random effect to provide an
estimate of narrow-sense heritability based on SNPs (h%q\p)
of species and community phenotypes (Stanton-Geddes et al.
2013, Speed et al. 2017). If one is willing to assume that only
many genes of small effect underlie the phenotype of inter-
est (i.e. an infinitesimal model, Barton et al. 2017), then this
same model can be used for genomic prediction of genotypes
that have not been phenotyped. Note however that the above
method is mainly applicable for polygenic traits, but will system-
atically underestimate the heritability of phenotypes controlled
primarily by large-effect genes (i.e. monogenic or oligogenic
architecture) (Golan et al. 2014, Speed et al. 2017).

An exciting extension of HMSC is to incorporate information
on changes in species abundances over time. This is a poten-
tially powerful way to infer the interaction matrix A (Novak
et al. 2016), which represents the direct interactions within
and between species in an ecological community (matrix A,
Fig. 1). The interaction matrix can be inferred by modeling how
the log-abundance of a species at a previous time step (i.e.
sampling date or year) affects its own log-abundance and the
log-abundance of other species in the next time step (Ives et al.
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Figure 1. The interaction matrix (A) is arguably the most important theoretical abstraction in community ecology. This matrix captures the
direction (positive or negative) and strength of ecological interactions within and between species in a community. The structure of the interaction
matrix gives important insight to community dynamics, such as community resilience to pulse perturbations (-, (4)) and the net direct
and indirect effects (~A™") of press perturbations on species equilibrium abundances (N*), but by itself is incomplete. Another crucial piece of
information lies in the vector of intrinsic growth rates r of species (i.e. their population growth rates at low density) in the community. Here,
we conceptualize how plant genetic change (SNP X, Y, and Z) results in a press perturbation to herbivore intrinsic growth rates, which alters the
composition of a multi-trophic community of two herbivores (aphids) and a parasitoid wasp.

2003). This multi-species Gompertz model also provides an esti-
mate of species’ intrinsic growth rates (i.e. population growth
rate at low density, Fig. 1) (Ives et al. 2003). This estimated inter-
action matrix has a direct connection to theoretical metrics
of community stability, such as community resilience to pulse
perturbations (lves et al. 2003) and the net change in commu-
nity composition resulting from press perturbations (Barbour
et al. 2022) (Fig. 1). An important advantage of this “inverse”
approach to estimating the interaction matrix, rather than from
direct observations of ecological interactions, is that interaction
strengths are directly linked to fitness, which is rarely (if ever)
the case for traditional ways of building species-interaction net-
works, which limits the ability of traditional networks to make
meaningful predictions. Statistical modeling of the interaction
matrix is challenging, especially in natural environments, but
can be aided by incorporating natural history observations. For
example, direct interactions between species that are implausi-
ble (e.g. an aphid parasitoid attacking a caterpillar) or thought
to be negligible can be constrained to zero before model fitting
(Ives et al. 2003).

Estimating individual interaction matrices for a diverse asso-
ciation panel of plants is likely impossible in practice. However,
it is certainly possible to conduct repeated surveys on a man-
ageable number of plant individuals to quantify the interaction
matrix and species’ intrinsic growth rates in a given location

(e.g. common garden). With this interaction matrix, one can
calculate the net-effects matrix (—~A™"), which represents the
net direct and indirect effects of species on each other (Fig. 1),
from which itis possible to identify putative keystone species or
guilds in the arthropod community. This can be done by sum-
ming the direct and indirect effects of species on each other
and ranking species based on their net effects (described in Berg
etal. 2011). Alternative approaches for identifying keystones are
an active topic of research, especially for microbial community
time series (Berry and Widder 2014, Fisher et al. 2014, Amit and
Bashan 2023, Wang et al. 2024). With this information in hand,
one could do a targeted GWAS of plant genetic effects on the
keystone species of the community. The GWAS will give insight
to how plant genetic change alters the intrinsic growth rate of
the “keystone species,” which in turn gives insight to how com-
munity composition will change (Fig. 1). This is similar to the
approach used by Barbour et al. (2022) to identify a keystone
gene that controlled the coexistence of a simple experimental
food web. Although the experiment of Barbour et al. (2022) was
conducted in a controlled setting, this approach could be done
in the field. A conceptually similar approach has been done to
link plant genomic variation to microbial “hub” species in the
field (Agler et al. 2016, Brachi et al. 2022).

One drawback of HMSC is that it is not currently optimized
for the challenges imposed by other aspects of GWA analyses.
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For example, individual SNPs can be added as a fixed effect to
an HMSC model with the GRM as a random effect to estimate
individual SNP effects (i.e. single-SNP GWA). Although HMSC
is generally computationally efficient (Ovaskainen et al. 2017),
conducting single-SNP GWAS for thousands, let alone millions,
of SNPs would likely impose too much of a computational
burden. This computational burden could be circumvented,
however, by applying single-SNP GWAS to aggregate commu-
nity indices (e.g. diversity metric or position on a community
ordination axis) to first identify candidate genes, followed by
an HMSC model of the identified SNPs to facilitate interpreta-
tion and prediction. This would also provide a useful check as to
the robustness of inference from aggregate community indices,
given that HMSC can appropriately model mean-variance rela-
tionships in the underlying data. A similar approach could be
done with Bayesian alphabet models, where the focus is instead
on estimating the distribution of SNP effect sizes (Gianola 2013).
Alternatively, multivariate linear mixed models that are opti-
mized for GWA analyses (Zhou and Stephens 2014) could be
used, where each species is modeled as a phenotypic trait. This is
essentially an HMSC model as it directly models the underlying
species; however, the assumptions of a linear model are unlikely
to hold with sparse count data. In this scenario, it would be
strategic to log-transform the data, an approach that is valid for
testing for statistical significance (but not prediction) of species
count data that have a Poisson or negative binomial distribution
(Ives and Freckleton 2015).

Genomic prediction of community change

The value added by genomic data will ultimately lie in whether
it is able to predict community change more effectively, and
efficiently, than trait-based approaches. Previous analyses sug-
gested this could be the case, as the inclusion of a wide variety
of plant functional traits (whole-plant architecture, phenology,
leaf primary and secondary chemistry, leaf economic traits, etc.)
routinely failed to fully explain genotypic variation in arthro-
pod communities (Wimp et al. 2007, Barbour et al. 2015, Barker
et al. 2019). We think that implementing GWAS approaches
that attempt to quantify the distribution of SNP effect sizes (e.g.
Bayesian alphabet models), rather than only search for candi-
date genes, should be of equal priority for future research. This
is because genomic prediction tools leverage all of the avail-
able genomic information. The study by Sato et al. (2024) is
encouraging, as it demonstrated the power of genomic predic-
tion to reduce herbivory by planting certain mixtures of plant
genotypes.

Genomic prediction has revolutionized plant and animal
breeding by producing gains in key crop and livestock traits,
shortening the time required for artificial selection, and avoid-
ing regulatory constraints (Meuwissen et al. 2001, Hickey et al.
2017). From a fundamental perspective, genomic prediction
tools would give insight to the genetic architecture of arthro-
pod community phenotypes—an open question in the field of
eco-evolutionary dynamics (Rudman et al. 2018)—which could

also give insight to how plants coevolve in the face of a diverse
arthropod community. From an applied perspective, genomic
prediction could be used to foster biodiversity in breeding pro-
grams of foundation tree species used in forest plantations
and even assisted migration. For example, genomic prediction
has been used in white spruce to identify tree genotypes that
are drought-resilient (Depardieu et al. 2020) as well as those
with increased resistance to spruce budworm (most destruc-
tive insect defoliator in North America), plant growth, and
wood quality (Beaulieu et al. 2020, Lenz et al. 2020), which
could increase the resilience and productivity of white spruce
stands under climate change, and, in turn, associated forest
biodiversity.

Genomic prediction is not without its limitations though.
As its name implies, these statistical models put a primer on
“prediction” rather than trying to identify the underlying causal
structure of genetic variation. In particular, these models rely on
patterns of linkage disequilibrium with causal genes; therefore, if
the pattern of linkage disequilibrium changes due to evolution,
then the predictive power of these models will fail (Yabe et al.
2018). Thus, it is still important to identify the causal genes to
overcome these weaknesses and to be aware of changing pat-
terns of linkage disequilibrium, especially if the population of
interest is evolving rapidly through artificial (e.g. crop breed-
ing) or natural selection. Nevertheless, we feel that integrating
models of genomic prediction with community data have the
potential to give insight to the distribution of effect sizes of
specific genes by leveraging all the available genomic variation.

But what exactly do we expect the distribution of plant gene
effects on arthropod communities to look like? We hypoth-
esize that the genetic architecture of arthropod community
phenotypes will have an exponential distribution. This aligns
with Fisher’s geometric model of adaptation (Orr 1998, 2005)
and implies that the arthropod community is influenced by a
few genes of relatively large phenotypic effect, but also many
of relatively small effect. We expect an exponential distribu-
tion of effect sizes because of the likely mix of different genetic
architectures in traits that influence plant—herbivore interac-
tions. For example, plant growth and leaf-economic traits are
generally determined by many genes of small effect as these
quantitative traits are coordinated by many biosynthetic and
developmental pathways (Vasseur et al. 2018). In contrast, plant
defense traits (e.g. trichomes and specialized plant secondary
metabolites) frequently exhibit both quantitative and quali-
tative variation (Kliebenstein 2017). Qualitative variation (e.g.
presence/absence of specialized metabolites) often results from
structural genomic variation, such as a natural loss-of-function
mutations (Xu and Guo 2020), or through a gene duplica-
tion event followed by the evolution of a new gene function
(i.e. neofunctionalization; Kliebenstein 2009, 2017, Moore et al.
2019, Katz et al. 2021). This qualitative variation is often an
indicator of the presence of a large-effect gene (or structural
variant that is effectively inherited as a single gene) for a specific
phenotype and often modulates the strength of species inter-
actions (Kliebenstein 2017, Sato et al. 2019), and thus it is an



excellent candidate for a keystone gene effect on community
dynamics (Barbour et al. 2022). Moreover, genes coding for
qualitatively different chemotypes may have pleiotropic effects
on other traits, such as plant growth (e.g. growth/defense
trade-off), which could magnify the individual gene’s effect on
multi-trophic interactions (Barbour et al. 2022). Still, given that
both plant growth and defense traits are important in shaping
arthropod community composition (Barbour et al. 2015, Barker
et al. 2019), we hypothesize that an exponential distribution of
gene effects (i.e. few large and many small) underlie variation in
arthropod community composition. Interestingly, an exponen-
tial model aligns well with the escape-and-radiate hypothesis
of plant-insect coevolution (Ehrlich and Raven 1964, Wheat
et al. 2007), where the evolution of a novel plant defense (i.e.
a relatively large effect mutation) would allow the plant to
enter a new adaptive zone early in its diversification. However,
with subsequent herbivore adaptation and increased number of
associated species, coevolution is likely to become more diffuse
(Wise and Rausher 2013) and thus rely on fine-tuned muta-
tions of relatively small effect that are balanced against other
environmental selective pressures.

Conclusions

Ovaskainen et al. (2017) noted that their statistical framework
for HMSC was well suited for asking “if and how the amount and
type of genetic variation influences variation in species occur-
rence, either among species, or in space, or through time,” but
lamented that “for merging perspectives from genes, individu-
als, and communities, the largest challenge is currently in the
lack of appropriate data.” We have entered an era where people
are doing large-scale GWAS in the field and collecting the type
of data that will permit predictive modeling of gene to com-
munity dynamics. While there are certainly challenges to this
integration, we have provided guidance on how to bridge this
gap. Significant advances in studies of eco-evolutionary dynam-
ics will require interdisciplinary collaborations, as the effective
integration of multi-omic datasets and HMSCs requires domain
expertise in research fields that usually do not talk to each other.
We suspect that the research groups that are able to effec-
tively integrate biostructure (McCann 2007) at the genomic
and community level will give fundamental insight to how bio-
diversity is maintained and how we can preserve it into the
future.
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