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Abstract

Host-parasite coevolution is ubiquitous, shaping genetic and phenotypic diversity and
the evolutionary trajectory of interacting species. With the advances of high through-
put sequencing technologies applicable to model and non-model organisms alike, it is
now feasible to study in greater detail (a) the genetic underpinnings of coevolution, (b)
the speed and type of dynamics at coevolving loci, and (c) the genomic consequences
of coevolution. This review focuses on three recently developed approaches that lev-
erage information from host and parasite full genome data simultaneously to pinpoint
coevolving loci and draw inference on the coevolutionary history. First, co-genome-
wide association study (co-GWAS) methods allow pinpointing the loci underlying
host-parasite interactions. These methods focus on detecting associations between
genetic variants and the outcome of experimental infection tests or on correlations
between genomes of naturally infected hosts and their infecting parasites. Second,
extensions to population genomics methods can detect genes under coevolution and
infer the coevolutionary history, such as fitness costs. Third, correlations between
host and parasite population size in time are indicative of coevolution, and polymor-
phism levels across independent spatially distributed populations of hosts and par-
asites can reveal coevolutionary loci and infer coevolutionary history. We describe
the principles of these three approaches and discuss their advantages and limitations
based on coevolutionary theory. We present recommendations for their application
to various host (prokaryotes, fungi, plants, and animals) and parasite (viruses, bacteria,
fungi, and macroparasites) species. We conclude by pointing out methodological and
theoretical gaps to be filled to extract maximum information from full genome data

and thereby to shed light on the molecular underpinnings of coevolution.
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1 | INTRODUCTION

Species interactions are ubiquitous in natural populations. They are
often characterized by interspecific genotype-by-genotype (GxG)
interactions, which can drive evolutionary change in the interacting
species. Coevolution is a well-known example of interspecies inter-
actions that can result in reciprocal evolutionary change. Depending
on the fitness of interacting species, coevolutionary interactions fall
in a continuum between mutualistic (positive/positive), antagonis-
tic (positive/negative), and competitive (negative/negative) interac-
tions. Antagonistic coevolutionary interactions characterized by one
species, the parasite, increasing its fitness at the expense of its host's
fitness, are of particular interest in medicine and agriculture (Brown,
2015; Fitzpatrick et al., 2020; Pflughoeft & Versalovic, 2012). Thus,
field collections, experimental work, and recent advances in se-
quencing technology are continuously contributing to understand-
ing the extent to which hosts (and particularly multicellular plants
or animals) interact with micro-organisms (Fitzpatrick et al., 2020;
Pflughoeft & Versalovic, 2012).

With sequencing advances, a so-far unprecedented amount of
host and parasite genomic data is becoming available. These data
include samples from single and multiple natural populations (includ-
ing humans), at one or several time points or from experimental co-
evolution set-ups (e.g., Andras et al., 2020; Ansari et al., 2017; Frickel
et al., 2018; Retel, Kowallik, et al., 2019). This increasing availability
of genomic data (e.g., Andras et al., 2020; Bartha, 2013; Frickel et al.,
2018; Lees, 2019; Papkou et al., 2019; Retel, Kowallik, et al., 2019)
offers a valuable source of information to address long-standing
questions of host-parasite coevolution and to enhance our under-
standing of antagonistic interactions. These questions include un-
covering the extent to which two species coevolve and the genetic
underpinnings of coevolution, assessing the speed and duration of
coevolution and its genomic consequences, and understanding links
between ecological aspects of coevolution, spatial structure, and
genomic (co)evolution. Note that although we mainly refer to host-
pathogen examples, the outlined principles apply to any type of mi-
cro- or macroparasite or pathogen, and we thereafter use the term
parasite generically.

In this review, we first aim to highlight the coevolutionary and
noncoevolutionary processes driving the genome evolution of hosts
and parasites from a theoretical population genetics perspective.
This allows us to (a) describe the information available in host and
parasite genomic data and (b) explicit the rationale for the analysis of
these data. In doing so, we restrict ourselves to a population genom-
ics perspective, and we do not address genome evolution under co-
speciation (measured by cophylogeny), which results from long-term
macroevolutionary processes (e.g., de Vienne et al., 2013). Second,
we describe how different population genomic methods can foster
our understanding of coevolution. We mainly focus on recently de-
veloped methods that allow for analysing host and parasite genomic
data in a joint framework. Although, we focus on antagonist coevo-
lutionary interactions, the general reasoning and outlined principles
are also applicable to other interspecific interactions characterized

by GxG interactions (e.g., driven by frequency-dependent selec-
tion) such as coevolutionary systems (mutualistic symbioses, plant-
pollinators, or prey-predator interactions) or to host-microbial
populations with conflicts between cooperator and cheater strains.
A substantial advantage of joint genomic analyses over the
conventional single-species methods is to explicitly account for
the reciprocal nature of coevolutionary interactions. Since the de-
velopment of these methods is quite recent, we illustrate their po-
tential applicability on two study systems on which single-species
methods have been previously successfully applied to demonstrate
coevolution: (a) the invertebrate host Daphnia magna and a vari-
ety of parasites, and (b) hosts of the plant genus Silene and several
Microbotryum pathogens. These two host-parasite study systems
are well understood with respect to their ecology, are amenable to
laboratory experiments, and exhibit a wealth of genomic resources.
We suggest that these two model systems are prime candidates for
the application of the presented new joint host-parasite genomic
methods and can be combined with empirical approaches such as
polymorphism analysis, gene expression, and functional validation
of candidate genes. We also discuss the current pitfalls and short-
comings of these new methods and some guidance for experimental
design. We finally conclude by discussing the future developments
needed to improve the analysis of host and parasite genomic data.

1.1 | Dynamics and characteristics of antagonistic
coevolutionary interactions

Antagonistic coevolution results in reciprocal changes in the distri-
bution of traits involved in the interaction (for example, resistance
in host and infectivity in parasite) and the allele frequencies at the
genes underlying these traits (Dawkins & Krebs, 1979; Janzen, 1980).
These changes in trait/allele frequencies span a continuum ranging
from so-called arms-race to trench-warfare dynamics. Under the
arms-race dynamics (Bergelson et al., 2001; Dawkins & Krebs, 1979;
Holub, 2001; Woolhouse et al., 2002) beneficial traits/alleles reach
fixation, while under trench-warfare dynamics (Stahl et al., 1999;
Woolhouse et al., 2002) several traits/alleles persist at intermediate
frequencies over extended periods. The trench warfare dynamics
are either characterized by persistent fluctuations of phenotype/al-
lele frequencies (also called fluctuating selection dynamics) or their
convergence to stable equilibrium values over time.

Deterministic mathematical models of coevolution have been
used to generate predictions on the expected type of dynamics
for hosts and parasites with various life-history traits (e.gAshby &
Boots, 2017; Fenton et al., 2009; Haldane & Jayakar, 1963; Leonard,
1993; Tellier & Brown, 2007). However, the simultaneous action of
stochastic processes within host and parasite populations may cause
deviations from the predicted deterministic outcome (Gokhale et al.,
2013; MacPherson et al., 2021; Schenk et al., 2020; Tellier et al.,
2014). Stochastic fluctuations, such as genetic drift, can drive al-
leles maintained at intermediate frequencies to fixation by chance.
Therefore, theoretical results suggest arms-race dynamics to occur
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under a broader set of conditions than trench-warfare dynamics in
natural populations (Gokhale et al., 2013; MacPherson et al., 2021;
Schenk et al., 2020; Tellier et al., 2014).

In addition to reciprocal changes in trait distributions and al-
lele frequencies, coevolution is also likely to cause population size
changes in both species due to eco-evolutionary feedback resulting
from epidemiological dynamics (Ashby et al., 2019; Gokhale et al.,
2013; May & Anderson, 1983). The underlying principle is that al-
lele frequency change (evolutionary change) affects host and par-
asite fitness and results in changes in population sizes (ecological
change). These changes, in turn, impact the allelic fitness and fre-
quencies and feeds back onto the evolutionary change (Ashby et al.,
2019, Figure 1). Host-parasite eco-evolutionary feedbacks can re-
sult in correlated changes of host and parasite population size over
time. These correlated population size changes are termed as the
codemographic history (Zivkovi¢ et al., 2019). Furthermore, many
host-parasite coevolutionary interactions extend beyond single host
and parasite populations. Rather, single host and parasite popula-
tions are embedded in landscapes with varying extents of homo-
geneity and are connected to other populations by varying levels
of gene flow (Thompson, 2005). The amount of gene flow deter-

mines the extent of synchrony of coevolutionary dynamics between

populations (Sasaki et al., 2002; Tellier & Brown, 2011). In summary,
host-parasite coevolutionary dynamics result in local changes in
phenotypes/allele frequencies and population sizes (Figure 1) and
have a temporal and a spatial component. Note that the coevolution-
ary dynamics and the codemographic history (change in population
size) generally apply to other interspecies interactions with GxG in-
teractions (e.g., example, driven by frequency or density-dependent
selection). Still, the specific conditions for stability or fixation of
trait/allele frequency depend on the system under consideration

(prey-predator, plant-pollinator, etc).

1.2 | How do coevolutionary processes link to
host and parasite genomic data?

From a coevolutionary perspective, host and parasite genomes can
be conceptually partitioned into two loci categories, namely neutral
(regarding coevolution) and coevolving loci (Figure 1). As opposed
to neutral loci, coevolving loci contribute to the phenotypic traits
which are under coevolutionary selection. Hence, coevolution-
ary selection shapes polymorphism patterns at the latter loci (see

Figure 1). In hosts, most genes supposedly do not affect the outcome

#mutations + genetic drift

Parasite
-
Demography Ve
Spatial e Epldgmlo-
structure logical

FIGURE 1 Schematicillustration of coevolution shaping genomic signatures in the host and the parasite. A part of the parasite (host)
genome shown in grey on the top (bottom). Coloured boxes symbolize single loci/genes. Genes involved in the coevolutionary interaction
(such as resistance or effector genes) are coloured in dark blue (parasite) and dark green (host). Neutral loci for the coevolutionary
interaction are in light colours. Coevolution causes allele frequency changes at the interacting loci and shapes polymorphism patterns at and
around the coevolving genes. Coevolution can also involve eco-evolutionary feedbacks due to epidemiological dynamics and hence, host
and parasite population size changes. These population size changes, in turn, will affect levels of genetic drift and the population mutation

rate, both affecting all loci in the genome simultaneously.
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of coevolution, and, thus, their effect can be considered neutral re-
garding coevolution. In contrast, the number of parasite genes that
are not involved in coevolutionary interactions can be small. This
pattern should especially apply to obligate parasites which require
an infected host to complete their lifecycle (Moéller & Stukenbrock,
2017). Coevolving loci can be further classified based on their ge-
netic contribution (major vs. minor) to a coevolving phenotype and
whether they form the genetic basis of qualitative or quantitative
traits. Coevolving loci in the host, include (a) major resistance genes
defining host-parasite qualitative specificity and resulting in a strong
defence response (e.g., nucleotide binding leucine-rich repeat recep-
tors (NLRs) in plants; Stam et al., 2019; or the major histocompatibil-
ity complex (MHC) in animals Ansari, 2017), and (b) minor resistance
genes (Poland et al., 2009) defining the quantitative strength of
host resistance response (Figure 1). Coevolving loci in the parasite
include (a) major genes defining parasite specificity and infectivity,
such as effectors (Torufio et al., 2016), and (b) minor genes defin-
ing the quantitative effect of the infection on host fitness (so-called
virulence in animal/human epidemiology or disease severity/aggres-
siveness in plant pathology) or disease transmission (Figure 1). For
example, while being a crucial parasite quantitative trait, parasite
transmission has its effect superseded by major genes such as ef-
fectors with respect to defining the outcome of the (GxG) interac-
tion with host genotypes. It is noteworthy that additional abiotic and
biotic factors can further shape signatures at coevolving loci. This
relationship is especially true for crops in which resistance to para-
sites can be only an indirect outcome of breeder selection schemes
(Brown, 2015).

Genome-wide stochastic processes such as genetic drift, muta-
tion, recombination, and gene flow between populations (Figure 1)
shape polymorphism patterns at both types (coevolving and nonco-
evolving) of loci. In particular, the amount of genetic drift depends
on population size changes during the coevolutionary interaction.
These population size changes can either directly result from co-
evolution itself (the codemographic history) or processes indepen-
dent of coevolution, such as changes in the abiotic environment or
range expansion. The type and speed of coevolutionary dynamics
(how fast allele frequencies cycle or reach fixation) determines ge-
netic polymorphism at the coevolving loci (Figure 1). It is expected
that arms-race dynamics generates signatures of (recurrent) se-
lective sweeps, whereas trench-warfare dynamics generates bal-
ancing selection signatures (Bergelson et al., 2001; Ebert & Fields,
2020; Holub, 2001; Woolhouse et al., 2002). Signatures of selec-
tive sweeps include locally decreased nucleotide diversity level,
complex patterns of linkage disequilibrium around the site under
selection, and an excess of low and high-frequency SNP variants
relative to the genomic background (Stephan, 2019). Conversely,
balancing selection signatures are characterized by elevated poly-
morphism levels, elevated linkage disequilibrium, and an excess of
intermediate frequency variants (Charlesworth, 2006). However,
Tellier et al., (2014) have shown that these predictions on result-
ing coevolutionary signatures are often too simplistic. First, ge-
netic drift can broadly impact the signatures at the coevolving

loci and render them indistinguishable from noncoevolving loci.
Second, under trench-warfare dynamics, the genetic signatures at
the involved loci depend on the allele frequencies at the expected
theoretical equilibrium state and their proximity to frequency
zero (loss) or frequency one (fixation) (Méarkle & Tellier, 2020).
Overall, trench-warfare dynamics might be relatively uncommon
in natural populations, but if they occur and are long-lived, they
should result in detectable polymorphism signatures of balancing
selection. Moreover, polymorphism signatures of arms-race and
trench-warfare are more likely to be detected in parasite than in
host polymorphism data (Tellier et al., 2014). Selective sweeps and
balancing selection at genes involved in coevolution have been
extensively searched for in several host species (Ebert & Fields,
2020; references therein) and both signatures are found in the
animal host species Daphnia magna (see Box 1), while only selec-
tive sweeps were found in plant-pathogen species of the genus
Microbotryum (see Box 2).

In summary, the polymorphism patterns at different genes/loci
(neutral vs. coevolving) in a genome are differentially affected by
various selective and random processes acting during coevolution
(Retel et al., 2019). This pattern suggests that ideally, the analysis of
polymorphism patterns across different genes/loci should allow for
assigning individual loci to either category (neutral or coevolving).
While performing this assignation, we are specifically interested
in answering three sets of coevolutionary questions: (a) What are
the genetic determinants of coevolution? (b) What are the selec-
tive processes underlying coevolution? (c) Do eco-evo feedbacks
occur, and what is the role of spatial structure in coevolution? So
far, these questions have been mainly addressed by employing
methods originally designed to analyse single species (only one of
the antagonists). In the following, we describe recently developed
methods that jointly analyse host and parasite polymorphism data,
paving the way to answer these questions at finer resolution by
explicitly taking the reciprocal nature of host-parasite interactions
into account.

2 | RECENTLY DEVELOPED METHODS TO
ANSWER COEVOLUTIONARY QUESTIONS

2.1 | Revealing the genetic underpinnings of
coevolution

The first set of questions relates to uncovering the genetic underpin-
nings of coevolution, which includes unravelling the molecular basis
of coevolution and counting the number of genes involved. Due to
the relevance of these questions for medicine and plant and animal
breeding in agriculture, the molecular mapping and study of the
genes underlying host-parasite interactions have several decades of
history and started with classic genetics (mutant screen) and quanti-
tative genetic approaches (trait mapping). With the advance of next-
generation sequencing methods, it has become possible to pinpoint
the genes underlying resistance or infectivity phenotypes using
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BOX 1 Evidence for coevolution in Daphnia and
parasite species

The small crustaceans of the genus Daphnia and its parasites
are a handy empirical model for understanding coevolution-
ary dynamics (Ebert, 2008). The species D. magna is host to
a broad taxonomic range of pathogen systems, including
microsporidians (Ordospora colligata and Hamiltosporidium
tvaerminnensis; Haag et al., 2019), bacteria (Pasteuria ramosa;
Bourgeois et al., 2017), and viruses (Daphnia Iridovirus-1;
Toenshoff et al., 2018). Interestingly the spectrum of co-
evolutionary signatures, from trench warfare/balancing
selection (P. ramosa) to arms race/selective sweeps (H. tvaer-
minnensis), have been discerned in the host's genome.
Routtu and Ebert (2015) used an F2 mapping panel to iden-
tify distinct quantitative trait loci (QTL) underlying resist-
ance of D. magna to the microsporidian H. tvaerminnensis.
Cabalzar et al. (2019) showed a distinct quantitative ge-
netic signature of selection in the host arising from the co-
evolutionary process with H. tvaerminnensis. The long term
coevolutionary process of microsporidia and host spe-
cies shows a general pattern of genome reduction in the
parasite (Wadi & Reinke, 2020; but see Haag et al., 2019),
though published research has not yet localized a distinct
genomic region associated with infectivity or virulence in
the genome of these parasites.

In contrast to microsporidian parasites of D. magna, the
sterilizing bacterial pathogen P. ramosa has yielded distinct
signatures (trench warfare and arms race) of the coevolu-
tionary process in both host and parasite genomes. Analysis
of F2 mapping panels by Luijckx et al., (2013) and Bento
et al,, (2017) suggested a matching-allele model (MA) that
determines the resistance of D. magna to P. ramosa infection.
Routtu and Ebert (2015) identified a distinct QTL responsi-
ble for resistance to some strains of P. ramosa, and Bento
et al., (2017) revealed that the genetic basis of host resist-
ance is determined by a supergene region which varies in size
from about 60 to 120 kbp, including annotation enrichment
for fucosyltransferases and uncharacterized protein. more
recently, Andras et al., (2020) applied a GWAS approach de-
veloped for bacterial genomes (Collins & Didelot, 2018), to
identify a distinct Pasteuria collagen-like gene (PCL) respon-
sible for infection of specific host genotypes. A GWAS by
Ameline et al., (2021) and a QTL study by Bento et al., (2020)
identified two novel additional, chromosomally distinct,
genomic regions of the D. magna genome which determine
resistance to other P. ramosa strains. Furthermore, while
within chromosome epistatic interactions were already sug-
gested in order to understand host resistance to P. ramosa,
Ameline et al., (2021) and Bento et al., (2020) showed that
among chromosomal interactions are involved in determin-

ing the resistance of D. magna to distinct strains of P. ramosa.

BOX 2 Coevolution at quantitative traits in the
spatially structured Silene - Microbotryum system

Another well-documented host-parasite system is the spe-
cies complex ofare anther-smut fungi, Microbotryum spp.,
castrating their Silene sp. hosts. Anther-smut fungi are
highly specialized on their Silene host. There is accumulating
evidence for a complex genomic basis of the Microbotryum-
Silene coevolution involving many minor loci and noticeably
the absence of major gene-for-gene loci. Genome scans of
selective sweeps within populations of M. lychnidis-dioicae
and M. silenes-dioicae detected a recent signature of posi-
tive selection (selective sweeps) in effector genes (Badouin
et al., 2017). The number, localization, and presence/ab-
sence polymorphism of the detected genes differed among
the two studied Microbotryum species, suggesting different
coevolutionary dynamics intensities (Badouin et al., 2017).
Gene expression analyses of Microbotryum strains in planta
versus in vitro further revealed that those candidate genes
are differentially expressed and probably involved in the
specialization and coevolution. However, functional valida-
tion of these candidate genes is still missing. Genomic data
at the population level for the Silene host are also still lack-
ing, because of the large size of the Silene genome (2.8 Gb,
Krasovec et al., 2018). However, extensive population ge-
netics analyses using microsatellite markers of S. latifolia,
S. nutans and S. dioca species provide a first glimpse into
the coevolutionary processes in the genus (Feurtey et al.,
2016; Hartmann et al., 2020; Martin et al., 2017). The re-
cent combination of microsatellite data from population
samples of both the host and Microbotryum species shows
congruence of the population spatial genetic structure be-
tween the Silene and Microbotryum, even when correcting
for isolation by distance (Feurtey et al., 2016).

Additionally, it is also of interest to understand the link
between coevolution and specialization/divergence by
comparing different plant hosts (Silene sp. or Dianthus sp.)-
Microbotryum system. Whereas strict host specialization
is often the rule on Silene species (Hartmann et al., 2020),
Microbotryum shows broader and overlapping specialties
on Dianthus hosts (Petit et al., 2017). Comparing patterns
of coevolution in the two host genera and taking into ac-
count the host and the pathogen's demographic history,
remain challenging but exciting avenues to unravel the

genomic bases of coevolution in this multispecies system.

genome-wide association studies (GWAS). GWAS methods quantify
the statistical correlation between genetic markers (biallelic single
nucleotide polymorphism, SNPs) and a trait of interest (e.g., level of
infection) in a sample of individuals. Several GWAS have revealed
the genetic variation underlying resistance and disease susceptibility
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in hosts (Bourgeois et al., 2017 in Daphnia magna; Nemri et al., 2010
in Arabidopsis thaliana) or infectivity in parasites (Saur et al., 2019
based on transcriptome data). Note that the system of Daphnia
magna and its parasites has been particularly well studied (Box 1).
However, MacPherson et al., (2018) showed that coevolutionary
dynamics, namely, temporal changes in allele frequencies, alter the
measured allelic effect sizes in single-species GWAS, thus decreas-
ing their statistical power.

Two new types of GWAS take advantage of the increasing si-
multaneous availability of host and parasite genomic data. The over-
all idea is to perform an association study incorporating host and
parasite single nucleotide polymorphism (SNP) data (obtained via
genomic sequencing or transcriptomics data). The statistical regres-
sion is built either on measures of a phenotypic trait in experimental
infections (we term this as experimental co-GWAS) (Figure 2a) or on
observing parasite strains associated with a given host genotype (we
term this as natural co-GWAS) (Figure 2b).

2.1.1 | New methods using joint genome analyses:
Experimental co-GWAS

To overcome the shortcomings of single-species GWAS, MacPherson
et al., (2018) laid down the foundations for a new type of GWAS that
simultaneously incorporates host and parasite genetic information.
The principle of the co-GWAS is to separate the variance in infection
as the combination of parasite genotypes, host genotypes, and the
GxG interactions. Along with the challenge of obtaining genetic in-
formation of both species, co-GWAS is computationally demanding
as itinvolves a large number of pairwise comparison of host-parasite
genome data. Using a rather simplified two-species co-GWAS
scheme, MacPherson et al., (2018) could estimate allelic effect sizes
that are robust to reciprocal changes in allele frequencies and thus,
boost the amount of phenotypic variance explained compared to
single-species GWAS. Wang et al., (2018) introduced a full co-GWAS
method (analysis with a two-organism mixed model [ATOMM)]),

(a) Experimental co-GWAS

(b) Natural co-GWAS

n=1 n=2 l
e e e °
°o@ o °e@ °
n=3 n=4
> N
o>
n=1 l n=2
n=3 n=4

repetitions

(d) Time-sampled data

FIGURE 2 Different types of host-parasite coevolutionary experiments or natural study generating host and parasite genomic

data. Single host genetic/genomic sequences are shown in grey, and parasite sequences in blue. lllustrations are for two different host
phenotypes/genotypes (light green and dark green) and two different parasite phenotypes/genotypes (triangles and circles). (a) In an
experimental co-GWAS several host individuals are experimentally infected with distinct parasite individuals in controlled conditions. For
each infection, there is a measure of the resulting infection phenotype (such as the size of lesions, strength of hypersensitive response), and
host and parasite individuals are sequenced. (b) In natural co-GWAS, host sequences and parasite sequences are obtained for infected host
individuals and analysed in a pairwise manner (all pairs of host and parasite sequences). (c) Repeated laboratory coevolutionary experiments
start from the same initial conditions, and several samples of hosts and parasite sequences are obtained from each repetition at a particular
time point. (d) In a time-series coevolutionary experiment, coevolutionary interaction conducted in controlled conditions is followed over

time, and host and parasite samples taken at a series of time points.
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which takes the reciprocal nature of host-parasite interactions into
account. The ATOMM method requires phenotypic data measured
for each host-parasite pair in a controlled infection experiment and
the corresponding genome-wide host and parasite genotype data
(can also be used with a high-density SNP array). The co-GWAS uses
a two-way mixed-effects model that incorporates the effects of host
and parasite genetic variants and their interaction as fixed effects.
To address population structure, three different genetic relatedness
matrices are added as random effects to the model. These matrices
include one for the host, one for the parasite, and one capturing the
additive-by-additive polygenic interaction effects between the host
and the parasite. The method, developed with bacterial pathogens
in mind, can deal with different genetic variants, namely SNPs or
presence/absence polymorphism. The method is also generalized
for multi-allelic variants (Table 1). The ATOMM method is applica-
ble to phenotypic traits that are multivariate normal or binomial-like
traits (the trait can fall into one of several discrete categories). It is
possible to either marginally map the trait to the host genome, the
parasite genome, or perform an interaction test between host and
pathogen variants. The authors tested their method by performing
an experimental co-GWAS in the Arabidopsis thaliana-Xanthomonas
arbicola plant-pathosystem. A total of 130 inbred A. thaliana ac-
cessions from the 1001 genomes project were infected with 22 X.
arbicola strains and quantitative disease resistance was measured
as a response trait. Wang et al., (2018) showed the existence of
host-strain-specific quantitative resistance and a suggestive lack of

broad-spectrum quantitative disease resistance against X. arbicola.

2.1.2 | New methods using joint genome analyses:
Natural co-GWAS

Natural co-GWAS have been proposed to study samples from natural
populations where it is not possible to perform genotype by geno-
type (GxG) infection experiments, but in which the sequence data of
infected host individuals along with the infecting parasite strain can
be collected simultaneously (such as data of infected human patients)
(Bartha, 2013; for an illustration see Figure 2 in Bartoli & Roux, 2017).
The underlying idea is that the experimental infection has been per-
formed by nature, so to say. Computation of the statistical asso-
ciation for all pairs of biallelic host SNPs and biallelic parasite SNPs
found in the samples follows. This association is analogous to an “in-
terspecies linkage disequilibrium” (a concept first proposed in Fenton
et al., 2009; and lately in Ebert & Fields, 2020). Note that we prefer
the term "interspecies association" or “cross-species association” to
avoid confusion with the intraspecies genomic linkage disequilibrium.
Specifically, the co-GWAS methods compute the statistical associa-
tion of each pair of host and parasite alleles, assuming the parasite
allelic state as the logistic regression variable (Ansari, 2017). A graphi-
cal representation highlighting the significant SNP associations of
such genome-to-genome comparisons can be found in Ansari (2017).

To our knowledge, three studies have been conducted so far on
human hosts and the genomes of successfully infecting (a) HIV-1

(Bartha, 2013), (b) hepatitis C (Ansari, 2017), and (c) pneumococ-
cal meningitis (Lees, 2019) strains. The pioneering study by Bartha
(2013) combined sequences of 1,071 human genomes and the cor-
responding HIV-1 strains, aiming to map the host genetic pressure
on the HIV-1 genome. As expected, the strongest association signal
is obtained between human SNPs tagging HLA class 1 alleles and
viral mutations in their corresponding CTL (cytotoxic T lymphocytes
which kill infected cells) epitopes, thus validating the power of such a
pairwise comparison analysis. Different regions previously unknown
to have any impact on the interaction were also identified. Similarly,
the association between 601 HCV-infected patients and the hep-
atitis C virus showed that the viral polymorphism is strongly asso-
ciated with the immune system's human gene components (Ansari,
2017). Note, however, that viruses (such as HIV and HCV) have
comparatively small genomes, and it becomes challenging to per-
form natural co-GWAS on bacterial genomes (such as Streptococcus
pneumoniae, the causal agent of pneumococcal meningitis) because
of a large number of comparisons which hinders the detection of
significant associations after correcting for multiple testing (such as
a Bonferroni correction). To overcome this challenge, Lees (2019)
defined pneumococcal lineages and tested the association between
pathogen lineages (transformed as a bi-state genotype) and given
host genotype.

These studies of human diseases based on clinical samples
demonstrate the power of natural co-GWAS to understand better
the genomic factors that control infectious diseases and success-
fully locate previously unknown genomic regions associated with
the disease outcome (as expected by Bartoli & Roux, 2017). These
studies also highlight the statistical advantage of using parasite
genomic variation as a response variable (in the GWAS statistical
framework) to identify human genes of interest rather than con-
ventional clinical outcome measures (resistance to infection, clinical
presentation, disease progression, or death). The latter are complex
phenotypic outcomes resulting from multiple interactions between
multiple host genes and parasite genes influenced by other phys-
iological processes. However, note that natural co-GWAS do not
detect coevolution in the strict sense, but as all GWAS, detect statis-
tical associations at the polymorphism level. Therefore, natural co-
GWAS based on present-day data most probably reveal adaptation
of viruses and bacteria to the current human population diversity
as these parasites have a much shorter generation time than their
human host. As a result, it remains unclear whether the identified
human genes in these studies have evolved in response to the stud-
ied diseases (HIV, HCV, meningitis) or are polymorphic due to neu-

trality, diffuse coevolution, or other selective factors.

2.1.3 | New methods using joint genome analyses:
Association indices

As an addition to natural co-GWAS, two cross-species association
indices have been developed based on pairwise comparison of host
and parasite SNPs, using randomly chosen infected (along with their
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parasites) and noninfected hosts (Méarkle et al., 2021) (here randomly
implies an unbiased sample of the coevolving populations). These in-
dices measure the degree of association between allele frequencies
in the host (infected, noninfected and both types) and allele frequen-
cies in the parasite samples, mirroring measures of linkage disequi-
librium in population genetics. Therefore, the authors can derive the
theoretical expectations for the distributions of these association
indices based on the theoretically expected allele/site frequency
spectrum from population genetics (while the expected statistical
power is not easily predictable for co-GWAS). This study indicates
that the power of association indices, and by extension of natural
and experimental co-GWAS, to reveal genes under coevolution var-
ies in time, depends on the type of coevolutionary dynamics, and
is maximum when the alleles are at intermediate frequencies. Thus,
coevolving loci are more likely to be detected under (long-term)
trench-warfare than under the arms-race dynamics. Furthermore,
obtaining time samples improves the statistical power of these in-
dices in particular, and most likely of all co-GWAS methods, as they
capture the temporal fluctuations in allele frequencies at the coevo-
lutionary loci (Markle et al., 2021). The association indices do not re-
place co-GWAS to pinpoint loci under coevolution, but allow to link
the results of co-GWAS with the theoretical models of coevolution
and thus could be used for statistical inference of coevolutionary pa-
rameters at significant pairs of associated SNPs found in co-GWAS
(Markle et al., 2021).

These results have implications for the experimental design of
co-GWAS. As the genes underpinning coevolution revealed by co-
GWAS are more likely to be those under trench warfare dynamics,
it is desirable to study host-parasite systems where the effect of ge-
netic drift is relatively weak (Tellier et al., 2014). We, thus, advise
the construction of a panel of samples from the whole species range
rather than small local populations (e.g., the 130 A. thaliana sample
panel, Wang et al., 2018). The rationale is that if coevolution is per-
vasive in space, trench warfare dynamics are more likely to occur
and be long-term in a large spatially structured population with a
large effective population size. Conversely, revealing genes under
arms-race dynamics requires one to obtain samples from several in-
dependent populations that are asynchronous in their coevolution-
ary process (e.g., Haag et al., 2019). Further, it is crucial to keep in
mind that co-GWAS can only pinpoint genes under coevolution if
they are polymorphic, a state which is only transiently observable
under arms race dynamics. Finally, we also point out that for par-
asites with large genomes (bacteria, Plasmodium, fungi), there is a
need to reduce the dimensionality of the data set by defining lin-
eages based on relatedness to avoid high false-negative rates (due to
corrections for multiple testing). However, defining parasite lineages
becomes probably problematic for sexually reproducing parasites
(Plasmodium, some fungi) due to intragenomic recombination. In the
latter case, we suggest regrouping parasite strains based on their
genetic relatedness as measured by population genomic clustering
methods (e.g., PCA, Structure, Admixture, DAPC). Finally, we note
that the sample sizes in the natural co-GWAS performed on human-
parasite systems (Ansari, 2017; Bartha, 2013; Lees et al., 2019)

are large (several thousand) and obtained at a single point in time.
However, Mirkle et al., (2021) predict that few hundreds of samples
at one-time point (on the order of sample sizes in Wang et al., 2018)
might be enough to obtain adequate statistical power. It is also pre-
dicted that the statistical power of co-GWAS would be increased if
samples are available at several time points. This expectation implies
that natural and experimental co-GWAS approaches are not mutu-
ally exclusive, and for ad hoc systems (e.g., Daphnia magna), it would
be highly interesting to perform both simultaneously to assess the
influence of environmental variation on the outcome of coevolution.
However, as it may be difficult for many natural systems to obtain
many samples, an alternative would be to obtain hundreds of sam-
ples widespread in space and time (over several years). We note that
such extensive sampling is short to be readily available for the host-
parasite systems presented in Boxes 1 and 2. Using an experimen-
tal co-GWAS approach, we suggest studying crop coevolution with
pathogens by using comparisons between multiple crop varieties
and multiple parasite strains obtained across different locations and

across different years.

2.1.4 | Inferring the selection pressure underlying
coevolution

The second group of questions is related to the speed, timing, and
attributes of coevolution. Here, the aim is to understand (a) the type
of coevolutionary dynamics at the different genes (trench-warfare,
arms-race), (b) which species is ahead in the coevolutionary dynam-
ics, (c) if coevolution between a pair of species is strict (i.e., one host
and one parasite) or diffuse (i.e., including several species), and (d)
since when the two species have been coevolving. Only a few meth-
ods exist to answer these questions as they require statistical infer-
ence of the coevolutionary selective pressures at the coevolutionary
loci.

Population genomics studies aim to (a) scan the genomes for
genes under positive or balancing selection, and (b) draw a statisti-
cal inference of the past reciprocal selective history. Genome scan
methods, applied to either host or parasite data (Ebert & Fields,
2020 and references therein), can be used to detect genes with sta-
tistically significant signatures of selection compared to the genomic
average while accounting for the population's past demographic
history (Stephan, 2019). These methods usually make use of any of
the following properties: the distribution of SNPs (frequency-wise
and spatially along the sequence), patterns of linkage disequilibrium,
the number of substitutions compared to an outgroup species, and
the ratio of nonsynonymous to synonymous substitutions. However,
variation in recombination rates along the genome, confounding ef-
fects of past demography (e.g., severe bottlenecks, admixture, pop-
ulation expansion, etc), or strong genetic drift can limit the detection
of selection signatures (e.g., Stephan, 2019). These factors may ex-
plain the fact that, despite genome scans for positive or balancing
selection being conducted chiefly on wild host or wild parasite spe-
cies (Boxes 1 and 2), on crops and their pathogens or humans and
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their parasites, there are still few documented and demonstrated
host-parasite pairs of truly coevolving genes (with complementary
gene expression and functional studies of the candidate genes, see
reviews in Ebert & Fields, 2020; Méller & Stukenbrock, 2017; Petit-
Houdenot & Fudal, 2017).

2.1.5 | New methods using joint genome analyses:
Inference of coevolution at coevolving loci

To go beyond mere genome scans for selection and to make use of
methods designed to infer the amount of selective pressure, Markle
and Tellier (2020) assessed the amount of information on the pa-
rameters underlying the coevolutionary interaction that can be
retrieved from host and parasite polymorphism data by means of
approximate Bayesian computation (ABC). ABC is a computational
method using so-called summary statistics of the data set (observed
and simulated) to estimate posterior probabilities of models or pa-
rameters of interest when likelihood calculations are intractable
(Csilléry et al., 2010; Sunnaker et al., 2013). Therefore, an extensive
number of simulations are run with the parameter values of the un-
derlying model sampled from prior distributions, which summarize
the current (prior) knowledge. A rejection step retains all simulations
for which the summary statistics fall within a certain distance to the
observed data's summary statistics. The retained simulations are
used to estimate a posterior probability for each competing model
(model choice) or generate a posterior distribution for the param-
eters of interest (Csilléry et al., 2010; Sunnaker et al., 2013).

The ABC in Mérkle and Tellier (2020) uses polymorphism data
of repeated host-parasite coevolutionary experiments (Figure 2c)
to account for the effect of genetic drift on the resulting genetic
signatures. It assumes that sequences or SNP data of a sample of n
hosts and n parasites are obtained for each of r-repetitions of a co-
evolutionary experiment (resulting in r x n samples for each species).
Population genetics statistics (e.g., based on the site frequency spec-
trum (SFS), etc) are calculated separately for each repetition of the
host and parasite sequences and then averaged over r-repetitions.
These averaged population genetics statistics constitute the set of
summary statistics used in the ABC.

The ABC model choice is used to distinguish pairs of coevolving
host and parasite loci from pairs of neutral (noncoevolving) loci. Some
scenarios have high model choice accuracy, which decreases when
either the equilibrium frequencies under trench-warfare dynamics
are too close to the boundaries (i.e., allele frequency of zero or one)
or when alleles get rapidly fixed under arms-race dynamics. In a sec-
ond step, inference of parameters of the past coevolutionary history
(fitness costs) takes place. The best inference results when jointly
using host and parasite summary statistics rather than only using
either of those. This result is consistent with host allele frequencies
and hence, the resulting sequence data, being informative on the
parasite parameters and vice-versa (Markle & Tellier, 2020; Tellier &
Brown, 2007; Tellier et al., 2014). In general, the parameter estima-
tions are more accurate when coevolution follows trench-warfare

dynamics and when data from more repetitions are available (a min-
imum of 10). This dependency highlights the need to account for
genetic drift when developing new methods to analyse host-parasite
coevolution. Sample sizes of at least n = 50 for each species are ad-
visable. Finally, identifiability issues arise when distinct parameter
combinations result in similar coevolutionary dynamics, and hence,
the inference accuracy decreases.

In summary, the study by Markle and Tellier (2020) demonstrates
the potential to infer information on the past coevolutionary history
(fitness costs) by jointly using host and parasite polymorphism data
at the coevolving loci in an ABC framework. This method could be
applied to sets of host and parasite candidate genes obtained by se-
quence capture (e.g., Stam et al., 2019 for NLRs in tomato) and opens
the door for further methodological developments. Yet, the method
is so far only tested for two theoretical models of coevolution at
major genes under the simplifying assumptions of constant host and
parasite population sizes, assuming data from repeated coevolution
experiments (e.g., microcosm experiments) and that the same loci
drive the interaction across all repetitions. Due to these theoretical
shortcomings, the approach may not yet be applicable to many host-
parasite systems. The method is currently further developed to infer
coevolution across multiple (more or less synchronized) populations
instead of using multiple repetitions. It may be possible in the future
to apply an extended version of this joint inference method to full
genome data of D. magna and its parasites and on the Microbotryum
- Silene systems for which the spatial structure is known, and sev-
eral populations have been sampled, and their genomes are avail-
able (Boxes 1 and 2). Finally, current inference approaches can be
improved and made more widely applicable by recent progress in
population genomics, such as more efficient and flexible forward-
in-time simulators (e.g., Haller & Messer, 2019) and machine learning
methods (e.g., Sanchez et al., 2020).

2.1.6 | Further applications: Towards joint genome
analyses in experimental coevolution studies

Genome-wide data of hosts and parasites can also be obtained from
controlled laboratory coevolutionary experiments of systems with
very short generation times (bacteria and phage, C. elegans and
virus, algae, and microparasite) (Frickel et al., 2018; Hall et al., 2011;
Papkou et al., 2019; Retel, Kowallik, et al., 2019). Sequencing of host
individuals and parasite strains occurs at the beginning, during, and
at the end of the coevolutionary experiment, which consists of re-
peatedly following the evolution of hosts exposed to the parasite
and hosts evolving without parasite pressure (Figure 2c). These stud-
ies aim to decipher the genetic bases of coevolution. The power of
these studies depends on the length of the experiments (how many
generations) but also and chiefly on the (a) amount of genetic drift,
(b) mutation rate, (c) recombination rate, and (d) host and parasite
genetic diversity present at the onset of the experiment. Similarly
to a GWAS, genes potentially underlying coevolution are those
with aberrant SNP/allele frequency changes when coevolutionary
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replicates are compared to host-only replicates (Frickel et al., 2018;
Papkou et al., 2019; Retel, Kowallik, et al., 2019). Large host and
parasite population sizes, which can arise if recurrent bottlenecks
due to the in vitro multiplication rounds and eco-evo feedbacks are
not too severe, can favour selection over genetic drift and the oc-
currence of mutations upon which selection can occur (Frickel et al.,
2018; Hall et al., 2011; Retel, Kowallik, et al., 2019). On the other
hand, for species with limited population sizes and mutation rates,
it is more efficient to start the experiment with large genetic di-
versity (Papkou et al., 2019). Thus far, analysis of host and parasite
genome data are usually performed independently, so there is no
specific statistical inference of the coevolutionary process. In addi-
tion to replicates, these controlled coevolutionary experiments also
provide time samples of the coevolutionary process (Figure 2c and
2d). Hence, natural co-GWAS and association indices can, in princi-
ple, be applied to experimental coevolution studies on individuals at
the end of the experiment. Nonetheless, it is often difficult in such
fast-evolving and microscopic organisms to clearly define and isolate
infected or noninfected single host individuals and the correspond-
ing parasite strain (Hall et al., 2011; Retel, Kowallik, et al., 2019). We,
therefore, speculate that natural and experimental co-GWAS would
more likely be possible in the C. elegans system (Papkou et al., 2019),
where it is possible to identify infected individuals, though the host
sample size may be too small.

2.2 | Eco-evo feedbacks and spatial structure:
Insights from genomics

All previous methods and theories are built on the simplifying as-
sumptions of constant population sizes and a host-parasite pair co-
evolving in a single population. The third group of questions links
ecological aspects of coevolution and spatial structure of host and

parasite populations with their genomic evolution. We would like to

(a) Long-term demographic history

(b) Short-term epidemiological
population size changes

(a) know if eco-evo feedbacks and codemographic history are ob-
servable in the genome data, (b) reveal if coevolution is spatially con-
fined to single populations or occurs over the whole species ranges,
(c) assess if a species is locally adapted/maladapted to its antagonist,
and (d) understand the influence of spatial heterogeneity on coevo-
lution. Answering these questions requires intensive sampling of

whole-genome data in space and time (time samples, see Figure 2d).

2.21 | New methods using joint genome analyses:
Inference of codemographic history

An interesting characteristic of many strict host-parasite interac-
tions is the parasite's dependency on the host for its reproduction,
constraining the parasite population size. Therefore, host and para-
site population size changes in time may not be fully independent.
Thus, inferring historical changes in population size may contain
information on the coevolutionary process. We define this corre-
lation in population sizes as the codemographic history (Zivkovi¢
et al., 2019). Codemographic changes can occur on two different
time scales (long-term vs. short-term) and be due to two distinct
mechanisms (one-sided vs. reciprocal codemographic history)
(Figure 3a and Figure 3b). First, long-term changes (thousands of
generations) in host population size possibly drive changes in the
parasite population size (Hecht et al., 2018) (Figure 3a). Long-term
correlations in population sizes can be, for example, due to the ex-
pansion of the host population, for example, when colonizing new
habitats. This correlation can result in a subsequent expansion of
the parasite (as speculated in Hecht et al., 2018). Thus, this type of
change can be defined as one-sided as changes in host population
size initiate them. Second, eco-evolutionary feedback due to epi-
demiological dynamics potentially generates short-term changes
(few hundreds of generations) in host and parasite population

sizes, termed as the reciprocal codemographic history in Zivkovié¢

(c) Host and parasite data from
several populations

40000

30000

20000

10000

Effective population size N,
Effective population size N,

T T T T
10° 104 10° 106 50

years before present time

150

FIGURE 3 Codemographic history and spatial structure as fundamental mechanisms resulting from or shaping the coevolutionary history.
(a) The correlation between the long-term demographic history of the host (grey) and parasite (blue) can be indicative of a tight interaction
between the host and the parasite (one-sided codemography). (b) Short-term population size change due to eco-evolutionary feedback can
result in detectable signatures in the genome wide SFS (reciprocal codemography). (c) Data from several populations connected by gene flow

can elucidate host-parasite coevolution's spatial context.
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et al., (2019) (Figure 3b). Recent studies show that correlated host
and parasite population size changes on both timescales can be in-
ferred based on full-genome SNP data (Hecht et al., 2018; Zivkovic
et al., 2019) (Figure 1).

Hecht et al., (2018) developed an add-on to inference methods
based on the sequentially Markovian coalescent (SMC) to detect
correlations between host and parasite population sizes due to the
long-term one-side codemographic history. SMC methods are used
to reconstruct genealogies along the genome and infer the past de-
mographic history (Li & Durbin, 2011; Sellinger et al., 2020). The
genealogies and transitions between genealogies along the genome
due to recombination allow for estimating the hidden states of the
model, which are the piecewise constant population sizes in time.
Hecht et al., (2018) tested for correlations between these size es-
timates independently obtained for the host and the parasite pop-
ulations (Figure 3a). However, one can argue that this approach is
presumably too simplistic. Even if hosts increase their range, the
habitat may not be suitable for pathogens, so pathogen expansion
is uncertain. One further key issue is that the estimate of effective
population size in time-based on SMC methods depends on many
factors such as population structure, changes in the reproduction
mode, and habitat variation. Effective host population size is further
affected by changes in host selfing-rate or seed banking (Sellinger
et al., 2020) which do not necessarily change host availability for
the parasite. In this regard, the method of Hecht et al., (2018) is in-
complete and should be further investigated and tested for more
complex scenarios of one-sided codemographic history.

Population size changes resulting from the reciprocal codemo-
graphic history (due to eco-evolutionary feedback) are too fast to
be captured by a coalescent approach. However, Zivkovi¢ et al.,
(2019) have shown that changes in the genome-wide distribution
of allele (SNP) frequencies between time samples during coevolu-
tionary dynamics can be informative on host and parasite popula-
tion size changes. They also demonstrated that the changes in the
SFS are only observable if the population sizes are small enough at
the start of the coevolutionary dynamics. In most eco-evo host-
parasite coevolutionary models (Ashby & Boots, 2017; Ashby et al.,
2019; Gokhale et al., 2013; Zivkovié et al., 2019), the parasite popu-
lation exhibits more severe size variations over time (recurrent bot-
tlenecks) than the host population. Such drastic bottlenecks can
be detected by changes in the SFS over time. The resolution and
statistical power depend on the number of parasite generations
per host and the number of parasites per host individual (Zivkovi¢
et al., 2019). The genome data across the different time samples in
the experimental coevolution study of Retel, Kowallik, et al., (2019)
seem to match these predictions. Currently, the required host and
parasite time sample data are only available from experimental
coevolution systems. However, sequencing hosts and their para-
sites over time in short-lived plants and invertebrates should also
be feasible and help to document the occurrence of eco-evo feed-
backs in these systems. Especially, the Daphnia system could be

used for such a study as recovery and sequencing of time samples

from sediments for host and parasites is possible (Decaestecker
et al., 2007) (Box 1).

An apparent limitation of these demographic inference ap-
proaches (Figure 1) is their dependence on recombination in the an-
alysed host and parasite genomes, generating multiple coalescent
genealogies along the sequence. Thus, it may most likely not be pos-
sible to obtain independent estimates of the co-demographic history
and the underlying selection pressures for asexual viruses, bacteria,
or fungi. In asexual organisms, we conjecture that current methods
based on phylogeny (e.g., estimation of the reproductive ratio or ex-
pansion of the parasite population within an epidemic, Stadler et al.,
2012) may only have limited power to infer coevolutionary histories.

2.2.2 | Spatial correlation of host and parasite allele
frequencies

Spatial structure isimportantin host-parasite interactions (Figure 3c).
A large body of theoretical models has been built to predict which
antagonist is ahead in the coevolutionary interaction (i.e., local
adapted) depending on local population sizes and gene flow levels.
Both host and parasite spatial structure can be inferred from full ge-
nome data (the neutral loci) and compared to one another (Feurtey
et al., 2016, Box 2). Moreover, given sufficiently low levels of gene
flow, data from single coevolving populations can be considered in-
dependent coevolutionary replicates for inference.

Nuimser et al., (2017) proposed a method to identify coevolv-
ing loci by testing for significant spatial covariation between host
and parasite genetic marker frequencies. The method has the prem-
ise that if host-parasite local adaptation is detectable in reciprocal
cross-infection, it should be due to spatially covarying allele frequen-
cies at the functional genetic loci. The method starts by calculating
allele frequencies for a set of host and parasite genetic markers
for each population within a metapopulation. Based on the marker
frequencies, the spatial covariance is calculated for each pair of
host-parasite markers (e.g., biallelic SNPs). The resulting covariance
matrix is converted into a correlation matrix which is screened for
significant correlations using a Student's t test. To test their method,
the authors simulated data under different types of matching-alleles
models (1-3 loci, with epistatic or additive effects), varying degrees
of local adaptation, and varying the number of populations sam-
pled. Therefore, a coevolving locus was randomly placed in a set of
neutral markers. Overall, the method exhibits a very high statistical
power if local adaptation is strong and allele frequency estimates
are available for more than 30 populations (while they consider only
100 loci and large sample sizes of >100 per population). Note that
if full genome data (many more than 100 loci) are to be used, the
effect of multiple-testing and the resulting FDR should be assessed
for the given sample sizes. Furthermore, the method's strength sub-
stantially drops when local adaptation is weak, the number of pop-
ulations is small (<20), and more than one locus is involved in the

interaction. We thus recommend using this method if strong local
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adaptation is demonstrated a priori in a reciprocal cross-infection
experiment, a large number of independent populations can be sam-
pled (>30 populations), and coevolution depends on very few loci
with a large phenotypic effect. Note as well that the method relies
on three crucial assumptions (as also discussed by Nuismer et al.,
2017). First, populations must be independent of one another, which
implies that gene flow levels among populations must be reasonably
small. Practically, the rate of gene flow can be measured using full
genome data and classic population genetics methods. Second, the
marker distribution along the genome must be sufficiently dense
(e.g., full genome data or high-density SNP array) to pinpoint the loci
under coevolution. Third, markers must be independent of one an-
other, which requires a sufficiently high recombination rate. Further,
the method can result in false positives if the covariation of host and
parasite marker frequencies is due to the adaptation of both species
to the shared environment (Nuismer et al., 2017). By sequencing full
genomes from several individuals across several populations, the
Daphnia-parasites and Silene-Microbotryum systems could be used to

test and further develop these methods.

3 | CONCLUSION AND OUTLOOK

We have summarized recently developed methods to jointly ana-
lyse host and parasite genomic data and, thus, to account for the
reciprocity of these interactions explicitly. These methods provide
promising avenues to extend our understanding of multiple aspects
of host-parasite coevolution. The development of these methods
is often based on a specific type of data and specific (and some-
times quite simplistic) assumptions regarding (a) the nature of the
coevolutionary interaction, (b) the life-history of the interacting
species, and (c) the underlying genomic architecture. Yet, every
host-parasite system is unique in terms of life-history traits, the
genomic features (such as genome size, recombination rates, num-
ber of loci involved, etc), the extent of host and parasite popula-
tion structure, its experimental tractability, and the feasibility of
obtaining particular types of genomic data (cost-wise, time samples,
spatial samples, samples from replicated experiments). Table 1 sum-
marizes current limitations, sample size requirements, and potential
extensions of the described methods. In their current state, some
of these methods might be only applicable to a limited number of
host-parasite systems, and there is a need for further theoretical
and statistical developments, as well as to optimize the combina-
tion of existing methods (gene expression, functional studies, ex-
perimental coevolution, etc). We advocate using several empirical
and experimental approaches simultaneously to study coevolution,
as the observed genomic patterns can result from different coevo-
lutionary and noncoevolutionary processes. We end this review by
(a) suggesting some theoretical and methodological developments
for the near future and (b) highlighting three main challenges and
unanswered questions regarding coevolution that require longer-

term theoretical and empirical work.

3.1 | Further directions for theoretical/
methodological developments

Theoretical and empirical analyses (see Box 1 and 2) have focused
on revealing genes with a major contribution to the phenotypic traits
underlying host-parasite interactions. To expand our understanding
of coevolution due to minor quantitative genes or combinations of
major genes with epistatic interactions, it is required to develop
more sophisticated methods to leverage additional information hid-
den in population genomic data (i.e., at neutral and non-neutral loci,
Figure 1).

First, from a theoretical point of view, it is desirable to improve
our understanding of the effect of eco-evolutionary feedback on
genomic signatures at both coevolving and neutral loci. The study
by Zivkovi¢ et al., (2019) shows the potential of indirectly observ-
ing short-term coevolutionary dynamics by observing changes in
the genome-wide neutral host and parasite site frequency spec-
tra resulting from corresponding host and parasite population size
changes. Yet, the effect of eco-evo feedbacks on genetic signatures
at the coevolving loci is, to our knowledge, still poorly understood.
Furthermore, we still lack a systematic investigation of the effect
of different types of host-parasite coevolutionary interactions and
dynamics on polymorphism data and how they relate to optimal
sampling schemes (replicates, spatial and temporal number of time
points, and the number of samples). It is also required to assess how
host and parasite specificities affect the power and accuracy of the
joint analysis methods, and more specifically, to quantify to which
extent GxG specificity (and possibly epistasis) is inferable from host
and parasite genomic data. The two well-understood systems of
host-parasite coevolution we highlight in Boxes 1 and 2 make them
the primary test candidates for these new developments.

Second, the inference of the past coevolutionary history from co-
evolving loci should be developed further. Markle and Tellier (2020)
have only scratched the surface of the realm of possibilities. The
assumption of only a few major loci controlling coevolution could
be very strong and possibly invalid for many host-parasite pairs (see
Box 2). We suggest developing inference methods specifically de-
signed to consider more realistic scenarios of coevolution with (a)
quantitative trait loci, (b) clusters of resistance genes, (c) networks
of interacting genes in the host and the parasite, and (d) diffuse co-
evolution between host and parasite communities. These develop-
ments may greatly benefit from recent advances in the field of host
and parasite pangenomics (e.g., van der Weyer, 2019), integration
of gene network structure into the analysis framework, advances in
population genomic machine learning methods (e.g., Sanchez et al.,
2020), more efficient and flexible forward-in-time simulators (e.g.,
Haller & Messer, 2019), and the integration of metagenomic samples
in time and space (e.g., Toju et al., 2017). Furthermore, additional
prior information such as the presence/absence and function of
parasite effectors could provide additional power. Ultimately, these
methods should be made accessible to a broader community by inte-

grating them into user-friendly interfaces.
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Third, from a theoretical and methodological point of view, de-
velopments are needed to disentangle the confounding effects of
different phenomena, resulting in similar genomic signatures (identi-
fiability issue). For example, signatures similar to those of coevolution
can be the result of seasonal or fluctuating selection. Distinguishing
these two scenarios requires developing methods that can cor-
rect for the impact of known demography and life-history traits
(Sellinger et al., 2020). Another major challenge is identifying neutral
and coevolving loci in nonrecombining hosts and parasites (viruses,
bacteria, fungi, and asexual aphids). This development is crucial in
understanding the pathogen evolution as most viral or bacterial par-
asites have a small genome with strong linkage. For the Daphnia sys-
tem (Box 1), the availability of asexual and sexual parasite sequenced
genomes can guide the development of new methods tailored for

lack of recombination.

3.2 | Remaining unanswered questions

One of the main challenges remains to test whether two species are
genuinely coevolving. Several studies have pointed out that correla-
tions between host and parasite traits are not necessarily due to co-
evolution, and coevolution does not necessarily result in detectable
correlations (Janzen, 1980; Nuismer et al., 2010). It is desirable to
use joint analysis of genome data from hosts and parasites to distin-
guish strict/diffuse coevolution from unilateral evolution (Nuismer
& Week, 2019), comparing different populations under various co-
evolutionary pressures. A second far-reaching question is to what
extent epigenetics, especially genome methylation, affect coevolu-
tion or if methylation can be the underlying coevolution mechanism.
Models of methylation and epigenetics developed in the context
of species adaptation and the corresponding population genetics
results and methods are readily available (Vidalis et al., 2016) and
could be potentially adapted to host-parasite interactions. Finally,
both anatagonists are usually part of a broader community, and thus,
most interactions involve multiple hosts and parasites. Sequencing
the composition and genetic diversity of microbes (the microbi-
ome) or host (plant, animal) communities is becoming feasible via
metagenomics. Consequently, it would be desirable to (a) improve
our understanding of host-parasite coevolution in a community con-
text and generate predictions on their genomic effects, and (b) cor-
respondingly extend existing inference methods to accommodate

for multi-species interactions.
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