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The long-term coevolution of hosts and pathogens in their environment forms a complex web of multi-scale interactions.
Understanding how environmental heterogeneity affects the structure of host-pathogen networks is a prerequisite for predict-
ing disease dynamics and emergence. Although nestedness is common in ecological networks, and theory suggests that nested
ecosystems are less prone to dynamic instability, why nestedness varies in time and space is not fully understood. Many studies
have been limited by a focus on single habitats and the absence of a link between spatial variation and structural heterogeneity
such as nestedness and modularity. Here we propose a neutral model for the evolution of host-pathogen networks in multiple
habitats. In contrast to previous studies, our study proposes that local modularity can coexist with global nestedness, and
shows that real ecosystems are found in a continuum between nested-modular and nested networks driven by intraspecific
competition. Nestedness depends on neutral mechanisms of community assembly, whereas modularity is contingent on local
adaptation and competition. The structural pattern may change spatially and temporally but remains stable over evolutionary
timescales. We validate our theoretical predictions with a longitudinal study of plant-virus interactions in a heterogeneous

agricultural landscape.

forms a complex web of multi-scale interactions. Network
characterization is central to models of disease spread and
emergence, as the frequency and strength of host-pathogen inter-
actions provides information regarding pathogen host ranges
and differential host usage, respectively, two traits that determine
transmission dynamics. Network characterization is a difficult task
because infection structure depends on multiple and interdepen-
dent factors. Environmental heterogeneity in space (habitat) and
time in host-pathogen interactions is particularly relevant, and
spatial scales have been shown to be critical determinants of infec-
tion'””. There is abundant evidence of seasonality of infection®.
Spatial and temporal fluctuations in the distribution and abundance
of species determine the probability of encounters with pathogens’,
thereby shaping the structure of host—pathogen interactions’"".
Network theory is a powerful approach for identifying non-ran-
dom associations in ecological interactions'*"". Nested and modu-
lar structures have been seen as opposite extremes of the ecological
spectrum. Specialists in nested networks tend to interact with sub-
sets of species interacting with more generalist species”’; whereas
modular networks consist of groups (or modules) of species inter-
acting less frequently with dissimilar species'**-*. It is assumed that
coevolutionary mechanisms could lead to nestedness or modularity,
but not both. For example, strong associations lead to species-poor
networks characterized by modularity, whereas weak associations
promote species-rich, nested networks*>*. This is at odds with the
ad hoc analysis of specific systems, which suggests a complex inter-
play between structural patterns.
Both mutualistic networks” and host-parasite networks”” are
frequently nested. Extensive analyses of interactions among animal
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hosts and macroparasites, such as between fish and helminths,
mammals and fleas or insects and parasitoids**-** revealed that
asymmetry of interactions is the rule. Nevertheless, modules defin-
ing highly specific sets of interactions can be detected within nested
networks”. Nestedness has been associated, at least in part, with
phages evolving to expand their host range, and with hosts evolv-
ing towards increasing resistance to larger sets of phages®. Fortuna
et al.” suggested that the pattern of interactions between bacteria
and phages depends on the way the coevolutionary process unfolds,
the degree of nestedness being explained by trade-offs between fit-
ness benefits of evolving resistance and infectivity traits and their
maintenance costs.

The above interpretation emphasizes deterministic, evolution-
ary factors of host-pathogen interactions to the detriment of non-
deterministic, ecological factors. The process of ecological fitting
provides a complementary mechanism***. Ecological fitting is an
inevitable and frequent process in nature that occurs with inter-
actions between plastic organisms and heterogeneous biotic and
abiotic environments™. Phenotypic plasticity enables many spe-
cies to persist, colonize a wide range of habitats and form new spe-
cies interactions even when they have not evolved and continue to
exploit the same resources®. It is relevant that a pathogen’s real-
ized host range, that is, the set of host species that are infected by a
parasite in a given spatial or temporal context’’, depends on genetic
determinants and is also contingent on host community structure®.
In general, network structure is predicted to be the outcome of both
evolutionary and ecological factors.

In this study, we develop a theoretical framework to reconcile
inconsistent views about nestedness and modularity in host-patho-
gen interaction networks. An important limitation is that network



representations cannot easily disentangle genetic and environ-
mental components. The association of host-pathogen networks
with single habitats and/or seasons results in a loss of informa-
tion; that is, inter-habitat or inter-season connections are miss-
ing. We show that ecotype-pathogen networks (EPNs) properly
capture three-way interactions between host species, pathogen
species and habitats. These ecological structures are instances of
hypergraphs, which have been seldom used in ecology*. We apply
this framework to a representative dataset of plant-virus interac-
tions in an agricultural landscape in central Spain with a mosaic of
successional habitats. Comparison with a neutral model suggests
that nestedness in empirical systems is a consequence of ecologi-
cal assembly—that is, how species are introduced in the system.
This confirms the view that nestedness may have no inherent ori-
gin in dynamics or stability?>**~*2. Furthermore, we do not observe
modularity at the ecosystem level because habitats are interde-
pendent. However, the specific interplay between nestedness and
modularity depends on temporal and spatial scales. First, finite
scaling—for example, seasonal variations in temperature—affects
statistical significance of structural patterns. Second, deviations
from neutrality suggest a role of local adaptation in modularity.
We found that compartmentalization and modularity relate to fit-
ness trade-offs, which, in pathogens, often occur across hosts”*-*.
Competition-dispersal trade-offs predict increased modularity in
colder seasons and temporal coexistence of nestedness and modu-
larity in warmer seasons.

Results

Defining host ecotype-pathogen infection networks. We sample
host infections in a heterogeneous environment following a spa-
tially hierarchical scheme—that is, at a small (habitat) and a large
(ecosystem) scale. Within this scheme, our network analysis differs
from previous approaches in two ways. First, we aggregate all infec_

tions over sites to minimize the effect of fluctuations in measured
host ranges, recovering the genetic determinants of host special-
ization. Second, we consider that a pathogen species infects host
ecotypes and not just host species. Infections by a pathogen of a
given host species in multiple habitats are really different interac-
tions. Although the identities of the pathogen and host species do
not change, community and spatial context are different. Moreover,
hosts of the same species differentiate into host ecotypes in distinct
habitats. From the point of view of network analysis, a host eco-
type is the natural association between host species and habitats.
This concurs with the evolutionary biology concept: an ecotype
defines a variant of a population or breed—within a species—that
has adapted to specific environmental conditions.

Pairwise modelling is insufficient to implement ecotypes.
Network analysis omits the spatial context from host-pathogen
interactions, which is crucial when understanding the origin of
structural patterns—that is, the interplay between nestedness and
modularity. Relevance of non-pairwise interactions in ecology has
been recognized by studies of trait-mediated indirect interactions,
that is, interactions between two species mediated by some other
trait of a third species®. A trait-mediated indirect interaction can
occur whenever a species reacts to the presence of a second species
by altering its phenotype. Hypergraphs are mathematical represen-
tations of such tripartite, rather than pairwise, ecological interac-
tions™. We capture environmentally mediated host-pathogen
infections with EPNs (see Fig. 1), which formally corresponds to a
hypergraph (see ‘Hypergraph modelling of EPNs’ in Methods) As
we will see, hypergraphs offer an unified framework for the analysis
of ecological networks in natural environments.

The neutral evolution of nested infection networks. The finger-
print of assembly rules can be found in the architecture of EPNs.
Even in the absence of selective forces, neutrality predicts a non-
random community structure*’, such as nestedness in mutualistic
networks"'. Our theoretical model suggests that neutrality is a suf-
ficient condition for nestedness in EPNs, without further assuming
other coevolutionary processes*. This is in agreement with the
heterogeneous structure predicted by previous studies**. Figure 2
illustrates the rules of a neutral model for the growth of EPNs (see
Supplementary Discussion, section 2 for details). Starting from a set
of almost empty habitats, we simulate a stochastic process of com-
munity assembly under equal rates of speciation*’. At each time step,
anovel species is produced from some ancestor species by means of
speciation and coevolutionary rules until a target level of species
richness is achieved. Unlike previous models, speciation takes into
account the internal structure of ecotype species, which depends
on both evolutionary and ecological constraints'. Pathogen specia-
tion rate a is the probability of generating a new pathogen; recipro-
cally, we generate a new ecotype with probability 1 —a. Descendant
nodes (ecotype or pathogen species) duplicate all interactions from
its ancestor (see Fig. 2a). Dynamics of host ecotypes is driven by
trade-offs between competition and dispersal®. Sympatric spe-
ciation® occurs with probability @ (host speciation rate), which
increases intra-habitat host competition. Conversely, an existing

host colonizes a new habitat with probability 1 — 6, which mitigates
intra-habitat competition (see Fig. 2b). External fluctuations can
also adjust the strength of inherited interactions. Species divergence
is caused by the random redistribution of link weights between par-
ent and daughter species. Finally, link removal takes place depend-
ing on predefined thresholds, along with the possible extinction of
whole species (see Fig. 2c).

A mean-field approximation to the dynamics of species richness.
In parallel with the neutral model, we develop a mean-field approach
to species diversity (see ‘Mean-field model of EPNs’ in Methods).
Although this is a deterministic set of equations that reduces the
many degrees of freedom in the ecosystem to a single, average
effect, it provides insights about the growth of species richness and
the origin of structural patterns. A major ecological principle is that
competitive exclusion limits species richness. For example, Lotka-
Volterra equations predict saturation of species richness due to
competition in limited spaces. Competition—colonization trade-offs
allow the coexistence of similar hosts within the same habitat (see
above). An important difference from previous population-based
models is that species coexistence depends on the equilibrium value
of relative species richness (which is potentially unbounded) and
not on species richness. Figure 3 shows the numerical simulation
of the mean-field model after 10° speciation events (S). The white
line highlights the boundary between existence (non-zero species
richness) and extinction of species (that is, P=T'= H = 0; where P is
pathogen species richness, T'is ecotype richness and H is host species
richness). Long-term dynamics of host and pathogen species rich-
ness are both functions of ecotype richness, but their dependence
can change markedly with the diversity of habitats (C). Figure 3a
shows there is little difference between host-species richness and
ecotype richness when host speciation and dispersal occur in the
same habitat (C = 1). This situation is noticeably different in ecosys-
tems composed of a mosaic of multiple habitats (see Fig. 3b). More
habitats (C=4) result in higher ecotype richness than host richness
(T> H) in the same region of the (a,0)-parameter space (compare
Fig. 3a with Fig. 3b). For low host-speciation rates, growth of eco-
type richness d7/dS depends on high dispersal; that is, the differ-



ence between C and T/H is large until the landscape is biotically
saturated. High host-speciation rates (and very limited dispersal
rates) yield a system similar to the single-habitat scenario. A second
white line in Fig. 3b visualizes the boundary between ecotype-rich
and host-rich systems.

Relative species richness and the coexistence of modularity and
nestedness. Disentangling nestedness and modularity is a difficult
task””. Spatial independence was assumed in the ‘nested-modular’
organization of a natural assemblage in the Atlantic Ocean, which
displays large-scale modularity and local nestedness within each
module®**. As shown here, we can still observe spatial coexistence
of local modularity and large-scale nestedness when structural
patterns are linked to the evolutionary and ecological drivers of
species richness. Given N, ecotypes and N, pathogen species, the
quotient of maximal number of links N,x N, by the total number
of nodes is an upper bound to the average degree k < N,N,/(N,+N,)
and also a measure of connectance—that is, the proportion of real-
ized interactions among the potential interactions. When con-
sidering ecotypes, the structure of host-habitat association also
depends on relative ecotype richness. Specialization in resource use
is often considered as an invariant species-property that is consis-
tent across locations, but species display different levels of special-
ization in varying locations*”**. High habitat specificity corresponds
to alow average degree N,/(N, + C) of the host-habitat network (see
Fig. 4a), for example, when there is only one habitat. N,/(N,+C) > 1
indicates that host species are multi-habitat, and thus we can no
longer assume independence of structural patterns from the envi-
ronment. In this case, there is a dependence of nestedness and mod-
ularity with species-richness ratios (see Fig. 4a).

Nestedness and modularity reach a local optimum at the
transition from ecotype-rich (dT>dH) to host-rich ecosystems
(dT < dH). Figure 4c shows that the number of links can be maxi-
mized here because of the large combinatorial space of pathogen
and ecotype interactions™. Figure 4b shows the average number
of habitats occupied per host, N,/(N,+ C)=~L,,., decreases with
host competition and thus increasing modularity (where L, is
the number of intermodular links). More specifically, coexistence
between nestedness and modularity corresponds to a species-rich
ecosystem; that is, ecotype richness concurs with pathogen richness
and there is a high degree of host habitat specificity. Using the
mean-field predictions, we can summarize the preconditions for
structural coexistence as follows: (1) high pathogen and ecotype
speciation rates, (2) availability of multiple habitats C> 1, and (3)
high intraspecific competition.

Seasonal variation of nestedness and modularity in plant-virus
infection networks. Our theoretical predictions for nestedness
and modularity are supported by the empirical study of plant-
virus infection networks surveyed at different habitats in central
Spain from 2000 to 2002 (see Fig. 5 and ‘Field work for plant-virus
interactions’ in Methods). For this, we manually adjusted model
parameters (ecotype richness and pathogen-species richness)
until comparable structures to the full EPN were obtained (see
Supplementary Discussion, section 3 for a validation of param-
eter choices). High statistical significance of spectral radius p(A)
matches the neutral prediction for the full EPN (see ‘Nestedness in
HPINS' in Methods). However, modularity is not always observed
in aggregated interactions (see Extended Data Fig. 1). Full EPN is
non-modular—that is, it consists of dependent habitats with a large
number L, of inter-habitat connections (see ‘Fuzzy bridgeness and
habitat modularity in EPNs’ in Methods). The implicit assumption
of habitat independence in analyses of individual host-pathogen

networks (see Fig. 5a) is not universal. To understand habitat inter-
dependence, we decompose network modularity as the sum of local
habitat modularities (as described in Methods). Reported values
reveal that habitats do not contribute equally to global modularity
(see Extended Data Fig. 2). Figure 5¢c compares local modularity in
the four habitats with an ensemble of networks generated with the
neutral model. This shows that distance to the centre of the random
ensemble decreases with statistical significance of local modularity,
suggesting that neutrality is a valid hypothesis for the community
structure of the fallow field (that is, it is located at the centre of the
ensemble) but not for the other habitats. Habitat-specific variations
in local modularity are not always neutral.

Temporal variation of species richness across seasons also influ-
ences nestedness and modularity. This is most apparent when
studying seasonal subnetworks (see below), which display interme-
diate modularity values (Q,) varying between approximately 0.04
and 0.16 (to be compared with the lower modularity of the full EPN;
see Extended Data Fig. 1). Figure 6 shows how modularity varies
seasonally. Empirical values of seasonal modularity and the average
bridgeness B (see ‘Fuzzy bridgeness and habitat modularity in EPN§’
in Methods) are very close to the model predictions (see Fig. 6a,c)
even when the neutral model was fit to the full EPN (see Fig. 6b). In
all panels of Fig. 6, the line B=Q_ separates ecotype-rich ecosystems
from host-rich ecosystems (see Supplementary Discussion, section
4). Half space B< Q, corresponds to strong dispersal limitations. In
this case, modularity and nestedness are seen as antagonistic pat-
terns that act at different spatial scales®**. The other half space
B> Q. suggests that habitats are not independent from each other.
Opverall, the degree of habitat interdependence (and modularity) is a
continuum driven by the competition-dispersal trade-off.

Seasonal subnetworks shift towards higher modularity in cold
seasons (see Fig. 6¢). This may be explained by at least two factors
related to plant and virus species distributions across space and
time. High ecotype richness in the summer compared with the win-
ter network (66 versus 23; Extended Data Fig. 1) offer generalist
viruses more opportunities for plasticity in host range and in spe-
cialized host use. This results in a more complex network in sum-
mer, with more inter-habitat connections (see Supplementary Figs.
1 and 3). In addition, the lowest N;/N, ratio in summer yields higher
bridgeness and lower modularity (see Fig. 6¢). Intermediate modu-
larity of the spring and autumn networks (see Fig. 6¢), with inter-
mediate and similar values of N,/N, ratios (Fig. 6¢, inset) agrees with
this hypothesis but does not explain the higher modularity of the
autumn network (Extended Data Fig. 1 and Supplementary Figs. 2
and 4). This might be related to reduced inter-habitat virus trans-
mission in the autumn compared with the spring. Indeed, 10 of the
11 viruses analysed are transmitted by aphid vectors, which in cen-
tral Spain are active along the whole year, with morphs and aphid
flights having a maximum in late spring and a secondary maximum
in early autumn®®'. This factor, combined with the higher host-
community differentiation among habitats in the autumn than in
spring (see bridgeness values in Extended Data Fig. 1), will result
in aphid flights leading to higher inter-habitat transmission in the
spring than in the autumn.

Discussion

A main goal of evolutionary biology is to understand the origin
of biodiversity. A well-studied hypothesis is that species distribu-
tion is constrained, as some species necessarily perform better in
some environments that others. Fitness trade-offs establish niche
differences that allow coexistence of similar species within the same



habitat®*2. Conversely, neutral theory assumes that all species are
ecologically identical and that niche differences are not required to
explain species coexistence®. Real ecosystems represent an inter-
mediate situation involving both selection and contingency mecha-
nisms. To what extent do differences between species determine the
evolution and structure of ecological communities?

Hypotheses of neutrality and niche differentiation have deeply

influenced our understanding of host-pathogen networks. It has
been assumed that modularity and nestedness are antagonistic*
and that coexistence of nestedness and modularity implies a separa-
tion of spatial scales, as in the ‘nested-modular’ hypothesis™ . This
does not fully recognize phenotypic plasticity to environmental
variation, owing in part to the limitations of pairwise interactions
in host-pathogen networks. By explicitly representing three-
way interactions, hypergraphs can show the coexistence of local
modularity with large-scale nestedness. The modularity of EPNs
distinguishes between groups of hosts competing in the same envi-
ronment (increasing modularity) or dispersing to different habitats
(decreasing modularity), even when host species overlap habitats.
Widespread host adaptation to ecotypes at small spatial scales®~*
will be associated to high modularity. Further, bridgeness will reveal
that generalist pathogens act in a range of spatial scales. The picture
that emerges suggests that ecosystems exist in a continuum between
nested-modular and nested networks driven by intraspecific com-
petition (or relative ecotype richness per host-species richness).
Depending on the spatiotemporal scales involved, these apparently
opposing structures may coexist.
Agricultural landscapes provide a good opportunity to anal-
yse highly interdependent habitats. Empirical data on plant-virus
interactions in an agricultural landscape in central Spain provides
a good example of EPN. As in other studies, we divide the land-
scape into different habitats, but each habitat is characterized by
overlapping species assemblages. Our detailed surveys of this rich
ecosystem, conducted monthly during three years in four different
habitats®, capture spatial and temporal variations at the landscape
scale. We report significant nestedness but low modularity, which
is consistent with the assumption of highly interdependent habitats.
Deviations from neutrality in habitat-specific networks expose their
local adaptations. In winter, lower richness and abundance of host
plant species promotes virus specialization within their host range®
and thus increasing modularity. Low density of insect vector popu-
lations®*! also reduces across-habitat transmissions. Accordingly,
frequency of broad-host-range viruses bridging multiple habitats
drops in cold seasons.

Our framework should be expanded to accommodate predic-
tions of species abundances in each habitat. This has been addressed
by island biogeography, where small isolated islands have fewer
species with low abundances®. This cannot be represented by our
model unless we relax the assumption of homogeneous habitats
with unlimited capacity. Host and pathogen species richness is
unbounded and grows over time, that is, the fixed point for species
richness is a repulsor. However, the ubiquity of global patterns (in
particular, nestedness) appears to be independent of specific extinc-
tion events. Statistical significance of these patterns can fluctuate
(for example, seasonally) but will nevertheless remain stable over
evolutionary timescales.

In summary, our work represents an experimentally based mod-
elling study of EPNs. More data than we presently have is needed to
fully characterize the coexistence of modularity and nestedness in
natural systems. Nevertheless, we offer a theoretical explanation for
structural coexistence at the landscape level. This suggests that the
morphospace of host-pathogen interaction networks is far larger
than was previously reported in the literature. These results will
bring us closer to understanding how environmental heterogeneity
mediates structural patterns in many natural systems—from host—
pathogen infections to microbial interactions.

Methods

Hypergraph modelling of EPNs. As described in the main text, we implement
network analysis of ecotypes using hypergraphs. A hypergraph connects three
kinds of entities: host species, pathogen species and habitats (see Supplementary
Discussion, section 7), whereas the host-pathogen network does not capture the
influence of the environment on host-pathogen interactions (see Fig. 1a). To ease
interpretation, we use EPN instead of the underlying (and equivalent) hypergraph.
We define the EPN as a decorated bipartite graph G= (P, T,E) with links in the

set E Px T connecting pathogens in the set P with host ecotypes in the set

T  HxC. Here, an ecotype node t=(h,c) € T is the association between host
species h € H and habitat c € C in which at least one infection was recorded. The
above resembles a common bipartite network and yet usage of ecotypes marks an
important difference. Figure 1b compares the EPN and HPIN representations of
a small ecosystem. Both networks involve pairwise interactions, but links in the
EPN connect nodes of different complexity. It can be shown that the ecotype set
T defines the links of a host-habitat bipartite network G, = (H,C,T), which is an
important case for the analysis of modularity (see ‘Fuzzy bridgeness and habitat
modularity in EPNs’ section).

Mean-field model of EPNs. This section develops a mean-field approach to
species diversity in ecotype-pathogen networks. We define the state of the system
as the pathogen species richness P, host species richness H and ecotype richness
T. The following system of equations couples the dynamics of ecotypes, pathogen
and hosts in a habitat-explicit setting (see Supplementary Discussion, section 6 for
a full analysis):

d H ¢
ﬁH:(l—a)G?—E
d P
EPfafé?
d T H
ET-(I—a)(l—G)T(C—E>+(1—a)0F—6T
Pa Ps

where 0 <a <1 is the pathogen speciation rate, 0 <6< 1 is the ecotype speciation
rate, S is the number of speciation events, & is the intrinsic ecotype extinction

rate, pg= (1 —a)(1 —0) is the dispersal rate, p,= (1 — )8 is the speciation rate, and
there are C> 1 different habitats. This is a crude representation of antagonistic
pathogens and host species in space. Competition forbids more than one speciation
event happening at each time step. Growth of host-species richness dH/dS is
proportional to habitat specificity or the ratio 0 < H/T'< 1 between host species
richness and ecotype. Habitat specificity is minimal H/T~ 0 when a few host
species dominate many habitats, and maximal H/T = 1 when local host adaptations
are common. These are opposite extremes represent spatially segregated (or broad)
and aggregated (or restricted) hosts, respectively. Real ecosystems lie somewhere
in between due to competition-dispersal trade-offs. In this case, the condition
dH/dS=0 defines an equilibrium value H*:

. 6

H =
»sC

Similarly, we let dP/dS=0 to find pathogen species richness at equilibrium:

Loa .
P =-T

S
which reflects intrinsic ecotype—pathogen competition (see above). The mean-field
model predicts ecosystem existence when (see Supplementary Discussion, section 6):

&+ Cpalp, = 6)>0

Nestedness in HPINs. A standard approach” defines a HPIN as a bipartite graph
G = (P,H,E) having two disjoint set of nodes, that is, pathogens P and hosts H,
where a link (p,h) € E indicates that the pathogen p € P can infect the host he H
(see Fig. 1a). Useful network measures include node degree (the count of links
attached to any node):

k,‘ = Zj A,‘j

where the adjacency matrix A;=1 if there is a link between nodes i and j, or
A;=0 otherwise®. Degree is a local measure of potential infections; that is,
pathogen degree is a surrogate of host range, whereas host degree corresponds to
propensity to infection. Infection heterogeneity, where a small proportion of hosts
support a large proportion of pathogens, is a common finding in many empirical
systems®**”. In this context, nestedness is a global measure of the tendency of
low-degree species to interact with a subset of highly connected species. This
pattern has a clear fingerprint in the network structure; that is, nestedness is a
systematic arrangement of non-zero entries in the adjacency matrix™. Although
there is empirical evidence that many ecological networks tend to be binarily
nested, this picture can change when using information about abundances and



interaction frequencies’'. An accurate characterization of nestedness considers the
frequency of infections @ = w;; between the nodes i and j. Then, we can compute
quantitative nestedness over the following square S x S matrix:

0 @|p|x |H]
D|H|x || 0

where S = |P| + |H| is the total species diversity (that is, the sum of host and
pathogen richness). Notice this quantitative matrix has a block off-diagonal

form due to the bipartite nature of host-pathogen interactions. The eigenvalues

of this matrix, {4} (k = 1, ... , S) can be systematically calculated. It has been
shown that the largest eigenvalue of this matrix, that is, the spectral radius

p(w) = max{|4|, ... , |4s|}, is a measure of nestedness’’. Spectral radius is a
better nestedness estimator than binary nestedness because: (1) it does not depend
on the spatial arrangement of presence-absence interactions in the matrix and

(2) it makes a formal link between structure and the dynamic stability analysis.
Measures of ecosystem richness, such as network size N = |P| + |H|, are proxies
for the statistical significance of nestedness. Theoretical and empirical studies have
found that nestedness is sensitive to network size N and also to average number

of connections (k). Network size is the most fundamental among all parameters
defining a network, and determines many traits, including large-scale structural
patterns®. For example, nestedness scales as p(w) ~ /N in large random graphs™.
In addition, empirical nestedness values should always be interpreted in the
context of null distributions of random networks with similar size and density of
connections (see Supplementary Discussion, section 4 for a full statistical analysis).

Fuzzy bridgeness and habitat modularity in EPNs. A pathogen can infect the
same host species in different habitats. One way to classify species interactions is
according to the location where they take place. For example, we can provide a
fuzzy habitat membership vector for each species i as follows:

W; = Uiy, Uiny -y Uiy -y Uil

where u;; = w;./ Z wi; is the relative frequency of species i in the habitat c€ C.
Each species dlstrlbutes a total membership degree of 3, u;c = 1 among all habitats
1<¢<|CJ. This vector explains how the species is spatially distributed. Bridgeness
0<b,<1 measures the degree to which a given species i is shared among different

. This is the (normalized) Euclidean distance of membership vector u;

S 1/1Cl):

habitats”
from reference vector (1/|C|, ...

where b;=0 if species i can be found in only one habitat and b,=1 when it
participates in all habitats with exactly the same membership degree. The latter will
be the case for some species that function as ‘bridges, that is, nodes that connect
together several habitats in the network. Average bridgeness measures the overall
spatial distribution of interactions:

(B) :%Zbi

i=1

Modularity is the quality that subsets of nodes (modules) display higher density of
connections among them than with the rest of nodes’™. We compute the modularity
of EPNs using the fuzzy membership vectors defined above. Following Nepusz

et al.”’, we define habitat modularity Q, as:

Q. ZmZQk mzz( )

keC pik

where the inner sum Q¥ (or local habitat modularity) defines the contribution of
habitat k € C'to the full ecosystem, and sy, = u; is the habitat similarity between
pathogen p,€ Pand host h;€ H, and m is the number of edges between nodes in
the network. Modularity relates habitat diversity with the locality of infections
(see Supplementary Discussion, section 5). Positive modularity values indicate
that habitats integrations are more aggregated than random expectation. A neutral
value of Q,~ 0 corresponds to a non-modular (or random) EPN. High modularity
corresponds to a set of independent habitats, whereas low modularity values
indicates a high number of inter-habitat connections. Local habitat modularity
evaluates the difference between intra-modular interactions and their expected
frequency based on a random null model”. By summing all local modularities we
obtain an overall modularity value for the whole ecosystem.

Trajanovski et al”. derive an alternative expression for the modularity, which is
equivalent to the previous equation:

where C is the number of habitats (modules), L is the total number of links in

the network, L., is the number of intermodular links, and D; is the sum of node
degrees within module c;. This equation suggests that maximally modular networks
with Q.=1-1/C have disconnected (L;.,=0) and well-balanced (D,~D;) modules.
Modularity will be high when host species infected by the same pathogen species
share few habitats (low L,,.,), whereas low modularity corresponds to an uneven
distribution of host species infected by pathogens in many habitats (high L)

Field work for plant-virus interactions. Plant-virus infection networks were
empirically analysed in a heterogeneous agricultural landscape in central Spain
in four habitats characterized by different degrees of human intervention: crop
(melon) fields, agricultural fields between crop seasons (fallow fields), edges
between agricultural fields (edges) and abandoned fields that have not been
tilled for at least 2 yr (wastelands). Plants were sampled monthly during 3 yr by
systematic collections along fixed itineraries, with no consideration of symptom
expression, as described®®. Infection by 11 generalist viruses, that is, alfalfa
mosaic virus, beet western yellow virus, bean yellow mosaic virus, cacumber
mosaic virus, lettuce mosaic virus, papaya ringspot virus, potato virus Y, tomato
spotted wilt virus, turnip mosaic virus, watermelon mosaic virus and zucchini
yellow mosaic virus, in the sampled plants was analysed by double-antibody
sandwich enzyme-linked immunosorbent assay, using commercial antisera (Bio-
Rad), according to the manufacturer’s instructions. A total of 80 different plant
species were sampled over habitat and season, 51 species were found in edges,
45 in wastelands, 40 in fallow fields and 12 in melon fields (excluding melon).
Of the 80 identified plant species, 53 were infected by at least one virus at least
once, 36 species were infected in edges, 26 in wastelands, 18 in fallow fields

and 10 in melon fields. Temporal sampling generates a large number of distinct
subnetworks, capturing seasonal and habitat variability of species assemblages and
interactions. By aggregating all interactions from this dataset, we reconstruct a
full EPN of N, =53 different host plant species, N,= 11 pathogen (virus) species,
and N,=90 ecotypes spanning C=4 different habitats (edge, wasteland, fallow
field and melon field; see Fig. 5a). Aggregation aims to improve the estimate of the
fundamental host range of pathogens, and thus recover the genetic determinants
of host specialization.

Reporting Summary. Further information on research design is available in the
Nature Research Reporting Summary linked to this article.

Code availability

For the analysis of nestedness and modularity we used the open-source software
packages FALCON (https://github.com/sjbeckett/FALCON) and BiMat (http://
bimat.github.io). Network simulation codes will be provided by the authors upon
reasonable request.
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Season N, N, N, C };}h
Full 11 53 90 4 1.69
Summer 11 38 66 4 1.73
Spring 11 23 33 3 143
Fall 10 26 36 4 1.38
Winter 9 20 24 3 1.2
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Extended Data Fig. 1| Summary of statistics for full and seasonal subnetworks. From left to right: pathogen richness N,, host richness N,, ecotype
richness N,, number of habitats C, host habitat specificity N,/N,, average species degree k, habitat modularity Q,, average bridgeness B, spectral radius p(A)
(a quantitative measure of nestedness), and statistical significance of nestedness.

Habitat Index (i) N;/N
Full 0 1
Edge 1 0.46
Fallow Field 2 0.287129
Melon Field 3 0.207921
Wasteland 4 0.366337

Ny Ni Qi

11 90 0.036

11 36 0.0250442
11 18 0.00643848
11 10 0.000642529
11 26 0.003921

Extended Data Fig. 2 | Summary of statistics for habitat subnetworks. From left to right, relative fraction of species richness N,/N, local ecotype richness
N’;, local pathogen species richness N¥, and local habitat modularity Q’g. For reference, the first row gives the corresponding values in the full network

(Ng=N, NJ = Np, N = Nrand Q2 = Qc = Q; + Q7 + Q + QD).
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Fig. 1| Hypergraph representation of environmentally mediated host-pathogen infections. a, Associations between host species (h,), pathogen species
(py) and habitats (c)) are defined by hyperlinks. Networks depict interactions between pair of entities. From the hypergraph we can derive two networks.
The HPIN represents interactions between pathogens and hosts within a single habitat, whereas host EPN is a decorated bipartite network replacing
hosts with host ecotypes as the target of infection. A host ecotype is the natural association between host species and habitats. b, A landscape is divided
into different habitats characterized by overlapping host assemblages. Below the schematic we compare the corresponding HPIN and EPN. A HPIN
misrepresents pathogen ranges when host richness is different from ecotype richness, for example, pathogen p, € P is a generalist in habitat c,€Cand a
specialist in habitat ¢, € C. EPN accurately represents how pathogen p, € P species can infect the same host species h; € H in multiple habitats. Colours
indicate pathogens (blue) and the different habitats and node size is proportional to degree.
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Fig. 2 | Neutral evolution of infection networks. a-c, A simple neutral model grows EPNs on the basis of duplication-divergence rules. a, We start from

a small ecotype-pathogen network G=(P,T,E) with N, = |P| = 2 pathogens and N; = |T| = 3 ecotypes (left). New descendant nodes inherit a subset of
interactions from ancestors, that is, the new pathogen species p; € P duplicates the interactions of the mother species p, € P (right). b, We can generate
the new ecotype t, € T from a previous ecotype t,= (h,,c;) €T by ‘migrating’ the existing host to a different habitat ¢, € C (and thus t, = (h,,c,), left) or by
‘speciating’ a new host in the same habitat (and thus t,=(h;,c)), right). ¢, Subsequently, the network experiences a divergence caused by the random
redistribution of link weights between the parent and the daughter species (left). At the ecological scale, we can only detect a fraction of the genetic
interactions due to seasonality, spatial constraints and sampling effects (right). Overall, the neutrality hypothesis predicts a significant nestedness pattern
but habitat subnetworks might not preserve it (for example, they can be modular).



Fig. 3 | Emergence of host ecotypes depends on habitat diversity. a,b, Mean-field predictions for host species richness H (left), ecotype richness T
(middle) and pathogen species richness P (right). a, There is little difference between host species richness and ecotype richness when there is only

one habitat (C=1). White lines define the boundary between species coexistence (colours) and extinction (dark blue). Increasing pathogen species
richness reduces host species richness (left). b, Emergence of ecotypes (middle) is a consequence of increasing the number of available habitats
(C=4). Availability of space reduces the effective extinction rate. In this case, the system displays three different behaviours: extinction (H=T=P~0),
coexistence of ecotypes (H< T) and pathogens (middle), and coexistence of hosts (H> T) and pathogens (right). Bright colours indicate higher richness.
Parameters: 6=1.
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Fig. 4 | Theoretical predictions for the coexistence of nestedness and modularity. a, Schematic illustrates the mean-field predictions for ecotype-
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sreh NsneTisalraprdaibaEpthie Heewaersfiewd meidel invdiritredisradp furaswragsiniref hedéisd rgsmesiisinstseratibmativoat vkre ge degreprabent
Pattieddrachnlinesewesppdsdio tihe regidaswhe ieatsic® whaearhe tesst G pediabw@<infected. AMV, alfalfa mosaic virus; BWYV, beet western yellow
virus; BYMV, bean yellow mosaic virus; CMV, cucumber mosaic virus; LMYV, lettuce mosaic virus; PRSV, papaya ringspot virus; PVY, potato virus Y; TSWV,
tomato spotted wilt virus; TUMV, turnip mosaic virus; WMV, watermelon mosaic virus; ZYMYV, zucchini yellow mosaic virus. ¢, Scaling of local habitat
modularity (grey circles) with local species richness in the neutral model (see Supplementary Table 1 for full parameter values). Habitat nodes and links
in the subgraphs have been highlighted using the same colours as in a. The neutrality hypothesis fits the fallow field subgraph, whereas the other habitat
networks involve additional mechanisms (see text).
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Fig. 6 | Seasonal variation of bridgeness and modularity in empirical EPNs. a, Expected modularity (grey surface) and average bridgeness (blue surface)
in the subspace of seasonal networks. Modularity (average bridgeness) of EPNs increases (decreases) in colder seasons. This behaviour is consistent with
the empirical host-habitat networks (top). b, Estimated location of the full network in the parameter space. Red dashed line corresponds to the estimated
pathogen speciation rate @=0.035. The space of possible networks is far richer than observed empirical structures (see also Extended Data Fig. 3).
Nestedness is a universal feature of this space, whose statistical significance is size-dependent. ¢, Seasonal trajectory of the system in the bridgeness-
modularity space. Distance between predictions (dashed blue line) and data values (circles and asterisk) is within one standard deviation. Statistical
significance decreases in winter because the neutral model underestimates seasonal intra-habitat competition (see Supplementary Discussion, section 5
for details). In all panels, intersection between modularity and bridgeness, that is, black line (B) =Q,, divides the space according to the relative ecotype
richness (see text). See Supplementary Table 1 for full model parameters.
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Extended Data Fig. 3 | Exploration of the theoretical morphospace of ecotype-pathogen networks. Nestedness is an invariant feature of this
morphospace, while modularity is not and depends on speciation rates. This can be appreciated in the structure of networks generated for different
combinations of pathogen and host speciation rates. The model predicts habitat modularity increases with habitat specificity. For example, (D) is a highly
modular network, while (A) is not because only a few host species (blue nodes) in the former network share multiple habitats (green balls). The black line
depicts the intersection of average bridgeness and habitat modularity, which separates low and intermediate modular networks (dark green region) from
highly modular networks (light green) (see Supplementary Section 5 for details).



