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The spatial scaling of species interaction networks
Nuria Galiana1, Miguel Lurgi1, Bernat Claramunt-López2,3, Marie-Josée Fortin4, Shawn Leroux5,
Kevin Cazelles6,7,8, Dominique Gravel9 and José M. Montoya 1*
Species–area relationships (SARs) are pivotal to understand the distribution of biodiversity across spatial scales. We know
little, however, about how the network of biotic interactions in which biodiversity is embedded changes with spatial extent.
Here we develop a new theoretical framework that enables us to explore how different assembly mechanisms and theoretical
models affect multiple properties of ecological networks across space. We present a number of testable predictions on network–area relationships (NARs) for multi-trophic communities. Network structure changes as area increases because of the
existence of different SARs across trophic levels, the preferential selection of generalist species at small spatial extents and
the effect of dispersal limitation promoting beta-diversity. Developing an understanding of NARs will complement the growing
body of knowledge on SARs with potential applications in conservation ecology. Specifically, combined with further empirical
evidence, NARs can generate predictions of potential effects on ecological communities of habitat loss and fragmentation in a
changing world.

T

he species–area relationship (SAR) is among the most widely
recognized ecological patterns1–3. The larger the geographical
area sampled, the richer the ecological community2–4. SARs
have been used extensively to estimate species richness in a given
region2,4,5 and to predict species extinctions due to habitat loss6–8.
Yet, for several logistical reasons, most studies of SARs have been
traditionally limited to particular taxa and functional groups.
SARs for multi-trophic communities are just starting to be documented9–11, along with the role played by biotic interactions in shaping these relationships10,12.
Biotic interactions modulate the outcomes of community assembly and disassembly. Different spatial processes in turn determine
which interactions will be realized, ultimately regulating community
dynamics13–16. For example, higher dispersal rates of species at the
top of the food web can increase the proportion of top predators in
local communities and in turn enhance top-down regulation14,17. The
relationship between area and biodiversity is thus inherently affected
by the way ecological interactions and the emerging network structure of multispecies communities change according to the location
and size of the area sampled. Unveiling the mechanisms underlying
the relationship between area and biotic interactions will provide
insights on ecosystem organization across spatial scales10,15,18–21.
Gaining a deeper understanding of network–area relationships
(NARs) is arguably as important as the knowledge we have on SARs.
Indeed, understanding the mechanistic basis of the spatial scaling of
network properties is essential to predict the effects of disturbances
such as habitat loss and fragmentation on the organization of multispecies communities, ultimately affecting their persistence and
functioning. Disentangling how network structure changes with
spatial scale is crucial to interpret empirical data on ecological networks. If the spatial scale affects network structure, then comparative studies should explicitly consider the area sampled as well as the
environmental conditions to generate meaningful conclusions, as is
systematically done in studies on diversity distribution patterns22.

Here we propose NARs as a theoretical and predictive framework to study the variation of the properties of ecological networks
(for example, connectivity, trophic level composition, trophic chain
length) across spatial scales, from small to large areas. We first
showcase a number of spatial processes (for example, dispersal)
that could generate different types of NAR. Then we present three
simple theoretical models to understand and test how NARs could
emerge given specific processes of spatial assembly of multi-trophic
communities. As such, we provide new insights on the role of spatial
processes in community assembly and structure, and explain how
these can be used to predict the effects of habitat loss and fragmentation on not only species richness across trophic levels, but also the
structure of biotic interactions. Last, we propose further theoretical
and empirical research avenues stemming from our NARs framework that could contribute to a unified theory of the spatial scaling
of ecological communities.

Mechanisms behind NARs

There are several possible mechanisms responsible for changes of
network structure across spatial scales. Figure 1 provides a synthesis of those analysed here, our expectations for the emergence of
NARs based on three mechanisms and the theoretical models used
to evaluate our expectations.
The first mechanism is derived from the SAR. There is an
associated increase in the number of interactions (links) with
the increase of species richness with area. Two major hypotheses
have been proposed to account for the variation of the number of
links with species richness in food webs. Both hypotheses do not
explicitly account for SARs. The ‘link–species scaling law’23 states
that species interact with a constant number of species independently of species richness24,25. In contrast, the ‘constant connectance
hypothesis’26 states that the fraction of potential interactions realized (that is, the number of trophic links, L, standardized by the
number of potential interactions, S2) is constant across food webs,
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The effect of SAR on the spatial scaling
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The trophic sampling model subsamples
species randomly from the regional
pool of 200 species (metaweb). It uses
the species–area relationship (S = kAz;
with k = 10 and z = 0.27) to obtain the
number of species expected for a given
area and, therefore, to construct food
webs of different sizes that correspond
to different areas. Local community
assembly is only constrained by trophic
interactions, that is, consumers need a
prey to be selected.

The TTIB assumes that species from the
mainland (metaweb) can colonize the
island with a fixed colonization probability
(c) and can go extinct with a range of
extinction probabilities (e). Stochastic
colonization– extinction dynamics are
trophically constrained. That is, consumers
need to have a prey on the island to be
able to colonize, and they go extinct if their
last prey goes extinct. Area is determined
by the ratio between colonization and
extinction (c/e).

It consists of 75 local patches connected to the
mainland (metaweb) and to each other, depending
on the distance. Species can arrive at each local
patch from the metaweb with a fixed colonization
probability and can go extinct with a fixed probability.
Species can disperse between connected local
patches according to different dispersal values.
Stochastic colonization–extinction dynamics and
dispersal are trophically constrained. Area is
determined by the aggregation of local communities
(patches) in an ever-increasing fashion from 1 to the
maximum number of communities (75).

Fig. 1 | A mechanistic approach to understand NARs.

irrespective of species richness. Empirical evidence suggests that
link–species richness relationships lie between the two hypotheses27,28. If we introduce area within these link–species scaling hypotheses, given that S increases with area and L scales with S, we expect
changes in food web structure with area simply emerging from SAR
that are in turn shaped by the specific link–species relationship in
place. A previous study18 proposed a scaling of trophic links with
area by combining species–area and the link–species scaling theories mentioned above. Following the authors’ approximation, we
generated trophic communities of different sizes (that is, different
number of species) with the trophic sampling model. This model
randomly subsamples species from the metaweb (that is, food web
of 200 species generated with the niche model29; see Supplementary
Methods and Supplementary Table 1 for a full description), which
conforms the regional pool of species, with the only constraint that
each consumer needs at least one prey to be selected (Fig. 1). We
expect different shapes of the species richness–area relationships
at each trophic level emerging from this trophic constraint. If the
spatial scaling of species richness differs among trophic levels, different facets of network structure are expected to change with area.
As a consequence, the proportion of species belonging to each trophic level (for example, basal, intermediate and top species) will
be different on each spatial scale, triggering further consequences
on community structure9,10,30. We explore the combination of both
mechanisms (that is, the scaling of the number of links with species
richness and the variation of SARs across trophic levels) with the
trophic sampling model (Fig. 1; Supplementary Methods).
The second mechanism arises from the scaling of colonization–
extinction dynamics in multi-trophic communities with area. This
was first considered in the theory of island biogeography4 (TIB)

and its extension to trophic interactions16,30–32 (trophic theory of
island biogeography, TTIB). The TIB predicts the richness of local
assemblages from the equilibrium between colonization and extinction processes. It assumes that the closer the island is to the mainland the larger the colonization rate4, and that the larger the island
size the lower the extinction rate due to the increase in population
sizes33,34. The TTIB incorporates a trophic constraint not considered in the TIB: consumers must have a prey on the islands they
colonize to be able to establish and persist. Therefore, the richness of
the local assemblage and their biotic interactions are defined by the
equilibrium between colonization and extinction processes, where
species that are diet generalists and/or belong to lower trophic levels are preferentially selected given that they are less affected by the
trophic constraint. Generalist species have been shown to be faster
colonizers than specialists, ultimately shifting community structure
through time16,35. We expect stronger impact of this trophic constraint at smaller areas, where the number of species is smaller. As
area increases, the number of species also increases, which in turn
increases the opportunity for consumers to find a prey, and therefore
not only generalist species will be able to colonize, but also specialists,
ultimately promoting changes in network structure as area changes.
We use the TTIB model16 to generate islands of different sizes based
on different colonization/extinction ratios, where colonization rate
is fixed to analyse the network structure resulting from the assembly
process for each island size (Fig 1; Supplementary Methods).
The third mechanism arises from the spatial variability in community composition, that is, spatial turnover of species. Clumping
of species underlies beta-diversity and SARs36,37. Its effect on the
variation of network structure with area is driven by the increase
in the number of species and their interactions as area increases.
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The spatial turnover of species composition can be explained by
several processes38. Here we focus on the spatial configuration and
connectivity of the landscape, which ultimately determines the rates
of dispersal of organisms between sites. In fragmented landscapes
with major dispersal barriers, species turnover is higher than in
homogeneous and continuous environments39. Changes in network
structure with area are likely to be mediated by dispersal limitation
through its effects on spatial turnover. Larger beta-diversity values
will generate larger changes in network structure with area, because
the number of different species encountered as the area sampled
increases will be larger. To test the effects of this process we employ
a multi-trophic meta-community model, extending the above-mentioned TTIB to entire landscapes, where we control species dispersal between local patches (Fig 1; Supplementary Methods).

Multi-trophic community assembly models

We explore the effects of each process on the spatial scaling of food
web structure with the three models of multi-trophic community
assembly mentioned above. We then analyse several network properties on different spatial scales, which allows us to characterize a
suite of NARs (see Supplementary Methods for a full description
of the assembly models and the network properties used). In this
section, we first present the emergence of the mechanisms tested
for each assembly model and its effects on the spatial scaling of food
web structure. We then provide a comparison between the predictions emerging from each model.
Trophic sampling model. Mechanisms. The number of links scales
exponentially with species richness (slope = 1.91 ±0.003, 95% confidence interval, in log–log space; Fig. 2a). Although the relationship falls between the two link scaling hypotheses (link–species
scaling law, slope ≈1 in log–log space; and constant connectance
hypothesis, slope ≈2 in log–log space), our results better support
the latter. Additionally, we observe different SARs across trophic
levels (Fig. 2b). The number of intermediate species increases significantly faster with area than the number of top and basal species

(see Supplementary Table 2 for statistical analyses). Taken together,
these results show that both mechanisms suggested as possible drivers of NARs — link scaling and different shape of the SARs across
trophic levels — are at play in the trophic sampling model. As
expected, these mechanisms trigger changes in network structure
from local to regional scales.
NARs. Network complexity properties smoothly increase with
area (Fig. 3a, Supplementary Fig. 1 and Supplementary Table 3).
Whereas number of species, links per species, mean indegree and
mean outdegree (that is, mean generality and mean vulnerability, respectively) show a pronounced sub-linear increase quickly
approaching the asymptotic value set by the regional network, total
number of links increases linearly with area. As a consequence,
owing to its quadratic relationship with the number of species (C =
L/S2), connectance decays sharply with area. That is, network complexity increases with area because larger areas have more species,
more links and more links per species. However, given the faster rate
of increase in the number of species than in the number of links,
we observe a decrease in connectance. Network vertical diversity
properties increase with area (Fig. 3b, Supplementary Fig. 1 and
Supplementary Table 3). Mean food chain length (MFCL), fraction
of omnivory and fraction of intermediate species increase sharply
with area, reaching the asymptote corresponding to the regional values at relatively small areas. This, in turn, decreases asymptotically
the fraction of basal and top species with area. Notice, however, that
the fraction of herbivores (included within the category of intermediate species) decreases asymptotically with area, in parallel to the
decrease on the fraction of basal species (Supplementary Fig. 2).
Unexpectedly, network modularity and the distribution of food
web motifs do not show strong variations across spatial scales
(Fig. 3d and Supplementary Fig. 1). Modularity, the proportion
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Fig. 2 | Mechanisms underlying NARs. a, Scaling of the number of links
with species richness. Orange line, constant connectance hypothesis
(CCH; that is, the number of links in a web increases approximately as the
square of the number of trophic species: L ≈ S2); green line, link–species
scaling law (LSSL; the number of links per species in a web is constant and
scale invariant at roughly two: L ≈ 2S); grey line, links–species relationship
for the trophic sampling model. b, SARs per trophic level for the trophic
sampling model. Area values close to −4 correspond to local communities
and values close to 0 correspond to regional communities. Notice that
area was rescaled to fall in the range between 0 and 1, where 0 is the
smallest local scale and 1 is the largest regional scale, and these are the
log-transformed values of area. Black line, basal species; dashed line,
intermediate species; dotted line, top species. Shaded areas correspond to
95% confidence intervals.
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of simple chains, and apparent competition slightly decrease with
area, while the proportion of exploitative competition shows a small
increase with area.
TTIB model. Mechanisms. The proportion of specialist species
increases with area (Fig. 4a,b). This indicates that species feeding
on a larger number of prey do persist better in small patches than
specialist species. Potential indegree distributions (quantified as the
species indegree in the metaweb) are consequently shifted towards
smaller values with increasing area (Fig. 4b). Interestingly, this preferential selection of generalist species on smaller scales does not
affect the shape of the realized cumulative indegree distributions
of the local networks (Fig. 4c). Independently of island size, indegree distributions are skewed, that is, there are more specialist than
generalist species in all networks regardless of area. However, it is
important to notice that the most specialized species (indicated with
arrows in Fig. 4c) on small islands have more prey (that is, they are
more generalist) than the most specialized species on large islands.
In other words, at smaller areas, we observe a preferential selection
of species that are generalists in the regional pool. As area increases,
more specialized species are able to persist, which manifests both in
a reduction in mean potential indegree and higher specialization of
the most specialized species.
NARs. TTIB predictions do not differ qualitatively from the trophic
sampling model. All facets of network complexity increase with area
sub-linearly (Supplementary Fig. 3 and Supplementary Table 3),
except for connectance, which decreases with area. As for the trophic sampling model, the faster rate of increase in the number of
species than in the number of links causes the decrease in network
connectance, even though the number of links per species also
increases. In terms of vertical diversity, we observe a sharp increase
in omnivory, MFCL and fraction of intermediate species (but see
Supplementary Fig. 2), whereas the fraction of basal and top species show a drastic drop with increasing area (Supplementary Fig. 3
and Supplementary Table 3). Network properties of communities
assembled with the TTIB model show more abrupt changes with
area than the trophic sampling model, with asymptotes of all food
web properties reached at smaller areas. The difference between the

Trophic meta-community model. Mechanisms. Dispersal limitation
among local patches affects the turnover of species composition in
our meta-communities. Beta-diversity decreases with dispersal rate
(Supplementary Fig. 4), having further consequences for the spatial
scaling of network structure. High dispersal rates increase local diversity (that is, scaled area 0) and reduce beta-diversity (Supplementary
Fig. 4), making food webs more similar across the landscape. This
implies that the amount of change in network structure is smaller,
and that the asymptote that corresponds to regional network properties is reached at even smaller areas than for low values of dispersal.
As a consequence, for high values of dispersal, we need to aggregate
a smaller number of local communities to recover the structure of
the large metaweb than with low dispersal rates and with the TTIB.
NARs. At low dispersal rates, NARs are similar to those observed for
the TTIB. Both network complexity and vertical diversity change
with area at a smaller rate compared with the high dispersal scenario
(Supplementary Fig. 5 and Supplementary Table 3). High levels of
dispersal among local communities weaken the scale-dependency
of network structure: increasing the area sampled has less effect on
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The modular structure and the distribution of motifs of the
communities are again not strongly affected by the spatial scale
(Supplementary Fig. 3 and Supplementary Table 3). Modularity
is constant across spatial scales. However, the proportion of simple chains and apparent competition slightly decrease with area,
whereas the proportion of exploitative competition increases.
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network properties at high levels of dispersal because the values
of the properties of the regional network (that is, the asymptote)
are reached earlier. Dispersal increases food web complexity (that
is, more species, links and links per species) and its vertical diversity on both local and regional scales (Supplementary Fig. 5 and
Supplementary Table 3).
As for the previous two models, network modularity and the distribution of motifs show small variations across spatial scales for
both dispersal levels, being slightly less pronounced for high dispersal levels (Supplementary Fig. 5). Network modularity, the proportion of simple chains and apparent competition show a marginal
decrease with area, while the proportion of exploitative competition
shows a small increase.

The trophic meta-community model with low dispersal has the
lowest growth rate for most vertical diversity properties, followed
by the trophic sampling model. Whereas the TTIB shows the highest growth rate for the proportion of basal and intermediate species, the trophic meta-community model with high dispersal shows
the highest values for the proportion of top species and MFCL
(Supplementary Table 3). We compared each model with its non-trophic constrained version in Supplementary Fig. 7. The comparison
shows a faster initial increase in complexity for communities assembled using the unconstrained versions of the TTIB and the trophic
meta-community model with a levelling off for larger areas, while
the unconstrained version of the trophic sampling model only shows
differences for vertical diversity metrics (Supplementary Fig. 7).

Comparison between models. We found both quantitative and
qualitative differences among NARs resulting from the three models (Fig. 5, Supplementary Table 3 and Supplementary Fig. 6).
Qualitatively, the trophic sampling model shows smooth changes
in network structure with area. The changes in network structure
observed with the TTIB will be more abrupt as area increases,
reaching the asymptote faster. Similarly, the trophic meta-community model with low dispersal leads to abrupt changes in network
structure with area. However, important qualitative differences
exist between the two that allow for determining the most likely
mechanism behind empirical patterns of network scaling (Box 1,
Supplementary Fig. 6). Finally, the trophic meta-community model
with high dispersal shows the smallest change in network structure
with area, reaching the asymptote for the regional network on very
small spatial scales.
Quantitatively, the trophic sampling model shows the lowest rate
of growth (g, measured as the steepness of a bounded exponential
fitted to the data; Supplementary Table 3) for all complexity properties, followed by the trophic meta-community model with low
dispersal, the TTIB and lastly the trophic meta-community model
with high dispersal. This implies that increasing the area sampled
has a less abrupt effect for NARs in the trophic sampling model, but
this effect is manifested over a larger range of areas sampled. At the
other extreme of the spectrum, the trophic meta-community model
with high dispersal shows a rapid change in network structure on
relatively small spatial scales. Hence, the scale-dependency of network structure depends on whether we focus on the rate of change
of a given network property for a given increase in area, or on the
range of areas across which the property changes.

Testable predictions
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The spatial scaling of network structure cannot be fully explained by
the increase in species richness with area. It is well established that
species richness affects several food web properties. In many cases,
differences in network properties simply result from differences in
species richness between the communities studied40–43. However,
the spatial scaling of species richness is likely to vary across trophic
levels9,10,30. This differential scaling has further consequences for
the variation of trophic network structure with area10,12,30. A recent
study10 showed that the slope of the SAR steepens from plants to
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focus future research efforts to better understand the causes and consequences of the variation of network structure across spatial scales.
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Box 1 | Empirical data and testable predictions

Box 2 | Universal predictions

Each model used could be represented by a different empirical dataset. The trophic sampling model (panel a below) corresponds to random subsamples of different area sizes all included
within a larger homogeneous area. The TTIB model (panel b
below) corresponds to independent and isolated islands (or
patches) of different sizes (for example, an archipelago). The
trophic metacommunity model (panel c below) corresponds to
independent local communities (for example, patches, islands)
of the same size connected through dispersal, where the spatial
scaling of network structure is given by the progressive aggregation of different localities.
We can predict a different scaling of network structure in
space emerging from each type of data (Fig. 5 and Supplementary
Fig. 6). When area is subsampled randomly, network structure
will smoothly change as we increase the size of the area sampled.
In isolated islands, where each island constitutes one fully
assembled community, changes in network structure will be
more abrupt as area increases, reaching the asymptote faster. In
metacommunities, the spatial scaling of network structure will be
determined by the spatial heterogeneity in species composition.
In fully connected metacommunities (that is, high dispersal),
changes in network structure with area will be minimal because
the complexity and the vertical diversity of the regional network
are already reached on small spatial scales. In poorly connected
metacommunities (that is, low dispersal), the spatial scaling
of the majority of the network properties will be qualitatively
similar to that observed in isolated islands.
However, two fundamental network properties can elucidate
the difference between the two types of data: connectance
and the percentage of basal species. In highly fragmented
metacommunities with low dispersal, network connectance and
the percentage of basal species will be higher through the entire
range of areas (Supplementary Fig. 6), suggesting that the trophic
constraint is having a strong effect across spatial scales. In
isolated islands, connectance and the percentage of basal species
drop drastically with a minimal increase of area, indicating a
relief of the trophic constraint with area.

Network complexity. Network degree distribution preserves its
skewness across spatial scales, but specialism increases with area.
Indegree distributions are skewed regardless of area, that is, there
are more specialist than generalist species in all networks irrespective of the spatial scale (Fig. 4c). The preferential selection
of generalist species on smaller scales affects the starting point of
the distribution — determined by the most specialized species —
but not its shape. The most specialized species have more prey on
smaller than on larger spatial scales.

a

b

c

herbivores and from primary to secondary parasitoids. This in turn
triggers a decrease in food chain length from large to small islands.
In contrast, our trophic sampling model showed the steepest species–area slope for intermediate species (Fig. 2b). This contrasting result can be attributed to the fact that parasitoids tend to have
exceptionally narrow diet breadths when compared with other top
predators, being classified as a separate category within food webs
in comparative analyses28. We considered wider diet breadths for
top predators, which allowed them to overcome the trophic constraint9,30 and therefore reduce the slope of their SARs by being
selected locally, even when the number of species was small. The
trophic sampling model thus shows that, in the absence of spatial
structure, and in totally homogeneous communities, different SARs
across trophic levels will emerge and will bias NARs towards higher
fractions of intermediate species and longer food chains.

Network vertical diversity. SARs vary across trophic levels. In
food webs, the number of intermediate species increases faster
with area than the number of top and basal species (Fig. 2b).
This results in steeper slopes of SARs for intermediate species.
Networks where top predators are heavily specialized, that is,
host–parasitoid networks, should be an exception, with steeper
slopes as trophic level increases.
The proportion of omnivorous links increases with area, promoting
an increase of food chain length. The faster increase in the
number of intermediate species with area facilitates the growth
of the number of links among intermediate species (for example,
intraguild predation), generating an increase of food chain length.
Network modules. Network modularity is constant across spatial
scales in homogeneous landscapes. Heterogeneous landscapes,
however, are likely to promote the emergence of network
compartments due to, for example, the effect of species sorting.
This is likely to generate an increase of modularity with area, as
more compartments will be captured as the area sampled increases.

In the theoretical work developed in a previous study18, where
the authors derived the spatial scaling of trophic links with area by
combining the species–area relationship and the link–species relationship, they predicted the effect of having different SARs across
trophic levels for the scaling of the number of links with area.
Here, we extended the analyses of this effect to many other aspects
of network structure beyond the number of links (for example,
degree distributions, MFCL or modularity). By using a mechanistic
approach to understand the spatial scaling of network structure we
can determine the specific effects of each process tested, and generate specific and testable predictions on how network structure will
change with area depending on the spatial scenario and the processes in operation.
In agreement with our expectations, the TTIB model exhibited
a strong variation of network structure with area, mediated by the
preferential selection of generalist species that emerges from the
trophic constraint (Fig. 4). The effect of this constraint on species
occupancy decreases with area because the total number of species increases, whereby the chances of finding a suitable prey also
increase. Thus, colonization–extinction dynamics favoured greater
occupancy of generalist consumers in small areas, where fewer prey
are available. The occupancy for a given colonization and extinction
rate is predicted to reach an asymptote with increasing prey species
richness, because for larger diet breadths, consumers are no longer
constrained to find their prey16,35. The comparison between the TTIB
and its non-constrained TIB version shows a faster initial increase
in complexity (that is, species and links/species) for communities
assembled using the TIB with a levelling off for larger areas, illustrating the loss of importance of the trophic constraint as area increases
(Supplementary Fig. 7). Therefore, as the area sampled increases, the
proportion of specialist species also increases (Fig. 4a,b).
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Food web degree distributions are usually skewed (many specialists, few generalists)44–46. In spite of the fact that smaller islands host
species with larger potential diet breadth (that is, species indegree
in the metaweb; Fig. 4a,b), the indegree distributions of the realized food webs kept this characteristic skewness (Fig. 4c). Given
the importance of the degree distribution to community robustness
to species loss, this suggests that food web robustness is preserved
across spatial scales. The TTIB thus suggests that important features
of network structure might reflect those present in the regional pool
and are maintained across spatial scales, as is shown for the degree
distribution.

Dispersal in multi-trophic metacommunities

Dispersal is a key process driving SARs4,47,48. Competitive metacommunity models, for instance, have shown that moderate to
intermediate levels of dispersal reduce local competitive exclusion, increasing local diversity via colonization–competition tradeoffs48–51 or by enhancing source–sink dynamics when resources are
heterogeneously distributed in space47,52. However, high levels of
dispersal would homogenize local communities, leading to regional
competitive exclusion and reductions of the overall diversity47,53.
The trophic meta-community model also predicts that local
diversity increases with dispersal, reducing differences between
patches (that is, lower beta-diversity) and leading to a more homogeneous meta-community (Supplementary Fig. 4). The higher
the dispersal rate, and thus the lower the spatial beta-diversity,
the smaller the effect of increasing area on network properties,
because sampling a small number of local communities is enough
to capture the structure and composition of the regional community
(Supplementary Fig. 5). However, given the absence of direct competitive interactions in our models, both regional and local diversity will increase until they reach the maximum number of species
in the regional pool. This observation may differ in the presence
of top-down regulation. Our models used a bottom-up sequential
food web assembly, with the food chain consistently increasing with
the addition of new species. Future explorations of the effect of dispersal on the structure and composition of multi-trophic communities should integrate the trophic constraints used here together with
indirect competitive interactions.
A previous study20 used a meta-community model to explain
the emergence of complex food webs through the linkages between
patches provided by omnivorous and generalist species. In our models, the consumer’s diet specialization constrains the probability of
finding a required resource, and hence, disfavours the presence of
specialist consumers in local communities. Given that generalist
and omnivorous consumers have more potential resources, they
are more likely to persist, which allows for the emergence of network complexity (that is, higher species richness with more links
and links per species) in space when local patches are aggregated.
Yet, the role of generalists for the spatial scaling of network complexity depends on dispersal. Under dispersal limitation, where a
lower number of species coexist locally, generalists are key for the
spatial scaling of food web complexity because they are the ones
spatially connecting patches. However, in the absence of dispersal
limitation, a higher number of species coexist in local communities,
increasing the probability of specialists encountering their required
prey, and thus, generalists are no longer key contributors to the
increase of food web complexity in space. This increase in complexity enhanced by dispersal, on both local and regional scales, might
have important implications for the study of the stabilizing effect of
space on ecological communities14,17,54.

Incorporating spatial scale in comparative studies

Empirical characterizations of species interaction networks often
fail to acknowledge the spatial scale on which these networks are
observed. The restricted number of empirical studies that have done
788

so support our theoretical predictions for several NARs. The variation in food chain length with ecosystem size (for example, lake volume) is an example. Although ecosystem productivity can modulate
this variation55, ecosystem size on its own is a good predictor of food
chain length56. Our models agree with this empirical observation,
showing that MFCL increases with area.
Our predictions of NARs suggest caution must be exercised in
comparative studies of network properties. If network properties
vary systematically across spatial scales, then comparative network
studies that fail to acknowledge the spatial scale on which the study
was performed will wrongly estimate the causes of variation of the
structure of ecological networks.
The variability observed in food web properties often disappears when species richness is controlled for40–43. Then, as area also
affects species richness, a key question is to what extent comparative
studies addressing variation in network properties need to control
additionally for the area sampled, or if the effects of area on network properties are solely driven by richness. In our models, area
determines not only the number of species but also their identity
based on their feeding traits (that is, more or less generalists) and
where they are placed within the food web (that is, across trophic
levels). Regardless of area, for a given number of species, we observe
differences across models in terms of other network properties (Fig.
5b,c), suggesting that each spatial process has different effects on
structuring communities. While network complexity metrics are
highly correlated with species (that is, for a given S, there is no
variation across models), vertical diversity properties are not fully
explained by the number of species. For instance, network mean
indegree (that is, mean generality; Fig. 5b) shows little variation
between models once controlled by the number of species, and this
variation disappears when we additionally control by connectance21.
However, the proportion of species at each trophic level (Fig. 5c)
is difficult to predict solely from the number of species, given that
each spatial process affects these proportions differently. This suggests that controlling for both species richness and connectance will
account for most of the variation in complexity properties across
spatial scales, and hence it would suffice in comparative studies, but
it would not explain all the variation observed in vertical diversity
properties. Therefore, incorporating the spatial scale of sampling in
comparative studies would provide additional key information on
the scaling of certain network properties.
Moreover, we cannot disregard the effects of habitat size in more
complex environments. Our models and the few empirical NARs
available mostly concern communities from relatively homogeneous
environments. In more heterogeneous landscapes, other processes
are at work, such as species sorting (that is, species have different
preferences for different habitats within a given area) and priority effects. Intense species sorting is likely to create compartments
and result in modular or compartmented webs57,58. Food webs are
compartmented when interactions between species are either more
numerous or stronger within the compartment and few or weak
between compartments57,58. Our results show very little variation on
the modular structure of the communities across spatial scales, but
this prediction is likely to be affected when environmental heterogeneity is considered, revealing a potential effect of area on network
properties independent of species richness and connectance.

Implications for conservation

Habitat destruction is the primary cause of the erosion of biodiversity59–61. SARs have been extensively used to estimate species loss
due to habitat loss6–8. Understanding its effects on the structure of
ecological networks is crucial to better preserve ecosystem structure and functioning62–66. Our results provide insights into how
habitat loss and fragmentation would lead to network simplification, reducing not only species richness, but also — and perhaps
more importantly — their interactions. Nonetheless, it is important
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to distinguish the effect of losing habitat (that is, moving across the
x axis in Figs. 3 and 5a) from the effect of limiting species dispersal
(that is, different dispersal scenarios in Fig. 5a and Supplementary
Fig. 5) by, for example, habitat fragmentation. Our results suggest
that habitat loss should reduce the number of links per species (L/S)
and the proportion of omnivorous species, and shorten food chains
(MFCL). Additionally, we observe that fragmented communities
with higher dispersal limitation should be less complex across spatial scales with, for example, less species and less links per species. In
general, our framework shows that fragmented communities should
be expected to be less resistant to habitat loss, showing dramatic
changes in food web structure even for small habitat reductions
(Fig. 5a and Supplementary Fig. 5).

Limitations and future research

Species interactions can experience spatial turnover by themselves,
correlated or uncorrelated with species composition turnover67.
Even if two species co-occur in space, they may not interact if the
environment is not favourable enough68, if one of them is rare69,
or if they experienced phenological mismatches70. Also, we have
assumed dispersal constancy across trophic levels. Different scales
of movement across trophic levels13,17 may also promote variation
in network structure across space. Incorporating such processes
into theoretical frameworks such as the one presented here could
increase the accuracy of our predictions.
Despite the realization that the effect of area on network properties is intimately related to that of richness or connectance, NARs
open new possibilities to explore network stability and functioning
across spatial scales. Several aspects of food web structure and complexity have been studied locally and related to community stability
and functioning, such as the importance of diversity71, the presence
of stabilizing modules such as the omnivorous loop structures72,73,
or the predominance of weak interactions74,75. Scaling-up in space
alters network properties, suggesting that community stability and
functioning might also vary across spatial scales. Assessing network
structure on different spatial scales can, therefore, provide new
insights to analyse and understand community stability and functioning in relation to the different processes that are at play on each
spatial scale.
Code availability. Custom code used to develop the theoretical
models is available upon request.
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