ResearchGate

See discussions, stats, and author profiles for this publication at: https://www.researchgate.net/publication/375960868

Power laws in species’ biotic interaction networks can be inferred from co-
occurrence data

Article in Nature Ecology & Evolution - November 2023

DOI: 10.1038/541559-023-02254-y

CITATION READS
1 606
5 authors, including:

Nuria Galiana Jean-Francois Arnoldi

|
=

Spanish National Research Council French National Centre for Scientific Research
27 PUBLICATIONS 649 CITATIONS 52 PUBLICATIONS 847 CITATIONS
SEE PROFILE SEE PROFILE
5%’ Frederico Mestre Alejandro Rozenfeld
eI e I . . . . .
‘7‘; Centro de Ciéncias do Mar Q National Scientific and Technical Research Council
58 PUBLICATIONS 341 CITATIONS 39 PUBLICATIONS 1,472 CITATIONS
SEE PROFILE SEE PROFILE

All content following this page was uploaded by Miguel Bastos Aratijo on 01 December 2023.

The user has requested enhancement of the downloaded file.


https://www.researchgate.net/publication/375960868_Power_laws_in_species%27_biotic_interaction_networks_can_be_inferred_from_co-occurrence_data?enrichId=rgreq-d9934d4c28373772a0518f968178c854-XXX&enrichSource=Y292ZXJQYWdlOzM3NTk2MDg2ODtBUzoxMTQzMTI4MTIwODU2NTM2M0AxNzAxNDIzNjM0MTQx&el=1_x_2&_esc=publicationCoverPdf
https://www.researchgate.net/publication/375960868_Power_laws_in_species%27_biotic_interaction_networks_can_be_inferred_from_co-occurrence_data?enrichId=rgreq-d9934d4c28373772a0518f968178c854-XXX&enrichSource=Y292ZXJQYWdlOzM3NTk2MDg2ODtBUzoxMTQzMTI4MTIwODU2NTM2M0AxNzAxNDIzNjM0MTQx&el=1_x_3&_esc=publicationCoverPdf
https://www.researchgate.net/?enrichId=rgreq-d9934d4c28373772a0518f968178c854-XXX&enrichSource=Y292ZXJQYWdlOzM3NTk2MDg2ODtBUzoxMTQzMTI4MTIwODU2NTM2M0AxNzAxNDIzNjM0MTQx&el=1_x_1&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Nuria-Galiana?enrichId=rgreq-d9934d4c28373772a0518f968178c854-XXX&enrichSource=Y292ZXJQYWdlOzM3NTk2MDg2ODtBUzoxMTQzMTI4MTIwODU2NTM2M0AxNzAxNDIzNjM0MTQx&el=1_x_4&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Nuria-Galiana?enrichId=rgreq-d9934d4c28373772a0518f968178c854-XXX&enrichSource=Y292ZXJQYWdlOzM3NTk2MDg2ODtBUzoxMTQzMTI4MTIwODU2NTM2M0AxNzAxNDIzNjM0MTQx&el=1_x_5&_esc=publicationCoverPdf
https://www.researchgate.net/institution/Spanish_National_Research_Council?enrichId=rgreq-d9934d4c28373772a0518f968178c854-XXX&enrichSource=Y292ZXJQYWdlOzM3NTk2MDg2ODtBUzoxMTQzMTI4MTIwODU2NTM2M0AxNzAxNDIzNjM0MTQx&el=1_x_6&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Nuria-Galiana?enrichId=rgreq-d9934d4c28373772a0518f968178c854-XXX&enrichSource=Y292ZXJQYWdlOzM3NTk2MDg2ODtBUzoxMTQzMTI4MTIwODU2NTM2M0AxNzAxNDIzNjM0MTQx&el=1_x_7&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Jean-Francois-Arnoldi?enrichId=rgreq-d9934d4c28373772a0518f968178c854-XXX&enrichSource=Y292ZXJQYWdlOzM3NTk2MDg2ODtBUzoxMTQzMTI4MTIwODU2NTM2M0AxNzAxNDIzNjM0MTQx&el=1_x_4&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Jean-Francois-Arnoldi?enrichId=rgreq-d9934d4c28373772a0518f968178c854-XXX&enrichSource=Y292ZXJQYWdlOzM3NTk2MDg2ODtBUzoxMTQzMTI4MTIwODU2NTM2M0AxNzAxNDIzNjM0MTQx&el=1_x_5&_esc=publicationCoverPdf
https://www.researchgate.net/institution/French-National-Centre-for-Scientific-Research?enrichId=rgreq-d9934d4c28373772a0518f968178c854-XXX&enrichSource=Y292ZXJQYWdlOzM3NTk2MDg2ODtBUzoxMTQzMTI4MTIwODU2NTM2M0AxNzAxNDIzNjM0MTQx&el=1_x_6&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Jean-Francois-Arnoldi?enrichId=rgreq-d9934d4c28373772a0518f968178c854-XXX&enrichSource=Y292ZXJQYWdlOzM3NTk2MDg2ODtBUzoxMTQzMTI4MTIwODU2NTM2M0AxNzAxNDIzNjM0MTQx&el=1_x_7&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Frederico-Mestre?enrichId=rgreq-d9934d4c28373772a0518f968178c854-XXX&enrichSource=Y292ZXJQYWdlOzM3NTk2MDg2ODtBUzoxMTQzMTI4MTIwODU2NTM2M0AxNzAxNDIzNjM0MTQx&el=1_x_4&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Frederico-Mestre?enrichId=rgreq-d9934d4c28373772a0518f968178c854-XXX&enrichSource=Y292ZXJQYWdlOzM3NTk2MDg2ODtBUzoxMTQzMTI4MTIwODU2NTM2M0AxNzAxNDIzNjM0MTQx&el=1_x_5&_esc=publicationCoverPdf
https://www.researchgate.net/institution/Centro-de-Ciencias-do-Mar?enrichId=rgreq-d9934d4c28373772a0518f968178c854-XXX&enrichSource=Y292ZXJQYWdlOzM3NTk2MDg2ODtBUzoxMTQzMTI4MTIwODU2NTM2M0AxNzAxNDIzNjM0MTQx&el=1_x_6&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Frederico-Mestre?enrichId=rgreq-d9934d4c28373772a0518f968178c854-XXX&enrichSource=Y292ZXJQYWdlOzM3NTk2MDg2ODtBUzoxMTQzMTI4MTIwODU2NTM2M0AxNzAxNDIzNjM0MTQx&el=1_x_7&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Alejandro-Rozenfeld?enrichId=rgreq-d9934d4c28373772a0518f968178c854-XXX&enrichSource=Y292ZXJQYWdlOzM3NTk2MDg2ODtBUzoxMTQzMTI4MTIwODU2NTM2M0AxNzAxNDIzNjM0MTQx&el=1_x_4&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Alejandro-Rozenfeld?enrichId=rgreq-d9934d4c28373772a0518f968178c854-XXX&enrichSource=Y292ZXJQYWdlOzM3NTk2MDg2ODtBUzoxMTQzMTI4MTIwODU2NTM2M0AxNzAxNDIzNjM0MTQx&el=1_x_5&_esc=publicationCoverPdf
https://www.researchgate.net/institution/National_Scientific_and_Technical_Research_Council?enrichId=rgreq-d9934d4c28373772a0518f968178c854-XXX&enrichSource=Y292ZXJQYWdlOzM3NTk2MDg2ODtBUzoxMTQzMTI4MTIwODU2NTM2M0AxNzAxNDIzNjM0MTQx&el=1_x_6&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Alejandro-Rozenfeld?enrichId=rgreq-d9934d4c28373772a0518f968178c854-XXX&enrichSource=Y292ZXJQYWdlOzM3NTk2MDg2ODtBUzoxMTQzMTI4MTIwODU2NTM2M0AxNzAxNDIzNjM0MTQx&el=1_x_7&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Miguel-Araujo-3?enrichId=rgreq-d9934d4c28373772a0518f968178c854-XXX&enrichSource=Y292ZXJQYWdlOzM3NTk2MDg2ODtBUzoxMTQzMTI4MTIwODU2NTM2M0AxNzAxNDIzNjM0MTQx&el=1_x_10&_esc=publicationCoverPdf

nature ecology & evolution

Article

https://doi.org/10.1038/s41559-023-02254-y

Power laws inspecies’ bioticinteraction
networks canbeinferred from

co-occurrencedata

Received: 8 May 2023 Nuria Galiana®'®

Accepted: 17 October 2023

, Jean-Francois Arnoldi*°, Frederico Mestre®,
Alejandro Rozenfeld®** & Miguel B. Araujo®'?

W Check for updates

Inferring biotic interactions from species co-occurrence patterns has long
intrigued ecologists. Yet recent research revealed that co-occurrences may

not reliably represent pairwise biotic interactions. We propose that examining
network-level co-occurrence patterns can provide valuable insights into
community structure and assembly. Analysing ten bipartite networks of
empirically sampled biotic interactions and associated species spatial
distribution, we find that approximately 20% of co-occurrences correspond
toactualinteractions. Moreover, the degree distribution shifts from
exponential in co-occurrence networks to power laws in networks of biotic
interactions. This shift results from a strong interplay between species’ biotic
(their interacting partners) and abiotic (their environmental requirements)
niches, andis accurately predicted by considering co-occurrence frequencies.
Our work offers amechanistic understanding of the assembly of ecological
communities and suggests simple ways to infer fundamental biotic
interaction network characteristics from co-occurrence data.

Whether interactions between species can be inferred from species
co-occurrence patterns is a contentious topic in ecology'™. Indeed,
the spatial distribution of speciesis influenced by their environmental
tolerances and dispersal abilities, but also by the interactions they
establish with other species®®. This has led to a century-long debate,
withsome authors arguing that bioticinteractions should leave detect-
able patterns in species co-occurrences’ 2. Consequently, there have
been expectations that bioticinteractions could beinferred, at least to
some extent, from co-occurrence data. However, this straightforward
approach has faced criticism because of the potential blurring of signals
by other factors that constrain species ranges and coexistence™"*. For
instance, speciesthat do notinteract but share physiological or habitat
requirements might lead to false inferences of biotic interactions.

Conversely, negative interactions resulting in avoidance or exclusion
may generate non-overlapping distributions, making it difficult to
identify a clear signal in co-occurrence datam'“.:

Empirically testing the predictive capacity of co-occurrences
as asurrogate of biotic interactions presents important challenges.
Few studies that have explored this relationship have managed to
establish general rules for inferring connections between these two
expressions of species ecologies. For example, Freilich et al.” dis-
covered aweak correspondence betweeninteractions inferred from
co-occurrences and the actual biotic interactions observed inarocky
intertidal in central Chile. Only approximately half of the known
interactions were accurately detected through co-occurrence data.
Many interactions, especially negative interactions, were missed
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entirely, while many others were inaccurately classified as false or
spurious interactions.

Although specific interactions may not be reliably inferred from
co-occurrence data, there are still valuable insights to be gained
by exploring other aspects of co-occurrence information to better
understand how ecological networks come together. For instance,
by establishing links between species that co-occur in space, we can
analyse the structural properties of these co-occurrence networks*'®
and investigate their connections with the structural properties of
actualinteraction networks (Fig.1a). Complex ecological systems often
exhibit well-defined patterns that can shed light on the underlying
mechanisms" ", In this vein, we propose that comparing the struc-
tures of co-occurrence and interaction networks can provide valuable
information about the drivers of community assembly, circumventing
the challenges associated with inferring specific pairwise interactions.

We focus onafundamental aspect of network structure extensively
studied in ecological communities: their ‘degree distribution””*°, The
degree distribution encodes the probability for a randomly chosen
node of the network to possess a certain number of links. In ecology,
this conceptis crucial in describing how links are distributed between
species, andits shape canbe related to specific aspects of ecological sta-
bility”3?°?! (Fig. 1b and Supplementary Text 2). Scale-free (power-law)
degreedistributions are considered a hallmark of network organization,
conferring robustness to random extinctions because highly connected
species are relatively rare, making their removal less likely*>*, On the
other hand, networks with an exponential degree distribution, which
occurswhen connections are established randomly, have many species
with moderate connectivity, making the network more vulnerable to
random species losses. The degree distribution of biotic interaction
networks is thus afundamental feature of ecological networks, contrib-
uting to the understanding of community structure and its response to
environmental changes and other threats to persistence**. We propose
that adeeper understanding can be achieved by combining the study
of the degree distribution of co-occurrence networks because both
types of networks may emerge from shared community assembly rules.

The simple premise on which the comparison between
co-occurrence and interaction networks is based, is that species need
to co-occur to interact. While competitive exclusion leading to spatial
avoidanceis anexception, for many importantinteraction types (preda-
tor-prey, host-parasitoid, commensalism or mutualism), co-occurrence
isanecessary condition for theinteraction®. Formally, thisimplies that
interaction networks are a subset of co-occurrence networks, result-
ing from the removal of links between species that co-occur without
interacting. Under the assumption that co-occurrence is observed at
arelevant scale (if the scale considered is too broad, co-occurrence is
indeed meaningless), this process of pruning could leave subtle traces
of community assembly. For instance, ifinteraction networks were the
result of randomly removing co-occurrence links, it would suggest
that interactions are mostly contingent, and the structure of inter-
action networks would be trivially subordinate to the co-occurrence
network. Onthe other hand, if the structure of the interaction network
differs qualitatively from the structure of the co-occurrence network
(beyond areduction of the total number of links), it is a sign that there
is a systematic pruning of links. For instance, a change in the network
degree distribution from exponential (co-occurrence) to power-law
(biotic interaction) signals chance-based co-occurrence patterns but
abiased pruning of links benefiting generalist species (see below and
Supplementary Text 2). The comparison between co-occurrence net-
works and biotic interaction networks thus offers a unique opportunity
toinvestigate theinterplay betweenthe abiotic niche of a species (that
sets the limits to its spatial distribution) and its biotic niche (its inter-
acting partners, such as its prey or predators). Understanding such an
interplay can then elucidate key mechanisms of community assembly.

Toexplore these concepts, we analysed ten well-resolved empiri-
cal bipartite networks from various terrestrial habitats around the
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Fig.1| Visual representation of anetwork of co-occurrence and the
corresponding network of biotic interactions and their degree distribution.
a, A co-occurrence network is built based on empirical observations of presence
and absence of each species in each spatial units of each dataset. Aninteraction
isadded to the network of co-occurrences when two species from different
trophiclevels (for example, plant-pollinator or host-parasitoid) co-occurin at
least one spatial unit. For instance, a pollinator will have as many interactions in
the network of co-occurrences as plants found co-occurring with it in the spatial
units analysed. Notice that the frequency of co-occurrence (that is, the number
of times two species co-occur across spatial units) varies across species. Species
coloured in orange have a higher frequency of co-occurrence. The network of
bioticinteractionsis based on empirical observations of the interactions between
speciesin each spatial unit. Thus, aninteraction between two speciesis added

to the network of bioticinteractions if it was empirically observed in at least

one spatial unit. b, Once both types of networks are built, we can analyse their
fundamental characteristics. One of themis network degree distribution, which
represents the cumulative probability of finding a species in the network with at
least agiven number of interactions. Therefore, the probability of finding a species
inthe network that has at least one interaction with another speciesis1. The shape
ofthe network degree distributionindicates how links are distributed among
speciesin the network. For instance, an exponential shape indicates that the
occurrence of alinkin the networkisindependent of the presence of other links,
while power-law distributions indicate that links are more likely to occur among
species that already have more links (that s, the rich-gets-richer phenomenon).

globe. These networks provide data on both species distributions
across multiple locations and their empirically sampled bioticinterac-
tions. Importantly, the interactions in these networks, such as plant-
pollinator (PP) and host-parasitoid (HP) interactions, adhere to the
premise that ‘species need to co-occur (at an appropriate scale; see
‘Results and discussion’) to interact’. These newly available datasets
allow us to directly compare co-occurrence and interaction networks
in terms of their degree distribution (Fig. 1). We then examined how
co-occurrence networks canbe pruned to approximate the features of
therealized bioticinteraction network. We propose asimple model that
uses knowledge on co-occurrence between species and the frequency
of such co-occurrence (thatis, the number of sites where co-occurrence
betweena pair of speciesis known). This model estimates the number
ofinteractions of aspecies based solely oninformation about species
co-occurrence (see the Methods for further details).
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Fig.2| Comparison of the frequency distributions of consumer’s degree
among co-occurrence networks and realized biotic interactions networks.
Thered lines correspond to the degree distributions of the co-occurrence
networks and the yellow lines correspond to the degree distribution of the biotic
interaction networks in the ten datasets investigated. Top, PP networks. Bottom,
HP networks. The black dashed lines indicate the power law or truncated power-

law fit, which for all datasets were the more parsimonious functions among all
tested (Methods). The percentage shown in each plot represents the proportion
of links realized in the network of biotic interactions from the co-occurrence
network () for each dataset. See the corresponding results for resource
speciesin Extended Data Fig. 1. A description of all datasets can be found in
Supplementary Text 1.

Results and discussion

From exponential to power law

Using newly available high-quality data, we reveal a surprisingly con-
sistent relationship between co-occurrence andpiotic interaction
networks. Across all datasets, the proportion (f) of co-occurrences
that correspond to actual interactions is ~20% (mean = 0.18,
s.d.=0.05; Fig. 2). The total number of potential links, as based on
co-occurrence networks, ranged from 6,437 to 524, while the real-
ized bioticinteraction links ranged from 967 to 90 (Supplementary
Table1). Despite large differences in the total number of links across
datasets, the proportion of potential links that are realized is strik-
ingly similar among them. Furthermore, and also across datasets,
the degree distributionin co-occurrence networks is best described
by an exponential function. In contrast, realized interaction net-
works are best described by a power law (Fig. 2 for consumers and
Extended Data Fig.1for resources; see also Supplementary Table 2),
indicating that the proportion of realized links is not uniform across
species (Fig. 3).

The prevalence of scale-free degree (that is, power law) distribu-
tionsinspeciesinteraction networks is well-knownin the ecological
literature''®, However, our results extend this understanding by
demonstrating that co-occurrence networks, in contrast, exhibit
exponential degree distributions. This indicates that the occurrence
ofalinkinthe networkislargely independent of the presence of other
links, as expected when links are randomly distributed. Yet, despite
co-occurrence networks having random-like, exponential degree dis-
tributions, we reveal that assemblages of interacting species exhibit
scale-free, power-law degree distributions. Such network topologies
arerobust to species extinctions'”?, especially when threats are exter-
nal to natural population dynamics, such as those caused by human
activities?. Our findings thus raise the critical question: How does
the exponential degree distribution in the co-occurrence network
transforminto a power law when we remove co-occurrence links that
do not correspond to actual bioticinteractions?

Therole of super-generalist species

For the degree distribution to shift from an exponential to a power
law, the proportion of realized biotic interactions cannot be uniform
across species. If the interaction degree of species (that is, realized

biotic interactions) was roughly proportional to the co-occurrence
degree (that is, potential interactions), then the respective degree
distributions would keep the same functional form: an exponential
would remain an exponential and a power law would remain a power
law (grey line in Fig. 3; see Supplementary Text 2 for a mathematical
demonstration). The interaction degree distribution would thus be
asimplerescaling of the one for co-occurrences (see below where we
discuss an actual null model of this kind). This is not what is seen in
the empirical data. We find that the number of realized interactions
increases superlinearly with the number of potential interactions
(Fig. 4 for consumers and Extended Data Fig. 2 for resources). This
means, in particular, that species co-occurring with more potential
interacting partners keep a higher proportion of those links as biotic
interactions than species with fewer co-occurrences. The relation-
ship between species’ ability to occupy multiple sites (indicative of
co-occurrence with many different species) and its capacity to interact
with multiple potential resources (indicative of having broad diets)
has been previously recognized” and is critical for understanding
the patterns observed in this study (Fig. 3). The fact that the most
generalist speciesinterms of habitat use (abiotic niche) interact witha
disproportionately larger number of their potential resources (biotic
niche) promotes the emergence of the fat tailin the degree distribution
ofthebioticinteraction network (Supplementary Text 2), which means
thatthereisahigher probability of finding species in the network with
alarge number of links (yellow line in Fig. 3). These super-generalist
species thus have a crucial role in understanding community assem-
bly, chiefly the emergence of power-law degree distributions in the
realized network of interactions.

Besides their structuring role in community assembly, the exist-
ence of super-generalist species is important for conservation. The
size of species’ geographical ranges is a well-known determinant of
species vulnerability to extinction”*. We demonstrate a general and
predictable relationship between the spatial distribution of species and
their bioticinteractions. Widespread species, with large geographical
ranges, have avastarray of interacting species, which makes themless
vulnerable to potential extinctions of their interacting partners. On the
other hand, small-ranged species are not only threatened because of
their restricted range size but also because they have arestricted pool
of interacting partners.
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Fig. 3| Therole of super-generalist species in the emergence of power-law
degreedistributions. Top, different possibilities for the relationship between
the number of potential interactions and the number of realized links in the
network of biotic interactions. The yellow line shows the pattern observed in

the data analysed in this study, where generalist species in terms of potential
interactions realize a disproportionate large number of those links in the network
of biotic interactions. The non-linearity of this relationship makes the non-
proportionality across species explicit. This relationship between potential and
realized (biotic) interactions highlights the strong generalism of the species both
interms of their abiotic niche (that is, larger occupancy in space and thus larger
co-occurrence with other species) and their biotic niche (that is, more biotic
interactions among those co-occurring with them). We call these species super-
generalists. The grey and green dashed lines represent two other possible cases:
aconstant proportion of realized links across species and the case where

specialist species would realize a larger proportion of the potential links.
Bottom, the consequences of these patterns for the shift in the network

degree distribution from co-occurrence to biotic interactions. Given that
super-generalist species keep a larger proportion of their potential links than
specialist species, the degree distribution changes from an exponential in the
co-occurrence network to a power law in the network of biotic interactions
(yellow line), where the probability of finding a species in the network with a large
number of links is higher than in the other cases (grey and green dashed lines). If
theinteraction degree of species was roughly proportional to the co-occurrence
degree, the respective degree distributions would keep the same functional
form. The interaction degree distribution would thus be a simple rescaling
ofthe one for co-occurrences. An exponential would remain an exponential,

and a power law would remain a power law (see Supplementary Text 2 for a
mathematical demonstration).

Frequency of co-occurrences as a key predictor

The ‘super-generalist’ pattern can be elucidated further. Across
datasets, we observed that species co-occurring with more poten-
tial resources (or consumers if we take the resource perspective)
also co-occur with them more frequently (Fig. 5 for consumers and
Extended Data Fig. 3 for resources). Based on this finding, and to pre-
dict the degree distributions of interaction networks, we propose a
simpleinteractionrate (IR) model to prune the co-occurrence network.
This model uses the frequency of co-occurrences between species to
predict interactions. Specifically, the IR model makes a probabilistic
prediction for the interaction between species based on a uniform

per-site probability of interaction (P). The more frequently two species
co-occur, the more likely the model will assign aninteraction between
them (Methods).Inessence, the IRmodel provides an expected number
ofinteractions for each species of the network, based on the frequency
oftheir co-occurrences with potential interaction partners.
Atthespecieslevel, theresults of the IRmodel correlate relatively
well with the actual realized number of interactions of each species
(Extended DataFig.4). The IRmodel predicts asuperlinear relationship
between the number of potential and realized interactions (greenline
in Fig. 4 and Extended Data Fig. 2) like the one observed in the empiri-
cal patterns. On the other hand, at the community level, the IR model
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Fig. 4| Relationship between the number of potential interactions (based
on co-occurrences) and the number of realized interactions for consumer
species. The green points and lines represent our model predictions. Top, PP
networks. Bottom, HP networks. Each black point represents a species in the
empirical system; the green line and points indicate the predicted proportion
of realized interactions by the proposed model based on the frequency of co-

occurrences. Notice that the relationship is non-linear, demonstrating that the
proportion of co-occurrence interactions realized in biotic interactions is not
constantacross species. The green lines represent the mean tendency and the
shaded areas represent the 95% confidence intervals. See the corresponding
results for resource species in Extended Data Fig. 2. A description of all datasets
canbe found in Supplementary Text 1.

provides a prediction for the degree distribution of the interaction
network that is strikingly accurate, regardless of whether the focus is
on consumers (indegree, Fig. 6, but see below where we discuss small
deviations) or resources (outdegree, Extended Data Fig. 5; in this case
the prediction is near-perfect). Even though the interaction between
two given species may be hard to predict based on co-occurrence alone,
we found that accurate inference is possible when we shift the focus
towards community level properties, such as the degree distribution of
theinteraction network. Thatbeing said, to predict features of the net-
work of biotic interactions from co-occurrence frequencies, we had to
estimate the per-site IR p.In our analysis, we estimated p for each dataset
by askingif the expected number of links of the pruned co-occurrence
network equated the actual number of biotic interactions (Methods).
While we made use of all the knowledge available to derive p, itisworth
noting that p can be seen as the average IR over species. Like all aggre-
gate features, this means that it can be estimated from partial knowl-
edge, suchastherate of interaction of afew randomly chosen species.
Furthermore, we found that the per-site IR pdid not vary strongly across
datasets (mean =0.077, s.d. = 0.028) (Supplementary Table 2). This
consistency allows generating predictions about the number of links
and their distribution among species in biotic interaction networks
using co-occurrence data, without requiring additional information.
While the IR model prediction for the degree distribution of the
network of biotic interactions is accurate, there is still a small but sys-
tematic deviation when taking the consumer’s perspective: it either
matches or underestimates the probability associated with the spe-
cieswith the highest degree. That s, it underestimates the number of
realized interactions of the most generalist consumers. In Fig. 6, this
is most visible for Garraf PP2 and Gottin PP networks, or for the Olot
HP network. This bias indicates that these super-generalist consum-
ers have even more biotic interactions than what would be expected
based on their frequency of co-occurrence with potential resources.
This observationsuggests the existence of a positive feedback between
the biotic and abiotic niches. Initially, one might assume that species
with large ranges simply have more opportunities tointeract withmore
resources, leading to their generalist behaviour. However, the fact that
the predictionsstillunderestimates the realized biotic niche of already
highly generalist species, suggests that causality might be reversed.
Itis possible that species capable of occupying many locations (large

abiotic niche) are the ones with a natural tendency to be generalists
(large biotic niche). That the model deviation only occurs when taking
the consumer’s perspective corroborates this interpretation.

Beyond random pruning of co-occurrences

Tofurther demonstrate theimportance of considering the frequency of
co-occurrence toaccurately estimate the degree distribution of biotic
interaction networks, we conducted a null model based on arandom
pruning of links. In this model, the probability of interaction between
apair of speciesis notinfluenced by their frequency of co-occurrence.
Instead, all co-occurring species from opposite tropbic levels have the
same probability of interacting, whichis equal to the pbserved propor-
tion (f) of co-occurrence links that correspond to actual interactions.
Thus, the resulting network of biotic interactionsis arandom subset of
the co-occurrence network. The degree distributions obtained from
thisrandom pruning model do not exhibit the patterns observedinthe
empirical data (Extended DataFig. 6). Instead, the shape of the degree
distribution of the pruned networksis similar to the one observedin the
co-occurrence networks, as suggested in Fig. 3, and the simple math-
ematical argument that explains why the two degree distributions will
onlyberescaled versions of each other (Supplementary Text 2). This dif-
ference betweenthe results obtained from the IR model and the random
pruning model highlights the crucial role of super-generalist species
in the emergence of power-law degree distributions. The presence of
super-generalist species that realize a disproportionately large number
of their potential links leads to the power-law degree distributions
observed in nature. In contrast, the absence of such super-generalist
species in the random pruning model results in degree distributions
thatdonot resemble the ones observed inreal ecological communities.

Conclusion

Characterizing the intricate web of interactions among multiple organ-
isms co-occurring in ecosystems is a challenging task for current sci-
ence. Amuch desired approach is inferring biotic interactions from
species co-occurrence data**, While accurately detecting pairwise
interactions from co-occurrence data is difficult™*, we discovered
that analysing co-occurrence patterns at the network level can yield
valuable information for inferring the biotic interaction structure of
ecological communities.
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Ourresearchunveiled a clear relationship betweenthetwotypes found that species not only need to co-occur to interact, but need to
of networks that is remarkably consistent across datasets. Notably,we  co-occurfrequently. Ourfindingsrepresentanimportantadvancement
found that super-generalist species®, possessing broad environmental  inunderstanding community assembly while providing unexpectedly
tolerance and diet generality, have akeyroleinstructuringecological realistic predictions of biotic interaction networks based on species
communities. These super-generalists interact with a disproportion-  co-occurrenceinformationalone. However, itisimportant to acknowl-
ately large number of co-occurring species, leading to a shiftinthe edge the influence of spatial scale when predicting biotic interaction
degree distribution from exponential in the co-occurrence network  networks from co-occurrences. The spatial scale at which species
to ascale-free power law in the network of realized interactions. This  co-occurrences are assessed can impact the comparison between
interplay between the spatial distribution of species and their biotic  these two types of networks. Generally, coarser scales may require
interactions holdsimportantimplications for designing conservation  stronger pruning of the co-occurrence network to approximate the
strategies at large spatial scales. interaction network. In this study, we used the same spatial scale to

To move beyond observational comparisons between co-  assess co-occurrences and characterize biotic interactions, allowing
occurrence and interaction networks, we demonstrate howaccounting  for direct comparisons. Nonetheless, future research should delve into
for the frequency of co-occurrence between species enablesaccurate  how thiscomparison changes withincreasing spatial scale and whether
prediction of fundamental properties of the realized network of inter-  there is a threshold beyond which co-occurrences no longer serve as
actions, explaining the observed patterns effectively. In essence, we  accurate predictors of biotic interaction networks.
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Given the challenges in sampling biotic interactions across large
spatial extents, many studies resort to different approaches to infer
species interactions, such as expert knowledge, literature reviews or
proxies like species traits®****. The generalities revealed in this study
can inform and enhance these approaches to better predict interac-
tion network features based on co-occurrence data, substantially
simplifying the effort required. Specifically, the per-site IR (p) found
in this study can serve as a valuable reference for generating predic-
tions on biotic interaction networks without the need for additional
information onbioticinteractions. Moreover, p is strongly correlated
with the proportion of co-occurrenceinteractions thatare actual biotic
interactions (f) (Extended Data Fig. 7). Because estimating the per-site
IRis easierinempirical datathan determining the full network of biotic
interactions, this correlation can provide valuableinsights. Yet, further
research is needed to extend the framework presented in this study
beyond bipartite networks (for example, food webs or competitive
networks), and to not only predict the basic properties of realized
interaction networks from co-occurrence but to predictvthe interac-
tions themselves. Advancements in this direction would significantly
improve our understanding of the complex web of interactions within
ecological communities and facilitate more informed conservation
and management strategies. The findings of this study open up excit-
ing opportunities to explore and refine the use of co-occurrence data
for predicting species interactions and advancing our knowledge of
community dynamics at several spatial scales.

Methods

Empirical data

We used ten empirical datasets of bipartite networks comprising both
mutualistic and antagonistic interactions. All datasets contained infor-
mation about species distributions across multiple sampled locations
and their interactions in each location. Specifically, we used datasets
describing PP interactions from forests in the natural park of Mont-
seny”; from Mediterranean shrublands in Garraf (two datasets®**);
from a temperate forest in Argentinian Patagonia®®, and a calcare-
ous grasslands in central Germany®. We used datasets describing HP
interactions from the natural park of Olot in Catalonia*’; from Mediter-
ranean shrublands in Garraf***’; from a temperate forest in Finland*;
fromthe calcareous grasslandsin central Germany; and from a dataset
spanning alarge latitudinal gradient from Italy to northern Norway*.
All datasets are explained in more detail in Supplementary Text1and
areavailableinthearticle by Galiana et al.*’. The description of the basic
network properties of each dataset can be found in Supplementary
Tablel.

Network construction
For each dataset, we built the network of co-occurrences and the net-
work of biotic interactions based on empirical observations (Fig. 1a).
The co-occurrence network was built from the empirical observations
of the species’ spatial distribution in each dataset. Therefore, a link
between two species from different trophic levels was added when
they co-occurred in at least one spatial unit of each dataset. In addi-
tion to the binary co-occurrence information (that is, presence or
absence of co-occurrence between species) used to build the network
of co-occurrences, we also considered how frequently species from dif-
ferent trophiclevels co-occurred across sites to develop our theoretical
model (see section below). The network of species co-occurrences has
been interpreted as a network of potential interactions given that to
interact species normally have to coexist, with the possible exception
of strongly negative interactions leading to competitive co-exclusion®.
Given that the datasets considered in this study describe PP and HP
interactions, speciesindeed need to co-occur to interact.

The network of biotic interactions is based on empirical obser-
vations of the ecological interactions between species in each spa-
tial unit. Thus, an interaction between two species was added to the

network of bioticinteractions ifit was empirically observedin at least
one spatial unit. It is important to note that the spatial scale consid-
ered for the biotic interactions is the same as the one considered for
co-occurrences. That is, the presence or absence of interactions and
co-occurrences between species was empirically observed in each
spatial unit of each dataset. The dimensions of the spatial units of each
dataset were chosen by the authors of the original papers describing
these datasets® * to ensure the correct description of the network of
bioticinteractions. Therefore, if two species were observed together
but notinteracting, we can be confident thatitis not a false negative.
The use of the same spatial scale for co-occurrences and interactions
allowed us to directly compare the two.

Network degree distribution

Boththe co-occurrence andbioticinteraction networks were described
through quantification of their degree distribution in the empirical
data. The degree distribution is defined as the probability Pk > x) of
(uniformly) choosing aspeciesthat has atleast x links to other species
inthe network (Fig. 1b and Supplementary Text 2). We then fitted four
different functions previously identified in ecological network degree
distributions: exponential; power law; truncated power law; and
log-normal”**, After fitting these functions to the degree distribution
ofboth co-occurrence and biotic interaction networks for each dataset,
we selected the most parsimonious function using the Akaike informa-
tion criterion. Because the networks analysed are bipartite, we could
analyse consumer and resource degree distributions independently;
we present the results for each trophic level separately.

Pruning of the co-occurrence network based on the frequency
of co-occurrence
Toinvestigate the differences between the degree distributions of the
two network types (thatis, co-occurrence and biotic interactions) and
examine how co-occurrence networks can be pruned to approximate
therealized network of bioticinteractions, we propose a simple model
based on the frequency of co-occurrence between species (that is,
the number of times two species co-occur across sampling units) to
estimate the expected number of interactions of aspecies.

Let N = (N,;) be the frequency of the co-occurrence matrix where
N is the number of sites where a consumer a has been observed
together with a resource i. Given a rate of interaction per site p, the
probability that @ and i actually interact is:

Py=1-(1-p) ™

Therefore, P,; is the probability of the interaction between con-
sumer « and resource i, which is modulated by the frequency of
co-occurrence between both species across sites N,;.

We still need to fix the value for p. To do so, we may note that over
many random draws of the model, the expected number of links, L,
conditioned on the fact thatall consumers have at least one resourceis:

Nai
T

where N, = 3.N,;,. We imposed such a condition to ensure that we did
not haveisolated consumers lacking arequired resource tosurvive (as
observed in the empirical data). We then defined p so that @ =f
whichimposes that, on average over randomrealizations of the model,
the total number of links L coincides with the number of actual links in
the network of biotic interactions, which is a proportion fof the total
number of co-occurrences, thatis, L. (fcorresponds to the percentages
shown in Fig. 2). Thus, for each dataset, p is adjusted to generate a
pruned network that has, on average, the same number of bioticinter-
actions than the original network. In the end, any random realization
of this model generates the number of links for each species, which

’
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allowed us to characterize the degree distribution and compare it to
the actual degree distribution of the empirical network of biotic inter-
actions. Giventhatitis a probabilistic model, we performed 100 differ-
entrandomrealizations of the model (the many coloured linesin Fig. 5).

Random pruning of the co-occurrence network

To demonstrate the importance of considering the frequency of
co-occurrences between species (which underlie the IR model pro-
posed earlier) to properly infer network degree distributions, we addi-
tionally performed arandom pruning of the network of co-occurrences
and compared theresults. That is, while in the model proposed earlier
the probability of interaction between a pair of species depends on
their frequency of co-occurrence in space, in the random pruning
model all species from opposite trophic levels that co-occur have the
same probability of interacting. For instance, if for a given dataset
we observe that 20% of the links from the co-occurrence network are
transformed into bioticinteractions, all species that co-occur will have
aprobability ofinteracting P,;,= 0.2, whichis equivalent toset N,;= 1for
allspeciesinthe model described earlier. We performed 100 replicates
of this random pruning and compared the resulting degree distribu-
tions with the empirically observed degree distributions of the biotic
interaction networks.

Reporting summary
Furtherinformation onresearch designisavailablein the Nature Port-
folio Reporting Summary linked to this article.

Data availability
The data supporting the study results can be found at https://doi.
org/10.5281/zenodo.8402455.

Code availability
The codeusedtoanalyse the dataand generate the results can be found
at https://doi.org/10.5281/zenodo.8402455.
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Extended Data Fig.1| Comparison of the frequency distributions of investigated. Top row are plant-pollinator networks and bottom row are host-
resources degree among co-occurrence networks and realised biotic parasite networks. Black dashed lines indicate the more parsimonious functions
interactions networks. Red lines represent co-occurrence networks and among all tested (see methods).

yellow lines represent realised biotic interactions networks in the 10 datasets
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Extended Data Fig. 2| Relationship between the number of potential empirical system and the green line and pointsindicate the predicted proportion
interactions and the number of realised interactions and model prediction of realised interactions by the proposed model based on the frequency of

for resource species. Top row are plant-pollinator networks and bottom row co-occurrences. Green lines represent the mean tendency and shaded areas

are host-parasite interactions. Each black point represents a species in the represent 95% confidence intervals.
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Extended Data Fig. 3| Relationship between number of potential row are host-parasite interactions. Each black point represents a species in the
interactions for resource species and the mean frequency of co-occurrence empirical system. Blue lines represent agam fit only for visualisation purposes
with their consumers. Top row are plant-pollinator networks and bottom and shaded areas represent 95% confidence intervals.
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Extended DataFig. 4 | Relationship between the number of expected outdegree corresponds to the number of consumers each resource has). Each
interactions based on the frequencies of species co-occurrences and the point represents aspecies in the empirical system. Black line shows the 1:1line
number of realised interactions for each species. (a) Shows the relationship indicating a perfect relationship between the predicted and the realised number
fromthe consumer’s perspective (thatisindegreeis the number of resources ofinteractions.

each consumer has) while (b) represents the resources perspective (thatis
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Extended DataFig. 5| Comparison of the degree distributions of resource
species among co-occurrence networks, realised bioticinteractions networks
and our theoretical predictions accounting for the frequency of interactions.
Red lines represent co-occurrence networks, yellow lines represent realised
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o
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bioticinteractions networks and our theoretical predictions accounting for the
frequency of interactions are represented in multicolor (each color represents a
replicate) in the 10 datasets investigated. Top row are plant-pollinator networks
and bottom row are host-parasite networks.
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Extended Data Fig. 6 | Comparison of the degree distributions among co-
occurrence networks, realised biotic interactions networks and the null
model predictions. Red lines represent co-occurrence networks, yellow lines
represent realised biotic interactions networks and the null model predictions are
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investigated. The null model prunes the co-occurrence networks using a constant
proportion of links to keep across species. Therefore, it resultsinarandom
pruning of the co-occurrence network. Top rows correspond to consumers and
bottom rows correspond to resource species.
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