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Abstract

Species interaction networks underpin ecosystem function and persistence, but their study is
hindered by lack of empirical knowledge about interactions. Many interactions occur in nature that
have not been observed or recorded. We develop a process-based framework for simulating species
interaction accumulation curves that accounts for spatiotemporal variation species interaction
networks. We do this by explicitly linking interaction realization and detection rates to species
abundance. We implement this framework in a software package, SpeciesInteractionSamplers.jl,
which enables researchers to evaluate monitoring strategies and assess the completeness of
empirical interaction datasets under biologically realistic assumptions. Together, this framework and
software provide a foundation for quantifying the Eltonian shortfall, and for improving the design of

interaction monitoring networks.

1 Introduction

Species interactions — like predation, pollination, and parasitism — govern the flow of biomass and
energy through ecosystems, ultimately enabling persistence of biodiversity and ecosystem
functioning. Despite their importance for ecosystem processes, species interactions are a major
knowledge gap in knowledge of life on Earth; the so-called “Eltonian shortfall” (Hortal et al. 2015).
Better monitoring of species interactions is an imperative to understand and predict the impacts of
anthropogenic change on biodiversity (Makiola et al. 2020), ecosystem function (Bartley et al. 2019),

and to anticipate disease spillover to prevent future pandemics (Carlson et al. 2022, Becker et al.
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2022). We lack sufficient data to meet these challenges (Poisot et al. 2021) because species
interactions are difficult to sample (Jordano 2016a; b). Many, if not most, species interactions that
occur in nature have not yet been detected and recorded (Cirtwill et al. 2019). We can be confident
two species can feasibly interact if we have a record of it (assuming each species was correctly
identified), but unsure that two species could not feasibly interact if we have never observed it, let
alone if we have few (or zero) records of these species co-occurring. Consequently, empirically
constructed interaction networks contain many false negatives, where two species interact, but we

lack any record of it.

Recent work has aimed to address this data gap by using species-level information (e.g. traits,
abundance, range, phylogenies, etc.) to predict interaction feasibility (Terry and Lewis 2020, Caron et
al. 2022), and for spatially and temporally explicit prediction of species interaction networks
(Strydom et al. 2021). One challenge here is that we don’t have a good idea how many feasible
interactions are “missing” from these networks, as species interactions vary in how often they are
realized and their intrinsic detectability (Cirtwill et al. 2019). Here, we develop a spatiotemporally
explicit process-based framework for modeling stochastic interaction realization and imperfect
detection, enabling estimation of the sampling completeness of interaction networks grounded in

ecological mechanisms.

Imperfect detection is a pervasive feature of ecological sampling and has motivated a long history of
statistical approaches to account for it, e.g. rarefaction for species richness estimation (Sanders 1968,
Simberloff 1972). Explicitly accounting for imperfect detection has become common in modeling
occupancy (MacKenzie et al. 2002, Royle et al. 2005, Royle 2006), abundance (Royle 2004), ranges
(Guillera-Arroita 2017), and species richness (Dorazio and Royle 2005) with extensions to joint
modeling of co-occurrence (Pollock et al. 2014, Devarajan et al. 2020). Similarly, there has been
considerable work on sampling properties of interaction networks, primarily food-webs (Martinez et
al. 1999, McLeod et al. 2021). This work has motivated the use of rarefaction methods from species
richness estimation (Chacoff et al. 2012) to evaluate the completeness of network sampling,
quantifying the effect of underlying network topology on measurement bias (Aguiar et al. 2019),
consideration of the impacts of spatial and taxonomic biases (Poisot et al. 2021), and by excluding
biologically infeasible interactions from consideration (Jordano 2016a). Cirtwill et al. (2019)
introduced a framework describing the construction of empirical interaction networks accounting

for variability in realization and detection rates.

We extend the framework from Cirtwill et al. (2019) by developing a process-based model of
interaction realization and detection that explicitly accounts for spatiotemporal variation in species
occurrence and abundance, which intrinsically structures interactions across space and time (Poisot
et al. 2015). This framework links realization and detection rates to species abundance, moving
beyond rarefaction-based estimates of sampling completeness by linking interaction accumulation to

ecological mechanisms. We implement this framework in an open source software package,
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SpeciesInteractionSamplers.jl. This approach allows researchers to both (1) estimate sampling
completeness under biologically realistic assumptions, and (2) evaluate the sampling design of

interaction monitoring programs.

2 A Process-Based Framework for Spatiotemporal Species

Interaction Realization and Detection

Quantifying the sampling completeness of species interaction networks is essential to assess the
limitations of inference made from interaction data, and to make grounded predictions of
interactions. To enable robust estimates of sampling completeness, we need to root this
methodology in the ecological processes that enable species interactions in order to ground these
estimates in ecological reality. We introduce a process-based model of the realization and detection
of species interactions that explicitly accounts for spatiotemporal variation in species presence and
abundance. Cirtwill et al. (2019) models how empirical species interaction networks are constructed
by having all pairwise species combinations move through a sequence of filters from all pairs of
species to those that are detected during data collection: (1) feasibility (an interaction is biologically
possible based on the traits of each species (Banville et al. 2025)), (2) realization (a feasible
interaction actually happens), and (3) detection (the interaction is observed and recorded by an

observer).

We extend this framework in several ways: (1) By introducing a new filter, potential, which
disentangles co-occurrence from realization to account for spatiotemporal variation in abundance
and occurrence. Explicitly accounting for this variation is essential to account for the demographic
and biogeographic processes that structure interactions across space. The species interactions that
are realized at different locations and times is inherently structured by the distribution and
abundance of species across space, and separating co-occurrence from realization allows us to model
these processes independently, (2) by modeling the realization of interactions as a stochastic process
dependent on species abundances and/or traits, and (3) by explicitly modeling imperfect detection of

interactions by an observer.
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Figure 1: A spatiotemporal framework for interaction detection. Building upon the feasibility-realization-detection
framework from Cirtwill et al. (2019), we introduce a new filter that feasible interactions go through before they are

detected — potential — which explicitly accounts for species co-occurrence.

2.1 Interaction Feasibility

The first filter on interactions across all pairs of species to those that are detected is interaction
feasibility, where an interaction is feasible if both species involved have the biological capability to
interact Cirtwill et al. (2019). We denote the feasibility of an interaction between species ¢ and j as

A € 10,1}

The feasibility of a given interaction is governed by numerous factors depending on the particular
system and taxa of interest. These can be morphological traits (e.g. body-size in food webs (Cohen et
al. 2003), bill length in hummingbird pollinated systems (Vizentin-Bugoni et al. 2014), or based in

genetics (e.g. the protein structure of receptors in a virus and host (Diamond 2009)).
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Although an interaction between two species may be feasible ();; = 1), this does not necessarily
imply all individuals of each species can feasibly interact. Within-species variation in feasibility can
vary, for example due to phenotypic plasticity enabling an interaction between some members of

species and not others, or due to differences in morphology across life-stages.

2.2 Interaction Potential

Within Cirtwill et al. (2019)°s framework, both species co-occurrence and interaction are bundled
into the realization filter that describes if interactions are realized during a given sampling event or
not. We disentangle these two processes to make this framework spatiotemporally explicit by
introducing a new filter, interaction potential, between feasibility and realization (Figure 1), which is
dependent on the co-occurrence of both species involved in an interaction at a particular place x and

time ¢.

This separates the co-occurrence component of interactions from their stochastic realization,
enabling explicit modeling of the spatiotemporal heterogeneity in interaction networks due to

variation in species abundance and occurrence, which can then influence the rate of interaction
(z,t)

realization. We denote the occurrence of species 7 at location x and time t as v, , which is either a
binary variable indicating presence (i.e. 'yl(z’t) € {0,1}), or a measure of relative species density (i.e.
’yi(w’t) is between 0 and 1).

2.3 Interaction Realization

We introduce a family of process-based models of interaction realization. In the real world, species
interactions are not regular and deterministic, but sporadic and stochastic. Therefore, we model the
interaction realization as a Poisson process, where the number of events per unit of time is described
by a rate parameter u, and during a single unit of time, the number of events that occur is
distributed as a Poisson(u) distribution. We are then left with two separate challenges when
choosing how to define interaction rates: (1) defining the total number of expected number of
interactions across all interacting species per unit of time and (2) defining the rate of each particular

interaction.

To govern the expected total number of interactions, we introduce a “realization energy” parameter
€, which governs the total number of expected interactions across all pairs of potentially interacting
species at a given site and/or time. We then define a set of models for determining per-interaction
rates that are (1) Abundance-based, (2) Trait-Matching based, and (3) Both Abundance and Trait-
Matching based.
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Abundance Based Realization

The core idea of abundance-based realization is that more abundant species are more likely to
encounter each other in nature, and therefore the rate of interaction realization between two species
iand j is a function of each species’ abundance (the mass action hypothesis; Staniczenko et al.

(2013)). We use this idea to describe a family of interaction realization models.

We start by defining a global distribution relative abundance X that is pooled across all locations

and times. We denote the relative abundance of species i as R,, and by definition

> R, =1

We then define the rate interaction u(-m’t)

i~ between species ¢ and j at location = and time ¢ as

z,t) (z,t)
@t >‘w f( z% ’Tﬂjw )

lu”L] - t t
where ’yi(x’t) is the presence/abundance of species ¢ at location = and time ¢, and f is a function for

combining abundances, e.g. arithmetic or geometric mean of abundances, the product of

abundances, or minimum/maximum abundance.

Note that the reason for normalization (the denominator in the above equation) is to ensure
Zij ﬂi?’t) = 1, meaning the expected number of realized interactions is controlled only by the
energy parameter, thereby decoupling parameters that control species-level occurrence and density

from the overall number of realized interactions per site/time.

Trait-Matching Based Realization
A second model of interaction rates relates interaction realization rates to species’ traits. This

enables incorporating species “preferences” among potential interactions into interaction rates.

We consider each species having an arbitrary dimensional set of traits z; € R , and we compute
species traits matching using the Euclidean distance |2; — z;|, and compute the contribution to

interaction rate using a kernel function k£ (e.g. Gaussian or exponential distance). The rate

(z,t)

interaction y;;"" between species ¢ and j at location z and time ¢ is then computed in a similar way

as before:

(@.2) 5-)\--~k:(z- z.)

)

M N ek s 20)

mn = mn

Abundance and Trait-Based Realization

We can also combine abundance and trait-based realization by incorporating both species

abundances and the trait-kernel into the computation of u( Y g
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2.4 Interaction Detection

Finally, to model detection, we introduce an abundance-mediated model of detection probability. We
denote the probability of successful detection of an interaction between species ¢ and j as J,;. We
model species-level detection probability as §, = 1 — (1 — r;)® where « is a scaling parameter that
controls detectability, and as @ — 0, the probability of detecting rare species approaches 0. We then
treat the probability of detecting an interaction as function of each species’ detection probabilities,
ie.d;; = f (65, 5j), where f is e.g. the arithmetic or geometric mean product or minimum/maximum

abundance, mirroring how the abundance can be combined to compute realization rates.

The number of detected interactions between species i and j is then drawn from a binomial
distribution as Di(f’t) ~ Binomial gd?t)’ 5ij>, where Cf]xt) is the number of realized interactions
t

drawn from ( g’t) ~ Poisson (ME; )

3 Case Studies

Here we demonstrate how this framework can be used to quantify the sampling completeness of an
interaction network as a function of how many total (non-unique) interactions have been detected in
a given dataset. We do this using a software package we developed, SpeciesInteractionSamplers.jl, in
the Julia language, which implements this framework. SIS contains numerous methods for
generating feasible networks, ranges, and phenologies, and a variety of methods for interaction
realization and detection, including the abundance-based models described above. The full set of

features is described in the documentation here.

In these case studies, we explore how this relationship changes as a function of realization mode,
detection, and spatial sampling effort. We measure sampling completeness using interaction
accumulation curves, which measure the proportion of feasible interactions that have been detected

as a function of the total number of (non-unique) interactions that have been detected.

3.1 Realization Rate

We first consider how the number of species, the shape of the species abundance distribution, and
the relationship between abundance and realization rate affects interaction accumulation curves in
networks without any spatial or temporal structure. All below results use the product of species

abundances to parameterize realization rate, and the mean of species-level detectability (6, = 1 —
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(1 —r;)® with @ = 20) to parameterize the probability of interaction detection, unless one of these

factors is the variable of interest being varied.

Because the total number of detected interactions is not an input parameter to the framework, we
use an adaptive sampling scheme to generate interaction accumulation curves. Realization energy is
the parameter we have control over, but the distribution of total detected interactions for a given
energy value is a function of the models of realization and detection and their parameters. To get an
even sample across the number of total detected interactions, we first do a small “pilot” run across a
range of energy values with a small number of samples, and use linear regression to estimate the
relationship between realization energy and total detected interactions. This enables simulation of
interaction accumulation curves that are evenly spread across the number of total detected
interactions. Here, each pilot run consists of 25 replicates of generated interaction networks across
thirty energy values spread evenly between 0 and 50,000 to estimate the relationship between
energy and number of detected interactions. Then, bins of total detected interactions of size 20,

ranging from 0 to 10,000, are filled until 100 replicates are reached per bin.

Figure 2 contains simulations of food-web interaction accumulation curves under different numbers
of species, abundance distributions, and realization modes. All feasible interaction networks are
generated using the niche model of food webs (Williams and Martinez 2000) with connectance of 0.2.
In Figure 2(A) we consider different species pool sizes. Unsurprisingly, networks composed of more
species require more detected interactions to research the same level of completeness. In Figure 2(B),
we look at how the shape of the species abundance distribution (SAD) impacts interaction
accumulation. We model the SAD as a LogNormal(o) distribution (Preston 1948) with o controlling
the width of the distribution. Low values of ¢ correspond to nearly uniform SADs, and high ¢
corresponds to uneven distributions, with many individuals of common species and few individuals
of rare species. We find that the more even the distribution of abundances is, the more quickly the

sampling completeness of the network increases.

In Figure 2(C), we examine the impact of how abundances are combined to create realization rate in
networks with even (¢ = 0.2) and uneven (¢ = 2.0) log-normal abundance distributions. The impact
of the method for combining abundances used to compute realization rate is context-dependent:
when abundances are long-tailed, the way abundances are combined to compute realization rate
produces slower accumulation of unique detected interactions, as interactions involving very rare
species have far lower realization rate when the rate is scaled by multiplying relative abundances
than taking the mean. This extends to using the minimum of species abundance, which is slightly
slower to accumulate detected interactions than the mean. In contrast, when abundances across

species are even, there is little difference between product/mean/minimum modes.
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Figure 2: (A) The interaction accumulation curve for different sized species pools (colors). (B) The interaction
accumulation curve across log-normal abundance distributions with different variances (colors). (C) The interaction
accumulation curve under even (red) and uneven (blue) species abundance distributions. Different shades indicate

different methods of combining abundance when computing realization rate (mean, minimum, product).

3.2 Detection

We now shift toward focusing on the impact of the interaction detection model on the interaction
accumulation curve by adjusting the parameters of the abundance-dependent detection model. We
adjust the adaptive sampling scheme used above to fit a unique linear model for each unique
detectability scaling parameter to predict the average detected interactions per site as a function of

the input energy. In practice, we found fitting a log-log regression, i.e.
log(energy) ~ log(total detected)

produced a more even number of samples per bin.

In Figure 3(A), we see the species-level detection probability across different values of the scaling
parameter «. The interaction detection rate, when being combined as the product of species-level
detection, is shown for each combination of species relative abundance in Figure 3(B). Finally, the
proportion of feasible interactions seen is shown as a function of both the total number of detected
interactions and a gradient of the detectability scaling parameter in Figure 3(C). This emphasizes the
importance of the detectability of interactions between rare species on the rate of interaction

accumulation.

10000
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scaling parameters (colors). (B) The interaction detection probability across the relative-abundance of each involved
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detectability scaling parameter. (C) The proportion of feasible interactions that have been detected (colors) across a
continuous gradient of the detectability scaling parameter (y-axis) and the total number of non-unique detected

interactions (x-axis).

3.3 Spatial Coverage

Finally, we consider spatial variability in species occurrence. A practical challenge for sampling
species interactions given the spatial variation in species ranges is determining how many sampling

locations are needed to get a complete picture of the regional metaweb.

We generate 30 species food-webs using the niche model (Williams and Martinez 2000), with a
connectance of 0.2. Ranges were generated using the Midpoint-Displacement algorithm with an
autocorrelation parameter of 0.85, where the prevalence of each species is drawn from a
Beta(10, 10) distribution (meaning range sizes are highly concentrated around 50% of the total
extent). We simulate spatial networks with 64 replicates per unique number of sampling sites and
energy values ranging for 100 to 1000 (in intervals of 100), governing the expected number of

interactions realized per sampling site. For simplicity, we use a homogenous distribution of energy
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across space, so the expected number of realized interactions is the same across all sites. Similar to
the previous case study, we adjust the adaptive sampling scheme by fitting a unique linear model for
each number of sampling sites to predict the average detected interactions per site as a function of

the input energy.

In Figure 4, we show the proportion of total feasible interactions in the metaweb detected across the
number of sampled sites and the average number of (non-unique) detected interactions per sampling
site. This shows that beyond a given level of sampling effort at each site (an average of 20

interactions detected per site), the primary driver of interaction accumulation is the total number of

sites, not the effort at each site.
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Figure 4: The proportion of feasible interactions that have been detected (colors) as a function of the number of

sampling sites (x-axis; log scale) and the mean number of interactions detected at each site (y-axis).

4 Discussion

Species interactions underpin ecosystem function, but still remain a massive gap in our
understanding of ecology (Hortal et al. 2015) due to the intrinsic difficulty imposed by interaction
sampling (Jordano 2016a). Here, we have introduced a framework to calculate the size of this

shortfall in empirical data by extending the framework for interaction detection from Cirtwill et al.
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(2019) to a process-based model of interaction realization and detection. This enables simulation of
interaction accumulation curves in spatiotemporally variable networks, where realization and
detection is a function of species abundances, to estimate the sampling completeness of networks as
a function of effort. We provide an associated software package, SpeciesInteractionSamplers.jl,
which enables generation of feasible interaction networks, species ranges, phenologies, and
abundances using a variety of models, and a variety of models of interaction realization and

detection.

These tools provide a method to estimate the number of “missing” interactions in sampled networks
as a function of sampling effort, and provide a sandbox for testing different strategies for designing
monitoring schemes to most effectively sample interactions in spatiotemporally variable networks.
This work has practical implications for the design of surveys of species interactions. First, the
structure of species co-occurrence must be considered when sampling interactions. This is impacted
by the goal of sampling: if the aim is targeting interactions whose feasibility we are most uncertain
about, sampling design should select locations that maximize the chance of observing species co-
occurrence. If instead the goal is broad-scale characterization of the ecological network across a
large region, the goal should be to target sampling to be representative of the co-occurrence
structure across space. This framework and software can then be used to test the efficacy of different
monitoring design programs under known “ground-truth” scenarios of interaction network structure

and spatiotemporal distribution.

Second, given the increased interest in using models to predict feasible but unobserved interactions
between species based on traits (Gravel et al. 2013, Strydom et al. 2021, Caron et al. 2022), these
methods provide a useful tool for estimating the number of interactions “missing” from the sampled
data as a function of sampling effort and the spatiotemporal distribution of species. Having even a
rough estimate of true class balance (the ratio of how many positives to. negatives are expected in

the true data) can be useful in training models to predict interactions (Poisot 2022).

Further, explicitly accounting for imperfect detection in occurrence and abundance modeling is
increasingly common (Royle et al. 2005). Although the use of predictive models has seen increased
use for imputing feasible interactions (Stock et al. 2017, Young et al. 2021), explicitly accounting for
detection error is not yet commonly adopted in these methods. The process-based models
introduced here provide a basis for incorporating the impact of abundance on interaction realization
and detection, and could be introduced into Bayesian models of interaction count data like presented

in Becker et al. (2022).

Finally, the consequences of sampling completeness of species interaction data can impact our
understanding of the impact of species interaction network structure on dynamics. For example,
inferring the dynamic stability of a network could be prone to error if the observed network is not

sampled “enough”. Song et al. (2022) show that the stability of sampled subnetworks can be used to
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infer the stability of the overall metaweb beyond a threshold of samples. Future work could focus on
how robust this result is when species interaction coefficients are inferred from networks sampled
with realization and detection rates influenced by species abundance. Further, predictions about the
consequences of network rewiring (Thompson and Gonzalez 2017) due to range shifts in response to
climate change could be error-prone without accounting for interactions that have not been

observed but that still may become climatically infeasible.

A better understanding of sampling effects on the construction of species interaction networks is a
necessity to have a statistically robust estimate of the current state and change over time of species
interactions. This work provides a process-based framework for simulating the rate of interaction
accumulation when sampling, while accounting for spatiotemporal variation in interaction networks
(Poisot et al. 2015) and the effects of abundance on interaction realization and detection. This
provides a necessary step forward for developing a theory of interaction monitoring to improve our

understanding of species interaction networks and how they are changing.

Code and Data Availability: The code for SpeciesInteractionSamplers.jl is available on Github

here.
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