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Abstract: Ecological networks are widely used to understand biodiversity and predict ecosystem
responses to environmental change, yet different food web representations encode different
assumptions about how feeding interactions arise. We develop a process-based framework that
links global metawebs of evolutionarily feasible interactions to regional metawebs constrained
by spatiotemporal overlap, and ultimately to realised food webs shaped by local ecological
conditions. Five processes govern these transitions: evolutionary compatibility and spatiotemporal
co-occurrence constrain which interactions are possible and available, while species abundance,
consumer diet choice, and non-trophic interactions influence which interactions are realised.
We connect these processes to four approaches to network construction (empirical, feasibility-
based, process-based, and structure-based) and derive testable hypotheses for evaluating when
incorporating ecological processes improves predictions beyond those based on co-occurrence or
aggregate network structure. By distinguishing the assumptions underlying each representation,
the framework clarifies what different food webs can reveal, where their inferences are limited, and
how these limitations can be tested using independent interaction records, trait and distribution
data, and repeated observations across sites or time. Ultimately, it provides a basis for matching
food web representations to ecological questions and for testing whether explicitly accounting for
the processes that generate interactions improves our ability to anticipate ecological change.
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1 Introduction1

At the heart of biodiversity science are theories linking species richness, stability, and2

ecosystem functioning, from the foundational work of Elton (2001), Lindeman (1942),3

and MacArthur (1955) to contemporary questions about biodiversity loss and ecosystem4

resilience. Trophic networks are central to these questions because they capture the feeding5

interactions underpinning energy flow, community structure, and ecosystem functioning6

(Cohen et al. 1990; Dunne et al. 2002; Martinez & Dunne 1998; Simmons et al. 2021).7

Documenting these interactions provides a foundation for understanding biodiversity and8

anticipating the consequences of environmental change (Galiana & Araújo 2026; Windsor9

et al. 2023).10

Yet food webs do more than a description of feeding interactions – their construction11

embeds assumptions about the ecological processes that generate and constrain those12

interactions. These assumptions have been discussed in relation to sampling effort (Polis13
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1991), aggregation (Martinez 1991), and scale (Martinez & Dunne 1998; Moulatlet et al.14

2024), as well as general interpretation and application (Blüthgen 2010; Blüthgen & Staab15

2024; Dormann 2023). Challenges in collecting and observing interactions are also well16

documented (Polis 1991; Pringle & Hutchinson 2020; Saberski et al. 2024). However,17

these discussions have yet to provide a clear process-based account of how the data18

and assumptions used to construct a food web shape its representation, what ecological19

processes it captures, and which questions it can answer. Recent work by Gauzens et al.20

(2025) has synthesised trophic network representations by node resolution and link type,21

here we address a complementary question: how do ecological processes generate different22

representations, and what can each representation legitimately tell us?23

We propose a process-based hierarchy distinguishing between global metawebs (repre-24

senting evolutionarily feasible feeding interactions), regional metawebs (constrained by25

spatiotemporal overlap), and realised food webs (shaped by local ecological processes).26

The central contribution is to contrast these representations through the processes that27

constrain or realise their links, clarifying how their assumptions differ, and where their28

ecological inferences may diverge. This framework provides a basis for choosing net-29

work representations to match the correct ecological question, and for assessing when30

incorporating process information improves ecological prediction.31

We focus on trophic networks (food webs), which provide a well-developed foundation for32

distinguishing evolutionarily feasible interactions from those realised through spatiotem-33

poral overlap, abundance, and consumer diet choice. Although communities are also34

structured by mutualistic, competitive, parasitic, and facilitative interactions, we lean on35

the extensive work done in the food web space. However, there is potential for some of36

the ideas discussed here to transfer to non-trophic interactions. In this perspective we37

examine how nodes and edges define alternative representations (Section 2), then consider38

the processes (Section 3) and construction approaches (Section 4) that generate them,39

before discussing how the framework can guide network choice and ecological inference40

(Section 5).41
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2 Setting the Scene: The Not So Basics of Nodes and42

Edges43

Ecological networks represent an ‘object’ from which inferences can be made and serve44

multiple purposes. While many aspects of community structure can be analysed without45

networks (e.g., trait distributions or abundance patterns) networks provide a formal46

framework for capturing the organisation of interactions among species. These are used to47

study emergent properties of the community such as energy flow (Lindeman 1942; Odum48

1968), complexity (Montoya et al. 2006), and stability (Pimm 1984; Schneider et al. 2016).49

They allow researchers to examine how interactions among species shape communities50

(Pecuchet et al. 2020), influence their response to environmental change (Hao et al. 2025),51

and determine community robustness (Dunne et al. 2002; Staniczenko et al. 2010).52

But a network is not a neutral description of a community. Its structure depends on what53

is represented as a node, what counts as an edge, and the spatial, temporal, and biological54

scales at which these are defined (Poisot et al. 2016b). These choices affect which features55

of a community the network captures and what can be inferred from it (Moulatlet et al.56

2024). To understand what different food webs represent, we therefore begin with how57

their nodes and edges are defined.58

2.1 How do we define a node?59

Although nodes are conventionally described as representing species, they can correspond60

to a range of taxonomic and non-taxonomic units, including trophic species (Williams61

& Martinez 2000; Yodzis 1982), feeding guilds (García-Callejas et al. 2023), or species-62

specific life stages (Clegg et al. 2018). These choices reflect differences in the level and63

consistency of resolution at which networks are constructed, rather than aggregation per se.64

Coarser or mixed-resolution nodes can limit taxon-specific inference (e.g., whether species65

a consumes species b), bias estimates of degree distributions, particularly generality and66

vulnerability, and complicate analyses of extinction or invasion dynamics by obscuring67

species identities and the consequences of their loss (Clegg et al. 2018). Yet aggregation68

can also be appropriate when interactions among functional or trophic units are more69

informative than species-level detail, e.g., analysing extinction patterns across feeding70

guilds (Dunhill et al. 2024). Node definition is therefore not merely a methodological71

choice: it determines which ecological entities a network represents, which processes can72

be captured, and which questions can be addressed (Gauzens et al. 2025).73
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2.2 What is captured by an edge?74

Understanding how edge assumptions shape ecological process representation requires75

distinguishing between potential and realised links. Potential links represent feasible76

interactions between species (Dunne 2006; Pringle 2020), whereas realised links represent77

interactions expressed within a system, or the transfer of energy or materials through78

feeding (Lindeman 1942; Proulx et al. 2005). Edges can therefore represent different79

ecological ‘currencies’ (Gauzens et al. 2025). They can also differ in how interactions80

are quantified: links may be binary (present or absent), probabilistic (Banville et al.81

2025; Poisot et al. 2016a), or represented by continuous measures of interaction strength82

(Berlow et al. 2004). Edge definition thus depends on both the ecological currency being83

represented and how interactions are quantified. These choices determine the processes a84

network can capture and the inferences it can support. For example, a network of feasible85

interactions can characterise potential trophic links but cannot, on its own, establish the86

magnitude or distribution of energy flow, because its links are not constrained by the87

environmental conditions or energetic processes governing realised interactions.88

2.3 Network representations89

Node and edge definitions, together with the assumptions they encode, give rise to two well-90

established types of ecological network: metawebs, which represent potential interactions91

within a species pool (Dunne 2006), and realised networks, which represent interactions92

expressed within a particular community, place, and time. These representations differ93

not only in spatial and temporal scope but also in the processes assumed to generate their94

structure.95

A metaweb is fundamentally a list of feasible interactions between species. It identifies96

evolutionarily and regionally plausible links, excludes ecologically impossible (i.e., forbid-97

den) interactions (Jordano 2016b), and characterises the potential diet breadth of species98

(Strydom et al. 2023). Feasibility is determined primarily by trait complementarity,99

particularly traits associated with feeding, and can be further constrained by species100

co-occurrence.101

Realised networks, by contrast, are localised in space and time, with links shaped by102

co-occurrence, environmental conditions, and consumer diet choice. Even when represented103

as binary matrices, their links reflect interactions that have passed through these ecological104

filters and may therefore imply energy transfer. Realised networks are not simply spatial105
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or temporal subsets of metawebs; they emerge from the processes governing whether, and106

to what extent, interactions occur within a particular community context. Consequently,107

a metaweb and a realised network containing the same species may differ substantially in108

structure because their links are subject to different constraints (Strydom et al. 2026).109

Critically, a link absent from a metaweb represents an interaction deemed infeasible under110

the assumptions used to construct it, whereas a link absent from a realised network may111

reflect context-dependent ecological constraints, limited observation, or both.112

3 From Nodes and Edges to Process and Constraints113

The definitions of nodes and edges establish what a food web represents; the distinction114

between metawebs and realised networks clarifies which processes and inferences each115

representation supports. We frame these representations as stages in a hierarchy governed116

by different processes: evolutionary compatibility, spatiotemporal overlap, abundance,117

consumer diet choice, and non-trophic interaction modification (Figure 1). Each transition118

imposes a distinct ecological process, making differences between representations testable119

in terms of process rather than data format alone. The framework is not exhaustive,120

rather it reflects the current body of theory and evidence that underpins the way in which121

we construct networks Section 4. The framework also generates testable predictions about122

the transitions between network representations. In Box 1 we outline how these processes123

can be evaluated using comparative, experimental, and time-resolved interaction data, but124

treat these as ways to assess the framework rather than as its primary contribution.125

[Figure 1 about here.]126

3.1 Processes that determine the feasibility of an interaction127

In order to be feasible between two species they must have some degree of evolutionary128

compatibility and need to have some degree of spatiotemporal overlap. The first reflects129

trait complementarity; the second limits potential interactions to species able to encounter130

one another. However, it is worth noting that species need no co-occur for an interaction131

to be feasible, but rather co-occurrence reflects a means to identify interactions that could132

occur in the local context.133

Evolutionary compatibility134

Interaction feasibility is constrained by functional compatibility between consumers and135
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resources. Traits associated with resource acquisition and defence determine whether a136

feeding interaction is physically and biologically possible, defining the feasible interaction137

space represented by a metaweb (Dunne 2006). Evolutionary history and co-evolution138

shape these traits, making phylogenetic relationships and trait complementarity useful139

predictors of interaction feasibility.140

This constraint reflects the evolutionary history of consumers and resources (Dalla Riva141

& Stouffer 2016; Gómez et al. 2010; Rossberg et al. 2006; Segar et al. 2020), expressed142

through trait complementarity between species (Benadi et al. 2022). Consumers must143

possess traits that permit them to acquire and consume particular resources, while resource144

traits may enable or prevent consumption. Interactions lacking this compatibility are145

defined as forbidden links (Jordano 2016b), these are interactions that are physically or146

biologically impossible and therefore excluded from the feasible interaction space.147

Feasibility need not be viewed as a binary outcome, and it is possible to represent these148

interactions as probabilities (Banville et al. 2025). For example, Strydom et al. (2022)149

used. probabilities to express confidence that a feeding interaction is possible. Webs built150

based on evolutionary compatibility are aligned with the global metaweb in Figure 1 in151

that they evaluate the presence of an interaction between species regardless of if they are152

co-occurring or not.153

Spatiotemporal overlap (encounter opportunity)154

Even when consumers and resources are evolutionarily compatible, a feeding interaction155

can only occur if they overlap in space and time. This of course excludes feed on by-156

products e.g., dung beetles, however even in these circumstances there is still a degree157

of ‘co-occurrence’. We therefore distinguish spatiotemporal overlap, which provides the158

opportunity for species to encounter one another, from observed co-occurrence patterns, a159

statistical pattern that can arise for reasons unrelated to direct interactions (Blanchet et160

al. 2020).161

Spatiotemporal overlap restricts the feasible interactions in a global metaweb to those that162

could occur within a particular region or community, providing the transition from global163

to regional metawebs (Dansereau et al. 2024a). In Figure 1, this transition is illustrated164

by the metawebs for regions one and two, which differ in species composition and therefore165

in the set of feasible interactions.166

Importantly just because species co-occur it does not mean that they will interact (Poisot167
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et al. 2015) and we should not interpret the structure of regional webs as being an168

absolute reflection of network structure (Caron et al. 2024). This distinction matters169

because co-occurrence treated as evidence of realised feeding blurs the distinction between170

regional metawebs and realised food webs, potentially giving similar network structures171

very different ecological interpretations.172

3.2 Processes that realise interactions173

Within the feasible interaction space (defined by evolutionary compatibility and spa-174

tiotemporal overlap), we identify three processes (abundance, consumer diet choice, and175

non-trophic interactions) that shape which and how strongly links occur, affecting energy176

transfer within communities. This is shown Figure 1, although note here it is no longer a177

question of capturing link compatibility but rather a quantification of the distributions178

of links within a given community. Unlike metawebs, realised webs are the outcome of179

consumer behaviour.180

Abundance181

Abundance provides a baseline modifier of interaction realisation. Under a null model,182

consumers feed randomly among feasible resources in proportion to prey abundance183

(Stephens & Krebs 1986; Vázquez et al. 2009). Within the context of a regional metaweb,184

abundance influences encounter frequency and the probability of feeding (Banville et al.185

2025; Poisot et al. 2015), serving as a link modifier. It can therefore help predict the186

distribution and strength of realised links but does not explicitly establish feasibility or187

capture selective behaviour and other constraints on feeding.188

Diet choice189

Here, we use diet choice as an umbrella term for processes derived from optimal foraging190

theory (Pyke 1984) and metabolic theory (Brown et al. 2004) that determine the distribu-191

tion and strength of realised trophic interactions. Consumers do not necessarily feed in192

proportion to resource abundance; they can select resources according to the energetic193

return and the cost of acquiring and consuming them (Stephens & Krebs 1986). Consumer194

diet choice thus reflects energetic cost–benefit trade-offs centred on prey profitability and195

constrained by traits associated with resource acquisition and consumption (Smith et al.196

2021; Wootton et al. 2023). These energetic constraints underpin a range of approaches197

to constructing realised food webs (Beckerman et al. 2006; Cherif et al. 2024; Pawar et al.198

2012; Portalier et al. 2019).199
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Non-trophic interactions200

Non-trophic interactions are included here not as trophic links, but as processes that201

modify the occurrence or strength of trophic interactions within realised food webs (Buche202

et al. 2024; Ings et al. 2009; Kéfi et al. 2012, 2015; Miele et al. 2019). They extend203

the ecological context beyond evolutionary compatibility, spatiotemporal overlap, and204

abundance by altering encounter rates, feeding success, mortality, or access to resources205

(Golubski & Abrams 2011; Pilosof et al. 2017).206

Such effects can arise through direct interactions among consumers, including predator207

interference or competition for space, or through indirect interactions, such as refuge208

provisioning, habitat modification, and facilitation, that alter the probability or strength209

of feeding interactions (Golubski & Abrams 2011; Ings et al. 2009; Kamaru et al. 2024;210

Staniczenko et al. 2010).211

With the caveat that trophic and non-trophic processes are not always cleanly separable.212

Pollinators, for example, consume floral resources through trophic interactions while213

also influencing plant reproduction, recruitment, and population persistence through214

non-trophic processes (Bascompte & Jordano 2007; Holland et al. 2002; Sauve et al. 2016).215

However in the context presented here we focus on how non-trophic processes modify216

trophic network realisation, rather than extending the framework to mutualistic networks217

in general.218

INFO Testing the transition from feasible to realised food webs

Although recent work from Strydom et al. (2026) has shown that different network

representations do indeed result in different inferences about changes in communities

and networks across time it remains to be seen if these differences can be ascribed

to specific processes. The framework we present here generates predictions that

distinguish it from a purely descriptive classification of network types. Below we

present a series of hypotheses that would allow us to explicitly test the framework

presented Section 3, but also serves as guidance for thinking about the validation of

constructed networks (see Section 4)

Feasibility constraint. After accounting for uncertainty in interaction records,

a model that represents evolutionary and trait compatibility will exclude more

biologically impossible links than a model based only on species occurrence, and

its predicted feasible links will transfer better to independent species combinations.
219
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This hypothesis can be tested by comparing trait- or phylogeny-informed metaweb

predictions with independent feeding records, including both confirmed interactions

and credible forbidden links. Work linking evolutionary history and trait complemen-

tarity to interactions provides a mechanistic basis for the prediction (Benadi et al.

2022; Dalla Riva & Stouffer 2016; Gómez et al. 2010; Segar et al. 2020). However,

prediction remains sensitive to the traits measured, and apparent forbidden links

may reflect insufficient observation rather than true incompatibility. The hypothesis

would be weakened if compatibility-informed models did not improve discrimination

of feasible and forbidden links in independent data.

Regional filtering. For a fixed global metaweb, restricting links to species with

spatiotemporal overlap will reduce the predicted interaction set, but overlap alone

will overpredict realised feeding relative to observations from the same region for a

restricted time window. This can be tested by comparing regional metawebs with

observed local realised food webs constructed across a limited temporal period. Here

the expectation is that the regional metaweb would overpredict interactions relative

to the local realised web, importantly they would not recover forbidden links

Context-dependent realisation. Within a regional metaweb, models that incor-

porate consumer and resource abundance, and where relevant consumer diet choice,

will predict realised interactions more accurately than models based on spatiotem-

poral co-occurrence alone. The improvement should depend on the extent to which

abundance and feeding preferences constrain interaction realisation, and should be

greatest where these processes explain substantial variation in observed feeding. This

hypothesis can be tested using repeated interaction observations and abundance

data, evaluating predictions against held-out sites or time periods. Abundance-based

models provide a baseline for testing how much predictive information is gained by

moving beyond co-occurrence, while deviations from abundance-based expectations

can reveal the importance of consumer preferences and other ecological constraints

(Stephens & Krebs 1986; Vázquez et al. 2009; Wootton et al. 2023). The hypothesis

would be weakened if abundance- and diet-informed models failed to improve pre-

dictions over co-occurrence-based models, or if improvements did not generalise to

independent observations.

Process-informed prediction. Models that represent the relevant processes gov-

erning interaction realisation, including non-trophic effects where these are important,
220

10



will predict context-specific food web structure and its responses to environmental

change or species turnover more accurately than models based only on aggregate

network structure. This hypothesis can be tested by comparing process-based and

structure-based models using the same training data and evaluating their predictions

against independent observations, at both the level of individual interactions and

network properties. Non-trophic interactions may improve predictions where inter-

ference, facilitation, or habitat modification alters encounters or feeding success, but

their contribution should vary among systems (Golubski & Abrams 2011; Miele et

al. 2019). Structure-based models may remain competitive for questions concerned

only with aggregate topology, while process-based models may perform poorly when

relevant mechanisms are inadequately measured or misspecified. The hypothesis

would therefore be supported by improvements that generalise to held-out conditions

and capture ecological changes not represented in the calibration data.

Across all scenarios, evaluation should distinguish uncertainty in biological feasibility

from uncertainty caused by missing observations. Non-detection is not equivalent to

a forbidden interaction, and predictive performance should be reported for links and

for the structural or ecological quantities relevant to the stated question. Where

possible, tests should use independent sites, time periods, or taxa to avoid evaluating

a framework against the same evidence used to construct it, or embed phenomena

relative to the specific system.
221

4 Network construction222

Above we showcase how network representations embed a specific set of assumptions, thus223

not only are they representations of biodiversity but they are also models of ecological224

systems. This is reflected in the way we choose to infer (construct) networks. Ideally,225

every trophic interaction could be observed directly. In practice, interaction data are226

costly to collect, incomplete, and often impossible to obtain across entire communities227

(Jordano 2016a, b; Poisot et al. 2021). Food webs must therefore be constructed from228

empirical observations, ecological inference, or models of network structure, each of which229

embeds different assumptions about how interactions arise.230

The choice of construction approach should be dictated by what the desired network is231

intended to represent. Is the objective to document an interaction that occurred, infer232
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whether an interaction is feasible, predict which interactions will be realised under specified233

ecological conditions, or generate a network with specific structural properties? Each234

approach imposes distinct constraints on what a network represents and which inferences235

it supports. Here, we map these processes to the different ways in which food webs can236

be inferred. Focusing on the information used to assign interactions and the ecological237

meaning of the resulting links. We distinguish four broad approaches: empirical, which238

records observed interactions; feasibility-based, which infers potential interactions; process-239

based, which models how feasible interactions become realised; and structure-based, which240

generates networks according to structural rules. Importantly these approaches map onto241

different network representations (Figure 2) owing to the differences in the assumptions242

they make about how interactions arise.243

[Figure 2 about here.]244

These approaches are not mutually exclusive in their implementation. Process-based245

models may use feasibility networks as their starting point, feasibility models may be246

parameterised using empirical interaction data, and random network generators may be247

fitted to structural properties observed in empirical food webs. The distinction instead248

concerns the basis on which links are assigned and the ecological interpretation given to249

the resulting network.250

This distinction matters because food web topology underpins analyses of community251

structure, energy flux, extinction cascades, ecosystem functioning, and dynamical stability252

(Danet et al. 2024). Differences in topology can reflect genuine ecological variation among253

communities, but can also arise from differences in sampling strategy, taxonomic resolution,254

and construction methodology (Brimacombe et al. 2023, 2024b). Understanding how a255

network was constructed is therefore essential for interpreting what it represents and which256

ecological questions it can legitimately address. Fundamentally, network construction257

should be treated as an explicit modelling decision: it determines what information an258

edge encodes, which ecological processes are represented, and what inferences can be259

drawn.260

4.1 Reconstruction from empirical evidence261

Empirical food webs are constructed from observations or proxies/evidence of realised262

trophic interactions. However, different methods capture different aspects of feeding and263

vary in their temporal and taxonomic resolution, uncertainty, and the ecological meaning264
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of the resulting links.265

Direct observations record feeding events in the field or laboratory and provide direct266

evidence that an interaction occurred under sampled conditions (Jordano 2016b). However,267

because interactions are difficult to monitor continuously across entire communities such268

observations are typically incomplete. Consequently, an unobserved interaction should not269

necessarily be interpreted as one that cannot occur.270

Gut, stomach, and scat analyses identify recently consumed prey, either through manual271

identification or DNA metabarcoding. These methods provide empirical evidence of272

feeding by capturing snapshots of recent diet and are subject to biases associated with273

digestion, detection, and sampling effort (Pompanon et al. 2012; Sousa et al. 2019).274

The resulting network represents interactions detectable by the method over its relevant275

temporal window, rather than necessarily capturing each consumer’s complete diet.276

Stable isotope analyses provide evidence of assimilated energy pathways and trophic277

position over longer temporal windows, offering indirect evidence of trophic relationships278

rather than direct observations of feeding events (Post 2002). Similarly, molecular ap-279

proaches, including environmental DNA and interaction metabarcoding, can reveal trophic280

relationships that are otherwise difficult to observe, although the certainty with which281

they establish specific feeding interactions varies.282

Although these empirical sources are observations of realised processes the temporal scale283

at which this data needs to be collated to ensure sufficient coverage or sampling effort284

means that a web constructed from these data may therefore function more appropriately285

as metawebs (Brimacombe et al. 2024a). However, empirical metawebs should not286

be assumed to be complete (Polis 1991), and inferred interactions may be needed to287

supplement observations (see Section 4.2 on gap-filling).288

4.2 Inference of Interactions289

Feasibility-based approaches infer trophic interactions from the properties of consumers290

and resources, drawing on the evolutionary compatibility processes described in Section 3.1.291

Rather than establishing whether feeding was observed or predicting whether it will occur292

under specific ecological conditions, these approaches use ecological rules, species traits,293

and phylogenetic relationships to identify potentially feasible interactions.294

Species-specific approaches infer potential interactions between specific consumer–resource295
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pairs and are therefore conceptually aligned with metawebs. They typically rely on a296

combination of the following assumptions: that ecological rules constrain interaction297

feasibility (Morales-Castilla et al. 2015); that some of these rules are conserved across298

species or phylogenetic lineages (Bramon Mora et al. 2018; Dalla Riva & Stouffer 2016);299

and that the properties of consumers and resources can be used to infer their compatibility.300

These approaches are central to constructing first-draft networks for communities for which301

interaction data are unavailable (Strydom et al. 2022), supporting the reconstruction of302

networks in data-poor regions and for unobservable communities, such as paleo-communities303

(Dunhill et al. 2024; Fricke et al. 2022; Yeakel et al. 2014), or novel future assemblages304

(Van der Putten et al. 2010). These approaches can also help evaluate how species305

interactions shape distributions by accounting for both environmental conditions and306

biotic relationships (Albouy et al. 2014; Gravel et al. 2019; Higino et al. 2023; Pollock et307

al. 2014).308

Feeding rules can either be explicitly specified or inferred. Expert-based approaches309

identify feasible interactions using trait matching (Albouy et al. 2019; Roopnarine 2017;310

Shaw et al. 2024), while mechanistic approaches use trait-based relationships between311

consumers and resources (Gravel et al. 2013; Rohr et al. 2010). Rules can also be inferred312

using observed interaction data to train classifiers based on ecological proxies that are more313

widely available, such as species traits (Pichler et al. 2020). These include generalised314

linear models (Caron et al. 2022), random forests (Llewelyn et al. 2023), trait-based315

(k)-nearest-neighbour methods (Desjardins-Proulx et al. 2017), and Bayesian models316

(Cirtwill et al. 2019; Eklöf et al. 2013). Depending on their formulation and training317

data, these methods may estimate interaction feasibility or the probability of observing an318

interaction under the conditions represented in the data. These interpretations should not319

be treated as equivalent. Interactions can also be inferred from the structure of known320

networks. Graph-embedding uses the structure of a known network to infer the positions321

of species in a latent representation, combining network information with ecological proxies322

such as phylogenetic relatedness (Strydom et al. 2022, 2023).323

These types of approaches can be particularly useful to interpolate missing interactions324

within observed networks (Beauchesne et al. 2016; Biton et al. 2025; Dallas et al. 2017;325

Habedank et al. 2025; Poisot et al. 2023; Stock et al. 2017). These gap-filling methods326

infer links from existing interactions and network structure, sometimes incorporating327

additional ecological information. An inferred link, however, is not equivalent to an328
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observed interaction, rather it represents a prediction supported by the information and329

assumptions used in the inference procedure. Thus, should one use these gap-filling330

approaches to supplement empirical observations, it is noted in both the metadata, and331

ideally codified in such a way that it captures this uncertainty.332

At the core the approaches discussed above are closely aligned with constructing metawebs333

(global or regional) as they are (directly or indirectly) built on the assumption that the334

evolutionary history of species determines who they can interact with.335

4.3 Specification based on process336

Process-based approaches predict realised food webs by modelling the ecological processes337

that determine whether feasible trophic interactions occur within communities. Rather338

than inferring feasibility alone, they operationalise the abundance, diet-choice, and non-339

trophic processes introduced in Section 3.2 to predict which interactions are realised and340

in (some cases) the resulting distribution of energy transfer. These networks are used341

to investigate energy flux, extinction dynamics, ecosystem functioning, and relationships342

between network structure, stability, productivity, and ecosystem function. They also343

provide the structural basis for dynamical models examining secondary extinctions, species344

invasions, and climate change.345

Because these approaches represent species properties and feeding processes explicitly,346

network structure emerges from modelled consumer–resource dynamics rather than from347

feasibility rules alone. The same species assemblage can therefore yield different networks348

under different conditions. This detail comes at a cost: models often require extensive349

community and environmental data, depend on their behavioural assumptions, and do not350

necessarily represent all feasible interactions beyond the conditions modelled. Note here351

we explicitly refer to these approaches as models as they aim to describe the behaviour of352

the system (community) as opposed to outright inference.353

4.3.1 Abundance-based models354

Abundance-based models provide a simple way to represent the transition from feasible355

to realised interactions. Neutral models assume that consumers feed randomly among356

feasible resources, with interaction probabilities related to prey abundance (Canard et al.357

2014; Krishna et al. 2008). Under this formulation, feasibility defines the pool of potential358

interactions, while abundance influences which interactions are likely to occur.359
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These models illustrate how two communities can share the same feasible interaction space360

yet produce different realised networks because their species abundances differ. They are361

not necessarily intended as complete explanations of trophic interactions; rather, they362

provide a baseline process through which feasible links are filtered into community-specific363

predictions. They can therefore be combined with feasibility-based approaches to generate364

localised food webs (Pomeranz et al. 2019).365

4.3.2 Energetic and behavioural models366

A broader class of process-based approaches predicts realised interactions through energetic367

and behavioural constraints on feeding. These models often use consumer–resource body-368

size relationships as proxies for the energetic costs and benefits of prey capture, handling,369

and consumption. Rather than identifying feasibility alone, they use energetic constraints370

to determine which interactions are likely to be realised.371

For example, models developed by Portalier et al. (2019) and Wootton et al. (2023)372

incorporate energetic constraints on predator–prey relationships. Their resulting links373

represent predicted feeding interactions under the assumptions and conditions of the374

model, rather than simply identifying biologically compatible species pairs.375

Diet-choice models provide a related approach by representing how consumers allocate376

feeding effort among available resources. Models such as the diet breadth (Beckerman et377

al. 2006) and allometric diet breadth (Petchey et al. 2008) models determine interactions378

through assumptions about consumer foraging behaviour. Because diet choice affects379

both which interactions occur and how feeding is distributed across resources, these380

models can generate realised links and emergent network structure. Their process-based381

interpretation can be strengthened by explicitly incorporating trait-based constraints382

on feasible interactions (Curtsdotter et al. 2019) or complemented by more explicit383

representations of nutrient dynamics (Cuff et al. 2024).384

These models allow the same species assemblage to generate different realised networks as385

abundance, environmental conditions, energetic constraints, or behavioural rules change.386

4.4 Structure-based construction387

Structure-based approaches generate edges according to probabilistic rules governing388

network structure, rather than evidence for or predictions about specific species interactions.389

An edge in such a network does not necessarily indicate that two species are ecologically390
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compatible or that feeding is expected to occur. Instead, it represents a relationship391

generated under a model of network structure.392

Random and structural models are commonly used to establish null expectations, provide393

comparative baselines, and generate synthetic networks for dynamical modelling. Their394

primary purpose is generally not to reconstruct the trophic relationships of a particular395

community, but to test whether observed or predicted patterns differ from those expected396

under specified structural rules.397

Alongside random graph models such as the Erdős–Rényi model (Erdős & Rényi 1959),398

approaches have been developed that take existing networks and randomise their interac-399

tions to generate alternative configurations while preserving selected structural properties400

(Banville et al. 2023; Bascompte et al. 2003; Fortuna & Bascompte 2006). Although401

such models do not directly reconstruct the ecological processes governing real-world402

interactions (Bascompte 2007), they provide useful null hypotheses for evaluating the403

significance of observed network structure.404

Stochastic food web models commonly impose probabilistic rules governing properties405

such as connectance, diet breadth, trophic position, or the distribution of interactions406

along a niche axis. The Niche Model, for example, generates trophic interactions according407

to species’ positions along a one-dimensional niche axis (Williams & Martinez 2000).408

The Cascade Model similarly generates networks using rules concerning trophic ordering409

(Cohen et al. 1990), while the Nested Hierarchy Model incorporates assumptions about410

nested structure and phylogenetic constraints (Cattin et al. 2004). These models can411

reproduce emerging properties of empirical food webs (Stouffer et al. 2005) without412

explicitly representing the identity-specific mechanisms responsible for specific feeding413

interactions.414

The resulting networks are best regarded as structural or synthetic representations that415

most closely represent realised networks. Their edges are generated under a network-level416

model rather than established through observations or predictions of realised feeding. This417

makes them valuable for distinguishing structural expectations from empirical patterns418

(Strydom et al. 2021b) and for providing inputs to dynamical models, including allometric419

trophic networks (Brose et al. 2006; Delmas et al. 2017; Schneider et al. 2016).420

However, the ability of a structural model to reproduce properties of empirical food421

webs does not establish that it has recovered the ecological mechanisms generating those422

interactions. It demonstrates instead that the specified structural rules are sufficient to423
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reproduce the properties being evaluated. The interpretation of such networks therefore424

depends on whether the objective is to establish a structural null expectation, generate425

a synthetic network for simulation, or investigate the mechanisms underlying particular426

trophic relationships.427

4.5 Construction choices shape ecological inference428

Food web construction determines not only network structure but also the ecological429

meaning of its interactions and the scope of inference it supports. Empirical links provide430

evidence of feeding under sampled conditions; feasibility-based links represent biologically431

plausible interactions; process-based links predict interactions under specified ecological432

conditions; and structure-based models generate networks against which observed or433

predicted patterns can be compared without necessarily identifying the interactions434

occurring in a particular community.435

These distinctions are especially important when networks are used to investigate ecological436

responses to environmental change. A network representing potential interactions within437

a regional species pool can inform questions about alternative feeding relationships,438

community assembly, and the potential for interaction rewiring. However, it cannot439

(without additional assumptions) establish which interactions will be realised at a particular440

place and time. Conversely, an observed network provides evidence of interactions detected441

under specific sampling conditions but may not capture the full set of feasible interactions442

or the distribution of feeding across different environmental contexts.443

Network construction should therefore be treated as an explicit modelling decision (Strydom444

et al. 2026). Its inferential value depends on the alignment between the assumptions used445

to construct the network and the ecological quantity of interest. These assumptions should446

be made explicit when networks are constructed, compared, or used to predict ecological447

change (Brimacombe et al. 2024b). Three questions should guide their interpretation:448

What quantity or process is being inferred? What evidence and assumptions support that449

inference? And what independent evidence can be used to evaluate the resulting network450

or its predictions?451

5 Making Progress with Networks452

Ecological networks are increasingly used as the first step in a broader ecosystem-level453

analysis pipeline (Loreau & de Mazancourt 2013; Thuiller et al. 2024), and having access454
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to networks is relevant to unresolved questions about stability–diversity–productivity455

relationships, the drivers and consequences of extinctions and invasions, and the impacts of456

multiple stressors across ecological scales (Simmons et al. 2021). However, the inferences457

that networks support depend on what their links represent, how they were constructed,458

and the spatial and temporal scales at which they apply (Gauzens et al. 2025).459

We therefore argue that network applications should begin with three explicit decisions:460

what do we want to infer, which network representation can support that inference, and461

how will the inference be evaluated? These decisions connect the ecological processes462

discussed in Section 3.1 with the construction approaches described in Section 4 and are463

expanded on in Box 2. In Table 1 we explicitly map common network-driven research464

questions to the appropriate network representations.465

Table 1: Mapping research questions to network representations and highlighting studies
that address these questions or identify emerging research directions. This mapping is
indicative rather than exhaustive; the appropriate representation depends on the specific
inference and the evidence available.

Network

Representation

Common

Inferential Pitfall

Principal questions

and applications Representative Studies

Global Metaweb Treating feasible

links as evidence

of realised

feeding or energy

flow.

How will novel

communities

respond to e.g.,

extinction,

turnover, invasion

and rewilding ✓

Gravel et al. (2016a);

Dunne et al. (2002)

Diet-based

conservation

focusing not only

on the target

species but the

species it might

depend on for food

resources Δ

Rooney & McCann (2012);

Curtsdotter et al. (2011);

McDonald-Madden et al.

(2016)
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Network

Representation

Common

Inferential Pitfall

Principal questions

and applications Representative Studies

Rewiring

capacity/potential

of species by

looking at the

entire diets of

species Δ

Gilljam et al. (2015);

Staniczenko et al. (2010);

Su et al. (2024);

Marjakangas et al. (2025)

Eco-Evolutionary

dynamics and how

they relate to the

conservation and

origination of

feeding strategies ×

Poisot et al. (2015);

Baskerville et al. (2011)

Regional

Metawebs

Assuming

co-occurrence

implies trophic

interaction

Applied use

potential of

questions

highlighted for

global metawebs at

the management

scale e.g., a

protected area Δ

Albouy et al. (2014);

Pellissier et al. (2018);

Estrada & Bodin (2008)

Refinement/exten-

sion of species

distribution models

by incorporating

co-occurrence and

species associations

e.g., predator and

prey ✓

Araújo & Luoto (2007);

Kissling et al. (2012)
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Network

Representation

Common

Inferential Pitfall

Principal questions

and applications Representative Studies

Realised Webs Assuming

observed binary

links quantify

interaction

strength or

complete diets.

The allocation of

multiple stressors

across networks Δ

Crain et al. (2008);

Beauchesne et al. (2021)

Temperature

threshold to

community collapse
Δ

O’Gorman et al. (2019);

Petchey et al. (2010)

Extinction and

persistence after

harvesting/inva-

sion/extinction ✓

Allesina & Tang (2012);

Yodzis (2001)

Stability-diversity-

productivity-

function ✓

Thébault & Fontaine

(2010); Rooney &

McCann (2012)

Explicitly tying

ecosystem level

processes and

nutrient flows to

networks ×

Moore et al. (2004)

Meta communities

and the idea of

meta-network-

communities Δ

Gravel et al. (2016b);

Gilarranz et al. (2017)

5.1 Matching network representations to ecological questions466

The choice of network representation should follow the ecological unit of interest, rather467

than simply the availability of a dataset or analytical method. The distinctions provided468

in Box 2 serve as a practical guidance for selecting, constructing, and evaluating networks.469
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Below we discuss this in more detail for each type of network reconstruction.470

INFO Question mapping

Global metawebs

Primary question: Which feeding interactions are biologically feasible within a

broader species pool?

Use when: Investigating potential diet breadth, evolutionary constraints on feeding,

novel communities, species introductions, or the potential for interaction rewiring

under future environmental conditions.

You need: A defined species pool and evidence or assumptions about interaction

compatibility, typically based on traits, phylogeny, or documented interactions.

Spatial co-occurrence need not be imposed if the aim is to represent the broader

feasible interaction space.

It lets you infer: Which interactions are plausible, which appear incompatible, and

which potential feeding relationships could become relevant as species distributions

or environmental conditions change.

Check it by: Testing predictions against independent interaction records where

possible, including evidence for both feasible and forbidden links. Assess sensitivity

to the species pool, trait definitions, and rules used to infer compatibility.

Do not infer: That every feasible interaction occurs, that all listed interactions can

occur simultaneously, or that the network structure describes energy flow in any

specific community.

Regional metawebs

Primary question: Which feasible interactions are possible among species that occur,

or are expected to occur, within a region?

Use when: Examining potential interactions within a regional species pool, antic-

ipating community changes following range shifts, or assessing possible feeding

relationships involving introduced or reintroduced species.

You need: A regional species pool, distribution or co-occurrence information at an

appropriate scale, and rules for identifying feasible feeding relationships.

It lets you infer: How regional species availability constrains the feasible interaction

space, and how that space may change as species distributions shift.

Check it by: Comparing predicted species occurrence and feasible interactions with

independent distribution and interaction data. When comparing regions, separate
471
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changes due to species turnover from changes in interaction constraints.

Do not infer: That co-occurring species necessarily interact, or that differences be-

tween regional networks necessarily reflect changes in feeding behaviour or interaction

processes.

Realised networks

Primary question: Which interactions occur, and how are they distributed or

expressed, under specific ecological conditions?

Use when: Investigating community responses to environmental change, temporal

rewiring, trophic dynamics, or the consequences of altered interactions for ecosystem

functioning.

You need: Interaction observations or a predictive model that represents relevant

ecological conditions, such as species abundance, environmental context, and diet

choice. The temporal window and sampling process should be explicit.

It lets you infer: Which interactions are supported under the sampled or modelled

conditions, and (where the data permit) how interaction frequencies or strengths

change through space or time.

Check it by: Evaluating predictions against independent observations, accounting for

imperfect detection and sampling effort, and assessing whether the network captures

the properties relevant to the ecological question.

Do not infer: That unobserved links are impossible, or that a network aggregated

across many places or times represents a single community state.
472

5.1.1 Global Metawebs473

Global metawebs are most appropriate for questions about interaction feasibility and474

potential diet breadth (Adhurya & Park 2025; Mestre & Bastazini 2026). They provide a475

framework for exploring hypothetical or novel communities under climate change (Hui476

& Richardson 2019), species invasions, reintroductions, and rewilding, including the477

potential for species to rewire their interactions (Marjakangas et al. 2025). Because global478

metawebs represent a broad pool of feasible links, they can also support investigations of479

eco-evolutionary dynamics and how evolutionary history, natural selection, and phenotypic480

plasticity shape interaction niches.481

However, a global metaweb describes potential interactions, not the ecological conditions482

under which they occur. Its usefulness therefore depends on how well the inferred feasible483
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interaction space represents biological compatibility and on how that space is translated484

into a specific community or ecological scenario. In conservation applications, for example,485

a species’ potential diet can help identify the resources it may depend on but cannot486

establish which resources sustain it in a particular location (Curtsdotter et al. 2011;487

McDonald-Madden et al. 2016; Rooney & McCann 2012). Similarly, the presence of a488

potential link may indicate an opportunity for rewiring but does not demonstrate that a489

consumer will adopt that interaction (Gilljam et al. 2015; Staniczenko et al. 2010; Su et490

al. 2024).491

5.1.2 Regional Metawebs492

Regional metawebs constrain the potential interaction space to species occurring, or493

expected to occur, within a defined region. This makes them particularly relevant to494

management questions involving protected areas, changing species distributions, and495

anticipated shifts in community composition. They can also help refine species distribution496

models by incorporating information about biotic associations (Albouy et al. 2014; Araújo497

& Luoto 2007; Estrada & Bodin 2008; Kissling et al. 2012; Pellissier et al. 2018).498

The key challenge is distinguishing constraints imposed by regional species availability499

from constraints on feeding compatibility. Co-occurrence can restrict which interactions500

are possible but is not sufficient evidence that trophic interactions occur. Likewise,501

differences in regional metawebs across space or environmental gradients may arise from502

species turnover (e.g., (𝛽)-diversity), differences in inferred interaction feasibility, or both.503

Comparisons should therefore separate changes in the species pool from changes in the504

rules or evidence used to infer interactions.505

5.1.3 Realised networks506

Realised networks are best suited to questions about which interactions occur under507

specific ecological conditions and how their expression shapes community dynamics and508

ecosystem functioning (Thuiller et al. 2024). They provide the appropriate starting point509

for investigating the propagation of multiple stressors (Beauchesne et al. 2021; Crain510

et al. 2008), temperature-related thresholds in community collapse (O’Gorman et al.511

2019; Petchey et al. 2010), persistence following harvesting or species loss (Allesina &512

Tang 2012; Yodzis 2001), and relationships between stability, diversity, productivity, and513

ecosystem function (Rooney & McCann 2012; Thébault & Fontaine 2010). They can514

also support investigations of metacommunity dynamics when interactions are considered515
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across multiple local communities (Gilarranz et al. 2017; Gravel et al. 2016b).516

These inferences depend on how closely the network corresponds to the community517

state and process of interest. A binary interaction record indicates that an interaction518

was detected or documented, but does not necessarily quantify its strength, frequency,519

or contribution to energy transfer. Furthermore, empirical datasets often accumulate520

observations across extended periods or multiple locations, potentially obscuring temporal521

and spatial variation in interaction structure (Polis 1991). The increasing availability of522

long-term interaction datasets offers new opportunities to study these dynamics (Danet523

et al. 2024; Wooster et al. 2024), but requires methods that account for sampling effort,524

imperfect detection, and the spatiotemporal boundaries that need to be applied to ensure525

that one is operating in the ‘realised space’.526

5.2 Key methodological challenges527

Below we highlight some of the key challenges that currently limit the precision, accuracy,528

and applied value of ecological network inference.529

Validating interactions and network structure. Although ideas presented in Box530

1 are presented as potential means of validation it is worth being explicit about the531

need to validate network structure and pairwise interactions independently. Considerable532

progress has been made in evaluating the recovery of pairwise interactions (Abramov533

et al. 2026; Poisot 2023; Strydom et al. 2021a), but there is less agreement on how534

to evaluate the recovery of network structure (Allesina et al. 2008; Tylianakis et al.535

2010). The appropriate benchmark depends on the intended representation. For metawebs,536

evaluation should consider the recovery of both feasible and forbidden links. For realised537

networks, it remains important to establish when the priority is recovering individual538

interactions, aggregate properties (e.g., connectance), or both. These objectives are539

related but not interchangeable: a model may reproduce a network’s aggregate structure540

while misidentifying many of its constituent links, or recover links without accurately541

representing the structural properties relevant to the ecological question. For example,542

Strydom et al. (2026) showcase how structurally similar networks can disagree as to the543

specific pairwise interactions.544

Connecting metawebs to realised networks. Many approaches for modelling realised545

networks do not explicitly incorporate evolutionary constraints, although exceptions exist546

(Van De Walle et al. 2023; Wootton et al. 2023). Bridging this gap may require ensemble547
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approaches (Becker et al. 2022; Terry & Lewis 2020) or methods that downscale metawebs548

into context-specific networks (e.g., Roopnarine 2006). Such transitions must account for549

the ecological filters that determine which feasible links are expressed, including species550

abundance, diet choice, and relevant environmental conditions. Structural realism alone551

does not establish that a model captures realised prey choice or energy flow.552

More explicit links between metawebs and realised networks could also support integration553

with metacommunity, metaecosystem, and ecosystem-level theory (Liu et al. 2025; Massol554

et al. 2011). Achieving this requires greater clarity about the spatial and temporal scales555

at which networks should be constructed and interpreted, and how those scales relate to556

the ecological question (Fortin et al. 2021).557

Making networks useful in conservation and management. Applied use remains558

constrained by difficulties in defining network boundaries, aligning networks with manage-559

ment units, and translating network metrics into policy-relevant conclusions (Dansereau et560

al. 2024b). Addressing these challenges requires stronger links between network structure561

and ecosystem function, alongside careful matching of network representations and ana-562

lytical methods to management objectives (O’Connor et al. 2025; Pellissier et al. 2018).563

Managers need to know whether an analysis identifies potential interactions, predicts564

interactions under specified conditions, or evaluates consequences for interaction strength565

and ecosystem processes. These are distinct objectives and require different evidence.566

Together, these challenges yield three principles: make construction data and assumptions567

explicit; align validation with the intended representation and inference; and model the568

processes that filter feasible links into context-dependent interactions. These principles569

support more transparent and robust inference across ecological scales.570

6 Concluding Remarks571

Ecological networks provide powerful abstractions for understanding biodiversity and572

ecosystem functioning, but their inferential value depends on what their nodes and edges573

represent, and which ecological processes underpin their construction. Distinguishing574

interaction feasibility from realisation clarifies why global and regional metawebs, realised575

networks, and structure-based models support different questions and should not be576

treated as interchangeable descriptions of ecological systems.577

The central implication is that network construction should begin with the intended578
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inference, aligning representation, available evidence, and evaluation criteria. Assumptions579

about interaction feasibility, realisation, and spatial and temporal scales should be explicit,580

as should the objectives against which a network is evaluated. Recovering individual581

interactions, reproducing network structure, and predicting ecological outcomes are distinct582

goals, and success in one does not guarantee success in another. Potential interactions583

should not be mistaken for realised feeding, just as structural similarity should not be584

taken as evidence of the ecological mechanisms that generate a network.585

Ultimately, the value of a food web lies not in how closely it resembles a real-world network,586

but in whether it captures the ecological relationships needed to answer a particular ques-587

tion. By making the transitions from evolutionary feasibility to spatiotemporal availability588

and local realisation explicit, our framework provides a basis for testing when and why589

different network representations lead to different conclusions. The challenge now is to590

move beyond asking whether a network reproduces observed patterns towards establishing591

which processes those patterns reflect, and whether representing those processes improves592

predictions of ecological change. Doing so will help turn food webs from useful descriptions593

of biodiversity into more transparent, testable tools for understanding and anticipating594

how ecological communities respond to a changing world.595
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Figure 1: Conceptual summary of the process-based hierarchy linking food web repre-
sentations to ecological filters. A global metaweb represents evolutionarily feasible
consumer–resource links across a defined species pool. Restricting this pool by spatiotem-
poral overlap yields regional metawebs, which differ with regional species composition.
Species occurring in both regions are shown in red, whereas region-specific species are
shown in blue and yellow. Realised food webs emerge when abundance, consumer diet
choice, and non-trophic interaction modification further filter feasible links under local
conditions. The arrows represent transitions that can be tested separately: compatibility
constrains the global feasible set; overlap constrains the regional set; and ecological context
determines which remaining links occur and how strongly. The framework predicts nested
constraints in principle, while allowing empirical estimates to differ because of uncertainty,
incomplete sampling, and scale mismatch.
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Figure 2: Flow chart showing four approaches to network construction: empirical,
feasibility-based, process-based, and structure-based, highlighting the resulting network
representation.
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