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Food-web structure governs community stability and ecosystem functioning, yet its 61 

environmental controls remain poorly understood.  We analyzed 1,046 food webs from 62 

26 Neotropical sites spanning broad environmental gradients in energy, temperature, 63 

hydrologic disturbance and ecosystem size to understand how these factors contribute 64 

to determining food web structure. All food webs were from the same widespread 65 

system and sampled using standardized methods. We found that food-web size 66 

increased with locally available energy and ecosystem size, but decreased with regional 67 

aridity and precipitation variability. In terms of shape, food webs became shorter and 68 

wider in regions with low primary productivity, high temperatures and drought-prone 69 

climates. Thus, food web size and shape were controlled by different environmental 70 

drivers acting at different spatial scales, likely reflecting divergence in the underlying 71 

mechanisms. Environmental effects on food web size were mediated by the abundance 72 

and traits of species, but food web shape was not. These findings reveal how local 73 

environmental conditions and regional climate structure ecological networks, providing 74 

a basis for forecasting food-web restructuring under environmental change. 75 

Food webs describe how species interact in ecological communities, summarizing species 76 

diversity and the trophic pathways through which energy and matter flow. Among many 77 

structural descriptors, two are especially informative: food web size, which reflects the total 78 

number of species and interactions across trophic levels, and food web shape, which captures 79 

the distribution of species between versus within trophic levels (i.e. food web height versus 80 

width1). Food web size and shape are both linked to the ability of food webs to resist 81 

environmental perturbations and efficiently convert basal energy and nutrients into 82 

biomass2,3. Given the central role of food web structure in ecosystem resilience and 83 

functioning, it is surprising that we still struggle to understand how food web size and shape 84 

are determined by current environmental conditions, and therefore predict how these 85 

properties might respond to future environmental change4.  86 

Environmental conditions could affect food web structure through a wide range of  87 

mechanisms, including by determining energy input, modulating energy fluxes, filtering 88 

community composition, affecting metabolic efficiencies, determining interaction strengths, 89 

driving colonization-extinction dynamics, and influencing system stability5–10. Individually, 90 

environmental drivers – especially temperature, disturbance, available energy and ecosystem 91 

size - have been shown to affect food web structure11–15. However, because such drivers often 92 

mediate or interact with each othere.g. 5,8,16–18, the effect of any single driver can only be 93 

properly tested through a causal framework that accounts for other plausible covariates. 94 

Furthermore, descriptors of food web structure are often conflated in analyses – for example, 95 

food web height could vary due to changes in either food web size or shape - complicating 96 

tests of causal mechanisms between environmental drivers and food web structure19. Finally, 97 

the scale of environmental drivers may determine how they influence food web structure, 98 

with small-scale heterogeneity shaping organism and population processes, and larger-scale 99 

bioclimatic gradients additionally affecting metacommunity processes20. Therefore, to fully 100 

understand the environmental control of food web structure, we need extensive surveys of 101 

food webs across multiple environmental gradients at both local and regional scales, coupled 102 

with detailed causal analysis and careful partitioning of effects on food-web size from those 103 
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on shape. Geographic replication of such surveys can establish robustness of patterns. To 104 

unravel the interplay between food web structure and environmental variation, we analyze 105 

here the structure of more than a thousand food webs spanning broad environmental and 106 

geographic gradients. We ask which are the dominant environmental drivers of food web 107 

structure, and whether food web size and shape are driven by the same types and scales of 108 

environmental drivers.  109 

A model system: aquatic food webs in bromeliads 110 

To test these ideas, we conducted geographically-replicated surveys of the same system, 111 

using the same methods (see Materials and Methods): 1046 aquatic food webs housed within 112 

bromeliad plants in 26 Neotropical field sites. Sites differed substantially in food web 113 

composition21 and spanned 47 degrees of latitude (Fig. 1, Supplementary Table 1). Water-114 

filled bromeliads have been used extensively as model systems in ecology because of their 115 

contained dynamics and high natural replication22–24. Although bromeliads are small habitats, 116 

containing at most a few liters of water, the small size of most aquatic invertebrates mean that 117 

individual bromeliads can contain thousands of individuals and more than a dozen species. 118 

These aquatic food webs, dominated by invertebrates and micro-organisms24,25, have been 119 

shown to have similar structure (e.g. number of trophic levels) to those of larger systems26. 120 

Although some terrestrial organisms interact with the system, consumptive interactions in 121 

these food webs are almost entirely aquatic25. Energy enters bromeliad food webs primarily 122 

from tree canopy detritus, but also autochthonous algal growth27, both influenced by regional 123 

net primary productivity (NPP). Disturbance is predominantly hydrological and reflects 124 

extremes of aridity and precipitation, reducing organism survival through desiccation stress28 125 

or flushing of nutrients and organisms21. Bromeliad water temperatures are determined by the 126 

regional climate as modified by local canopy cover29. We tested key environmental drivers of 127 

food web structure at multiple scales: available energy (local: bromeliad detritus, regional: 128 

NPP), ecosystem size (local: bromeliad capacity), hydrologic disturbance (regional: aridity, 129 

monthly coefficient of variation in precipitation – hereafter “precipitation variability”) and 130 

temperature (local: canopy openness, regional: mean annual temperature – hereafter 131 

“temperature”).  132 

We built unweighted food webs based on a hierarchy of information (in priority order: 133 

physiological and morphological constraints, gut content analyses, feeding trials, 134 

experiments, literature) expanded to close relatives (taxonomic scope for consumers based on 135 

similar diet, for resources based on similar morphology). With this method (details in 136 

Methods), we inferred the presence or absence of links for 86% of potential pairwise 137 

interactions, and estimated the remaining 14% from probabilistic models (Extended Data Fig. 138 

1). As we assumed the same trophic structure of basal resources, microfauna and meiofauna 139 

for all food webs, inferences about food web structure apply primarily to the 140 

macroinvertebrate trophic levels whose species were directly observed. The method by which 141 

food webs are constructed and conceptualized determines their suitability for testing different 142 

theories30; here, we chose to use unweighted webs that integrate potential links over the 143 

aquatic lifespan of species, characterizing the trophic niche of species. This approach 144 

facilitates our subsequent tests of niche-based mechanisms while still enabling detection of 145 
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any other effects on food web structure that operate through shifts in species composition, for 146 

example network stability or energy flux effects31. We described food-web structure with 14 147 

commonly used food-web metrics. As many of these metrics were correlated in our dataset, 148 

we discovered that most of the variance in food web structure could be captured by the first 149 

two components of a principal components analysis (PCA; Fig. 1, Extended Data Table 1). 150 

The food-web size component (PCA 1, 58% of total variance in food web structure) 151 

correlates with the number of species and links as well as their ratio, link density (Fig. 1). The 152 

food-web shape component (PCA 2, 23% of variance) increases with maximum number of 153 

trophic levels, proportion of species in the top trophic level and degree of omnivory (Fig. 1); 154 

thus, food webs with high shape scores are tall and narrow, whereas low-score food webs are 155 

short and wide.  156 

 157 

Figure 1. In 26 field sites in Central America, South America and the Caribbean (orange 158 

dots on map, numbers indicate the number of sites hidden by overlapping dots), we 159 

surveyed the aquatic fauna within each of many bromeliad plants (round inset). For each 160 

bromeliad, we constructed aquatic food webs based on invertebrate composition and 161 

trophic relationships. These food webs were described by 14 metrics, which were 162 

summarized by a principal components analysis (PCA, biplot of first two axes shown). The 163 

first PCA axis (PCA 1) primarily represents food-web size, from small to large, and the second 164 
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PCA axis (PCA 2) represents food web shape, from short and wide to tall and narrow. 165 

Illustrative food webs from the extremes of these axes are shown. The contribution of food-166 

web metrics to the first two PCA axes is shown by labeled vectors: proportion basal species 167 

(PB), web omnivory (WO), maximum trophic level (MTL), proportion top species (PT), 168 

average trophic level (ATL), generality standard deviation (GSD), link density (LD), generality 169 

(GE), vulnerability (VU), number of links (LI), species richness (RI), connectance (CO), 170 

vulnerability standard deviation (VSD) and proportion intermediate species (PI). 171 

 172 

Results and Discussion 173 

The environmental drivers of energy input, ecosystem size, temperature and disturbance 174 

collectively explained a substantial amount of variation in both food-web size (34% by fixed 175 

effects, 59% by both fixed and random effects) and food-web shape (36% and 67%, 176 

respectively) in piecewise structural equation models. Structural equation models test 177 

hypothesized causal relationships between variables, isolating the unique effect of each 178 

variable in relation to other variables. Our results suggest that food-web structure is 179 

determined by combinations of drivers operating at different scales. Of the seven proximate 180 

measures analyzed, all except canopy openness had direct effects on either food-web size or 181 

shape (Fig. 2, Extended Data Tables 2,3). Furthermore, strong causal paths among drivers 182 

meant that variables lacking a direct effect on a particular food-web metric often had indirect 183 

(mediated) effects via other drivers (Fig 3a). 184 

Local energy affects food web size, regional energy affects food web shape 185 

In general, we found that food-web size and shape differed in the types and scales of 186 

dominant environmental drivers. For example, while measures related to energy availability 187 

affected both food-web size and shape, size was largely affected by local proxies (detritus 188 

resources within bromeliads: Fig. 3a) whereas shape was more affected by regional measures 189 

(NPP between sites: Fig. 3a). Specifically, food webs were larger in bromeliads with more 190 

detritus, but were similarly-sized between sites differing in NPP. By contrast, food-web shape 191 

was more affected by regional NPP than local energy, with bromeliads in more productive 192 

sites having tall, narrow food webs (Fig. 3c). Such effects of NPP on food web shape are 193 

predicted to originate from combinations of bottom-up and top-down control. Classic models 194 

predict that increased bottom-up flow of energy through food webs overcomes inefficient 195 

energy transfer between trophic levels to enable the occupancy of higher trophic levels15,32. 196 

Increased occurrence of predators, especially large generalist species, can then exert strong 197 

top-down effects on prey species, reducing their standing stock abundance and diversity, 198 

resulting in tall but narrow food webs10. For example, the tallest and narrowest food webs are 199 

in Costa Rica, whereas the shortest and widest are in two French Guiana sites. Costa Rican 200 

rainforests have twice the productivity of those in French Guiana33, and their bromeliads 201 

contain more large-bodied and long-lived top predators34. The strong consumptive effects of 202 

such predators result in food webs with more standing biomass in predator than prey trophic 203 

levels35.  204 

 205 
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 206 

Figure 2. Causal diagrams of the effects of four types of environmental drivers on (a) food-207 

web size, as represented by log PCA 1,  and (b) food-web shape, as represented by log PCA 208 
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2. Solid black lines represent significant positive effects, dashed black lines represent 209 

significant negative effects, and line thickness is proportional to effect size (see legend). 210 

Environmental drivers are coloured to indicate driver type. The spatial scale of drivers and 211 

responses is shown on the right margin. In the insets, causal models are repeated with the 212 

response and explanatory variables separated into within-site effects (i.e. after subtracting 213 

the site means, and so excluding regional drivers) and between-site effects (i.e. site means 214 

only for all drivers). We removed collinearity between regional bioclimatic variables with 215 

principal components analysis (PCA), representing drivers in models with appropriate PCA 216 

axes (Supplementary Table 6). All models were fit as piecewise structural equation models, 217 

and met global tests of directed separation (Fisher’s C: p > 0.05). 218 

 219 

Ecosystem size affects food-web size more than shape 220 

Bromeliad capacity had strong, positive effects on food-web size but only minor effects on 221 

food-web shape. The relationship between food-web size and bromeliad capacity was 222 

partially mediated by detritus (Fig. 2a): larger plants capture more falling detritus, which 223 

support larger food webs as shown above. However, most of the effect of capacity on food-224 

web size was independent of detritus (Fig. 3a) and may reflect not energetic limitation but 225 

effects of disturbance: smaller capacity bromeliads dry out more frequently36, and desiccation 226 

is a major source of invertebrate mortality28. Studies in other systems have shown that effects 227 

of habitat size on food web structure can be mediated by multiple mechanisms apart from 228 

simple energetic limitation, such as disturbance16, patch dynamics6, network stability37, body-229 

size distributions8, cross-ecosystem coupling14 and altered interaction types and strengths5.  230 

Regional temperature flattens food-web shape, indirectly increases food-web size 231 

Temperature was a key driver of food web shape. In warmer sites, food webs were shorter 232 

and wider (Fig. 3e). A similar flattening of food web shape at higher temperatures has been 233 

observed in a range of other freshwater systems13,38,39. Metabolic theory predicts such a 234 

response, for two reasons. First, temperature often increases metabolic rates more than can be 235 

sustained by feeding rates, decreasing energetic efficiencies and starving higher trophic 236 

levels7,40.  Second, the effects of higher temperatures on such metabolic asymmetries are  237 

exacerbated for larger organisms, so when predators are larger than their prey they will be 238 

particularly impacted 41. While the first reason is consistent with our results, the second is 239 

unlikely: bromeliad food webs have few gape-limited predators and so are generally not size-240 

structured. Thus, mean body mass was uncorrelated with food web shape, and so could not 241 

mediate effects of temperature on this metric (Extended Data Table 4, Supplementary Table 242 

2). 243 

Food web size is also predicted to be directly affected by temperature through effects on 244 

interaction stability9,39,42. However, in our study, effects of temperature on food-web size 245 

were indirect rather than direct, driven by bromeliad plants being larger and containing more 246 

detritus in warmer sites. Bromeliad morphology, like that of many plants, shows both inter- 247 

and intraspecific responses to climate43. This result illustrates the important ways that non-248 
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trophic interactions, here the ability of bromeliads to create habitat, can mediate the effects of 249 

temperature on trophic networks44,45. Although there are iconic marine examples of how 250 

changes in the extent or complexity of habitat-forming species (e.g. sea grass, corals) can 251 

mediate the effects of warming on food webs, such non-trophic mediation has rarely been 252 

considered in freshwater systems45. 253 

 254 

Figure 3. Effects of environmental drivers on food-web size (i.e. number of species and 255 

links) or shape (i.e. height relative to width). (A) Total, direct and indirect effect sizes of 256 
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drivers on food web structure from SEMs in Fig. 2. Total effects, represented by circles, are 257 

the sum of direct and indirect effects (stacked bars). Significance of total effects was 258 

determined through bootstrapping. Drivers are distinguished in terms of their spatial scale 259 

(local vs. regional) and type (following colours and icons in Fig. 2), only significant 260 

interactions shown. The strongest direct effects are illustrated for food-web size (B, D, F) 261 

and food-web shape (C, E, G). In all cases, partial residuals of the specific driver are used in 262 

combination with median values of other variables to visualize the direct effect. We used a 263 

principal component analysis (PCA) to remove correlations between the four climate 264 

variables, and so net primary productivity, temperature, aridity and precipitation variability 265 

are all plotted as their respective PCA axes (Supplementary Table 6). In order to show the 266 

interaction in panel D, the PCA values for precipitation variability were divided into two 267 

categories, low monthly coefficient of variation (cv), based on PCA score <0, and high 268 

monthly cv (PCA score >0).  269 

 270 

Disturbance shrinks food-web size, and flattens food-web shape 271 

Food webs were also strongly affected by conditions linked to hydrologic disturbance. Food-272 

web size decreased in sites with high aridity or a strong coefficient of variation in 273 

precipitation, where bromeliads are likely to dry (Fig. 3d,f). The decline in food-web size 274 

with variable precipitation was particularly acute in small bromeliads (Fig. 3d), whose 275 

shallow tanks can dry out quickly. Although bromeliad capacity, monthly variation in 276 

precipitation, and annual estimates of aridity affect hydrological disturbance at different time 277 

scales, there is remarkable consistency in their effects. 278 

Food-web shape was also affected by hydrologic disturbance, becoming shorter and wider in 279 

sites with variable precipitation (Fig. 3g). Dynamic models of food-web assembly predict 280 

frequent disturbance to result in attenuated trophic structure, in part because predators can 281 

only colonize habitats where sufficient prey are already established46,47. Although drought is 282 

particularly prevalent in small aquatic systems such as bromeliads, hydrologic variability has 283 

been shown to be the dominant determinant of food web structure even in much larger 284 

aquatic systems, such as rivers or  ponds1,16,48. Our insights on the mechanisms underlying 285 

food-web structure in bromeliads may thus inform a wide range of freshwater systems. 286 

Food-web size and shape: different drivers, different mechanisms 287 

So far, we have demonstrated that food-web size and shape differed in the scale of dominant 288 

environmental drivers, and this disparity was particularly evident for drivers related to energy 289 

and temperature. Food-web size was affected by both local- and regional-scale drivers, 290 

whereas food-web shape was primarily affected by regional bioclimatic drivers. We now 291 

examine some potential mechanisms underlying this pattern. 292 

We first exclude two potential artefacts. The first possibility is that environmental conditions 293 

measured at the local (bromeliad) scale may still act as regional-scale drivers if the mean 294 

attributes of bromeliads differed between sites. However, even when we subtract site means 295 

from local environmental variables, our SEMs of food-web size and shape still show the 296 
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same patterns (Supplementary Tables 3,4). The second possibility is that regional climate 297 

shapes the size and trophic structure of the regional species pool (often called the “meta-298 

web”), and these effects are then passively transmitted to local food webs49. However, there 299 

is no effect of climate, or any other environmental variables, on the structure of meta-webs 300 

(Supplementary Table 5).  301 

We suggest, instead, that food-web size and shape may often differ in the scale of their 302 

environmental determinants because of fundamental differences in the underlying 303 

mechanisms. We posit that food web size is often influenced by community assembly 304 

mechanisms, which include both numerical and trait-based mechanisms, with the former 305 

particularly important in neutral theory and the latter in niche theory. By numerical effects we 306 

refer to environmental conditions that restrict the total number of individuals in a community, 307 

but are neutral with regard to their traits. For example, reductions in total community 308 

abundance can affect food web structure through stochastic loss of rare species, which are 309 

often at high trophic levels50. By trait-based mechanisms we refer to the differential effects of 310 

environmental conditions on the performance and persistence of species based on their 311 

attributes. For example, environmental filtering of the dominant traits can affect food web 312 

structure when these traits are rare, influence trophic efficiency, or are associated with 313 

specific trophic roles51. In general, we found that numerical and trait-based mechanisms 314 

explained a substantial part of the effect of environmental conditions (local and regional) on 315 

food web size. However, these mechanisms accounted for very little of the effect of regional 316 

bioclimatic drivers on food web shape (Fig. 4). 317 

Specifically, we used structural equation models to ask if the effect of each environmental 318 

driver on food web structure could be mediated by the total abundance of macroinvertebrates 319 

in the community (numerical effects) or by community-weighted trait axes (Extended Data 320 

Table 5) representing four major facets of macroinvertebrate life history52. A significant 321 

mediating path between two variables in a structural equation model suggests a causal role 322 

for the mediator. We found strong numerical limitation and weaker trait-mediated effects on 323 

food web size under conditions where invertebrate survival or colonization is limited by 324 

frequent desiccation: small-capacity plants, especially under variable precipitation, and more 325 

arid climates (Fig. 4b). For example, the invertebrates in small-capacity plants were few in 326 

number and dominated by either pelagic or defended benthic taxa, attributes associated with 327 

small food webs (Extended Data Table 4,5). Low detrital quantity also limited food web size 328 

through strong numerical effects, offset slightly by trait-mediated effects (Figure 4b). 329 

Numerical effects are expected from energetic limitation, but may also reflect the physical 330 

role of detritus in providing refuges from predators. Indeed, low detritus conditions favoured 331 

species with morphological defenses and dormant stages (Extended Data Table 4,5). It is 332 

plausible that such trait combinations reduced consumptive effects, thereby bolstering food-333 

web size. 334 

By contrast, numerical and trait-based mechanisms explained very little of the effect of 335 

regional bioclimatic drivers on food web shape. Even though bioclimatic drivers favoured 336 

certain trait axes51, these were not trait axes that strongly affected food web shape. For 337 

example, traits correlated with drought resistance occur at all trophic levels in the food web28. 338 
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Instead, the patterns we found in food web shape were often consistent with predictions from 339 

metabolic theory, energetic constraints, or disturbance-induced dynamics, as detailed earlier. 340 

While definitive attribution of these mechanisms will require careful experimentation and 341 

field parameterization of models, our results point to a disjunct between the mechanisms 342 

underlying food-web size and those underlying food-web shape. This disjunct in mechanisms 343 

means that food-web size and food-web shape can be controlled by different types of scales 344 

and environmental drivers.  Such decoupling is unlikely to be unique to bromeliads and may 345 

occur in many other systems. 346 

 347 

Figure 4. Potential mediation of environmental effects on food web structure by either 348 

total invertebrate abundance or invertebrate trait axes. (a) We partitioned the direct, 349 

partial effect of each environmental driver on either food web size or shape into effects 350 

mediated by total abundance of the macroinvertebrate community (“abundance-351 

mediated”) or by the net sum of four community-weighted trait axes (“trait-mediated”), or 352 



13 

 

not mediated by these variables (“remaining direct”). These four trait axes for bromeliad 353 

macroinvertebrates were previously established52, and are described in Extended Table 5. 354 

(b, c) We calculated the standardized effect size for each of the abundance-mediated, trait-355 

mediated and remaining direct paths (Extended Data Table 4 ). Mediated paths were 356 

considered significant (*) when both the path from the environmental variable to the 357 

mediator and from the mediator to the food web metric were significant (p<0.05). We 358 

examined significance separately for each trait axis, and next to each trait-mediated symbol 359 

we indicate, with a numeral (1-4), any trait axis that was significant. To ensure that the 360 

effects of environmental drivers on food web structure were independent of other 361 

environmental drivers, we conducted this analysis within an SEM. Specifically we restricted 362 

the SEMs in Figure 2 to those drivers with significant direct effects on food web structure (to 363 

prevent model overfitting), and then added total abundance and weighted trait axes as 364 

mediators (Supplementary Table 2). 365 

 366 

Implications 367 

In this study, we demonstrate strong effects of local and regional environments on food webs. 368 

As climate variables such as temperature, aridity and precipitation variability affected food 369 

web shape and size, these results point to potential flattening and shrinking of food webs in a 370 

future with warmer, drier conditions. In the case of temperature, no local conditions – not 371 

even shade from trees – was able to mitigate the effects on food-web shape. There was also 372 

no interaction between local energy availability and temperature, contrary to previous 373 

results17,18. Instead, regional energy (NPP) was more effective in countering the flattening of 374 

food-web shape in warm climates. Our results do suggest that an increase in ecosystem size 375 

might mitigate the effects of aridity and variable precipitation on food-web size – in part 376 

because these determinants of drought disturbance all reduced food-web size via the same 377 

mechanism: fewer total individuals. In general, many invertebrate populations show evidence 378 

of widespread declines in abundance53, and our study points to the consequences of such 379 

declines for food web structure. Finally, this study shows the power of coupling causal 380 

modelling with comprehensive assessment of environmental drivers and food-web responses 381 

across continental-scale gradients. In a rapidly changing world, such integrative approaches 382 

are critical for predicting and mitigating effects of environmental change on food webs.  383 

 384 
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Methods 385 

 386 

Compiling the database  387 

The Bromeliad Working Group (BWG) database54 consists of data on field sites, habitats, 388 

sample dates, bromeliad characteristics, macroinvertebrates in each bromeliad, and 389 

taxonomic information and traits for each macroinvertebrate morphospecies. From this 390 

database, we selected sites and bromeliads with adequate plant-level environmental data and 391 

detailed taxonomic information for aquatic macroinvertebrates within bromeliads. In total, we 392 

included for analysis 1046 bromeliads sampled for aquatic macroinvertebrates between 26 393 

different field sites (Supplementary Table 1). Field sites varied in latitude from 29.4° S 394 

(Argentina) to 18.3° N (Puerto Rico), in longitude from 73.9° W (Colombia) to 41.5° W 395 

(Brazil) and in elevation from sea level (Brazil, French Guiana) to 3050 m (Colombia). This 396 

area covers much of the distributional extent of tank-forming Bromeliaceae. In a few cases, 397 

bromeliads were sampled across a large spatial gradient within a single study. To delimit 398 

ecologically-distinct sites within such gradients, we used a threshold of > 50% Jaccard 399 

dissimilarity in macroinvertebrate composition54. Field sites varied in the number and 400 

attributes of bromeliads sampled, and the habitats and years sampled (Supplementary Table 401 

1). 402 

All aquatic macroinvertebrates were censused in each bromeliad. These invertebrates were 403 

extracted from each bromeliad by dissection, by washing, or by pipetting the water from each 404 

leaf as suitable to each site. Apart from this variation, sampling of invertebrates in all sites 405 

followed the same protocol. For each bromeliad plant, all invertebrates seen by a naked eye 406 

were carefully removed, counted, and identified. Across all sampled bromeliads reported in 407 

this study, 435 invertebrate morphospecies (88% insects, 12% annelids and other 408 

invertebrates) were recorded. Although abundance data was recorded at the level of 409 

morphospecies (i.e. morphologically uniform biological units), the realized level of 410 

taxonomic identification ranged from species (13%) to genus (37%), subfamily (11%), family 411 

(32%), order (0.4%), and higher levels from subclass to phylum (6%).  412 

Basal resources and zooplankton groups 413 

Although we had information on the composition of bacteria, fungi or zooplankton for a 414 

limited number of bromeliads in some sites, this was not comprehensive enough to construct 415 

species-level food webs across the majority of the database. Instead, we follow the approach 416 
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of many studies in collapsing the lower levels of the food web into broad categories of 417 

organisms. Based on previous studiese.g. 55, we assumed all bromeliads contained two sizes of 418 

zooplankton: “microzooplankton” include microscopic pelagic fauna (< 0.2 mm) such as 419 

amoebae, rotifers, and ciliates, whereas “mesozooplankton” are larger meiofauna (0.2 - 1 420 

mm) such as copepods and mites. We further assumed that all bromeliads have five broad 421 

types of basal resources: algae (phytoplankton and periphyton), bromeliad tissue (leaves and 422 

stem), coarse particulate organic matter (“CPOM”), fine particulate organic matter 423 

(“FPOM”), microorganisms (i.e. bacteria and fungi in water column and on organic matter). 424 

Here, CPOM refers to all submerged dead plant matter, largely tree leaves, that is ≥ 0.1 mm 425 

in diameter, whereas FPOM is < 0.1 mm in diameter and is a combination of detrital 426 

fragments and invertebrate feces.  427 

Defining the food web 428 

We combine multiple sources of information to reconstruct the trophic fundamental niche of 429 

all nodes (i.e. macroinvertebrate morphospecies and basal resources) in the meta-web of each 430 

site. We focus on the fundamental rather than realized trophic niche, reasoning that in the 431 

bromeliad system it is impossible to know what each individual actually consumed during 432 

their lifetime in any particular bromeliad. For example, remnants of resources may not be 433 

visible in guts if the resource was ingested in liquid form (e.g. piercing predators) or has been 434 

excreted after consumption. We ask of each invertebrate species: what feeding relationships 435 

are possible over its aquatic lifespan given the other species in the species pool of the site? As 436 

the majority of consumption in the aquatic food web is by aquatic organisms, we do not 437 

consider terrestrial species in our analysis (details: Supplementary Note 1). 438 

Step 1:  Combining multiple sources of information into food web matrices 439 

Creating site-level food webs is a multi-step process (Extended Data Fig. 1). In Step 1, we 440 

use five empirical sources of information and inference between related species to fill in an 441 

interaction matrix with the value 1 (trophic link within the fundamental niche) and 0 (trophic 442 

link not within the fundamental niche), leaving some missing values (coded “NA”). In brief 443 

(details: Supplementary Note 2), we compiled information on: forbidden links (0 = known 444 

morphological and physiological constraints of species, otherwise NA; 15 rules); gut contents 445 

(1 = potential prey recorded from gut of consumer, otherwise NA; based on 3443 gut 446 

dissections); feeding trials (1 = potential prey consumed by consumer with 95% power, 0 = 447 
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potential prey not consumed, NA = insufficient evidence; based on 848 feeding trials); field 448 

experiments with bromeliad invertebrates (1 = significant decrease in potential prey 449 

abundance when consumer added, 0 = no significant decrease, NA = insufficient evidence; 450 

based on 167 experimental treatments); and published pairwise interactions for invertebrates 451 

from other freshwater systems (1 = consumption reported, 0 = lack of consumption reported, 452 

NA = insufficient evidence; based on 767 studies compiled by us, a published database of 453 

20,823 freshwater invertebrate interactions56 and a database of food types and feeding groups 454 

for 850 taxa52). 455 

Step 2: Expanding information through taxonomic inference 456 

When direct information about a pairwise interaction was not available in Step 1, we were 457 

often able to infer this information from closely-related species (Extended Data Fig. 1). Such 458 

inference assumes conservation through evolutionary time of the traits that enable consumers 459 

to feed on certain resources, or that allow prey to escape predation by certain consumers. We 460 

determined the taxonomic scope of such inference independently for the roles of consumer 461 

and resource as follows. 462 

We defined consumer taxonomic scope as the highest taxonomic level of the consumer that 463 

maintains the same consumer degree (either primary, meaning that they only consume basal 464 

resources, or secondary, meaning that they can consume other macroinvertebrates). For 465 

example, a species of Culex has a consumer taxonomic scope of tribe, as all species within 466 

the Culicini tribe are primary consumers, but the same is not true at the next highest 467 

taxonomic level, the Culicinae subfamily, which includes the predatory genus 468 

Toxorhynchites. A similar definition of consumer scope has informed other food web 469 

algorithms56. We used a previously compiled database of feeding groups for bromeliad 470 

invertebrates52 to determine, for each consumer taxa in our database, which higher taxonomic 471 

levels were homogeneous with respect to consumer degree (details: Supplementary Note 3). 472 

If taxa at a specific taxonomic level were neither entirely primary consumers nor secondary 473 

consumers, then the consumer’s taxonomic scope has been exceeded and inference is not 474 

possible. 475 

We defined resource taxonomic scope as the highest taxonomic level that maintains similar 476 

vulnerability to a predator56. Vulnerability is strongly influenced by morphology, although 477 

behavioural traits can also be important. As morphological traits are generally conserved 478 
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among arthropods generally up to the family level57, we chose this as the taxonomic scope for 479 

arthropods. For the few non-arthropod prey in our database, we allowed the resource 480 

taxonomic scope to be as high as phylum as, specifically within bromeliad non-arthropods, 481 

prey morphology is well conserved. 482 

For each information source, original information about pairwise trophic interactions was 483 

expanded to other pairwise interactions within the overlap of resource and consumer scopes. 484 

Ranking information types in Step 1 and 2 485 

We compiled all information in Steps 1 and 2 into a single value for each pairwise interaction 486 

(possible values: 1, 0, NA), prioritizing information where present in the order: forbidden 487 

links > gut contents > feeding trials > experiments in bromeliads > literature from other 488 

systems. We considered forbidden links first, in order to impose these fundamental 489 

constraints of morphology and physiology58. We considered gut contents, based on the actual 490 

diet of consumers in bromeliads, to be more reliable source of information on realized trophic 491 

interactions than feeding trials, where conditions (artificial containers, no choice 492 

experiments) were abstracted from that of natural bromeliads. Information from our 493 

experiments in bromeliads was considered even less reliable as consumption is generally 494 

inferred (addition of one species leads to decreased survival in another) rather than observed. 495 

The least reliable source of information was judged to be that from literature sources, as these 496 

sources inevitably were based on freshwater systems other than bromeliads. 497 

By ranking these sources of information, we could use the first one or zero recorded for a 498 

pairwise interaction as the final interaction value. As a check, we examined the concordance 499 

in pairwise interactions between information sources. In many cases, all information sources 500 

with definitive interaction values (i.e. 1 or 0) agreed unanimously on a particular pairwise 501 

interaction value. Species pairs without unanimous agreement typically involved gut contents 502 

and forbidden links (2% of all inferred links showed such a conflict), potentially reflecting 503 

the passive ingestion of detrital particles or microorganisms during invertebrate prey capture. 504 

Step 3: Estimating missing interactions with a probabilistic model  505 

After Step 1 and 2, we were able to infer presence of absences of links for 86% of potential 506 

pairwise interactions in all sites, leaving 14% of pairwise combinations with no data. In Step 507 

3 (Extended Data Fig. 1), we use the filled cells in the matrix to estimate, for each missing 508 
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value, the probability that the unknown link exists (i.e. takes the value 1). These probabilistic 509 

models (see Supplementary Note 4) use no secondary source of information to inform this 510 

process, but instead borrow information from across the matrix to parametrize a niche of 511 

resources for each consumer59. As the probabilistic niche model uses existing information 512 

rather than adding new information, it is judged the weakest of the methods for inferring 513 

links, and so is placed last in the rank order of information sources. Therefore, the resulting 514 

networks have 1s and 0s for interactions inferred from Step 1 and 2 and the remaining 515 

interactions are assigned probabilities using the niche model in Step 3. 516 

Step 4: Validation with stable isotopes 517 

We validated the models in three field sites with small, intermediate and large species pools 518 

(Extended Data Fig. 1). We found a general correspondence between the mean trophic level 519 

of species estimated by our algorithm with that estimated from field data on relative δ15N 520 

values of the same invertebrate species in bromeliads (see Supplementary Note 5, 521 

Supplementary Fig. 1). As the first estimate of trophic level is unweighted by energy flux and 522 

the second metric weighted, the correspondence is not expected to be perfect.  523 

Bromeliad-level food web metrics 524 

To create food web matrices at the bromeliad scale, we filtered the site-level food web 525 

matrices to include only those species found within the specific bromeliad. 526 

In order to describe food web structure at either scale, links need to either exist (take the 527 

value 1) or not (take the value 0). However, following Step 3 at least some links are 528 

represented by probabilities. We therefore generated 100 possible versions of the food web in 529 

each bromeliad using independent Bernoulli random draws from the estimated pairwise 530 

interaction probabilities. 531 

For each of the 100 Bernoulli-based food webs, we estimated structural metrics at both the 532 

species-level and the food web level (see Supplementary Note 6) and then averaged these 533 

food web metrics over all 100 versions of the food web. We used principal components 534 

analysis (PCA) to efficiently summarize the 14 food web structural metrics into a limited 535 

number of structural dimensions (Extended Data Table 1). We included both bromeliad-level 536 

and site-level food webs in this PCA so that we could directly compare PCA scores between 537 

levels. We scaled all metrics before conducting the PCA. 538 
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Bromeliad environmental variables  539 

Within each field site, bromeliads were characterized with three environmental variables: 540 

total detritus, water-holding capacity, and canopy opennesssee also 54. The total detritus in a 541 

bromeliad was defined as the dry mass of all detritus, ranging in size from intact leaves down 542 

to fine particles greater than 100 μm (the 0 - 100 μm particle range, excluded simply to 543 

expedite filtering, is highly correlated with the > 100 μm mass). Water-holding capacity was 544 

estimated by filling the emptied bromeliad with water until it overflowed. Canopy openness 545 

was determined immediately over the center of the bromeliad, and ranged from 1 (open) to 0 546 

(closed), with values homogeneous amongst bromeliads within a field site for 22 of the 26 547 

sites. In a few cases, measurements of detritus were for a narrower size range of particles than 548 

required or actual rather than maximum water was measured. Here, predictive models were 549 

used to estimate the missing data based on other measured variables54. 550 

Regional environmental variables 551 

We downloaded, from online databases and for each of our site locations, data on net primary 552 

productivity (NPP), annual mean temperature, annual precipitation, and precipitation 553 

seasonality (renamed “precipitation variability” throughout this study to prevent readers from 554 

misinterpreting this variable, calculated as the monthly coefficient of variation in 555 

precipitation, as a measure of seasonality). We calculated aridity and potential 556 

evapotranspiration by combining solar radiation measures with downloaded monthly 557 

precipitation, minimum temperature and maximum temperatures values. All data was 558 

compiled and averaged for the period 2000-2013, covering the temporal extent of our 559 

bromeliad data, and at a spatial resolution of 1km (10km for NPP). We downscaled regional 560 

environmental variables for a few sites that were closer than one raster and averaged data for 561 

sites that spanned multiple rasters.  Full details of data sources and procedures are given in 562 

Supplementary Note 7.  563 

There were varying degrees of collinearity between the site-level bioclimatic variables (NPP, 564 

aridity, annual mean temperature, annual precipitation, precipitation variability). As it is 565 

difficult to include such collinearity at the group-level in piecewise structural equation 566 

models, we removed this collinearity using a PCA. The first four axes of this PCA axis 567 

(Supplementary Table 6) accounted for 96% of the total variation. Axis 1 (43.7%) correlated 568 

best with aridity, Axis 2 (27.9%) was dominated by precipitation variability, Axis 3 (14.3%) 569 
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correlated with annual mean temperature, and Axis 4 (9.7%) correlated with NPP. The fifth 570 

bioclimatic variable, annual precipitation, was not clearly aligned with any one axis, and so 571 

could not be isolated by the PCA. We therefore did not consider this variable further. 572 

Modelling environmental control of food web metrics 573 

We developed piecewise structural equation models (pSEMs) to individually explain food 574 

web size and shape as represented by the first two axes of the PCA of food web structural 575 

metrics. These pSEMs included both bromeliad-level and regional environmental variables, 576 

as well as causal pathways within and between these two levels of environmental variables. 577 

All environmental variables were centered and scaled prior to analysis to ensure that they 578 

were comparable. We accounted for non-independence of bromeliads within sites through a 579 

random effect for site in the underlying linear mixed effect models. We did not include 580 

temporal random effects within sites after initial analyses revealed temporal effects to be 581 

minor.  582 

We first used an AIC-based model selection process to determine the following aspects of 583 

pSEM structure: (1) whether bromeliad capacity and detrital content are better modeled on 584 

linear or logarithmic scales; (2) whether linear or quadratic functions better represented the 585 

effects of each of three variables related to hydrological disturbance – precipitation 586 

variability, aridity and bromeliad water – as disturbance can have unimodal effects; (3) 587 

whether the best models had no interactions between environmental variables in their effects 588 

on food web structure, or only interactions within a class of driver (where class is one of 589 

energy, disturbance, temperature, ecosystem size), or both within-class and cross-class 590 

interactions. The within-class interactions for energy were bromeliad detritus × NPP, for 591 

temperature were canopy openness × annual mean temperature, and for disturbance were 592 

bromeliad capacity × aridity or precipitation variability. We considered only cross-class 593 

interactions that were predicted from theory, specifically the interaction between energy and 594 

temperature (i.e. bromeliad detritus × annual mean temperature) and between ecosystem size 595 

and energy (i.e. bromeliad capacity × NPP). 596 

In sum, we evaluated pSEMs (Extended Data Table 6) that represented all six possible 597 

combinations of (1) and (2) and all eight possible combinations of (1) and (3). We did not 598 

consider models that combined (2) and (3) as such models would have fit so many paths that 599 

they would be difficult to interpret. We used AIC from the piecewiseSEM R package60 to 600 
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compare pSEMs, choosing the best model as that with the lowest AIC. If two models were < 601 

2 AIC units apart, we chose the model with fewer terms (Extended Data Table 7). 602 

Once the best pSEM model structure was determined, we examined residual plots of each 603 

generalized linear models within the pSEM with the DHARMa R package61 and log-604 

transformed response variables when needed. After variable transformation, we reran the 605 

pSEM model selection procedure. We also tested for spatial autocorrelation with the 606 

DHARMa R package, confirming that Moran’s I was neither strong nor significant (absolute 607 

Moran’s I < 0.4, p > 0.05). 608 

We evaluated the robustness of each final pSEM with Fisher’s C, which measures the 609 

deviation of the model from the observed variance-covariance matrix, and ensured that there 610 

were no missing paths through tests of directed separation (must have p > 0.05). The direct 611 

path coefficients and their error was extracted and used to evaluate which paths were 612 

significant. 613 

For each of the environmental drivers in our pSEM, we estimated their direct, indirect and 614 

total effects on the food web structure response. A direct effect occurs when there a potential 615 

driver and a response variable are connected by a causal path, and this causal path is not 616 

interrupted by a mediating variable. An indirect path occurs when another variable acts as a 617 

mediator between the driver variable and the response variable. There may be multiple 618 

indirect paths between any particular driver and response variable, and we sum all such paths 619 

to generate the overall estimate of the indirect effect. Finally, total effects refer to the sum of 620 

direct and indirect effects. To calculate these effect sizes, we used the semEff function from 621 

the semEff R package62, with 1000 permutations and the ‘optimx’ optimizer.  622 

For each pSEM, we also isolated effects of within-site variation from between-site variation 623 

in bromeliad capacity, detritus and openness on food web structure. Specifically, to isolate 624 

within-site variation in these environmental variables, we subtracted site means from values 625 

and reran the pSEMs. As regional climate variables have by definition no within-site 626 

variation, such variables are not included in within-site pSEMs. To isolate between-site 627 

variation in these environmental variables, we replaced bromeliad-level values with their site 628 

means and reran the pSEMs. 629 

We ran similar pSEMs for species pool-level food webs (Supplementary Note 8, 630 

Supplementary Fig. 2). 631 
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Mediation of environment-food web relationships by abundance and traits 632 

Finally, we examined potential mediation of paths from environmental drivers to food web 633 

structure by either total invertebrate abundance or community-weighted trait axes. For the 634 

latter, we used four trait axes (Extended Data Table 5) previously identified as capturing the 635 

major independent gradients in invertebrate traits52,54. In total, each path between an 636 

environmental driver and a food web metric in the original pSEM was replaced by five 637 

potential mediators (total abundance, four trait axes) so to make the new pSEM efficient we 638 

only considered significant paths from the original pSEM. We calculated the indirect effect 639 

via each potential mediator, summing this over the four trait axes to calculate the net trait 640 

effect (Supplementary Table 2). In addition, for the response of food web shape (PCA2), we 641 

replaced the four trait axes with abundance-weighted mean body mass in the above analysis 642 

to evaluate the theoretical prediction that high temperature and low energy favoured lower 643 

body masses, which in turn led to changes in food-web shape. In this pSEM, there was a 644 

significant positive correlation between total abundance and mean body mass. Such 645 

correlations can complicate the partitioning of mediating paths. This correlation could be 646 

represented in the pSEM as either abundance determines body mass or body mass causes 647 

abundance, but in neither case did body mass significantly mediate the effect of any 648 

environmental driver on PCA2. Thus, we can conclude that body mass is not a meaningful 649 

mediator of environmental effects on food-web shape. 650 

 651 

Software 652 

Unless otherwise stated, all analysis were completed using R 4.4.2. 653 

Data availability 654 

All data are available on the Open Science Framework63: 655 

https://doi.org/10.17605/OSF.IO/S5BQU   656 

Code availability 657 

All R scripts are available on the Open Science Framework63: 658 

https://doi.org/10.17605/OSF.IO/S5BQU 659 
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  905 
Extended Data Figure 1. The reproducible workflow used in this study for inferring food 906 

webs from species composition data based on empirical evidence, taxonomic expansion, 907 

and probabilistic modeling. We show here an idealized site-level food web matrix that is 908 

intentionally smaller than the ones generated in this study so that the matrix cells can be 909 

easily visualized. The matrix cells are filled with numbers between 0 and 1 indicating the 910 

likelihood that a trophic interaction is with the fundamental niches of the interacting 911 

organisms. We use a question mark in this figure to indicate when the matrix cell value is 912 

unknown, although in the code this is technically a “NA” value. Once the food webs were 913 

created, we summarized their structure using a principal components analysis of 14 food 914 

web metrics. 915 

 916 
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Extended Data Table 1. Contributions (%) of each of 14 food web structural metrics to the 917 

first three principal component axes (% variance explained by each in parentheses) of a 918 

principal component analysis. The first two axes were selected to be analyzed in this study.  919 

  PCA axis 1 

(57.7%) 

PCA axis  2 

(22.5%) 

PCA axis 3 

(10.6%) 

Richness 10.8 0.7 4.6 

Links 11 0.7 0.5 

Links density 11.7 0.7 2.1 

Connectance 1.6 0.3 44.9 

Average trophic level 8.1 8.1 3.3 

Maximum trophic level 3.7 14.5 5.1 

Web omnivory 0.3 22.4 0.7 

Vulnerability 11.7 0.7 2.1 

Generality 11.7 0.7 2.1 

Vulnerability SD 3.9 13 7.8 

Generality SD 9 0 9.9 

Proportion basal 9.5 0.7 9.2 

Proportion intermediate 0.2 25.5 7.3 

Proportion top 6.8 12.1 0.5 

  920 

 921 

 922 
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Extended Data Table 2. Standardized estimates for effects of predictors on responses 923 

within a piecewise structural equation model (SEM_1_1_0, defined in Extended Data Table 924 

6), ultimately explaining variation in log PCA 1 (a proxy of food web size). “Aridity”, “NPP”, 925 

“Temperature” and “Precipitation variability” refer to PCA axes that load predominantly on 926 

each of these variables respectively. Significant p-values are indicated in boldface. Overall 927 

the pSEM did not deviate from the observed variance-covariance matrix (χ2
4 = 3.79, p = 0.44 928 

and Fisher’s C(df = 8) = 7.07, p = 0.53). 929 

Response Predictor Estimate SE DF P 

PCA 1 (log) NPP 0.087 0.121 30.2 0.476 

PCA 1 (log) Bromeliad detritus (log) 0.275 0.043 771.1 0.000 

PCA 1 (log) Canopy openness -0.010 0.076 52.2 0.899 

PCA 1 (log) Temperature 0.004 0.113 27.0 0.970 

PCA 1 (log) Bromeliad capacity (log) 0.378 0.039 1045.6 0.000 

PCA 1 (log) Aridity -0.442 0.113 28.2 0.001 

PCA 1 (log) Precipitation variability -0.037 0.115 26.2 0.748 

PCA 1 (log) NPP × Bromeliad detritus (log) -0.020 0.040 698.6 0.624 

PCA 1 (log) Temperature × Canopy openness 0.004 0.076 47.1 0.955 

PCA 1 (log) Aridity × Bromeliad capacity (log) 0.025 0.039 1010.2 0.518 

PCA 1 (log) Variability × Bromeliad capacity (log) 0.128 0.029 1045.2 0.000 

Bromeliad 

capacity (log) 

Aridity 0.125 0.093 24.0 0.190 

Bromeliad 

capacity (log) 

Canopy openness 0.127 0.038 649.9 0.001 

Bromeliad 

capacity (log) 

Temperature 0.294 0.094 25.2 0.005 

Bromeliad 

detritus (log) 

Bromeliad capacity (log) 0.324 0.027 1041.4 0.000 

Bromeliad 

detritus (log) 

Canopy openness -0.333 0.035 958.3 0.000 

Bromeliad 

detritus (log) 

NPP 0.109 0.105 27.6 0.308 

Bromeliad 

detritus (log) 

Temperature 0.251 0.104 27.1 0.023 

Bromeliad 

detritus (log) 

Aridity 0.274 0.103 26.0 0.013 

Canopy 

openness 

Temperature 0.357 0.143 25.9 0.019 

Canopy 

openness 

Precipitation variability 0.380 0.142 25.6 0.013 

Canopy 

openness 

NPP -0.467 0.143 25.9 0.003 

 930 

 931 
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Extended Data Table 3. Standardized estimates for effects of predictors on responses 932 

within a piecewise structural equation model (SEM_1_0_0, defined in Extended Data Table 933 

6), ultimately explaining variation in log PCA 2 (a proxy of food web shape). “Aridity”, “NPP”, 934 

“Temperature” and “Precipitation variability” refer to PCA axes that load predominantly on 935 

each of these variables respectively. Significant p-values are indicated in boldface. Overall 936 

the pSEM did not deviate from the observed variance-covariance matrix (χ2
4 = 3.79, p = 0.44 937 

and Fisher’s C(df = 8) = 7.07, p = 0.53). 938 

  939 

Response Predictor Estimate SE DF P 

PCA 2 (log) 

Bromeliad detritus 

(log) 0.079 0.032 1045.0 0.015 

PCA 2 (log) Canopy openness 0.016 0.038 1019.0 0.683 

PCA 2 (log) 

Bromeliad capacity 

(log) -0.066 0.030 1034.2 0.028 

PCA 2 (log) Aridity -0.090 0.118 25.7 0.452 

PCA 2 (log) 

Precipitation 

variability -0.386 0.118 25.9 0.003 

PCA 2 (log) Temperature -0.448 0.119 26.7 0.001 

PCA 2 (log) NPP 0.337 0.119 26.9 0.009 

Bromeliad capacity 

(log) Aridity 0.125 0.093 24.0 0.190 

Bromeliad capacity 

(log) Canopy openness 0.127 0.038 649.9 0.001 

Bromeliad capacity 

(log) Temperature 0.294 0.094 25.2 0.005 

Bromeliad detritus 

(log) 

Bromeliad capacity 

(log) 0.324 0.027 1041.4 0.000 

Bromeliad detritus 

(log) Canopy openness -0.333 0.035 958.3 0.000 

Bromeliad detritus 

(log) NPP 0.109 0.105 27.6 0.308 

Bromeliad detritus 

(log) Temperature 0.251 0.104 27.1 0.023 

Bromeliad detritus 

(log) Aridity 0.274 0.103 26.0 0.013 

Canopy openness Temperature 0.357 0.143 25.9 0.019 

Canopy openness 

Precipitation 

variability 0.380 0.142 25.6 0.013 

Canopy openness NPP -0.467 0.143 25.9 0.003 

  940 
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Extended Data Table 4. Partitioning the direct effects of environmental variables (columns 942 

in tables) on (a) food web size (log PCA1) and (b, c) food web shape (log PCA2). “Aridity”, 943 

“NPP”, “Temperature” and “Precipitation variability” refer to PCA axes that load 944 

predominantly on each of these variables respectively. For each environmental variable in 945 

(a,b), the direct effect is partitioned between pathways mediated by total abundance, 946 

community-weighted means (“CWM”) of four trait axes and the residual (i.e. unexplained) 947 

direct effect. The net trait effect is calculated as the sum of the four trait-mediated paths, and 948 

is shown in Fig. 4. In (c), the community-weighted means of trait axes are replaced by the 949 

community-weighted mean body mass. In all tables (a-c), boldfaced values indicate 950 

significant direct effects or mediating paths (for a mediating path to be significant, both 951 

component paths must also be significant). For example, the mediating path of bromeliad 952 

capacity - total abundance - log PCA1 (estimate = 0.182, this table) is the product of a 953 

significant direct effect of bromeliad capacity on total abundance (estimate = 0.444 in 954 

Supplementary Table 2), and a significant direct effect of total abundance on log PCA1 955 

(estimate = 0.409 in Supplementary Table 2). Bold italicized values for net traits indicate that 956 

at least one trait axis was a significant mediator.   957 

(a) 958 

 959 

Mediator Bromeliad 

capacity 

(log) 

Aridity Bromeliad 

detritus (log) 

Precipitation 

variability 

Precipitation 

variability x 

bromeliad 

capacity (log) 

Remaining 

direct 

0.099 -0.227 0.185 -0.028 0.02 

Total 

abundance 

0.182 -0.202 0.065 -0.039 0.075 

CWM trait axis 1 0.0012 -0.0039 -0.0080 -0.0023 -0.0069 

CWM trait axis 2 -0.0066 -0.0241 0.0122 -0.0031 0.0014 

CWM trait axis 3 0.0084 0.105 -0.0230 0.0322 -0.0040 

CWM trait axis 4 0.0018 -0.0040 0.0024 0.0086 0.0024 

Net traits 0.0047 0.0731 -0.0164 0.0141 -0.0071 

 960 

961 
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(b) 962 

 963 

Mediator Bromeliad 

capacity 

(log) 

Precipitation 

variability 

Temperature NPP Bromeliad 

detritus (log) 

Remaining 

direct -0.002 -0.447 -0.461 0.355 0.064 

Total 

abundance -0.044 0.0068 0.0057 -0.0168 -0.0109 

CWM trait axis 1 -0.0002 0.0017 -0.0002 -0.0060 0.0034 

CWM trait axis 2 -0.0079 -0.0034 0.0021 0.0017 0.0132 

CWM trait axis 3 0.0015 0.0058 0.0015 0.00056 -0.0038 

CWM trait axis 4 0.0020 0.0086 0.0062 -0.0022 0.0018 

Net traits -0.0047 0.0127 0.0097 -0.0059 0.0146 

 964 

 965 

 966 

(c) 967 

 968 

Mediator Bromeliad 

capacity 

Precipitation 

variability 

Temperature NPP Bromeliad 

detritus 

Remaining direct -0.006 -0.434 -0.451 0.344 0.081 

Total abundance 0.044 0.007 0.005 -0.018 -0.011 

CWM body mass 0.000 0.000 0.000 0.000 0.000 

Net traits 0.000 0.000 0.000 0.000 0.000 

 969 
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Extended Data Table 5. Four invertebrate trait axes were based on a PCA analysis of 64 971 

traits by previous studies as described in Methods. Each trait axis can be interpreted based 972 

on its correlation with these traits, and we provide here the top trait correlations (r = Pearson 973 

correlation coefficient), positive and negative, for each axis.  974 

  Trait Axis 1 Trait Axis 2 Trait Axis 3 Trait Axis 4 

Top traits 

negatively 

correlated with 

axis (r ≤ -0.5) 

No resting 

stage (r = -

0.67); Flat ovoid 

body (r = -0.57);  

Sclerotized 

exoskeleton (r = 

-0.54) 

Siphon/spiracle 

respiration (r = -

0.69); Active 

dispersal (r = -

0.65) 

  

Sclerotized 

spines (r = -

0.75); Surface 

swimmer (r = -

0.63); Dorsal 

plates (r = -

0.59);  

Full water 

swimmer (r = -

0.60); Adults 

aquatic (r = -

0.59); Flat 

elongate (r = -

0.58) 

Top traits 

positively 

correlated with 

axis (r ≥ 0.5) 

Consumes 

living 

microphytes (r = 

0.75); Nymphs 

aquatic (r = 

0.73); Diapause 

or dormancy (r 

= 0.70) 

Tube builder (r 

= 0.81); case or 

tube defence (r 

= 0.81); Asexual 

reproduction (r 

= 0.72) 

No correlations 

greater than 

0.42 

Consumes 

dead plant litter 

(r = 0.67); 

Shredder (r = 

0.51) 

  975 

 976 

 977 
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Extended Data Table 6. Formulation of 14 piecewise structural equation models. Within 978 

driver interactions = Detritus x NPP, Canopy openness x Temperature, Bromeliad capacity x 979 

Aridity, Bromeliad capacity x Precipitation variability. Cross-driver interactions = Bromeliad 980 

capacity x NPP, Detritus x Temperature. 981 

  982 

  983 

Model name Bromeliad detritus 

and capacity: scale 

Interactions 

between local and 

regional drivers 

Hydrology 

variables: linear or 

non-linear 

SEM_0_0_0 linear none all linear 

SEM_1_0_0 logarithmic none all linear 

SEM_0_1_0 linear within-driver 

interactions 

all linear 

SEM_1_1_0 logarithmic within-driver 

interactions 

all linear 

SEM_0_2_0 linear cross-driver 

interactions 

all linear 

SEM_1_2_0 logarithmic cross-driver 

interactions 

all linear 

SEM_0_3_0 linear within- and cross-

driver interactions 

all linear 

SEM_1_3_0 logarithmic within- and cross-

driver interactions 

all linear 

SEM_0_0_1 linear none quadratic: Bromeliad 

capacity 

SEM_1_0_1 logarithmic none quadratic: 

log(Bromeliad 

capacity) 

SEM_0_0_2 linear none quadratic: Aridity 

SEM_1_0_2 logarithmic none quadratic: Aridity 

SEM_0_0_3 linear none quadratic: 

Precipitation 

variability 

SEM_1_0_3 logarithmic none quadratic: 

Precipitation 

variability 
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Extended Data Table 7. Comparison of AIC values for 14 potential forms of SEM models, 985 

for each of two response variables. Model formulations, named here by a code, are 986 

described in detail in Extended Data Table 6. Responses are the first two axes of a PCA 987 

summarizing food web structural metrics, with PCA 1 representing food web size and PCA 2 988 

food web shape; these two axes were log transformed to normalize residual plots. For each 989 

response variable the model with the lowest AIC value (boldface) was selected (asterisk). 990 

Models within two AIC values of each other were considered equally informative, and in this 991 

case the simplest model was selected. 992 

  993 

Model name Log PCA 1 Log PCA 2 

SEM_0_0_0 8745.1 8330.1 

SEM_1_0_0 8055.6 7824.3 * 

SEM_0_1_0 8741.4 8334.6 

SEM_1_1_0 8042.6* 7825.3 

SEM_0_2_0 8744.0 8332.8 

SEM_1_2_0 8045.4 7827.3 

SEM_0_3_0 8744.7 8337.7 

SEM_1_3_0 8042.6 7827.2 

SEM_0_0_1 13780.4 13401.0 

SEM_1_0_1 11744.0 11530.2 

SEM_0_0_2 11820.2 11408.9 

SEM_1_0_2 11129.2 10900.7 

SEM_0_0_3 12056.0 11643.3 

SEM_1_0_3 11362.8 11135.1 

 994 



Supplementary Files

This is a list of supplementary files associated with this preprint. Click to download.

FoodwebsizeandshapedifferintheirenvironmentalcontrolSupplementalNEEv1.docx

https://assets-eu.researchsquare.com/files/rs-10989338/v1/9fac9e755198b5f920074980.docx

