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Abstract 49 

1. A major aim of ecology is to upscale attributes of individuals to understand processes at population, 50 

community and ecosystem scales. Such attributes are typically described using functional traits, i.e. 51 

standardised characteristics that impact fitness via effects on survival, growth and/or reproduction. 52 

However, commonly-used functional traits (e.g. wood density, specific leaf area) are becoming 53 

increasingly criticised for not being truly mechanistic and for being questionable predictors of ecological 54 

processes. 55 

2. This Special Feature reviews and studies how the metabolome (i.e. the thousands of unique 56 

metabolites that underpin physiology) can enhance trait-based ecology and our understanding of plant 57 

and ecosystem functioning. 58 

3. In our Editorial Review, we explore how the metabolome relates to plant functional traits, with 59 

reference to life history trade-offs governing fitness between generations and plasticity shaping fitness 60 

within generations. We then identify solutions to challenges of acquiring, interpreting and 61 

contextualising metabolome data, and propose a roadmap for integrating the metabolome into ecology. 62 

4. We next summarise the seven studies composing the Special Feature, which use the metabolome to 63 

examine mechanisms behind plant community assembly, plant-organismal interactions and effects of 64 

plants and soil microorganisms on ecosystem processes. 65 

Synthesis: We demonstrate the potential of the metabolome to improve mechanistic and predictive 66 

power in ecology by providing a high-resolution coupling between physiology and fitness. However, 67 

applying metabolomics to ecological questions is currently limited by a lack of conceptual, technical and 68 

data frameworks, which needs to be overcome to realise the full potential of the metabolome for 69 

ecology.  70 



1. Introduction 71 

A central tenet of functional ecology is the understanding that organisms display characteristics  that go 72 

beyond taxonomy in explaining how they affect, and respond to, their environment (Calow 1987). This 73 

understanding has led to the widespread adoption of trait-based approaches to link organismal 74 

functioning to ecological processes operating at population, community and ecosystem scales. Trait-75 

based approaches are most famously embodied by the concept of functional traits - a suite of 76 

morphological, physiological, phenological or behavioural characteristics of an organism that impact 77 

fitness via their effects on survival, growth and/or reproduction (Violle et al. 2007). Functional traits are 78 

notable because they not only contain information about how organisms are adapted to and interact 79 

with their environment (Lavorel & Garnier 2002; Violle et al. 2007), but also integrate processes across 80 

different levels of biological organisation, from organs, to species, to ecosystems (McGill et al. 2006; 81 

Gross et al. 2017). Functional traits have been extensively used to characterise organisms across the tree 82 

of life (Wong, Guénard & Lewis 2019; Echeverri et al. 2020; Lundgren et al. 2021). However, their 83 

origin, and most common usage, is with reference to the plant kingdom (Calow 1987). For instance, 84 

plant functional traits have been used to explain variation in plant life history trade-offs (Wright et al. 85 

2004; Adler et al. 2014; Díaz et al. 2016), community composition (Bruelheide et al. 2018), species 86 

interactions (Kunstler et al. 2016) and ecosystem processes (De Deyn, Cornelissen & Bardgett 2008; 87 

Cornwell et al. 2008). Nevertheless, the plant functional traits most commonly used by ecologists (e.g. 88 

plant height, seed mass, leaf area, specific leaf area and leaf carbon, nitrogen and phosphorus contents; 89 

Díaz et al. 2016) often leave a large fraction of variation in ecological processes unexplained (Adler et al. 90 

2014; Yang, Cao & Swenson 2018), limiting the possibility to provide mechanistic insights into plant 91 

effects on ecosystem processes (Walker et al. 2019; Firn et al. 2019; Laughlin et al. 2020; van der Plas et 92 

al. 2020). 93 



 94 

 95 

Figure 1 | Contextualising the plant metabolome. (a) A hypothetical relationship between elevation above sea-level 96 

and specific leaf area (SLA), including its constituent traits (leaf mass and area), whereby one interpretation would 97 

be that leaves become less productive at higher elevation. (b) The same relationship captured through changes 98 

within the plant metabolome, namely concentrations of carbohydrates, amino acids, flavonoids and terpenoids, 99 

through which it is clear that reductions in SLA are influenced by increased investment in tissue defence (i.e. 100 

flavonoids, terpenoids) at higher elevation. (c) A schematic showing how the plant metabolome is the interface 101 

between genes and the environment. 102 

 103 

 104 

One reason for the low predictive power of functional traits is that they are aggregates of multiple 105 

physiological processes that can each be differently constrained by evolutionary history and 106 

environmental factors, and thus represent the combined product of homology, convergent evolution and 107 

plasticity. For instance, specific leaf area, which describes a trade-off between investment in 108 

photosynthesis (i.e. leaf surface area) and protection against stressors (i.e. leaf mass), is controlled by 109 



evolutionary history and local environmental factors and to this day remains unpredictable in its 110 

response to global change (Leishman et al. 2007; Dwyer, Hobbs & Mayfield 2014; Firn et al. 2019). Such 111 

complexity in interpreting the mechanistic basis of functional traits can mask the true nature of links 112 

between physiology and an ecological process of interest (Funk et al. 2017). As a consequence, while 113 

functional traits are central to characterising how plants function, they are imperfect proxies of 114 

physiology and so often cannot provide a mechanistic basis for plant functioning and its influence over 115 

populations, communities and ecosystems (Fig. 1a,b). 116 

 117 

The metabolome, i.e. the collective name for the tens of thousands of metabolites that are the substrates 118 

and products of enzymatic reactions, offers a mechanistic bridge between plant physiology and 119 

ecological processes (Fig. 1c). Plants collectively produce an astonishing diversity of metabolites – 120 

somewhere between 200,000 and 1,000,000 throughout the plant kingdom and tens of thousands within 121 

an individual (Wang et al. 2019). For example, plants create rigid structures from metabolites called 122 

lignans, capture energy from sunlight and carbon dioxide in the metabolite glucose and respond to 123 

drought, temperature and herbivore stress with specialised metabolites, such as alkaloids and flavonoids 124 

(Fernandez et al. 2016; Peters et al. 2019). While some families of metabolites are restricted to particular 125 

taxa, such as glucosinolates in Brassicales (Fahey, Zalcmann & Talalay 2001), many are produced 126 

throughout the plant kingdom (Wink 2003). Thus, the metabolome varies among organs, individuals, 127 

populations and species due to genetic and environmental factors that operate over multiple timescales 128 

(Wink 2003; Hilker 2014; Schuman & Baldwin 2016). In this sense, the metabolome is regulated by the 129 

same suite of evolutionary and ecological processes that limit the interpretation of classical functional 130 

traits. However, the metabolome may provide better mechanistic understanding in ecological and 131 

evolutionary contexts. The metabolome, as some functional traits, lies at the interface between genes 132 

and the environment (Fig. 1c), but is unique in encompassing the physiological processes that act to 133 

maximise fitness both over an individual’s lifetime and between generations. Hence, by comprising the 134 



composition, abundances and interplay of many thousands of metabolites, the metabolome provides a 135 

direct and multidimensional measure of the molecular mechanisms through which evolutionary and 136 

ecological processes shape plant functioning – but does not aggregate such mechanisms into a small 137 

number of variables (Box 1; Weckwerth 2003; van Dam & van der Meijden 2018). From this, it follows 138 

that the metabolome itself is a vast repository of functional traits. Nevertheless, the metabolome remains 139 

on the periphery of ecology, and few attempts have been made to integrate the metabolome into trait-140 

based approaches. 141 

 142 

Over recent decades, advances in analytical chemistry and mass spectrometry have led to the advent of 143 

metabolomics, which allows for the characterisation of the metabolome in a cost-effective and fast 144 

manner (Weckwerth 2003; Wishart 2005). Plant metabolomics was developed by molecular biologists to 145 

understand biochemical mechanisms behind phenotypes, and has found traction throughout the life 146 

sciences, including biotechnology (Yang et al. 2019), pharmacology (Newman & Cragg 2016) and 147 

medicine (Clish 2015). However, with notable exceptions (Inderjit et al. 2011), the use of metabolomics 148 

in ecology is more recent (van Dam & van der Meijden 2018). Early studies in chemical ecology used 149 

analytical standards to determine the presence or abundance of a limited set of pre-determined 150 

metabolites in a sample (Everette et al. 2010). The field has now shifted towards untargeted 151 

metabolomics, which instead attempts to detect and identify all of the thousands of metabolites in a 152 

sample (Schrimpe-Rutledge et al. 2016). Untargeted metabolomics is a powerful holistic tool that 153 

requires only small amounts of material and uses simple laboratory extractions relative to other “omics” 154 

approaches (Ryan & Robards 2006). However, it employs a complex analytical pipeline and yields many 155 

thousands of often-unknown metabolites, both of which create major challenges for interpretation 156 

(Allard, Genta-Jouve & Wolfender 2017). Accordingly, most ecological metabolomics studies are 157 

restricted to plants, in particular model species (Nagler et al. 2018) or within-species treatment 158 

comparisons (Wiggins et al. 2016), with few studies attempting multi-species comparisons (Rivas-Ubach 159 



et al. 2012; Sedio et al. 2017; Endara et al. 2018; Sedio et al. 2018b; Forrister et al. 2019; Ristok et al. 160 

2019; Gargallo-Garriga et al. 2020). Recent pushes towards “big data” ecology (e.g. Maldonado et al. 161 

2015; Díaz et al. 2016; Kattge et al. 2020; Katz et al. 2021), coupled with decreasing analytical costs and 162 

improved data analysis tools (Wang et al. 2016; Allard et al. 2017), make it increasingly possible to 163 

undertake the multi-species studies necessary to explore the power of the metabolome to enhance trait-164 

based assessments of plant and ecosystem functioning. Nevertheless, no coherent framework yet exists 165 

for harmonising data acquisition, standardisation and analysis across such studies. 166 

 167 

This Special Feature represents a coordinated effort to bring focus to the potential of the metabolome to 168 

provide deeper mechanistic insight and predictive power to a variety of ecological questions. In this 169 

editorial review, we focus on the link between the metabolome and plant functional traits, which are 170 

established and commonly-used metrics of plant functioning. We consider the capacity of the 171 

metabolome to shed light on the mechanisms behind existing plant functional traits and to unlock a new 172 

generation of molecular functional traits that underpin links between physiology and ecological 173 

processes (Sedio et al. 2017; Sardans et al. 2020), placing particular emphasis on life history trade-offs 174 

that govern fitness over multiple generations and plasticity that shapes fitness within an individual’s 175 

lifetime. We then examine and propose solutions to major challenges of acquiring, interpreting and 176 

contextualising metabolomics data in ecological studies. Following this, we showcase the seven papers 177 

that comprise the Special Feature, which reveal the potential for metabolomics to help resolve 178 

mechanisms behind plant community assembly, plant-organismal interactions and the effects of plants 179 

and soil microorganisms on ecosystem processes, as well to improve predictions of them. Finally, we 180 

synthesise these insights to build a roadmap for integrating metabolomics into ecology, including key 181 

questions for future research. 182 

 183 



2. The metabolome in plant ecology 184 

2.1. The metabolome and plant life history 185 

A key contribution of trait-based ecology has been the description of broad trade-offs in plant 186 

functioning that occur throughout the plant kingdom (Díaz et al. 2016). A notable example is the leaf 187 

economics spectrum (Wright et al. 2004), which describes correlations among leaf traits along an axis 188 

from small, long-lived, unproductive leaves (e.g. low specific leaf area, low photosynthetic rates) to 189 

large, short-lived, productive leaves (e.g. high specific leaf area, high photosynthetic rates). These traits 190 

also correlate with the relative importance of survival, growth and reproduction for plant population 191 

performance (Adler et al. 2014; Pistón et al. 2019), demonstrating their relevance to life history. Other 192 

schemes have sought to classify plants into life-history strategies using functional traits, for example by 193 

distinguishing competitive species from ruderal and stress-tolerating species (Grime 1977). Regardless of 194 

the system, trait-based life history trade-offs reflect relatively conserved characteristics of species 195 

generated by selection and phylogenetic constraints that operate over millennia – although it should be 196 

noted that local adaptation over several generations can also drive life history variation at the population 197 

level (Halbritter et al. 2018). 198 

 199 

Comparative ecological metabolomics studies are relatively rare, and those that do exist are mostly 200 

limited to single growth forms or ecosystems (Rivas-Ubach et al. 2012; Sedio et al. 2017; Endara et al. 201 

2018; Sedio et al. 2018b; Forrister et al. 2019; Ristok et al. 2019; Gargallo-Garriga et al. 2020). However, 202 

there is evidence that the metabolome plays a central role in plant life history. This is particularly true 203 

when considering the role of the metabolome in specialisation towards herbivory and climate, which are 204 

important factors governing plant fitness (Bruelheide et al. 2018). Plants generate a plethora of 205 

specialised metabolites to defend themselves against biotic stressors, such as herbivory, pathogens and 206 

competitors, as well as abiotic stressors, such as extreme temperatures or drought (Sardans et al. 2020). 207 

Such metabolites can be produced throughout a plant’s growth and development (i.e. constitutively) or 208 



in response to a specific event (i.e. facultatively; see Section 2.2, below; Feeny 1976). Recent studies 209 

examining the metabolomes of temperate and tropical plant species suggest that herbivory generally 210 

selects for genotypes possessing more diverse metabolomes (Kursar et al. 2009; Becerra 2015; Salazar et 211 

al. 2018; Sedio et al. 2018b). Moreover, the selection pressure exerted by herbivores appears to drive 212 

metabolic variation that reflects a trade-off between investment in specialised metabolism (e.g. 213 

flavonoids, anthocyanins) vs. central metabolism (e.g. amino sugars, nucleotide sugars; Gargallo-Garriga 214 

et al. (2020)). Studies examining the impact of climate on the plant metabolome also suggest a coupling 215 

between plant metabolic variation and life history. In a comparative study of temperate plant species 216 

(Defossez et al. 2021), it was found that alpine species possess metabolites that are not present in low 217 

elevation species, suggesting that cold temperatures may select for unique metabolites not required 218 

under a warmer climate. Moreover, a recent study on the sedge Eriophorum vaginatum L. demonstrated 219 

that populations genetically adapted to alpine climates invest more in cold-stress metabolites than 220 

populations adapted to low elevation climates, and that this is associated with slower growth rates 221 

overall (Walker et al. 2019). 222 

 223 

In general, species with functional trait values at the conservative end of the leaf economics spectrum 224 

(Wright et al. 2004) or competitor-stress-ruderal axes (Grime et al. 1997) are more resistant to 225 

herbivores and better adapted to cold climates. We thus propose that the metabolome not only 226 

underpins plant life history trade-offs, but also has the potential to provide further mechanistic insight 227 

into such trade-offs by describing finer scale variation nested within them (Box 1; Schuman et al. 2016; 228 

Forrister et al. 2019). While further work is necessary to explore the full interplay between the 229 

metabolome and plant life history, the examples discussed here provide clues about what to expect. For 230 

instance, we might expect metabolites that associate with life history trade-offs to display strong 231 

phylogenetic signals that reflect known constraints on ecological strategies (e.g. gymnosperms vs. 232 

angiosperms; Díaz et al. 2016). We might also suppose that such metabolites provide life-long fitness 233 



benefits and so will be consistent throughout an individual’s lifetime or among cohorts of leaves, in spite 234 

of diurnal or seasonal fluctuations in other parts of the metabolome. Finally, given that all trait-based 235 

life history trade-offs make a distinction between acquisitive (i.e. fast-growing) and conservative (i.e. 236 

slow-growing) species (Grime et al. 1997; Wright et al. 2004; Díaz et al. 2016), it is likely that such a 237 

distinction also exists in the plant metabolome. This could, for example, manifest as a varying 238 

investment in central versus specialised metabolism or changes in the abundances of metabolites 239 

associated with fast rates of growth. While the idea of a metabolic basis to life history is not new (Feeny 240 

1976; Coley, Bryant & Chapin 1985), it is only now becoming possible to go beyond isolated examples 241 

and examine how the metabolome supports, and expands upon, established life-history trade-offs widely 242 

across the plant kingdom. 243 

 244 

2.2. The metabolome & plant phenotypic plasticity 245 

As well as describing broad trade-offs in plant life history, functional traits are commonly used to 246 

characterise plant phenotypic plasticity in response to changing environmental conditions. However, 247 

with notable exceptions (Jung et al. 2014; Siefert et al. 2015), classical functional traits are usually not 248 

measured at sufficient frequency to capture changes in plant functioning over short temporal scales. 249 

Even when they have been, widely used functional traits, such as leaf carbon and nitrogen 250 

concentrations and specific leaf area, show strong, mixed or no responses to short-term environmental 251 

change (Koricheva 2002; Leishman et al. 2007; Dwyer et al. 2014; Hu et al. 2018; Walker et al. 2019, 252 

2020; Firn et al. 2019). As we discuss below, the lack of consistent functional trait plasticity might not be 253 

because changes to plant functioning do not occur, but because classical functional traits are too coarse 254 

to detect them (Fig. 1a,b) or do not capture aspects of physiology that are responsive to environmental 255 

changes (Box 1). Here, we propose that measurements of the metabolome offer potential to expand the 256 

mechanistic insight provided by existing functional traits. 257 

 258 



Comprehensive reviews already exist on the effects of temperature stress, drought, nitrogen availability 259 

and biotic interactions on the plant metabolome (Bundy, Davey & Viant 2009; Sardans et al. 2011, 2020; 260 

Rivas-Ubach et al. 2012; Schuman & Baldwin 2016). In general, temperature or drought stress rapidly 261 

stimulates production of simple sugars and amino acids (Sardans et al. 2020), as well as phenolic 262 

compounds, such as flavonoids (Yang et al. 2018). By contrast, mild to moderate warming, which can 263 

occur over hours to days in temperate ecosystems and last for days to weeks during heat waves, has been 264 

shown to lower concentrations of phenolic compounds in a number of vascular plant species and 265 

bryophytes (Jassey et al. 2011; Pellissier et al. 2014). The onset of herbivory, as well as pathogen attack, 266 

is also known to increase production of phenolic compounds, as well as alkaloids, terpenoids and other 267 

specialised molecules, in many plant species (Schuman & Baldwin 2016; Peters et al. 2019).  268 

 269 

The production of specialised metabolites in response to biotic or abiotic stress acts to maximise fitness 270 

by prioritising immediate defence over growth or reproduction (Herms and Mattson, 1992). However, 271 

although dynamic coupling between the plant metabolome and leaf traits has been found (Rivas-Ubach 272 

et al. 2012; Gargallo-Garriga et al. 2015; Monson et al. 2021), it does not follow that such plasticity in the 273 

metabolome is always evident in classical functional traits, for two reasons. First, while specialised 274 

metabolites are relatively rich in carbon or nitrogen (Züst & Agrawal 2017), the number of carbon and 275 

nitrogen atoms allocated to such metabolites is several orders of magnitude lower than that allocated to 276 

morphological structures. This means that diverting nitrogen into amino acids to resist drought may 277 

occur without affecting leaf nitrogen concentration and converting sugars into phenolic compounds 278 

during a herbivore attack may not alter leaf carbon concentration (Campbell & Vallano 2018). Coupled 279 

with this, the metabolites involved in a plastic response usually compose only a small fraction of total 280 

tissue mass (Heiling et al. 2010) and can thus impact fitness without affecting mass-based functional 281 

traits (e.g. leaf mass, specific leaf area, aboveground biomass, seed mass). Second, the production of 282 

specialised metabolites normally induces a downregulation of growth processes via signalling, even if 283 



energy or nutrients are not limiting (Monson et al. 2021), which can impact fitness without affecting 284 

functional traits (van Dam & Baldwin 2001; Strauss et al. 2002; Guo et al. 2018). Indeed, it is now known 285 

that investment in plant growth versus defence is coordinated at the cellular scale by two transcription 286 

factors (jaz, fitness; Monson et al. 2021) and is widely detectable in the metabolome (Strauss et al. 2002; 287 

Schuman & Baldwin 2016), whereas associated changes to functional traits may only occur in 288 

subsequent generations (Van Dam & Baldwin 2001), if at all (Strauss et al. 2002; Guo et al. 2018). More 289 

generally, changes to the metabolome occur within seconds to hours of an environmental stimulus 290 

(Schuman & Baldwin 2016), whereas changes to functional traits can take weeks or years to become 291 

apparent (Jassey & Signarbieux 2019). As such, while effects of ephemeral stressors (e.g. drought) and 292 

fluctuating environments on plant fitness are detectable in the metabolome, they may be missed entirely 293 

by classical functional traits. 294 

 295 

In short, environmental variation over the lifetime of an individual plant causes alterations to the plant 296 

metabolome that directly impact plant functioning and fitness. As such, considering the metabolome 297 

will likely improve the power of functional traits to explain mechanisms behind plant and ecosystem 298 

functioning. For instance, metabolomics studies have convincingly shown how neighbouring plant 299 

identity and diversity affect plant performance (Scherling et al. 2010; Chiapusio et al. 2018), and have 300 

provided a mechanistic basis to root competition (Latif, Chiapusio & Weston 2017), plant-soil feedback 301 

effects (Ristok et al. 2019) and facilitation (Rasmann & Turlings 2016). More broadly, we might expect 302 

that metabolites that mediate plasticity in response to environmental factors are facultative (i.e. induced 303 

only when needed) and vary in concentration, for example over the lifetime of a plant or among cohorts 304 

of leaves. Such metabolites may thus be distinct from constitutive (i.e. always present) metabolites 305 

associated with long-lived strategies (see Section 2.1, above). We may also hypothesise that, with the 306 

exception of metabolites restricted to specific taxa (e.g. glucosinolates in Brassicales; Fahey et al. (2001)), 307 

such plastic metabolites display a weaker phylogenetic signal, although the capacity to modify their 308 



concentrations in response to stressors may still be under strong selection (Kergunteuil, Röder & 309 

Rasmann 2019). 310 

 311 

3. Measuring, interpreting and contextualising the plant metabolome 312 

Ecological research is increasingly gravitating towards big data studies that employ large sampling 313 

campaigns or draw from vast data repositories to make inferences beyond site-specific factors and 314 

context dependency (Dietze & Lynch 2019; Schrodt et al. 2019). Moving forwards, ecological 315 

metabolomics studies will also need to involve multi-species and multi-biome comparisons to explore 316 

the full relevance of the metabolome to functional ecology. To achieve this, researchers will need to 317 

overcome known challenges relating to the design of ecological metabolomics studies and the 318 

acquisition and analysis of metabolomics data. Researchers will also need to identify the limitations of 319 

using metabolomics in ecology, both generally and compared to existing trait-based approaches, which 320 

are currently unknown. In this section, we summarise those known challenges and propose solutions to 321 

help ecological metabolomics enter the era of “big data ecology”. 322 

 323 

3.1. Challenge 1: designing ecological metabolomics studies 324 

The recent development of data science approaches specifically adapted to large and complex datasets 325 

yields exciting possibilities for ecologists to interrogate links between the plant metabolome and 326 

functional trait theory over large spatial, environmental or taxonomic scales. At the same time, 327 

movements to make scientific data openly available are providing motivation to share raw metabolomics 328 

data on digital platforms, such as GNPS (Wang et al. 2016), the Metabolomics Workbench 329 

(https://www.metabolomicsworkbench.org/) and MetaboLights (Haug et al. 2013). However, inferring 330 

links between the plant metabolome and variation in classical functional traits requires that there is 331 

sufficient overlap between metabolomics and ecological databases (e.g. TRY (Kattge et al. 2020), GBIF 332 

(www.gbif.org)). This is currently not the case. Molecular biologists apply metabolomics mostly to small 333 

https://www.metabolomicsworkbench.org/
http://www.gbif.org/


numbers of model plant species, and often to specific organs or tissues. Phytochemists typically screen 334 

ecosystems for metabolites of pharmaceutical value or focus on the metabolomes of species from extreme 335 

environments or certain taxonomic groups. Chemical ecologists have chiefly employed metabolomics to 336 

identify metabolites involved in organismal interactions, and mostly for individual species, families or 337 

growth forms. As such, metabolomics data are currently restricted to subsets of targeted species, which 338 

is of limited use in large-scale ecological studies.  339 



 340 

 341 

Figure 2 | Overlap between metabolomics and ecology. (a) The estimated geographical distribution of all plant 342 

species matched from metabolomics data in the Dictionary of Natural Products (DNP; N = 18,456 species) 343 

(Chassagne et al. 2019) to cleaned occurrence records in GBIF (www.gbif.org). Each point denotes the presence of 344 

at least one species in a 0.25º grid cell, with colour intensity increasing as a function of the number of species 345 

present (maximum 854 species, natural log-scale). (b) The percent matches between plant species in the DNP and 346 

plant species in the GBIF, TRY (Kattge et al. 2020) and BIEN (Maitner et al. 2018) databases. (c) The percent 347 

coverage of different plant growth forms present in the DNP, considering species for which data are available (N = 348 

8,111; other: bryophytes, ferns, herb/shrub, shrub/tree, herb/shrub/tree). (d) The cumulative number of 349 

manuscripts published on ecological metabolomics (from a Web of Science search for the keywords “ecolog* AND 350 

metabolom*”). Annotated points highlight the rapid change within the last 10 years. 351 

 352 

 353 

http://www.gbif.org/


Despite the limited overlap between existing ecological and metabolomics data, comparative ecological 354 

metabolomics studies are now beginning to emerge (Rivas-Ubach et al. 2012; Sedio et al. 2017; Endara et 355 

al. 2018; Sedio et al. 2018b; Forrister et al. 2019; Ristok et al. 2019; Gargallo-Garriga et al. 2020), 356 

demonstrating efforts from ecologists to overcome these issues (Fig. 2d). Moreover, we estimate that 357 

there is already sufficient overlap between metabolomics and ecological trait databases to make a robust 358 

start towards a global comparative ecological metabolomics study (Fig. 2a-c). Such an effort would 359 

strongly depend on compatibility between analyses (see Section 3.2, below) and would require active 360 

information exchange between two distinct fields. On the metabolomics side, the inclusion of raw data 361 

and metadata will play a crucial role in allowing researchers to reprocess data within the context of their 362 

study. On the ecology side, there is a need to engage metabolomics researchers early on in a project 363 

cycle, preferably before sampling species or ecosystems of interest (Uthe et al. 2021). Despite the 364 

challenges ahead, the success of the ecological genomics revolution (Baldwin 2012) is a clear 365 

demonstration that combining distinct fields is possible and has the capacity to yield a powerful tool for 366 

ecology. 367 

 368 

3.2. Challenge 2: metabolomics data acquisition 369 

Even after samples have been selected, the data they yield are sensitive to a number of decisions made 370 

during collection and analysis. This used to be true for existing functional trait measurements, but has 371 

been effectively eliminated due to huge effort from ecologists to establish and share best practice for 372 

acquiring standardised trait data (Pérez-Harguindeguy et al. 2013; Dawson et al. 2018). The search for 373 

best practice in ecological metabolomics has now begun (Sedio, Boya P & Rojas Echeverri 2018a; Uthe et 374 

al. 2021), although the field is still missing a handbook that sets out standardised approaches for 375 

acquiring and analysing metabolomics data in ecological applications. Developing such a handbook is an 376 

essential step in bringing metabolomics approaches to ecology. 377 

 378 



During fieldwork, researchers must decide whether to cool or freeze samples immediately or leave them 379 

to air-dry. Flash-freezing samples in liquid nitrogen provides the most holistic view of the metabolome, 380 

in that it prevents less stable metabolites from decaying before analysis (but see Sedio et al. 2018a). 381 

Freezing (or at least cooling) samples on collection may be important in situations where the 382 

metabolome shifts subtly under manipulation (e.g. plasticity; see Section 2.2, above), but is practically 383 

challenging - especially in remote locations. For this reason, air-drying samples is common practice in 384 

some disciplines (Chassagne et al. 2019). In deciding to air-dry samples, researchers sacrifice the ability 385 

to detect less stable metabolites in favour of collecting more samples overall. Such an approach may thus 386 

be suited to comparative metabolomics studies, such as detecting persistent differences in metabolomes 387 

among a large number of species (e.g. life-history variation; see Section 2.1, above). 388 

 389 

On return to the laboratory, samples must be extracted and analysed. Numerous extraction methods 390 

exist, all of which vary in their capacity to extract different aspects of the metabolome (e.g. polar versus 391 

non-polar metabolites, lipids). Settling on one appropriate extraction method for ecological 392 

metabolomics studies is an ongoing task for ecologists and metabolomics researchers. Further work is 393 

also needed to harmonise the analytical side of metabolomics, which varies greatly between studies due 394 

to intrinsic variability in mass spectrometry (and see Richards et al. (2018) for other approaches). Briefly, 395 

gas- and liquid-chromatography, when coupled with mass spectroscopy, characterise samples by 396 

quantifying a unique set of spectral features. Each feature is described based on its relative signal 397 

intensity, retention time (i.e. physicochemical properties) and mass spectrum (i.e. mass-to-charge ratio 398 

of the intact – and in tandem mass spectrometry, fragmented – feature). While relative signal intensity is 399 

used as a proxy for relative abundance, it is also a function of a feature’s ionization response, which can 400 

vary due to a feature’s chemical structure, a sample’s overall composition or an instrument’s design or 401 

protocol (De Vijlder et al. 2018). Moreover, retention time, which is used to align features between 402 

samples, is variable between runs on the same instrument, let alone between laboratories (Watrous et al. 403 



2017). As such, while synthesising datasets from multiple sources is a common practice in ecology, it is 404 

challenging to do so with untargeted metabolomics datasets.  405 

 406 

One solution for synthesising metabolomics data is to treat separate datasets as independent replicates, 407 

but a better long-term solution is to focus on mass spectra. Recent advances in computational 408 

metabolomics make it now possible to do this, and specifically use similarities between mass spectra to 409 

build molecular networks of related features and group them into spectral clusters (Wang et al. 2016). 410 

This approach can deliberately ignore retention time and signal intensity and can thus be applied to 411 

multiple datasets simultaneously. Moreover, spectral information relating to each cluster can be cross-412 

referenced against public libraries to annotate it with a putative chemical structure or metabolite name, 413 

which is helpful for interpretation. However, while generating spectral clusters is reasonably robust, 414 

assigning chemical structures to them is not. Metabolite annotation remains a major bottleneck in 415 

metabolomics and is far from being a routine operation (Box 2; Peters et al. 2018). Nevertheless, by 416 

treating assigned chemical information as putative, it is still possible to gain ecological insight into the 417 

metabolomes of multiple species, and the annotation step can be repeated as new approaches are 418 

developed. 419 

 420 

3.3. Challenge 3: statistics for ecological metabolomics 421 

The amount of information present in untargeted metabolomics data provides a vast resource for 422 

examining links between the metabolome and ecological processes. However, the nuances and 423 

complexity of these data create three common traps for statisticians.  424 

 425 

First, it is not meaningful to compare the abundances of different metabolic features within a sample, 426 

because the abundance of a feature is also dependent on its chemical structure (see Section 3.2, above). 427 

This precludes the use of common ecological diversity indices (e.g. Shannon, Simpson), which compare 428 



abundances both between and within metabolic features. Metabolic diversity can thus currently only 429 

confidently be expressed through metabolic feature richness. 430 

 431 

Second, metabolomics datasets contain a large number of zeros, owing to many features being unique to 432 

individual samples, while also possessing many features that do not co-vary. This is important because it 433 

is common to reduce the complexity of metabolomics data by performing ordinations (e.g. Principal 434 

Components Analysis, Principal Coordinates Analysis, Non-Metric Multidimensional Scaling), which 435 

can be sensitive to both of these factors. Methods like sparse Partial Least Squares analysis, Random 436 

Forest, or Support Vector Machines are increasingly being applied to metabolomics data (e.g. Defossez et 437 

al. 2021) because they are less biased to zero-inflated data than classical ordinations. 438 

 439 

Finally, most commonly used distance matrices assume that all metabolic features are independent and 440 

do not take into account the varying degrees of chemical similarity or relatedness among them. For this 441 

reason, developing statistical approaches that accurately reflect the chemical space of metabolomics data 442 

is the subject of active research. For instance, several research groups are developing chemically-443 

informed metrics that take into account spectral relatedness across individual metabolic features (Sedio 444 

et al. 2017; Salazar et al. 2018; Endara et al. 2018). Other groups are using chemically-informed tree 445 

structures to constrain tree-based distance metrics (e.g. UniFrac; Junker 2018). Until a consensus 446 

emerges, ordinations of metabolomics data should be performed carefully and interpreted with caution. 447 

Assuming these traps are avoided, metabolomics data are similar to other multivariate data, with the 448 

exception that they contain thousands of metabolic features (Box 1) and give users the flexibility to 449 

choose how precise or confident their interpretation should be (Box 2). 450 

 451 

4. Special Feature Content 452 



Thus far, we have provided evidence that measurements of the metabolome, once properly incorporated 453 

into classical functional trait theory, may improve our understanding of the coupling between 454 

physiology and fitness in trait-based studies. The papers in this Special Feature build on this foundation 455 

to explore how the metabolome can help characterise the mechanisms behind plant community 456 

assembly, plant-organismal interactions and the effects of plants and soil microorganisms on ecosystem 457 

processes, as well to improve predictions of them. 458 

 459 

Beginning with plant community assembly, Endara et al. (2021) couple phylogenetic and metabolomics 460 

analyses on the neotropical genus of trees Inga across five locations in the Amazon to show that 461 

individuals with dissimilar metabolomes are more likely to co-occur, but that regional variation in 462 

metabolites related to herbivore defence occurs independently of phylogenetic relatedness. These 463 

findings suggest that the metacommunity for any regional community in the Amazon is potentially the 464 

whole Amazon itself, and that community assembly in this region likely depends on how herbivores 465 

interact with plant metabolic diversity. Fernandez‐Conradi et al. (2021) examine such interactions 466 

directly by assessing rates of herbivory on experimental plant communities possessing high vs. low 467 

community-wide metabolic diversity in the Swiss Alps. While the expectation was that plant 468 

communities with high metabolic diversity would be more resistant to herbivores than communities 469 

with low metabolic diversity, this effect only occurred at low elevation, whereas communities with high 470 

metabolic diversity were less resistant to herbivores at high elevation. 471 

 472 

One explanation for the findings of Fernandez-Conradi et al. (2021) is that metabolite richness 473 

represents only one aspect of plant metabolic diversity that has consequences for plant-herbivore 474 

interactions. Indeed, Philbin et al. (2021) perform metabolomics analyses on two Piper shrub species to 475 

show that herbivores interact with two distinct aspects of plant metabolic diversity, namely metabolic 476 

composition and metabolite structural complexity. This distinction explains how closely related species 477 



support diverse herbivore assemblages, and confirms that plants are able to draw on multiple aspects of 478 

metabolic diversity in response to herbivore pressure. Another explanation for the findings of 479 

Fernandez‐Conradi et al. (2021) could be that the metabolome is not static and represents the collective 480 

outcome of many interacting biotic and abiotic factors. In this regard, Weinhold et al. (2021) exploit a 481 

biodiversity ecosystem functioning experiment in China to show that tree diversity is an important 482 

determinant of the leaf metabolome in four subtropical tree species. At the same time, Rawlings et al. 483 

(2021) use controlled experiments on wood-decay fungi in UK beech woodlands to show that generalist 484 

pioneer and stress-tolerant species display contrasting metabolic responses to constant versus fluctuating 485 

temperature regimes. Finally, the studies by Fernandez‐Conradi et al. (2021) and Philbin et al. (2021) 486 

suggest that the metabolome responds not only directly to abiotic shifts (in both studies induced by 487 

elevation change), but also indirectly via interactions between the metabolome and herbivores, which 488 

alter a plant’s capacity to respond to abiotic change itself. 489 

 490 

The above studies collectively demonstrate that the metabolome provides deeper mechanistic insight 491 

into plant community assembly and plant-herbivore interactions. However, they also suggest that the 492 

metabolome is an important regulator of ecosystem processes. Indeed, Fernandez‐Conradi et al. (2021) 493 

and Philbin et al. (2021) both show that the plant metabolome shapes herbivore community dynamics, 494 

and Endara et al. (2021) suggest that the metabolome dictates plant community assembly processes. 495 

Similarly, Rawlings et al. (2021) show the potential for wood-decay fungi with different ecological 496 

strategies to display different metabolic responses to fluctuating temperature, with consequences for 497 

wood decomposition – an important biogeochemical process in forest ecosystems. 498 

 499 

The remaining papers in this Special Feature examine the metabolome as the foundation of plant-soil 500 

interactions. Specifically, Williams et al. (2021) characterise root traits and the rates and metabolic 501 

composition of root exudates in experiments involving 18 European grassland species. They show that 502 



the root exudate metabolome is a key component of root functioning, and posit that the root exudate 503 

metabolome characterises an aspect of root functional space not currently described by existing 504 

functional trait frameworks. Finally, Sytiuk et al. (2021) undertake a comparative study across five 505 

European peatland ecosystems on a latitudinal gradient to determine how climate, edaphic 506 

characteristics and the phylogeny, functional traits and metabolites of peat-forming Sphagnum mosses 507 

affect the composition and functioning of peatland soil microbial communities. They find that 508 

Sphagnum metabolites have the strongest bearing over the soil microbial food web, revealing that the 509 

Sphagnum metabolome is an important regulator of peatland soil processes.  510 

 511 

5. Conclusions and future directions 512 

In this review, we have shown that the metabolome comprises the pool of molecular mechanisms that 513 

underpins physiology and represents a highly resolved lens through which to examine plant fitness, both 514 

between and within generations. By focussing on the metabolome as the biochemical basis of organismal 515 

functioning and the language of organismal interactions, the studies that form this Special Feature 516 

illustrate how metabolomics can provide deeper mechanistic insight into open ecological questions, and 517 

show how using the metabolome within a functional ecology framework holds great promise for 518 

improving predictive power in ecology. Yet, applying metabolomics approaches to ecological questions 519 

requires careful experimental design, as well as the development of standardised approaches for 520 

acquiring and analysing ecological metabolomics data. In our opinion, ecologists and metabolomics 521 

researchers must now work together to develop three key frameworks necessary for integrating the 522 

plant metabolome into ecology (Fig 4): (i) a conceptual framework, placing the metabolome within the 523 

context of established trait-based approaches and theory; (ii) a technical framework, equipping 524 

ecologists with the tools and expertise for measuring the metabolome in a wide range of species; and (iii) 525 

a data framework, providing the digital infrastructure and data processing pipelines needed for the use of 526 



existing and future high throughput metabolomics data in comparative ecological studies. In Box 3, we 527 

outline nine key research directions that we believe will help to achieve this vision. 528 

 529 

 530 

Figure 3 | Research needs for integrating the metabolome into functional ecology. The conceptual (green), 531 

technical (yellow) and data (red) frameworks needed to establish measurements of the metabolome into a 532 

functional trait framework. Expanded boxes correspond to research directions proposed in Box 3.  533 



 534 

 535 

Figure 4 | The dimensionality and resolution of the metabolome versus functional traits. (a,b) Tables illustrating 536 

the dimensionality of data describing (a) classical functional traits (green) or (b) the metabolome (red) of n species 537 

(rows). Columns represent a small selection of traits (tx) or metabolites (mx), and estimates are given for the total 538 

number of traits/metabolites attainable from one sampling effort. Hypothetical relationships are also shown 539 

between traits/metabolites and some drivers of plant fitness or function (white boxes, coloured dots), as well as 540 

plausible coupling between some functional traits and some metabolites (grey shading). (c,d) Hypothetical 541 

separations of species from (a,b) into distinct groups using ordinations based on (c) classical functional traits 542 

(following Díaz et al. 2016) or (d) the metabolome. See Box 1.  543 



Box 1 | The Resolution and Explanatory Power of the Metabolome 544 

At the most basic level, datasets describing classical functional traits and the metabolome share a similar structure 545 

(Fig. 4a,b), albeit comprising tens of traits versus thousands of metabolites (commonly expressed as 546 

presences/absences or abundances; see Section 3.2). However, a unique facet of metabolomics data is the additional 547 

provision of background chemical information about detected metabolites (see Box 2). Such chemical information 548 

allows researchers to characterise not just the metabolites associated with a change among samples, but also the 549 

types of chemical structures and/or biochemical pathways involved (da Silva, Dorrestein & Quinn 2015; Djoumbou 550 

Feunang et al. 2016). As such, measurements of the metabolome provide a large amount of molecular context with 551 

which to interpret each variable therein, which is not automatically the case for classical functional traits. 552 

 553 

To further illustrate the explanatory power of the metabolome, let us imagine that a set of measured functional 554 

traits is sufficient to capture all variation in plant fitness or function among samples. In this situation, measuring 555 

the metabolomes of the same samples would provide two further interpretative tools. First, by identifying which 556 

metabolites are responsible for changes to traits (Fig. 4a,b: grey shading), it would be possible to determine the 557 

molecular mechanisms behind changes among samples (e.g. Walker et al. 2019). Second, most functional traits are 558 

the aggregation of many interacting physiological processes (Funk et al. 2017), making it challenging to isolate 559 

effects of external factors, such as evolutionary history, climate or organismal interactions, on plant fitness (Fig. 4a, 560 

white box; Koricheva 2002; Leishman et al. 2007; Dwyer et al. 2014; Hu et al. 2018; Walker et al. 2019, 2020; Firn 561 

et al. 2019). The metabolome provides a direct measure of such physiological processes (Weckwerth 2003; van 562 

Dam & van der Meijden 2018), making it easier to pinpoint which external factors affect which aspects of plant 563 

fitness or function (Fig. 4b, white box). In short, by measuring the metabolome alongside classical functional traits, 564 

researchers would gain greater mechanistic insight and finer resolution than provided by functional traits alone. 565 

 566 

In reality, any set of measured functional traits is unlikely to encompass all variation in plant fitness or function 567 

(see Section 3; Adler et al. 2014; Díaz et al. 2016). Measurements of the metabolome thus provide a vast repository 568 

of molecular information through which to capture variation missed by classical functional traits. For example, by 569 

interrogating links between external factors and those metabolites unrelated to existing functional traits, it may be 570 

possible to identify novel “molecular functional traits” that characterise variation among apparently similar 571 



samples (Fig. 4b). The amount of biological information captured by the metabolome should also allow for much 572 

greater separation of species along established life history trade-offs than classical functional traits (Fig. 4c,d), 573 

although this remains to be empirically tested. Importantly, the roles of most metabolites in shaping plant fitness 574 

and function remain unexplored (Fig. 4b, white box), making the metabolome a frontier for improving explanatory 575 

power in trait-based ecology. 576 

 577 

 578 

Box 2 | Annotating Mass Spectra with Chemical Structures 579 

Mass spectrometry allows users to detect thousands of mass spectra in a single analysis. However, resolving such 580 

spectra into distinct metabolites with associated chemical structures is challenging. In contrast to DNA, RNA and 581 

proteins, which are mostly polymeric materials (bases or amino acids, respectively), metabolites can possess one of 582 

many thousands of possible chemical structures and thus cannot be systematically deconstructed into their 583 

component parts (Lipinski & Hopkins 2004). As such, typically only 2% to 5% of features detected during an 584 

untargeted mass spectrometry analysis are matched to known metabolites in public libraries (da Silva, Dorrestein & 585 

Quinn 2015). Assigning chemical structures to spectra, i.e. metabolite annotation, is a major research objective and 586 

the subject of recent developments in computational metabolomics. Here, we present some of the most promising 587 

approaches emerging from such developments. 588 

 589 

It is now possible to propagate chemical information from known metabolites in a sample to unknown features 590 

using molecular networks (see Section 3.2) (Wang et al. 2016). At the same time, the coverage of chemical 591 

structures in existing public spectral libraries is being improved using approaches such as in silico spectral 592 

calculations (Allard et al. 2016; da Silva et al. 2018), spectral fingerprint matching to structural databases (Dührkop 593 

et al. 2019) and unsupervised sub-structure discovery (van der Hooft et al. 2016). Computational metabolite 594 

annotation approaches have been further improved by including taxonomic information (e.g. up to seven-fold 595 

improvements; Rutz et al. 2019) or combining them (e.g. 60% of features annotated; Ernst et al. 2019). Moreover, 596 

researchers can increase the number of features annotated by aggregating at broader organisational levels of a 597 

chemical taxonomy (e.g. chemical subclass, to class, to superclass; Djoumbou Feunang et al. 2016) or propagating 598 



chemical classifications to unannotated compounds that are spectrally similar (e.g. among clusters of a molecular 599 

network). However, doing so involves a trade-off between precision and confidence. A loss of precision in 600 

metabolite annotation is acceptable, in that it allows users to eliminate instrument and protocol biases in raw data 601 

and standardise data between analytical platforms (see Section 3.2). However, once spectral clusters have been 602 

generated, merging chemical information into broader categories sacrifices precision for confidence in 603 

interpretation. For instance, in a dataset describing the metabolomes of 472 tropical plant species (unpublished 604 

data), we identified a total of 515 annotated metabolites metabolites from 7649 spectral clusters, but this could be 605 

collapsed into 146 metabolite classes or 15 metabolite superclasses. Such information loss is not unique to 606 

metabolomics – in metagenomics, which has become a powerful tool in soil microbial ecology, it is common to 607 

map less than 1% of genes to a function (Bahram et al. 2018). Ultimately, while metabolite annotation is under 608 

development, we argue that it is already sufficiently developed to be useful in ecology. Indeed, given both ongoing 609 

developments in metabolite annotation and the growing usage of metabolomics in ecology (Fig. 3), we are on the 610 

cusp of a revolution in ecological metabolomics akin to that seen in ecological genomics over the past decade 611 

(Baldwin 2012). 612 

 613 

 614 

Box 3 | Nine Key Questions for the Future of Ecological Metabolomics 615 

Conceptual framework 616 

Q1. How does the metabolome vary across the plant kingdom? Which aspects are strongly phylogenetically 617 

constrained, and which relate to established life history trade-offs? Does measuring the metabolome capture 618 

additional axes of specialisation not apparent from classical functional traits? 619 

Q2. How does global environmental variation (e.g. climate) shape the plant metabolome? Do species with larger 620 

geographical ranges possess more diverse, or less specialised, metabolisms? Do species from distinct environmental 621 

contexts also possess distinct metabolomes? 622 

Q3. How does the metabolome fluctuate over time? Which aspects remain static (i.e. providing a lifetime fitness 623 

benefit; see Section 2.1), and which aspects are dynamic (i.e. providing a short-lived fitness benefit; see Section 624 



2.2)? Can this knowledge be used to disentangle the mechanisms behind the (lack of) classical functional trait 625 

variation under short-term environmental change? 626 

 627 

 628 

Technical framework 629 

Q4. Can insights from the conceptual framework, above, as well as from the growing number of ecological 630 

metabolomics studies (Fig. 2d), be combined to derive a suite of candidate molecular functional traits that can be 631 

measured in the metabolome? 632 

Q5. What are the limitations of using metabolomics approaches in ecology? For which applications, and in which 633 

situations, does the metabolome not provide additional value to existing trait-based approaches? 634 

Q6. What are the most appropriate sample collection and extraction methods for ecological metabolomics? Is there 635 

a “one size fits all” solution, or should researchers pick from a number of standardised options, each with their own 636 

benefits and limitations? 637 

Q7. Following the lead of functional trait ecology (Pérez-Harguindeguy et al. 2013; Dawson et al. 2018) and 638 

building on early momentum (Sedio et al. 2018a; Uthe et al. 2021), can we develop a handbook for the standardised 639 

collection, acquisition and analysis of ecological metabolomics data? 640 

 641 

Data framework 642 

Q8. To what extent can existing metabolomics data be used in comparative ecological studies? Which comparisons 643 

are valid (i.e. what are the limits to inferences)? For which species and ecosystems is there already sufficient 644 

coverage, and where do we need to focus future effort? 645 

Q9. Can further momentum be generated for sharing and reusing metabolomics data hosted on online repositories? 646 

What tools are necessary for integrating and synthesising existing and future metabolomics and ecological data 647 

(e.g. knowledge graph exploitation, R packages, new statistical methods, cross-talk between database owners, 648 

adequate metadata)?  649 



Acknowledgements 650 

This study was part funded by a grant from the Synthesis Centre (sDiv) of the German Centre for 651 

Integrative Biodiversity Research (iDiv), awarded to TWNW, FS and NMvD. JMA and TWNW are 652 

funded by the Swiss National Science Foundation (grant no. 31003A-176044). RSG is funded by a UK 653 

Natural Environment Research Council Independent Research Fellowship (grant no. NE/M018458/1). 654 

JMA is additionally funded by the European Research Council (grant no. 678841). PC is supported by a 655 

Ramón Areces Foundation Postdoctoral Scholarship. VB is supported by the French Agence Nationale 656 

pour la Recherche (grant no. ANR-12-BSV7-0016-01: SecPriMe2), the BioDivMeX Mistrals programme, 657 

the Aix-Marseille University ‘Investissements d’Avenir’ programme and the Labex OT-Med 658 

programmes. PDC is funded by the US National Science Foundation (grant no. DEB-1135733). DLF is 659 

supported by the US National Science Foundation Graduate Research Fellowships Program. VEJJ is 660 

funded by the French National Research Agency (grant no. ANR‐17‐CE01‐0007: Mixxopeat). NMvD, 661 

SM, KP and HU are supported by iDiv Halle-Jena-Leipzig, which is funded by the German Research 662 

Foundation (grant nos DFG–FZT 118, 202548816). SN and KP are additionally funded by the German 663 

Network for Bioinformatics Infrastructure (de.NBI) and acknowledge BMBF funding (grant no. 664 

031L0107). JP and JS are funded by the Spanish Government (grant no. PID2019-110521GB-I00), 665 

Catalan Government (grant no. SGR 2017-1005) and a European Research Council Synergy Grant (grant 666 

no. ERC-SyG-2013-610028: IMBALANCE-P). SR is funded by the Swiss National Science Foundation 667 

(grant no. 31003A_179481). FS acknowledges funding by the University of Nottingham Anne McLaren 668 

Fellowship. MCS is supported by a NOMIS Foundation project (“Remotely Sensing Ecological 669 

Genomics”) and by the University of Zürich Research Priority Programme on Global Change and 670 

Biodiversity. 671 

 672 



Author contributions 673 

Special Feature Guest Editors and Editorial text: MMvD, RSG, TWNW. Review conceptualisation: 674 

TWNW with support from JMA, PMA, OB, VB, RDB, PC, NMvD, ED, CF, AGG, VEJJ, SN, JP, KP, SR, 675 

RSG, JS, FS, MCS, WW, JLW. Review data curation: PMA, OB, PC, TWNW. Review formal analysis: 676 

TWNW. Review data visualisation: OB, PC, VEJJ, TWNW. Review writing original draft: JMA, PMA, 677 

PC, PDC, NMvD, ED, ME, MJE, DF, VEJJ, SM, SN, KP, SR, UR, RSG, FS, MCS, AS, TWNW. Review 678 

editing: TWNW, JMA, PMA, OB, VB, RDB, PC, PDC, NMvD, BD, ED, MJE, ME, CF, DF, AGG, VEJJ, 679 

SM, SN, LP, JP, KP, SR, UR, RSG, JS, FS, MCS, AS, HU, WW, JLW. 680 

 681 

 682 

References 683 

Adler, P.B., Salguero-Gómez, R., Compagnoni, A., Hsu, J.S., Ray-Mukherjee, J., Mbeau-Ache, C. & Franco, M. 684 

(2014) Functional traits explain variation in plant life history strategies. Proceedings of the National 685 

Academy of Sciences of the United States of America, 111, 740–745. 686 

Alexander, J.M., Diez, J.M. & Levine, J.M. (2015) Novel competitors shape species’ responses to climate change. 687 

Nature, 525, 515–518. 688 

Allard, P.-M., Péresse, T., Bisson, J., Gindro, K., Marcourt, L., Pham, V.C., Roussi, F., Litaudon, M. & Wolfender, 689 

J.-L. (2016) Integration of molecular networking and in-silico MS/MS fragmentation for natural products 690 

dereplication. Analytical Chemistry, 88, 3317-3323. 691 

Allard, P.-M., Genta-Jouve, G. & Wolfender, J.-L. (2017) Deep metabolome annotation in natural products 692 

research: towards a virtuous cycle in metabolite identification. Current Opinion in Chemical Biology, 36, 693 

40–49. 694 

Bahram, M., Hildebrand, F., Forslund, S.K., Anderson, J.L., Soudzilovskaia, N.A., Bodegom, P.M., Bengtsson-695 

Palme, J., Anslan, S., Coelho, L.P., Harend, H., Huerta-Cepas, J., Medema, M.H., Maltz, M.R., Mundra, S., 696 

Olsson, P.A., Pent, M., Põlme, S., Sunagawa, S., Ryberg, M., Tedersoo, L. & Bork, P. (2018) Structure and 697 

function of the global topsoil microbiome. Nature, 560, 233–237. 698 

Baldwin, I.T. (2012) Training a New Generation of Biologists: The Genome-Enabled Field Biologists. Proceedings 699 



of the American Philosophical Society, 156, 205–214. 700 

Becerra, J.X. (2015) On the factors that promote the diversity of herbivorous insects and plants in tropical forests. 701 

Proceedings of the National Academy of Sciences of the United States of America, 112, 6098–6103. 702 

Bruelheide, H., Dengler, J., Purschke, O., Lenoir, J., Jiménez-Alfaro, B., Hennekens, S.M., Botta-Dukát, Z., Chytrý, 703 

M., Field, R., Jansen, F., Kattge, J., Pillar, V.D., Schrodt, F., Mahecha, M.D., Peet, R.K., Sandel, B., van 704 

Bodegom, P., Altman, J., Alvarez-Dávila, E., Arfin Khan, M.A.S., Attorre, F., Aubin, I., Baraloto, C., 705 

Barroso, J.G., Bauters, M., Bergmeier, E., Biurrun, I., Bjorkman, A.D., Blonder, B., Čarni, A., Cayuela, L., 706 

Černý, T., Cornelissen, J.H.C., Craven, D., Dainese, M., Derroire, G., De Sanctis, M., Díaz, S., Doležal, J., 707 

Farfan-Rios, W., Feldpausch, T.R., Fenton, N.J., Garnier, E., Guerin, G.R., Gutiérrez, A.G., Haider, S., 708 

Hattab, T., Henry, G., Hérault, B., Higuchi, P., Hölzel, N., Homeier, J., Jentsch, A., Jürgens, N., Kącki, Z., 709 

Karger, D.N., Kessler, M., Kleyer, M., Knollová, I., Korolyuk, A.Y., Kühn, I., Laughlin, D.C., Lens, F., Loos, 710 

J., Louault, F., Lyubenova, M.I., Malhi, Y., Marcenò, C., Mencuccini, M., Müller, J.V., Munzinger, J., 711 

Myers-Smith, I.H., Neill, D.A., Niinemets, Ü., Orwin, K.H., Ozinga, W.A., Penuelas, J., Pérez-Haase, A., 712 

Petřík, P., Phillips, O.L., Pärtel, M., Reich, P.B., Römermann, C., Rodrigues, A.V., Sabatini, F.M., Sardans, 713 

J., Schmidt, M., Seidler, G., Silva Espejo, J.E., Silveira, M., Smyth, A., Sporbert, M., Svenning, J.-C., Tang, 714 

Z., Thomas, R., Tsiripidis, I., Vassilev, K., Violle, C., Virtanen, R., Weiher, E., Welk, E., Wesche, K., 715 

Winter, M., Wirth, C. & Jandt, U. (2018) Global trait-environment relationships of plant communities. 716 

Nature Ecology & Evolution, 2, 1906–1917. 717 

Bundy, J.G., Davey, M.P. & Viant, M.R. (2009) Environmental metabolomics: a critical review and future 718 

perspectives. Metabolomics : Official journal of the Metabolomic Society, 5, 3–21. 719 

Calow, P. (1987) Towards a definition of functional ecology. Functional Ecology, 1, 57. 720 

Campbell, S.A. & Vallano, D.M. (2018) Plant defences mediate interactions between herbivory and the direct foliar 721 

uptake of atmospheric reactive nitrogen. Nature Communications, 9, 4743. 722 

Chassagne, F., Cabanac, G., Hubert, G., David, B. & Marti, G. (2019) The landscape of natural product diversity and 723 

their pharmacological relevance from a focus on the Dictionary of Natural Products®. Phytochemistry 724 

reviews : proceedings of the Phytochemical Society of Europe, 1–22. 725 

Chiapusio, G., Jassey, V.E.J., Bellvert, F., Comte, G., Weston, L.A., Delarue, F., Buttler, A., Toussaint, M.L. & Binet, 726 

P. (2018) Sphagnum Species Modulate their Phenolic Profiles and Mycorrhizal Colonization of 727 



Surrounding Andromeda polifolia along Peatland Microhabitats. Journal of Chemical Ecology, 44, 1146–728 

1157. 729 

Clish, C.B. (2015) Metabolomics: an emerging but powerful tool for precision medicine. Molecular Case Studies, 1, 730 

a000588. 731 

Coley, P.D., Bryant, J.P. & Chapin, F.S. (1985) Resource availability and plant antiherbivore defense. Science, 230, 732 

895–899. 733 

Cornwell, W.K., Cornelissen, J.H.C., Amatangelo, K., Dorrepaal, E., Eviner, V.T., Godoy, O., Hobbie, S.E., 734 

Hoorens, B., Kurokawa, H., Pérez-Harguindeguy, N., Quested, H.M., Santiago, L.S., Wardle, D.A., Wright, 735 

I.J., Aerts, R., Allison, S.D., van Bodegom, P., Brovkin, V., Chatain, A., Callaghan, T.V., Díaz, S., Garnier, 736 

E., Gurvich, D.E., Kazakou, E., Klein, J.A., Read, J., Reich, P.B., Soudzilovskaia, N.A., Vaieretti, M.V. & 737 

Westoby, M. (2008) Plant species traits are the predominant control on litter decomposition rates within 738 

biomes worldwide. Ecology Letters, 11, 1065–1071. 739 

van Dam, N.M. & Baldwin, I.T. (2001): Competition mediates costs of jasmonate-induced defences, nitrogen 740 

acquisition and transgenerational plasticity in Nicotiana attenuata. Functional Ecology 15, 406-415. 741 

van Dam, N.M. & van der Meijden, E. (2018) A role for metabolomics in plant ecology. Annual Plant Reviews 742 

online (ed J.A. Roberts), pp. 87–107. John Wiley & Sons, Ltd, Chichester, UK. 743 

Dawson, S.K., Boddy, L., Halbwachs, H., Bässler, C., Andrew, C., Crowther, T.W., Heilmann‐Clausen, J., Nordén, 744 

J., Ovaskainen, O. & Jönsson, M. (2018) Handbook for the measurement of macrofungal functional traits; a 745 

start with basidiomycete wood fungi. Functional ecology. 746 

De Deyn, G.B., Cornelissen, J.H.C. & Bardgett, R.D. (2008) Plant functional traits and soil carbon sequestration in 747 

contrasting biomes. Ecology Letters, 11, 516–531. 748 

De Vijlder, T., Valkenborg, D., Lemière, F., Romijn, E.P., Laukens, K. & Cuyckens, F. (2018) A tutorial in small 749 

molecule identification via electrospray ionization-mass spectrometry: The practical art of structural 750 

elucidation. Mass spectrometry reviews, 37, 607–629. 751 

Defossez, E., Pitteloud, C., Descombes, P., Glauser, G., Allard, P.-M., Walker, T.W.N., Fernandez-Conradi, P., 752 

Wolfender, J.-L., Pellissier, L. & Rasmann, S. (2021) Spatial and evolutionary predictability of 753 

phytochemical diversity. Proceedings of the National Academy of Sciences of the United States of 754 

America, 118. 755 



Díaz, S., Kattge, J., Cornelissen, J.H.C., Wright, I.J., Lavorel, S., Dray, S., Reu, B., Kleyer, M., Wirth, C., Prentice, 756 

I.C., Garnier, E., Bönisch, G., Westoby, M., Poorter, H., Reich, P.B., Moles, A.T., Dickie, J., Gillison, A.N., 757 

Zanne, A.E., Chave, J., Wright, S.J., Sheremet’ev, S.N., Jactel, H., Baraloto, C., Cerabolini, B., Pierce, S., 758 

Shipley, B., Kirkup, D., Casanoves, F., Joswig, J.S., Günther, A., Falczuk, V., Rüger, N., Mahecha, M.D. & 759 

Gorné, L.D. (2016) The global spectrum of plant form and function. Nature, 529, 167–171. 760 

Dietze, M. & Lynch, H. (2019) Forecasting a bright future for ecology. Frontiers in ecology and the environment, 761 

17, 3–3. 762 

Djoumbou Feunang, Y., Eisner, R., Knox, C., Chepelev, L., Hastings, J., Owen, G., Fahy, E., Steinbeck, C., 763 

Subramanian, S., Bolton, E., Greiner, R. & Wishart, D.S. (2016) ClassyFire: automated chemical 764 

classification with a comprehensive, computable taxonomy. Journal of cheminformatics, 8, 61. 765 

Dührkop, K., Fleischauer, M., Ludwig, M., Aksenov, A.A., Melnik, A.V., Meusel, M., Dorrestein, P.C., Rousu, J. & 766 

Böcker, S. (2019) SIRIUS 4: a rapid tool for turning tandem mass spectra into metabolite structure 767 

information. Nature Methods, 16, 299–302. 768 

Dwyer, J.M., Hobbs, R.J. & Mayfield, M.M. (2014) Specific leaf area responses to environmental gradients through 769 

space and time. Ecology, 95, 399–410. 770 

Echeverri, A., Karp, D.S., Naidoo, R., Tobias, J.A., Zhao, J. & Chan, K.M.A. (2020) Can avian functional traits 771 

predict cultural ecosystem services? People and Nature, 2, 138–151. 772 

Endara, M.-J., Nicholls, J.A., Coley, P.D., Forrister, D.L., Younkin, G.C., Dexter, K.G., Kidner, C.A., Pennington, 773 

R.T., Stone, G.N. & Kursar, T.A. (2018) Tracking of Host Defenses and Phylogeny During the Radiation of 774 

Neotropical Inga-Feeding Sawflies (Hymenoptera; Argidae). Frontiers in plant science, 9, 1237. 775 

Endara, M., Soule, A.J., Forrister, D.L., Dexter, K.G., Pennington, R.T., Nicholls, J.A., Loiseau, O., Kursar, T.A. & 776 

Coley, P.D. (2021) The role of plant secondary metabolites in shaping regional and local plant community 777 

assembly. The Journal of Ecology. 778 

Ernst, M., Kang, K.B., Caraballo-Rodríguez, A.M., Nothias, L.-F., Wandy, J., Chen, C., Wang, M., Rogers, S., 779 

Medema, M.H., Dorrestein, P.C. & van der Hooft, J.J.J. (2019) Molnetenhancer: enhanced molecular 780 

networks by integrating metabolome mining and annotation tools. Metabolites, 9. 781 

Everette, J.D., Bryant, Q.M., Green, A.M., Abbey, Y.A., Wangila, G.W. & Walker, R.B. (2010) Thorough study of 782 

reactivity of various compound classes toward the Folin-Ciocalteu reagent. Journal of Agricultural and 783 



Food Chemistry, 58, 8139–8144. 784 

Fahey, J.W., Zalcmann, A.T. & Talalay, P. (2001) The chemical diversity and distribution of glucosinolates and 785 

isothiocyanates among plants. Phytochemistry, 56, 5–51. 786 

Feeny, P. (1976) Plant apparency and chemical defense. Biochemical interaction between plants and insects (eds 787 

J.W. Wallace), & R.L. Mansell), pp. 1–40. Springer US, Boston, MA. 788 

Feilhauer, H., Somers, B. & van der Linden, S. (2017) Optical trait indicators for remote sensing of plant species 789 

composition: Predictive power and seasonal variability. Ecological Indicators, 73, 825–833. 790 

Fernandez, C., Monnier, Y., Santonja, M., Gallet, C., Weston, L.A., Prévosto, B., Saunier, A., Baldy, V. & Bousquet-791 

Mélou, A. (2016) The Impact of Competition and Allelopathy on the Trade-Off between Plant Defense 792 

and Growth in Two Contrasting Tree Species. Frontiers in plant science, 7, 594. 793 

Fernandez‐Conradi, P., Defossez, E., Delavallade, A., Descombes, P., Pitteloud, C., Glauser, G., Pellissier, L. & 794 

Rasmann, S. (2021) The effect of community‐wide phytochemical diversity on herbivory reverses from 795 

low to high elevation. The Journal of Ecology. 796 

Firn, J., McGree, J.M., Harvey, E., Flores-Moreno, H., Schütz, M., Buckley, Y.M., Borer, E.T., Seabloom, E.W., La 797 

Pierre, K.J., MacDougall, A.M., Prober, S.M., Stevens, C.J., Sullivan, L.L., Porter, E., Ladouceur, E., Allen, 798 

C., Moromizato, K.H., Morgan, J.W., Harpole, W.S., Hautier, Y., Eisenhauer, N., Wright, J.P., Adler, P.B., 799 

Arnillas, C.A., Bakker, J.D., Biederman, L., Broadbent, A.A.D., Brown, C.S., Bugalho, M.N., Caldeira, M.C., 800 

Cleland, E.E., Ebeling, A., Fay, P.A., Hagenah, N., Kleinhesselink, A.R., Mitchell, R., Moore, J.L., 801 

Nogueira, C., Peri, P.L., Roscher, C., Smith, M.D., Wragg, P.D. & Risch, A.C. (2019) Leaf nutrients, not 802 

specific leaf area, are consistent indicators of elevated nutrient inputs. Nature Ecology & Evolution, 3, 803 

400–406. 804 

Forrister, D.L., Endara, M.-J., Younkin, G.C., Coley, P.D. & Kursar, T.A. (2019) Herbivores as drivers of negative 805 

density dependence in tropical forest saplings. Science, 363, 1213–1216. 806 

Funk, J.L., Larson, J.E., Ames, G.M., Butterfield, B.J., Cavender-Bares, J., Firn, J., Laughlin, D.C., Sutton-Grier, 807 

A.E., Williams, L. & Wright, J. (2017) Revisiting the Holy Grail: using plant functional traits to understand 808 

ecological processes. Biological Reviews of the Cambridge Philosophical Society, 92, 1156–1173. 809 

Gargallo-Garriga, A., Sardans, J., Granda, V., Llusià, J., Peguero, G., Asensio, D., Ogaya, R., Urbina, I., Van 810 

Langenhove, L., Verryckt, L.T., Chave, J., Courtois, E.A., Stahl, C., Grau, O., Klem, K., Urban, O., Janssens, 811 



I.A. & Peñuelas, J. (2020) Different “metabolomic niches” of the highly diverse tree species of the French 812 

Guiana rainforests. Scientific Reports, 10, 6937. 813 

Gargallo-Garriga, A., Sardans, J., Pérez-Trujillo, M., Oravec, M., Urban, O., Jentsch, A., Kreyling, J., Beierkuhnlein, 814 

C., Parella, T. & Peñuelas, J. (2015) Warming differentially influences the effects of drought on 815 

stoichiometry and metabolomics in shoots and roots. The New Phytologist, 207, 591–603. 816 

Grime, J.P., Thompson, K., Hunt, R., Hodgson, J.G., Cornelissen, J.H.C., Rorison, I.H., Hendry, G.A.F., Ashenden, 817 

T.W., Askew, A.P., Band, S.R., Booth, R.E., Bossard, C.C., Campbell, B.D., Cooper, J.E.L., Davison, A.W., 818 

Gupta, P.L., Hall, W., Hand, D.W., Hannah, M.A., Hillier, S.H., Hodkinson, D.J., Jalili, A., Liu, Z., 819 

Mackey, J.M.L., Matthews, N., Mowforth, M.A., Neal, A.M., Reader, R.J., Reiling, K., Ross-Fraser, W., 820 

Spencer, R.E., Sutton, F., Tasker, D.E., Thorpe, P.C. & Whitehouse, J. (1997) Integrated screening validates 821 

primary axes of specialisation in plants. Oikos, 79, 259. 822 

Gross, N., Bagousse-Pinguet, Y.L., Liancourt, P., Berdugo, M., Gotelli, N.J. & Maestre, F.T. (2017) Functional trait 823 

diversity maximizes ecosystem multifunctionality. Nature Ecology & Evolution, 1, 132. 824 

Guo, Q., Yoshida, Y., Major, I.T., Wang, K., Sugimoto, K., Kapali, G., Havko, N.E., Benning, C. & Howe, G.A. 825 

(2018): JAZ repressors of metabolic defence promote growth and reproductive fitness in Arabidopsis. 826 

Proceedings of the Royal Academy of Sciences of the United States of America 115, E10768-E10777. 827 

Halbritter, A.H., Fior, S., Keller, I., Billeter, R., Edwards, P.J., Holderegger, R., Karrenberg, S., Pluess, A.R., 828 

Widmer, A. & Alexander, J.M. (2018) Trait differentiation and adaptation of plants along elevation 829 

gradients. Journal of Evolutionary Biology, 31, 784–800. 830 

Haug, K., Salek, R.M., Conesa, P., Hastings, J., de Matos, P., Rijnbeek, M., Mahendraker, T., Williams, M., 831 

Neumann, S., Rocca-Serra, P., Maguire, E., González-Beltrán, A., Sansone, S.-A., Griffin, J.L. & Steinbeck, 832 

C. (2013) MetaboLights--an open-access general-purpose repository for metabolomics studies and 833 

associated meta-data. Nucleic Acids Research, 41, D781-6. 834 

Heiling, S., Schuman, M.C., Schoettner, M., Mukerjee, P., Berger, B., Schneider, B., Jassbi, A.R. & Baldwin, I.T. 835 

(2010) Jasmonate and ppHsystemin regulate key Malonylation steps in the biosynthesis of 17-836 

Hydroxygeranyllinalool Diterpene Glycosides, an abundant and effective direct defense against herbivores 837 

in Nicotiana attenuata. The Plant Cell, 22, 273–292. 838 

Herms, D.A. & Mattson, W.J. (1992): The dilemma of plants: to grow or defend. The Quarterly Review of Biology 839 



67, 283-335. 840 

Hilker, M. (2014) New synthesis: parallels between biodiversity and chemodiversity. Journal of Chemical Ecology, 841 

40, 225–226. 842 

van der Hooft, J.J.J., Wandy, J., Barrett, M.P., Burgess, K.E.V. & Rogers, S. (2016) Topic modeling for untargeted 843 

substructure exploration in metabolomics. Proceedings of the National Academy of Sciences of the United 844 

States of America, 113, 13738–13743. 845 

Hu, Z., Guo, Q., Li, S., Piao, S., Knapp, A.K., Ciais, P., Li, X. & Yu, G. (2018) Shifts in the dynamics of productivity 846 

signal ecosystem state transitions at the biome-scale. Ecology Letters, 21, 1457–1466. 847 

Inderjit, Wardle, D.A., Karban, R. & Callaway, R.M. (2011) The ecosystem and evolutionary contexts of 848 

allelopathy. Trends in Ecology & Evolution, 26, 655–662. 849 

Jassey, V.E.J., Gilbert, D., Binet, P., Toussaint, M.-L. & Chiapusio, G. (2011) Effect of a temperature gradient on 850 

Sphagnum fallax and its associated living microbial communities: a study under controlled conditions. 851 

Canadian Journal of Microbiology, 57, 226–235. 852 

Jassey, V.E.J. & Signarbieux, C. (2019) Effects of climate warming on Sphagnum photosynthesis in peatlands 853 

depend on peat moisture and species-specific anatomical traits. Global Change Biology, 25, 3859–3870. 854 

Jung, V., Albert, C.H., Violle, C., Kunstler, G., Loucougaray, G. & Spiegelberger, T. (2014) Intraspecific trait 855 

variability mediates the response of subalpine grassland communities to extreme drought events. The 856 

Journal of Ecology, 102, 45–53. 857 

Junker, R.R. (2018) A biosynthetically informed distance measure to compare secondary metabolite profiles. 858 

Chemoecology, 28, 29–37. 859 

Kattge, J., Bönisch, G., Díaz, S., Lavorel, S., Prentice, I.C., Leadley, P., Tautenhahn, S., Werner, G.D.A., Aakala, T., 860 

Abedi, M., Acosta, A.T.R., Adamidis, G.C., Adamson, K., Aiba, M., Albert, C.H., Alcántara, J.M., Alcázar 861 

C, C., Aleixo, I., Ali, H., Amiaud, B., Ammer, C., Amoroso, M.M., Anand, M., Anderson, C., Anten, N., 862 

Antos, J., Apgaua, D.M.G., Ashman, T.-L., Asmara, D.H., Asner, G.P., Aspinwall, M., Atkin, O., Aubin, I., 863 

Baastrup-Spohr, L., Bahalkeh, K., Bahn, M., Baker, T., Baker, W.J., Bakker, J.P., Baldocchi, D., Baltzer, J., 864 

Banerjee, A., Baranger, A., Barlow, J., Barneche, D.R., Baruch, Z., Bastianelli, D., Battles, J., Bauerle, W., 865 

Bauters, M., Bazzato, E., Beckmann, M., Beeckman, H., Beierkuhnlein, C., Bekker, R., Belfry, G., Belluau, 866 

M., Beloiu, M., Benavides, R., Benomar, L., Berdugo-Lattke, M.L., Berenguer, E., Bergamin, R., Bergmann, 867 



J., Bergmann Carlucci, M., Berner, L., Bernhardt-Römermann, M., Bigler, C., Bjorkman, A.D., Blackman, 868 

C., Blanco, C., Blonder, B., Blumenthal, D., Bocanegra-González, K.T., Boeckx, P., Bohlman, S., Böhning-869 

Gaese, K., Boisvert-Marsh, L., Bond, W., Bond-Lamberty, B., Boom, A., Boonman, C.C.F., Bordin, K., 870 

Boughton, E.H., Boukili, V., Bowman, D.M.J.S., Bravo, S., Brendel, M.R., Broadley, M.R., Brown, K.A., 871 

Bruelheide, H., Brumnich, F., Bruun, H.H., Bruy, D., Buchanan, S.W., Bucher, S.F., Buchmann, N., 872 

Buitenwerf, R., Bunker, D.E., Bürger, J., Burrascano, S., Burslem, D.F.R.P., Butterfield, B.J., Byun, C., 873 

Marques, M., Scalon, M.C., Caccianiga, M., Cadotte, M., Cailleret, M., Camac, J., Camarero, J.J., Campany, 874 

C., Campetella, G., Campos, J.A., Cano-Arboleda, L., Canullo, R., Carbognani, M., Carvalho, F., Casanoves, 875 

F., Castagneyrol, B., Catford, J.A., Cavender-Bares, J., Cerabolini, B.E.L., Cervellini, M., Chacón-Madrigal, 876 

E., Chapin, K., Chapin, F.S., Chelli, S., Chen, S.-C., Chen, A., Cherubini, P., Chianucci, F., Choat, B., 877 

Chung, K.-S., Chytrý, M., Ciccarelli, D., Coll, L., Collins, C.G., Conti, L., Coomes, D., Cornelissen, J.H.C., 878 

Cornwell, W.K., Corona, P., Coyea, M., Craine, J., Craven, D., Cromsigt, J.P.G.M., Csecserits, A., Cufar, K., 879 

Cuntz, M., da Silva, A.C., Dahlin, K.M., Dainese, M., Dalke, I., Dalle Fratte, M., Dang-Le, A.T., Danihelka, 880 

J., Dannoura, M., Dawson, S., de Beer, A.J., De Frutos, A., De Long, J.R., Dechant, B., Delagrange, S., 881 

Delpierre, N., Derroire, G., Dias, A.S., Diaz-Toribio, M.H., Dimitrakopoulos, P.G., Dobrowolski, M., 882 

Doktor, D., Dřevojan, P., Dong, N., Dransfield, J., Dressler, S., Duarte, L., Ducouret, E., Dullinger, S., 883 

Durka, W., Duursma, R., Dymova, O., E-Vojtkó, A., Eckstein, R.L., Ejtehadi, H., Elser, J., Emilio, T., 884 

Engemann, K., Erfanian, M.B., Erfmeier, A., Esquivel-Muelbert, A., Esser, G., Estiarte, M., Domingues, 885 

T.F., Fagan, W.F., Fagúndez, J., Falster, D.S., Fan, Y., Fang, J., Farris, E., Fazlioglu, F. & et al. (2020) TRY 886 

plant trait database - enhanced coverage and open access. Global Change Biology, 26, 119–188. 887 

Katz, E., Li, J.-J., Jaegle, B., Ashkenazy, H., Abrahams, S.R., Bagaza, C., Holden, S., Pires, C.J., Angelovici, R. & 888 

Kliebenstein, D.J. (2021) Genetic variation, environment and demography intersect to shape Arabidopsis 889 

defense metabolite variation across Europe. eLife, 10. 890 

Kergunteuil, A., Röder, G. & Rasmann, S. (2019) Environmental gradients and the evolution of tri-trophic 891 

interactions. Ecology Letters, 22, 292–301. 892 

Koricheva, J. (2002) The Carbon-Nutrient Balance Hypothesis is dead; long live the carbon-nutrient balance 893 

hypothesis? Oikos, 98, 537–539. 894 

Kunstler, G., Falster, D., Coomes, D.A., Hui, F., Kooyman, R.M., Laughlin, D.C., Poorter, L., Vanderwel, M., 895 



Vieilledent, G., Wright, S.J., Aiba, M., Baraloto, C., Caspersen, J., Cornelissen, J.H.C., Gourlet-Fleury, S., 896 

Hanewinkel, M., Herault, B., Kattge, J., Kurowaka, H., Onoda, Y., Peñuelas, J., Poorter, H., Uriarte, M., 897 

Richardson, S., Ruiz-Benito, P., Sun, I.-F., Stahl, G., Swenson, N.G., Thompson, J., Westerlund, B., Wirth, 898 

C., Zavala, M.A., Zeng, H., Zimmerman, J.K., Zimmermann, N.E. & Westoby, M. (2016): Plant functional 899 

traits have globally consistent effects on competition. Nature 529, 204-207. 900 

Kursar, T.A., Dexter, K.G., Lokvam, J., Pennington, R.T., Richardson, J.E., Weber, M.G., Murakami, E.T., Drake, 901 

C., McGregor, R. & Coley, P.D. (2009) The evolution of antiherbivore defenses and their contribution to 902 

species coexistence in the tropical tree genus Inga. Proceedings of the National Academy of Sciences of the 903 

United States of America, 106, 18073–18078. 904 

Latif, S., Chiapusio, G. & Weston, L.A. (2017) Allelopathy and the role of allelochemicals in plant defence. How 905 

Plants Communicate with their Biotic Environment Advances in botanical research. pp. 19–54. Elsevier. 906 

Laughlin, D.C., Gremer, J.R., Adler, P.B., Mitchell, R.M. & Moore, M.M. (2020) The net effect of functional traits 907 

on fitness. Trends in Ecology & Evolution. 908 

Lavorel, S. & Garnier, E. (2002) Predicting changes in community composition and ecosystem functioning from 909 

plant traits: revisiting the Holy Grail. Functional ecology, 16, 545–556. 910 

Leishman, M.R., Haslehurst, T., Ares, A. & Baruch, Z. (2007) Leaf trait relationships of native and invasive plants: 911 

community- and global-scale comparisons. The New Phytologist, 176, 635–643. 912 

Lipinski, C. & Hopkins, A. (2004) Navigating chemical space for biology and medicine. Nature, 432, 855–861. 913 

Lundgren, E.J., Schowanek, S.D., Rowan, J., Middleton, O., Pedersen, R.Ø., Wallach, A.D., Ramp, D., Davis, M., 914 

Sandom, C.J. & Svenning, J.-C. (2021) Functional traits of the world’s late Quaternary large-bodied avian 915 

and mammalian herbivores. Scientific data, 8, 17. 916 

Maitner, B.S., Boyle, B., Casler, N., Condit, R., Donoghue, J., Durán, S.M., Guaderrama, D., Hinchliff, C.E., 917 

Jørgensen, P.M., Kraft, N.J.B., McGill, B., Merow, C., Morueta-Holme, N., Peet, R.K., Sandel, B., 918 

Schildhauer, M., Smith, S.A., Svenning, J.-C., Thiers, B., Violle, C., Wiser, S. & Enquist, B.J. (2018) 919 

Thebien r package: A tool to access the Botanical Information and Ecology Network (BIEN) database. 920 

Methods in Ecology and Evolution, 9, 373–379. 921 

Maldonado, C., Molina, C.I., Zizka, A., Persson, C., Taylor, C.M., Albán, J., Chilquillo, E., Rønsted, N. & Antonelli, 922 

A. (2015) Estimating species diversity and distribution in the era of Big Data: to what extent can we trust 923 



public databases? Global ecology and biogeography : a journal of macroecology, 24, 973–984. 924 

Monson, R.K., Trowbridge, A.M., Lindroth, R.L. & Lerdau, M.T. (2021): Coordinated resource allocation to plant 925 

growth-defense tradeoffs. New Phytologist. DOI: 10.1111/nph.17773. 926 

McGill, B.J., Enquist, B.J., Weiher, E. & Westoby, M. (2006) Rebuilding community ecology from functional traits. 927 

Trends in Ecology & Evolution, 21, 178–185. 928 

Nagler, M., Nägele, T., Gilli, C., Fragner, L., Korte, A., Platzer, A., Farlow, A., Nordborg, M. & Weckwerth, W. 929 

(2018) Eco-Metabolomics and Metabolic Modeling: Making the Leap From Model Systems in the Lab to 930 

Native Populations in the Field. Frontiers in plant science, 9, 1556. 931 

Newman, D.J. & Cragg, G.M. (2016) Natural Products as Sources of New Drugs from 1981 to 2014. Journal of 932 

Natural Products, 79, 629–661. 933 

Pauli, D., Andrade-Sanchez, P., Carmo-Silva, A.E., Gazave, E., French, A.N., Heun, J., Hunsaker, D.J., Lipka, A.E., 934 

Setter, T.L., Strand, R.J., Thorp, K.R., Wang, S., White, J.W. & Gore, M.A. (2016) Field-Based High-935 

Throughput Plant Phenotyping Reveals the Temporal Patterns of Quantitative Trait Loci Associated with 936 

Stress-Responsive Traits in Cotton. G3 (Bethesda, Md.), 6, 865–879. 937 

Pellissier, L., Roger, A., Bilat, J. & Rasmann, S. (2014) High elevation Plantago lanceolata plants are less resistant to 938 

herbivory than their low elevation conspecifics: is it just temperature? Ecography, 37, 950–959. 939 

Pérez-Harguindeguy, N., Díaz, S., Garnier, E., Lavorel, S., Poorter, H., Jaureguiberry, P., Bret-Harte, M.S., 940 

Cornwell, W.K., Craine, J.M., Gurvich, D.E., Urcelay, C., Veneklaas, E.J., Reich, P.B., Poorter, L., Wright, 941 

I.J., Ray, P., Enrico, L., Pausas, J.G., de Vos, A.C., Buchmann, N., Funes, G., Quétier, F., Hodgson, J.G., 942 

Thompson, K., Morgan, H.D., ter Steege, H., Sack, L., Blonder, B., Poschlod, P., Vaieretti, M.V., Conti, G., 943 

Staver, A.C., Aquino, S. & Cornelissen, J.H.C. (2013) New handbook for standardised measurement of 944 

plant functional traits worldwide. Australian journal of botany, 61, 167. 945 

Peters, K., Treutler, H., Döll, S., Kindt, A.S.D., Hankemeier, T. & Neumann, S. (2019) Chemical diversity and 946 

classification of secondary metabolites in nine bryophyte species. Metabolites, 9. 947 

Peters, K., Worrich, A., Weinhold, A., Alka, O., Balcke, G., Birkemeyer, C., Bruelheide, H., Calf, O.W., Dietz, S., 948 

Dührkop, K., Gaquerel, E., Heinig, U., Kücklich, M., Macel, M., Müller, C., Poeschl, Y., Pohnert, G., 949 

Ristok, C., Rodríguez, V.M., Ruttkies, C., Schuman, M., Schweiger, R., Shahaf, N., Steinbeck, C., Tortosa, 950 

M., Treutler, H., Ueberschaar, N., Velasco, P., Weiß, B.M., Widdig, A., Neumann, S. & Dam, N.M. van. 951 



(2018) Current Challenges in Plant Eco-Metabolomics. International Journal of Molecular Sciences, 19. 952 

Philbin, C.S., Dyer, L.A., Jeffrey, C.S., Glassmire, A.E. & Richards, L.A. (2021) Structural and compositional 953 

dimensions of phytochemical diversity in the genus Piper reflect distinct ecological modes of action. The 954 

Journal of Ecology. 955 

Pistón, N., Bello, F., Dias, A.T.C., Götzenberger, L., Rosado, B.H.P., Mattos, E.A., Salguero‐Gómez, R. & Carmona, 956 

C.P. (2019) Multidimensional ecological analyses demonstrate how interactions between functional traits 957 

shape fitness and life history strategies. The Journal of Ecology, 107, 2317–2328. 958 

van der Plas, F., Schröder-Georgi, T., Weigelt, A., Barry, K., Meyer, S., Alzate, A., Barnard, R.L., Buchmann, N., de 959 

Kroon, H., Ebeling, A., Eisenhauer, N., Engels, C., Fischer, M., Gleixner, G., Hildebrandt, A., Koller-960 

France, E., Leimer, S., Milcu, A., Mommer, L., Niklaus, P.A., Oelmann, Y., Roscher, C., Scherber, C., 961 

Scherer-Lorenzen, M., Scheu, S., Schmid, B., Schulze, E.-D., Temperton, V., Tscharntke, T., Voigt, W., 962 

Weisser, W., Wilcke, W. & Wirth, C. (2020) Plant traits alone are poor predictors of ecosystem properties 963 

and long-term ecosystem functioning. Nature Ecology & Evolution, 4, 1602–1611. 964 

Rasmann, S. & Turlings, T.C. (2016) Root signals that mediate mutualistic interactions in the rhizosphere. Current 965 

Opinion in Plant Biology, 32, 62–68. 966 

Rawlings, A., O’Connor, E., Moody, S.C., Dudley, E., Boddy, L., Fowler, M.S., Fitzpatrick, D.A., Doyle, S. & 967 

Eastwood, D.C. (2021) Metabolic responses of two pioneer wood decay fungi to diurnally cycling 968 

temperature. The Journal of Ecology. 969 

Richards, L.A., Oliveira, C., Dyer, L.A., Rumbaugh, A., Urbano-Munoz, F., Wallace, I.S., Dodson, C.D. & Jeffrey, 970 

C.S. (2018) Shedding light on chemically-mediated tri-trophic interactions: a 1H-NMR network approach 971 

to identify compound structural features and associated biological activity. Frontiers in Plant Science, 9, 972 

1155. 973 

Ristok, C., Poeschl, Y., Dudenhöffer, J., Ebeling, A., Eisenhauer, N., Vergara, F., Wagg, C., van Dam, N.M. & 974 

Weinhold, A. (2019) Plant species richness elicits changes in the metabolome of grassland species via soil 975 

biotic legacy. The Journal of Ecology. 976 

Rivas-Ubach, A., Sardans, J., Pérez-Trujillo, M., Estiarte, M. & Peñuelas, J. (2012) Strong relationship between 977 

elemental stoichiometry and metabolome in plants. Proceedings of the National Academy of Sciences of 978 

the United States of America, 109, 4181–4186. 979 



Rutz, A., Dounoue-Kubo, M., Ollivier, S., Bisson, J., Bagheri, M., Saesong, T., Ebrahimi, S.N., Ingkaninan, K., 980 

Wolfender, J.-L. & Allard, P.-M. (2019) Taxonomically informed scoring enhances confidence in natural 981 

products annotation. Frontiers in plant science, 10, 1329. 982 

Ryan, D. & Robards, K. (2006): Metabolomics: the greatest omics of them all? Anal. Chem. 78, 7954-7958. 983 

Salazar, D., Lokvam, J., Mesones, I., Vásquez Pilco, M., Ayarza Zuñiga, J.M., de Valpine, P. & Fine, P.V.A. (2018) 984 

Origin and maintenance of chemical diversity in a species-rich tropical tree lineage. Nature Ecology & 985 

Evolution, 2, 983–990. 986 

Sardans, J., Gargallo-Garriga, A., Urban, O., Klem, K., Walker, T.W.N., Holub, P., Janssens, I.A. & Peñuelas, J. 987 

(2020) Ecometabolomics for a better understanding of plant responses and acclimation to abiotic factors 988 

linked to global change. Metabolites, 10. 989 

Sardans, J., Peñuelas, J. & Rivas-Ubach, A. (2011) Ecological metabolomics: overview of current developments and 990 

future challenges. Chemoecology, 21, 191–225. 991 

Scherling, C., Roscher, C., Giavalisco, P., Schulze, E.-D. & Weckwerth, W. (2010) Metabolomics unravel 992 

contrasting effects of biodiversity on the performance of individual plant species. Plos One, 5, e12569. 993 

Schrimpe-Rutledge, A.C., Codreanu, S.G., Sherrod, S.D. & McLean, J.A. (2016) Untargeted Metabolomics 994 

Strategies-Challenges and Emerging Directions. Journal of the American Society for Mass Spectrometry, 995 

27, 1897–1905. 996 

Schrodt, F., Santos, M.J., Bailey, J.J. & Field, R. (2019) Challenges and opportunities for biogeography—What can 997 

we still learn from von Humboldt? Journal of biogeography, 46, 1631–1642. 998 

Schuman, M.C. & Baldwin, I.T. (2016) The layers of plant responses to insect herbivores. Annual Review of 999 

Entomology, 61, 373–394. 1000 

Schuman, M.C., van Dam, N.M., Beran, F. & Harpole, W.S. (2016) How does plant chemical diversity contribute to 1001 

biodiversity at higher trophic levels? Current opinion in insect science, 14, 46–55. 1002 

Sedio, B.E., Boya P, C.A. & Rojas Echeverri, J.C. (2018a) A protocol for high-throughput, untargeted forest 1003 

community metabolomics using mass spectrometry molecular networks. Applications in plant sciences, 6, 1004 

e1033. 1005 

Sedio, B.E., Parker, J.D., McMahon, S.M. & Wright, S.J. (2018b) Comparative foliar metabolomics of a tropical and 1006 

a temperate forest community. Ecology, 99, 2647–2653. 1007 



Sedio, B.E., Rojas Echeverri, J.C., Boya P, C.A. & Wright, S.J. (2017) Sources of variation in foliar secondary 1008 

chemistry in a tropical forest tree community. Ecology, 98, 616–623. 1009 

Siefert, A., Violle, C., Chalmandrier, L., Albert, C.H., Taudiere, A., Fajardo, A., Aarssen, L.W., Baraloto, C., 1010 

Carlucci, M.B., Cianciaruso, M.V., de L Dantas, V., de Bello, F., Duarte, L.D.S., Fonseca, C.R., Freschet, 1011 

G.T., Gaucherand, S., Gross, N., Hikosaka, K., Jackson, B., Jung, V., Kamiyama, C., Katabuchi, M., Kembel, 1012 

S.W., Kichenin, E., Kraft, N.J.B., Lagerström, A., Bagousse-Pinguet, Y.L., Li, Y., Mason, N., Messier, J., 1013 

Nakashizuka, T., Overton, J.M., Peltzer, D.A., Pérez-Ramos, I.M., Pillar, V.D., Prentice, H.C., Richardson, 1014 

S., Sasaki, T., Schamp, B.S., Schöb, C., Shipley, B., Sundqvist, M., Sykes, M.T., Vandewalle, M. & Wardle, 1015 

D.A. (2015) A global meta-analysis of the relative extent of intraspecific trait variation in plant 1016 

communities. Ecology Letters, 18, 1406–1419. 1017 

da Silva, R.R., Dorrestein, P.C. & Quinn, R.A. (2015) Illuminating the dark matter in metabolomics. Proceedings of 1018 

the National Academy of Sciences of the United States of America, 112, 12549–12550. 1019 

da Silva, R.R., Wang, M., Nothias, L.-F., van der Hooft, J.J.J., Caraballo-Rodríguez, A.M., Fox, E., Balunas, M.J., 1020 

Klassen, J.L., Lopes, N.P. & Dorrestein, P.C. (2018) Propagating annotations of molecular networks using 1021 

in silico fragmentation. PLoS Computational Biology, 14, e1006089. 1022 

Strauss, S.Y., Rudgers, J.A., Lau, J.A. & Irwin, R.E. (2002): Direct and ecological costs of resistance to herbivory. 1023 

Trends in Ecology & Evolution 17, 278-285. 1024 

Sytiuk, A., Céréghino, R., Hamard, S., Delarue, F., Guittet, A., Barel, J.M., Dorrepaal, E., Küttim, M., Lamentowicz, 1025 

M., Pourrut, B., Robroek, B.J.M., Tuittila, E. & Jassey, V.E.J. (2021) Predicting the structure and functions 1026 

of peatland microbial communities from Sphagnum phylogeny, anatomical and morphological traits and 1027 

metabolites. The Journal of Ecology. 1028 

Uthe, H., van Dam, N.M., Hervé, M.R., Sorokina, M., Peters, K. & Weinhold, A. (2021) A practical guide to 1029 

implementing metabolomics in plant ecology and biodiversity research. Plant Metabolomics in full swing 1030 

Advances in botanical research. pp. 163–203. Elsevier. 1031 

Violle, C., Navas, M.-L., Vile, D., Kazakou, E., Fortunel, C., Hummel, I. & Garnier, E. (2007) Let the concept of 1032 

trait be functional! Oikos, 116, 882–892. 1033 

Walker, T.W.N., Janssens, I.A., Weedon, J.T., Sigurdsson, B.D., Richter, A., Peñuelas, J., Leblans, N.I.W., Bahn, M., 1034 

Bartrons, M., De Jonge, C., Fuchslueger, L., Gargallo-Garriga, A., Gunnarsdóttir, G.E., Marañón-Jiménez, 1035 



S., Oddsdóttir, E.S., Ostonen, I., Poeplau, C., Prommer, J., Radujković, D., Sardans, J., Sigurðsson, P., 1036 

Soong, J.L., Vicca, S., Wallander, H., Ilieva-Makulec, K. & Verbruggen, E. (2020) A systemic overreaction 1037 

to years versus decades of warming in a subarctic grassland ecosystem. Nature Ecology & Evolution, 4, 1038 

101–108. 1039 

Walker, T.W.N., Weckwerth, W., Bragazza, L., Fragner, L., Forde, B.G., Ostle, N.J., Signarbieux, C., Sun, X., Ward, 1040 

S.E. & Bardgett, R.D. (2019) Plastic and genetic responses of a common sedge to warming have contrasting 1041 

effects on carbon cycle processes. Ecology Letters, 22, 159–169. 1042 

Wang, S., Alseekh, S., Fernie, A.R. & Luo, J. (2019) The structure and function of major plant metabolite 1043 

modifications. Molecular Plant, 12, 899–919. 1044 

Wang, M., Carver, J.J., Phelan, V.V., Sanchez, L.M., Garg, N., Peng, Y., Nguyen, D.D., Watrous, J., Kapono, C.A., 1045 

Luzzatto-Knaan, T., Porto, C., Bouslimani, A., Melnik, A.V., Meehan, M.J., Liu, W.-T., Crüsemann, M., 1046 

Boudreau, P.D., Esquenazi, E., Sandoval-Calderón, M., Kersten, R.D., Pace, L.A., Quinn, R.A., Duncan, 1047 

K.R., Hsu, C.-C., Floros, D.J., Gavilan, R.G., Kleigrewe, K., Northen, T., Dutton, R.J., Parrot, D., Carlson, 1048 

E.E., Aigle, B., Michelsen, C.F., Jelsbak, L., Sohlenkamp, C., Pevzner, P., Edlund, A., McLean, J., Piel, J., 1049 

Murphy, B.T., Gerwick, L., Liaw, C.-C., Yang, Y.-L., Humpf, H.-U., Maansson, M., Keyzers, R.A., Sims, 1050 

A.C., Johnson, A.R., Sidebottom, A.M., Sedio, B.E., Klitgaard, A., Larson, C.B., P, C.A.B., Torres-Mendoza, 1051 

D., Gonzalez, D.J., Silva, D.B., Marques, L.M., Demarque, D.P., Pociute, E., O’Neill, E.C., Briand, E., 1052 

Helfrich, E.J.N., Granatosky, E.A., Glukhov, E., Ryffel, F., Houson, H., Mohimani, H., Kharbush, J.J., Zeng, 1053 

Y., Vorholt, J.A., Kurita, K.L., Charusanti, P., McPhail, K.L., Nielsen, K.F., Vuong, L., Elfeki, M., Traxler, 1054 

M.F., Engene, N., Koyama, N., Vining, O.B., Baric, R., Silva, R.R., Mascuch, S.J., Tomasi, S., Jenkins, S., 1055 

Macherla, V., Hoffman, T., Agarwal, V., Williams, P.G., Dai, J., Neupane, R., Gurr, J., Rodríguez, A.M.C., 1056 

Lamsa, A., Zhang, C., Dorrestein, K., Duggan, B.M., Almaliti, J., Allard, P.-M., Phapale, P., Nothias, L.-F., 1057 

Alexandrov, T., Litaudon, M., Wolfender, J.-L., Kyle, J.E., Metz, T.O., Peryea, T., Nguyen, D.-T., VanLeer, 1058 

D., Shinn, P., Jadhav, A., Müller, R., Waters, K.M., Shi, W., Liu, X., Zhang, L., Knight, R., Jensen, P.R., 1059 

Palsson, B.O., Pogliano, K., Linington, R.G., Gutiérrez, M., Lopes, N.P., Gerwick, W.H., Moore, B.S., 1060 

Dorrestein, P.C. & Bandeira, N. (2016) Sharing and community curation of mass spectrometry data with 1061 

Global Natural Products Social Molecular Networking. Nature Biotechnology, 34, 828–837. 1062 

Watrous, J.D., Henglin, M., Claggett, B., Lehmann, K.A., Larson, M.G., Cheng, S. & Jain, M. (2017) Visualization, 1063 



quantification, and alignment of spectral drift in population scale untargeted metabolomics data. 1064 

Analytical Chemistry, 89, 1399–1404. 1065 

Weckwerth, W. (2003) Metabolomics in systems biology. Annual review of plant biology, 54, 669–689. 1066 

Weinhold, A., Döll, S., Liu, M., Schedl, A., Pöschl, Y., Xu, X., Neumann, S. & van Dam, N.M. (2021) Tree species 1067 

richness differentially affects the chemical composition of leaves, roots and root exudates in four 1068 

subtropical tree species. The Journal of Ecology. 1069 

Wiggins, N.L., Forrister, D.L., Endara, M.-J., Coley, P.D. & Kursar, T.A. (2016) Quantitative and qualitative shifts 1070 

in defensive metabolites define chemical defense investment during leaf development in Inga, a genus of 1071 

tropical trees. Ecology and Evolution, 6, 478–492. 1072 

Williams, A., Langridge, H., Straathof, A.L., Muhamadali, H., Hollywood, K.A., Goodacre, R. & Vries, F.T. (2021) 1073 

Root functional traits explain root exudation rate and composition across a range of grassland species. The 1074 

Journal of Ecology. 1075 

Wink, M. (2003) Evolution of secondary metabolites from an ecological and molecular phylogenetic perspective. 1076 

Phytochemistry, 64, 3–19. 1077 

Wishart, D.S. (2005) Metabolomics: the principles and potential applications to transplantation. American Journal 1078 

of Transplantation, 5, 2814–2820. 1079 

Wong, M.K.L., Guénard, B. & Lewis, O.T. (2019) Trait-based ecology of terrestrial arthropods. Biological Reviews 1080 

of the Cambridge Philosophical Society, 94, 999–1022. 1081 

Wright, I.J., Reich, P.B., Westoby, M., Ackerly, D.D., Baruch, Z., Bongers, F., Cavender-Bares, J., Chapin, T., 1082 

Cornelissen, J.H.C., Diemer, M., Flexas, J., Garnier, E., Groom, P.K., Gulias, J., Hikosaka, K., Lamont, B.B., 1083 

Lee, T., Lee, W., Lusk, C., Midgley, J.J., Navas, M.-L., Niinemets, U., Oleksyn, J., Osada, N., Poorter, H., 1084 

Poot, P., Prior, L., Pyankov, V.I., Roumet, C., Thomas, S.C., Tjoelker, M.G., Veneklaas, E.J. & Villar, R. 1085 

(2004) The worldwide leaf economics spectrum. Nature, 428, 821–827. 1086 

Yang, J., Cao, M. & Swenson, N. G. (2018): Why functional traits do not predict tree demographic rates. Trends in 1087 

Ecology & Evolution 33, 326-336. 1088 

Yang, L., Wen, K.-S., Ruan, X., Zhao, Y.-X., Wei, F. & Wang, Q. (2018) Response of plant secondary metabolites to 1089 

environmental factors. Molecules (Basel, Switzerland), 23. 1090 

Yang, Q., Zhang, A., Miao, J., Sun, H., Han, Y., Yan, G., Wu, F. & Wang, X. (2019) Metabolomics biotechnology, 1091 



applications, and future trends: a systematic review. RSC Adv., 9, 37245–37257. 1092 

Züst, T. & Agrawal, A.A. (2017) Trade-Offs Between Plant Growth and Defense Against Insect Herbivory: An 1093 

Emerging Mechanistic Synthesis. Annual review of plant biology, 68, 513–534. 1094 


