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Abstract: Biodiversity is widely expected to stabilize ecosystem functioning 1-6, but 106 

the stabilizing effect likely depends on which species constitute biodiversity. The 107 

global proliferation of non-native species is fundamentally reshaping ecological 108 

communities worldwide 7-12, but whether these compositional changes undermine 109 

biodiversity’s stabilizing role remains unresolved. Using plant community data from 110 

142 terrestrial sites across the world and more than 11,000 local communities, we 111 

show that, compared with native plants, non-native plants weaken positive diversity–112 

stability relationships across broad environmental gradients. Increasing non-native 113 

dominance shifts local plant communities from conservative toward more acquisitive 114 

resource-use strategies. This functional reorganization weakens the pathway through 115 

which diversity stabilizes constituent populations and thereby supports community 116 

stability, while leaving compensatory dynamics among species (species asynchrony) 117 

comparatively less affected. These findings show that native and non-native species 118 

are not functionally equivalent in their contributions to community stability, 119 

cautioning against treating non-native species as functional substitutes for native 120 

biodiversity. Our results highlight a previously underappreciated consequence of plant 121 

invasion: by altering community functional composition and disrupting the 122 

mechanisms through which diversity promotes stability, non-native species can 123 

undermine the stabilizing role of biodiversity. Limiting the spread and dominance of 124 

non-native species may therefore be critical not only for conserving native 125 

biodiversity, but also for safeguarding the capacity of plant communities to sustain 126 

ecosystem functioning under ongoing environmental change. 127 

Keywords: biodiversity–stability relationship; plant invasion; functional traits; 128 

population stability; species asynchrony; temporal stability; Nutrient Network; NEON 129 

 130 



Introduction 131 

 Decades of theoretical and empirical research have established that biodiversity 132 

can stabilize ecosystem functioning over time 1-6. Yet the strength, and potentially 133 

even the direction, of this effect are contingent on community composition, depending 134 

not only on how many species are present but also on which species constitute the 135 

community 3,6,13-15. Much evidence for biodiversity-mediated stability, however, 136 

comes from plant communities dominated by native species, or from studies that do 137 

not distinguish species by provenance status 1,2,5,15. It is thus unclear whether native 138 

and non-native species affect ecosystem stability in the same way. As biological 139 

invasions escalate worldwide 7,16,17, this uncertainty is increasingly consequential: will 140 

biodiversity continue to stabilize ecosystem function when plant communities are 141 

increasingly dominated by non-native species?   142 

The temporal stability of ecosystem functioning, commonly quantified as the 143 

temporal mean of ecosystem function divided by its temporal standard deviation 1,2,18, 144 

can arise through two complementary pathways: population stability and species 145 

asynchrony. Population stability reflects the degree to which constituent populations 146 

maintain stable dynamics through time, whereas species asynchrony captures the 147 

extent to which temporal declines in some species are compensated by increases in 148 

others 3,6,15,18-21. Biodiversity can therefore stabilize aggregate ecosystem functioning 149 

by increasing population stability, by promoting compensatory dynamics among 150 

species, or both 6,15. Functional traits provide a mechanistic link between community 151 

composition and these two pathways by shaping resource acquisition, niche 152 

differentiation and responses to environmental variation, thereby influencing both the 153 

temporal variability of individual populations and the covariance of fluctuations 154 

among species 22-25. Species’ functional strategies may therefore determine how 155 



strongly biodiversity acts through population stability and species asynchrony 6,23.  156 

It is well established that many non-native plants have fast trait syndromes 157 

associated with rapid resource acquisition, growth, dispersal and phenotypic plasticity 158 

8-10,26. Non-native plant establishment and accumulation can correspondingly shift 159 

invaded communities from conservative toward more acquisitive functional strategies 160 

8-10. This invasion-driven functional reorganization of communities could alter the 161 

relationship between community diversity and ecosystem stability by changing how 162 

biodiversity promotes population stability or species asynchrony. If non-native 163 

species contribute less than native species to population stability and species 164 

asynchrony, non-native invasion may weaken biodiversity’s stabilizing effect on 165 

ecosystem functioning even if community richness remains the same. Disentangling 166 

these pathways is therefore essential for revealing how non-native plants alter the 167 

mechanisms through which biodiversity stabilizes ecosystem functioning. 168 

Here, we address this knowledge gap by integrating time series from two 169 

vegetation monitoring networks: the U.S. National Ecological Observatory Network 170 

(NEON) and the global Nutrient Network (NutNet). For each network, we classified 171 

plant species as native or non-native using curated taxonomic sources and compiled 172 

species-level data for seven functional traits (Supplementary Table 1). Collectively, 173 

the two networks encompass 142 terrestrial sites and more than 11,000 local plant 174 

communities, each of which was surveyed for at least three years, enabling a 175 

coordinated test of how non-native plants modify biodiversity–stability relationships 176 

across broad environmental and biogeographic gradients (Fig. 1; Supplementary 177 

Tables 2 and 3). Applying the same analytical framework independently to each 178 

network, we ask whether non-native species weaken the stabilizing effect of 179 

biodiversity on ecosystem functioning and if so, whether this weakening can be traced 180 



to shifts in community functional composition that alter biodiversity’s contributions to 181 

population stability and species asynchrony (Fig. 1). 182 

  183 

 184 

Figure 1. Conceptual framework for how non-native plants alter biodiversity–stability 185 

relationships and spatial distribution of study sites. (A) Hypothesized biodiversity–stability 186 

relationships in non-invaded and invaded plant communities. Temporal community stability is 187 

quantified as the temporal mean of aggregate community functioning divided by its temporal standard 188 

deviation (SD). The presence and increasing prevalence of non-native species are predicted to weaken 189 

the positive effect of biodiversity on community stability by altering the two mechanisms through 190 

which diversity stabilizes aggregate community functioning: population stability and species 191 

asynchrony. (B) Canonical pathways linking biodiversity to community stability. Biodiversity is 192 

expected to stabilize aggregate community functioning through two primary pathways: the population-193 

stability pathway, whereby diversity increases the temporal stability of constituent populations, and the 194 

species-asynchrony pathway, whereby asynchronous fluctuations generate compensatory dynamics 195 

among species. (C and D) Spatial distribution of the 142 study sites in the U.S. National Ecological 196 

Observatory Network (NEON) and the global Nutrient Network (NutNet). Invasion status was defined 197 

at the site level: sites were classified as invaded if a non-native species was recorded in at least one 198 

sampled community during the study period, and otherwise as non-invaded. Multi-year plant 199 



community records from the two networks were analyzed separately within a common analytical 200 

framework, providing independent tests across broad environmental gradients. 201 

 202 

Results  203 

In both datasets, the presence of non-native species significantly weakened the 204 

positive relationship between species diversity and the temporal stability of ecosystem 205 

functioning (Fig. 2; Supplementary Fig. S1; P < 0.001 for both datasets). This 206 

destabilizing effect was further confirmed by an independent slope-comparison 207 

analysis within invaded communities: diversity–stability slopes were significantly 208 

shallower when stability was calculated using all species than when it was calculated 209 

using native species only (Supplementary Fig. S2; P < 0.001 for both datasets). This 210 

pattern persisted after excluding all US sites from the NutNet dataset, leaving 199 211 

local communities across 50 non-US sites (Supplementary Fig. S3). 212 

To understand the basis of this weakening, we decomposed community-level 213 

stability into its temporal mean and temporal standard deviation (SD) components and 214 

estimated the effect of species diversity on each component separately. We then 215 

mapped these standardized effects into a two-dimensional mean–variability space. 216 

Native-only and invaded communities occupied distinct regions in this space (Fig. 217 

2A, C), indicating that non-native species systematically altered how species diversity 218 

influenced the two basic components of stability. In invaded communities, diversity 219 

exhibited a reduced capacity to increase the temporal mean and/or dampen temporal 220 

variability, resulting in a weaker net stabilizing effect (Fig. 2; Supplementary Fig. S1). 221 

This destabilization scaled with invasion intensity: the stabilizing effect of species 222 

diversity declined progressively as the relative abundance of non-native species 223 

increased (Supplementary Fig. S4). These patterns were robust to alternative 224 



minimum observation-length thresholds and held across both binary (i.e., 225 

presence/absence) and continuous (intensity) classifications of invasions 226 

(Supplementary Table 4). 227 

 228 

 229 
Figure 2. Non-native species weaken the stabilizing effect of species diversity on community 230 

temporal stability. Community temporal stability was defined as mean/SD, where mean is temporal 231 

mean productivity and SD is temporal standard deviation. Because stability was analyzed as 232 

log(mean/SD), the richness effect on stability can be decomposed into its effects on log(mean) and 233 

log(SD): βstability = βmean − βSD, where βmean and βSD denote the standardized effects of species richness 234 

on log-transformed temporal mean and SD, respectively. For each bootstrap resample, we standardized 235 

species richness and each response variable, refitted the models for temporal mean and SD, and 236 

extracted the standardized slopes. (A) Two-dimensional mean–SD space. Each point represents one 237 

bootstrap estimate of βmean and βSD, estimated separately for non-invaded and invaded local 238 

communities in NEON and NutNet. Filled points with black outlines indicate group centroids. The 239 



dashed line is the 1:1 line, where βmean = βSD and thus βmean/SD = 0. Points below the line indicate βmean > 240 

βSD, corresponding to a stabilizing effect of richness, whereas points above the line indicate βmean < βSD, 241 

corresponding to a destabilizing effect. Shifts toward the dashed line therefore indicate a weakened 242 

stabilizing effect of species richness. (B) Bootstrap distributions of the net stability effect of richness, 243 

calculated as βmean−βSD, for non-invaded and invaded communities in each dataset. Boxplots show 244 

medians, interquartile ranges and whiskers; points show individual bootstrap estimates. P values were 245 

obtained from paired Wilcoxon signed-rank tests comparing within-iteration differences in βmean−βSD 246 

between invaded and non-invaded communities. 247 

 248 

We next found that the increasing prevalence of non-native species was 249 

accompanied not only by changes in species numbers, but also by a directional shift in 250 

community functional composition (Fig. 3). Non-native species in our datasets 251 

predominantly exhibited acquisitive strategies, characterized by higher leaf nutrient 252 

concentrations and specific leaf area (SLA), lower leaf dry matter content (LDMC) 253 

and stem specific density (SSD), and lower species-level stability (Fig. 3; 254 

Supplementary Figs. S5, S6). Consistent with these species-level differences, 255 

community trait composition shifted toward the acquisitive end of the plant 256 

economics spectrum as non-native species became more prevalent, driving increases 257 

in SLA and nutrient concentrations and a parallel drop in structural tissues, including 258 

lower LDMC and SSD (Fig. 3C, D; Supplementary Fig. S6). 259 

 260 



 261 
Figure 3. Non-native species are associated with lower species stability and shifts in community 262 

trait composition across NEON and NutNet. Panels (A) and (B) compare species stability between 263 

native and non-native species. Points represent individual observations, boxplots summarize the 264 

distributions, and P-values indicate differences between native and non-native species based on linear 265 

mixed-effects models. Panels (C) and (D) show the relationship between community trait composition 266 

and invasion intensity. Community trait composition is represented by the first principal component 267 

axis (CWM trait PC1), which captures a major gradient from conservative to acquisitive strategies. 268 

Each point represents one community and is colored by invasion intensity, quantified as the proportion 269 

of species richness contributed by non-native species. Solid lines and shaded bands show fitted 270 

relationships and their 95% confidence intervals. Model statistics are from linear mixed-effects models 271 

and are given as standardized effect estimates (β) and P-values. Together, these results indicate that 272 

non-native species are associated with reduced species stability and with shifts in community trait 273 

composition towards more acquisitive strategies in both monitoring networks. 274 

 275 

Finally, we used piecewise structural equation modeling (SEM) to determine 276 

how this functional reorganization disrupted the specific mechanisms through which 277 



diversity influences community stability. We found that species invasions weakened 278 

the links between species diversity and key stability drivers, particularly population 279 

stability (Fig. 4; Supplementary Fig. S7). In both datasets, the positive relationship 280 

between species diversity and population stability was substantially flattened–and in 281 

some cases inverted–in communities invaded by non-native species (Fig. 4; 282 

Supplementary Fig. S7; P < 0.05 for both datasets). By contrast, the relationship 283 

between species diversity and species asynchrony showed only modest weakening. 284 

Furthermore, the coupling between population stability and community stability was 285 

significantly weaker in communities containing non-native species, indicating that 286 

non-native occurrence reduced the extent to which greater population-level stability 287 

translated into greater community-level stability (Fig. 4; Supplementary Fig. S7; P < 288 

0.001 in both datasets). In contrast, the parallel pathway linking species diversity to 289 

community stability via species asynchrony remained largely intact, showing only 290 

modest changes (Fig. 4; Supplementary Fig. S7). 291 

 292 

 293 
Figure 4. Piecewise structural equation models (SEM) linking diversity to community stability 294 

through population stability and community asynchrony in NEON (A) and NutNet (B). For each 295 

dataset, species richness, population stability, community asynchrony and community stability were 296 



first residualized against climate principal-component axes and then re-standardized before model 297 

fitting. The same saturated piecewise SEM was fitted separately for native-only and invaded 298 

communities. The nested SEM layout shows native-only communities in the inner layer and invaded 299 

communities in the outer layer. Solid arrows denote significant paths (P < 0.05) and dashed arrows 300 

denote non-significant paths (P ≥ 0.05); arrow width is proportional to the absolute standardized path 301 

coefficient, and values beside arrows are standardized path coefficients. Significance is indicated by 302 

superscript asterisks (*P < 0.05, **P < 0.01, ***P < 0.001; no asterisk, P ≥ 0.05).  303 

 304 

Discussion 305 

Across two independent monitoring networks spanning 142 terrestrial sites and 306 

more than 11,000 local plant communities, we found that non-native plants 307 

consistently eroded the long-recognized capacity of biodiversity to stabilize plant 308 

community functioning. This erosion did not simply reflect species loss or changes in 309 

species richness. Instead, increasing non-native dominance was associated with a shift 310 

from conservative toward more acquisitive resource-use strategies. This 311 

disproportionately weakened the pathway through which diversity stabilizes 312 

constituent populations while leaving the species-asynchrony pathway comparatively 313 

less affected. Invasion therefore did not disrupt all stabilizing mechanisms equally, 314 

but primarily weakened the population-level foundation of biodiversity-mediated 315 

stability. These findings demonstrate that native and non-native species are not 316 

functionally equivalent contributors to community stability and that non-native 317 

species cannot be assumed to replace the stabilizing contributions of native 318 

biodiversity. Whereas previous studies have established that plant invasions alter 319 

resident biodiversity, ecosystem processes and community functional composition 320 

8,10,27-30, our results reveal a previously underappreciated consequence: invasion also 321 

reorganizes the mechanisms through which biodiversity sustains ecosystem 322 



functioning over time. 323 

A likely contributor to this weakening was an invasion-associated shift in 324 

community functional composition toward more acquisitive resource-use strategies. 325 

Consistent with previous studies 8-10,26, non-native species in both the NEON and 326 

NutNet datasets tended to exhibit faster resource acquisition and reduced investment 327 

in structural tissues (e.g., lower LDMC and SSD). As such, communities dominated 328 

by non-native species may contain populations that are more temporally variable and 329 

less effectively buffered against environmental fluctuations. In this sense, non-native 330 

species do not simply add new trait values to an existing pool; they fundamentally 331 

alter the functional context in which biodiversity operates, thereby weakening 332 

biodiversity’s stabilizing effect on community functioning. In addition, invasion-333 

associated functional reorganization may also extend belowground. Recent evidence 334 

from NEON links invasive plants and their root traits to the homogenization of soil 335 

microbial communities 27, while plant resource-economic strategies can strongly 336 

regulate soil food-web multifunctionality 31. Shifts toward acquisitive plant strategies 337 

may therefore alter belowground dynamics and potentially further weaken 338 

biodiversity-mediated stability. 339 

We found that invasion-associated functional reorganization disrupted the 340 

pathways through which species diversity was translated into community-level 341 

stability. The clearest signal was a marked weakening of the positive relationship 342 

between species diversity and population stability, which in some cases even reversed 343 

in direction. This result indicates that, as non-native species accumulated, higher 344 

diversity no longer conferred the same stabilizing effect on constituent populations as 345 

it did in native-only communities. A likely explanation is that fast-growing and 346 

environmentally responsive non-native species closely track favorable environmental 347 



conditions and consequently exhibit larger temporal fluctuations and lower population 348 

stability 23,32,33. By contrast, the positive relationship between species diversity and 349 

species asynchrony weakened only modestly, suggesting that compensatory dynamics 350 

remained comparatively intact. This asymmetry identifies the population-stability 351 

pathway as the component of biodiversity-mediated stability most vulnerable to 352 

invasion. It may also help explain why invaded communities can retain aggregate 353 

temporal stability even as the mechanisms supporting it change 34. Previous syntheses 354 

have often found that species diversity does not consistently enhance population 355 

stability in terrestrial ecosystems 15,35. Yet these analyses rarely distinguish between 356 

invaded and uninvaded communities. Our results offer a potential explanation for this 357 

longstanding inconsistency: unrecognized variation in non-native prevalence may 358 

weaken or even reverse the expected positive relationship between species diversity 359 

and population stability.  360 

Within invaded communities, native species richness was more strongly 361 

associated with community stability than total species richness, suggesting that non-362 

native species did not contribute equivalently to stability. The diversity–stability 363 

relationship also weakened as native and non-native subcommunities diverged 364 

functionally (Supplementary Fig. S8), suggesting that invasion-associated shifts in 365 

trait composition contributed to this erosion. Yet invasion intensity was not 366 

significantly associated with aggregate community stability itself (Supplementary Fig. 367 

S9), despite clear changes in the pathways that sustained it. This decoupling is 368 

consistent with evidence that native- and exotic-dominated grasslands can exhibit 369 

similar aggregate stability through different mechanisms and that invasion can reduce 370 

diversity without reducing temporal stability 34,36. Thus, invasion can leave aggregate 371 

stability largely unchanged while weakening the biodiversity-based mechanisms that 372 



sustain it. 373 

Overall, our results show that plant invasion can weaken biodiversity’s capacity 374 

to stabilize ecosystem functioning. This weakening was closely associated with a shift 375 

toward fast, acquisitive resource-use strategies, consistent with patterns widely 376 

reported for non-native plants 8,10. The convergence of these findings across two 377 

independent monitoring networks spanning continental to global scales suggests that 378 

the erosion of biodiversity–stability relationships may be widespread across invaded 379 

plant communities. By linking this broad-scale pattern to shifts in functional 380 

composition and stability pathways, our study strengthens the mechanistic basis for 381 

invasion management. Assessments of invasion impacts should therefore consider 382 

changes in the processes that sustain community stability. Our findings further 383 

underscore the need to prevent new invasions and reduce the ecological impacts of 384 

established ones. As climate change increases invasion risk across many regions 17, 385 

efforts to limit the spread and dominance of non-native plants will become 386 

increasingly important for protecting biodiversity and sustaining ecosystem 387 

functioning in a rapidly changing world. 388 

 389 

Methods 390 

Data sources 391 

NEON plant community data 392 

The National Ecological Observatory Network (NEON) provides standardized, 393 

quality-controlled plant community data across terrestrial sites in the United States 394 

37,38. NEON was designed as a continental-scale, long-term observatory to monitor 395 

ecological change over multiple decades, with plant community monitoring beginning 396 

at the first operational sites in 2013 and additional sites coming online progressively 397 



through time. We used the NEON plant presence and percent cover data product 398 

(DP1.10058.001; RELEASE-2025), which records plant species presence, percent 399 

cover and associated taxonomic, nativity and location information from NEON plant 400 

diversity sampling. This dataset, download from R package neonDivData 38, was used 401 

to assess how non-native species modify diversity–stability relationships across 47 402 

terrestrial sites.  403 

NEON plant diversity sampling uses a nested, multiscale design within 400-m² 404 

plots 37,38. Species presence and percent cover are recorded in 1-m2 subplots, whereas 405 

larger 10-m2 and 100-m2 subplots provide presence–absence information that can be 406 

combined to characterize plot-scale species lists. Because our analyses required 407 

abundance information at fine spatial resolution, we restricted our analyses to the 1-408 

m2 percent-cover records. The NEON analytical subset included 10,713 quadrats from 409 

1,467 plots across 47 terrestrial sites, spanning 2013–2023, with a mean temporal 410 

coverage of 6.45 years per quadrat (median = 6 years; range = 3–11 years). 411 

To determine species origin in the NEON network, we combined record-level 412 

nativity information from NEON’s taxonomic database and the Global Naturalized 413 

Alien Flora (GloNAF) database 39. This integrated approach allowed us to rigorously 414 

classify taxa as native or non-native within each relevant sampling region. Across the 415 

NEON dataset, this procedure identified 5,057 native and 869 non-native plant 416 

species from 47 terrestrial sites.  417 

Nutrient Network plant community data 418 

The Nutrient Network (NutNet) is a globally distributed grassland research 419 

network designed to test how nutrient enrichment and consumer exclusion affect plant 420 

communities under standardized protocols 40,41. NutNet began in the late 2000s as a 421 

coordinated, site-based experimental network, with the first sites contributing 422 



vegetation data in 2007 and additional sites joining progressively under a common 423 

core protocol 41. NutNet experiments are based on replicated 5 m × 5 m plots, with 424 

plant community composition surveyed in permanently marked 1 m × 1 m subplots 425 

using repeated species-level percent-cover estimates. 426 

We used NutNet vegetation composition data as an independent, standardized 427 

dataset to complement the NEON analyses. To avoid confounding effects of 428 

experimental treatments and to maximize comparability with the NEON quadrat-level 429 

analyses, we retained only control plots, defined as plots without nutrient addition or 430 

consumer exclusion. For all subsequent calculations of diversity, invasion status and 431 

stability components, we used species percent cover from permanent 1 m × 1 m 432 

subplots. Species origin was determined by site investigators 42 and cross-checked 433 

against national or regional floras and databases where available 43. The NutNet 434 

analytical subset included 368 subplots from 95 sites, comprising 2,972 native and 435 

417 non-native vascular plant species, and spanning 2007–2025, with a mean 436 

temporal coverage of 8.95 years per subplot (median = 8 years; range = 3–18 years). 437 

Across both datasets, we retained only community time series with at least three 438 

years of repeated vegetation observations. Here, communities refer to quadrat-level 439 

time series in NEON and subplot-level time series in NutNet. This filtering criterion 440 

ensured sufficient temporal replication to estimate species diversity, population 441 

stability, species asynchrony and community stability, while preserving the 442 

independent sampling structure of each monitoring network. 443 

Plant trait data 444 

We compiled species-level data for seven functional traits that capture major 445 

axes of plant ecological strategy, including resource acquisition, structural investment 446 

and life-history variation 44-46: specific leaf area (SLA; m2 kg-1), leaf dry matter 447 



content (LDMC; g g-1), leaf nitrogen concentration (Leaf N; mg g-1), leaf area (cm²), 448 

plant height (m), seed or diaspore mass (mg), and stem specific density (SSD; g cm-3). 449 

Together, these traits represent well-established dimensions of plant form and 450 

function linked to growth strategy and competitive ability, while also capturing the 451 

conservative–acquisitive spectrum of plant resource-use strategies, allowing us to 452 

assess whether the accumulation of non-native species shifts community functional 453 

composition in ways that affect biodiversity–stability relationships. 454 

Trait values were compiled from a harmonized synthesis of three major plant 455 

trait resources: the TRY Plant Trait Database (https://www.try-db.org) 47, the Global 456 

Inventory of Floras and Traits (GIFT, https://gift.uni-goettingen.de) 48, and the 457 

Botanical Information and Ecology Network (BIEN, 458 

https://bien.nceas.ucsb.edu/bien/) 49. TRY integrates plant trait records from 459 

hundreds of contributed datasets into a standardized format, whereas GIFT and BIEN 460 

provide complementary information on plant traits, floristic distributions and 461 

taxonomic records. Trait records were matched to species in the curated vegetation 462 

datasets using standardized taxonomic names according to the World Checklist of 463 

Vascular Plants (WCVP) database 50 to ensure consistency across data sources. 464 

Because trait coverage is incomplete across large regional and global species 465 

pools, some species lacked one or more trait values after database matching. We filled 466 

these gaps using phylogenetically informed imputation with the phylopars function in 467 

the R package Rphylopars 51. This approach estimates missing trait values by 468 

incorporating phylogenetic covariance among species and, when informative, 469 

covariance among traits, thereby helping preserve biologically meaningful trait 470 

structure in large comparative datasets. Across traits, database-measured values 471 

accounted for 9.5–58.7% of NEON trait records and 7.7–72.5% of NutNet trait 472 

https://www.try-db.org/
https://gift.uni-goettingen.de/
https://bien.nceas.ucsb.edu/bien/


records, with the remaining records imputed (Supplementary Table 5). Sensitivity 473 

analyses conducted for NEON traits suggested that this phylogenetic imputation 474 

approach works well despite the relatively large amount of missing data 52. These 475 

differences in measured coverage reflect known variation in trait availability across 476 

global plant trait databases 53, with routinely measured traits such as plant height and 477 

diaspore mass generally better represented than traits such as SSD. To support trait 478 

imputation, we assembled a study-specific phylogeny for all taxa included in the final 479 

vegetation dataset. We used the broadly inclusive, dated global seed plant phylogeny 480 

of Smith and Brown 54 as the backbone, grafting missing species onto this reference 481 

tree using the R package rtrees 55. 482 

Climate data 483 

Because climate can covary with biodiversity and influence ecosystem stability, 484 

we extracted temperature and precipitation data and quantified both mean climatic 485 

conditions and interannual climate variability. We used the Climatic Research Unit 486 

Time-Series dataset, CRU TS v4.09 (https://crudata.uea.ac.uk/cru/data/hrg/) 56, 487 

which provides monthly climate variables for global land areas excluding Antarctica 488 

on a 0.5° × 0.5° grid for 1901–2024. 489 

Climate variables were extracted at the spatial resolution of the vegetation 490 

sampling coordinates available for each network. For NEON, we extracted climate 491 

data at the plot level using plot coordinates; for NutNet, we extracted climate data at 492 

the site level because all subplots within a site shared the same coordinates and 493 

climate values. We used 2001–2024 as a common recent climate baseline because it 494 

provides a sufficiently long period for estimating interannual variability, covers nearly 495 

all vegetation survey years used in the analyses, and avoids differences in climate 496 

covariates arising solely from the different observation windows of NEON and 497 

https://crudata.uea.ac.uk/cru/data/hrg/


NutNet. 498 

For each NEON plot or NutNet site, we extracted monthly mean temperature and 499 

monthly precipitation, aggregated monthly values to annual mean temperature and 500 

annual total precipitation, and calculated long-term means across 2001–2024. 501 

Interannual variability was quantified as the coefficient of variation of annual values, 502 

calculated as CV = SD/mean for both temperature and precipitation. As a robustness 503 

check, NEON plot-level climate covariates calculated over 2001–2024 were strongly 504 

correlated with those calculated over 2013–2023, the NEON observation window, for 505 

mean temperature, precipitation and their interannual variability (Pearson’s r = 0.94–506 

1.00). 507 

Diversity and stability calculations 508 

We quantified community diversity using species richness as the primary metric, 509 

and also calculated Shannon diversity and inverse Simpson diversity as 510 

complementary diversity measures using the vegan R package 57. We quantified 511 

functional diversity as functional dispersion (FDis), calculated as the abundance-512 

weighted mean distance of species to the community centroid in multidimensional 513 

trait space using the FD R package 58. For each community time series, we used 514 

species percent cover to calculate community temporal stability, population stability 515 

and species asynchrony. We used cover-based time series as the primary basis for 516 

stability calculations because cover was available at the species level in both 517 

networks, allowing us to partition community stability into population stability and 518 

species asynchrony. Because NutNet biomass was available only at the community 519 

level, we used biomass-based temporal stability as a robustness check for community-520 

level biodiversity–stability relationships, and found consistent results (Supplementary 521 

Fig. S10). 522 



Community temporal stability was calculated as the inverse coefficient of 523 

variation of total community cover: 524 

𝑆௖௢௠௠  = ௖ߪ௖ߤ   525 

where 𝑆௖௢௠௠ is community temporal stability, and ߤ௖ and ߪ௖ are the temporal mean 526 

and standard deviation (SD) of total community cover across years, respectively. 527 

Population stability was calculated as the abundance-weighted average of 528 

species-level temporal stability within each community: 529 

𝑆௣௢௣  =  ∑ ௜௜ݓ ௜ߪ௜ߤ   530 

where 𝑆௣௢௣ is population stability, ݓ௜ is the mean relative contribution of species ݅ to 531 

total community cover across years, and ߤ௜ and ߪ௜ are the temporal mean and standard 532 

deviation of species i’s cover across years, respectively. Species with zero temporal 533 

variance were excluded from this calculation. 534 

Species asynchrony was calculated following Loreau and de Mazancourt 19 as: 535 

∅ =  ఙ೎2(∑ ఙ೔೔ ݊ݕݏܣ  , 2( = 1 −  ∅ 536 

where ∅ is species synchrony; ߪ௖2 is the temporal variance of total community cover, 537 ∑ ௜௜ߪ  is the sum of species-level temporal standard deviations; and ݊ݕݏܣ is species 538 

asynchrony 19. In instances where fewer than two species exhibited non-zero temporal 539 

variation, species synchrony (ϕ) was set to 1, resulting in an asynchrony (Asyn) of 0. 540 

To examine whether non-native species weakened diversity’s stabilizing effect 541 

by altering temporal mean community cover, temporal variability, or both, we 542 

decomposed community temporal stability into its mean and variability components: 543 



log(𝑆௖௢௠௠) = log(݉݁ܽ݊) − log(𝑆ܦ) 544 

where mean and SD denote the temporal mean and standard deviation of community 545 

cover, respectively, corresponding to ߤ௖ and ߪ௖ above. We therefore analyzed the 546 

relationships of species richness with log(𝑆௖௢௠௠), log(݉݁ܽ݊), and log(𝑆ܦ) 547 

separately. 548 

We also calculated species-level temporal stability to compare native and non-549 

native species. This analysis was distinct from population stability, which represents 550 

an abundance-weighted community-level aggregate. Because species origin can vary 551 

geographically, with the same species classified as native in one region and non-552 

native in another, we assigned origin status at the species-by-community level and 553 

then compared species stability between native and non-native across all species-by-554 

community time series. 555 

Defining invasion status and quantifying invasion intensity at the local-556 

community level 557 

We defined invasion status and quantified invasion intensity at the local-558 

community level. Local communities corresponded to 1 m × 1 m quadrats in NEON 559 

and 1 m × 1 m subplot units in NutNet. We first classified all species as native or non-560 

native according to their origin status. To obtain a binary classification of invasion 561 

status for each community, a local community was classified as invaded only when at 562 

least one non-native species was recorded in two or more census years. Communities 563 

in which non-native species were absent or recorded in only a single census year were 564 

classified as non-invaded. This criterion reduced the influence of transient or 565 

potentially incidental occurrences. After retaining local communities with at least 566 

three census years, 5,894 of 10,705 NEON quadrats (55.1%) and 230 of 368 NutNet 567 



subplots (62.5%) were classified as invaded. At broader spatial grains, invasion 568 

occurred in 1,052 of 1,467 NEON plots (71.7%) and 46 of 47 NEON sites (97.9%), 569 

and in 63 of 95 NutNet sites (66.3%). 570 

Because biological invasion varies in degree, we also quantified invasion 571 

intensity as the relative contribution of non-native species within each local 572 

community, allowing us to test whether community trait composition and 573 

biodiversity–stability relationships changed progressively along invasion gradients. 574 

Our primary metric was richness-based invasion intensity, calculated as the 575 

proportion of species richness contributed by non-native species and ranging from 0, 576 

when no non-native species were present, to 1, when all species with known origin 577 

were non-native. This metric was calculated annually and then averaged across census 578 

years to represent long-term mean invasion intensity. Across local communities, mean 579 

richness-based invasion intensity was 15.5% in NEON and 23.3% in NutNet; 580 

averaged at the site level, corresponding values were 16.7% and 22.9%, respectively. 581 

To assess whether results depended on the dimension of invasion measured, we also 582 

calculated cover-based and Shannon-based invasion intensity, defined as the 583 

proportional contributions of non-native species to total plant cover and community 584 

Shannon diversity, respectively. As a further robustness check, we compared 585 

biodiversity–stability relationships calculated using all species with those calculated 586 

after excluding non-native species within the same invaded communities and found 587 

that the results remained consistent (Supplementary Fig. S2). 588 

Together, these complementary approaches provided a multi-pronged strategy 589 

for testing invasion effects across categorical, continuous and within-community 590 

contrasts. The binary classification of plant communities tested whether persistently 591 

invaded communities differed from non-invaded communities; the continuous 592 



invasion-intensity metrics tested whether effects scaled with the relative contribution 593 

of non-native species, thereby avoiding reliance on any single invaded/non-invaded 594 

threshold; and the all-species versus native-only comparison isolated the 595 

compositional contribution of non-native species within the same invaded 596 

communities. By evaluating invasion effects across these different scenarios, we 597 

could determine whether they reflected a reproducible ecological signal rather than an 598 

artefact of any single invasion metric, threshold or analytical comparison. 599 

Statistical analyses 600 

We combined linear mixed-effects models, principal component analysis (PCA), 601 

group-balanced model-refitting bootstrap, and piecewise structural equation models 602 

(SEM) to determine whether, and through which mechanisms, invasion by non-native 603 

species altered biodiversity–stability relationships. The analyses addressed three 604 

sequential questions. First, we tested whether the presence and relative contribution of 605 

non-native species weakened biodiversity–stability relationships, considering both 606 

community stability and its component processes (population stability and species 607 

asynchrony). Second, we examined whether non-native species differed from native 608 

species in functional traits and species-level stability, and whether community 609 

functional composition shifted with increasing invasion intensity. Third, we evaluated 610 

how invasion altered the mechanistic pathways linking biodiversity to community 611 

stability through population stability and species asynchrony. 612 

Testing whether invasion weakens biodiversity–stability relationships  613 

We first used linear mixed-effects models, fitted with the R packages lme4 59 and 614 

lmerTest 60, to test whether invasion modified biodiversity–stability relationships. 615 

Biodiversity was represented primarily by species richness, with Shannon diversity 616 

and functional diversity used as complementary metrics. Response variables included 617 



community temporal stability, population stability, and species asynchrony. We 618 

included climatic covariates to reduce the possibility that broad-scale climate 619 

gradients, rather than invasion per se, explained variation in biodiversity–stability 620 

relationships. Specifically, we summarized mean temperature, mean precipitation and 621 

their interannual variability using PCA to reduce collinearity among climate variables 622 

61, and retained the first two climate PC axes, which together explained more than 623 

70% of the total climatic variation and had eigenvalues greater than one, as covariates 624 

in all mixed-effects models unless otherwise stated. To account for the hierarchical 625 

sampling design, NEON models included random intercepts for plots nested within 626 

sites, whereas NutNet models included only site as a random intercept because the 627 

number of available subplots within sites was limited. All continuous predictors were 628 

standardized to have mean 0 and SD 1 before model fitting to facilitate comparison of 629 

effect sizes and interpretation of interaction terms. Standardization also centered 630 

continuous predictors at zero, reducing non-essential collinearity between main 631 

effects and their product terms in interaction models. We assessed model assumptions 632 

by inspecting residual distributions, residual–fitted relationships and quantile–quantile 633 

plots, and assessed multicollinearity using variance inflation factors (VIFs). We also 634 

checked residual spatial autocorrelation using Moran’s I, and no significant spatial 635 

autocorrelation was detected (P > 0.05). 636 

We fitted two complementary model sets. First, biodiversity × invasion status 637 

models tested whether biodiversity–stability relationships differed between non-638 

invaded and invaded communities after controlling for climate covariates and 639 

sampling hierarchy. Second, biodiversity × invasion intensity models tested whether 640 

these relationships changed continuously along gradients of species invasion intensity. 641 

A negative interaction term indicates that the positive biodiversity–stability 642 



relationship weakens as non-native species become more prevalent. This framework 643 

allowed us to evaluate invasion effects both as a binary community state and as a 644 

continuous ecological gradient. 645 

Mean–variability decomposition and balanced bootstrap  646 

Because community temporal stability is defined by the ratio between the 647 

temporal mean and temporal variability of community cover 2, we decomposed 648 

biodiversity effects into effects on these two components 62. In both NEON and 649 

NutNet, we separately modeled the temporal mean and temporal standard deviation of 650 

total community cover as response variables and estimated standardized biodiversity 651 

effects on each component, denoted βmean and βSD. This decomposition allowed us to 652 

assess whether biodiversity–stability relationships were associated primarily with 653 

changes in mean community cover, temporal variability, or both. 654 

For each biodiversity metric, βmean and βSD were estimated separately for non-655 

invaded and invaded communities within the same modeling framework. The two-656 

dimensional βmean-βSD effect space was used to visualize how biodiversity effects on 657 

the temporal mean and temporal variability of community cover differed between 658 

invasion states. We further summarized these effects using the mean–variability 659 

contrast, Δv = βmean − βSD. Larger values of Δv indicate that biodiversity had a 660 

stronger positive effect on mean community cover relative to its effect on temporal 661 

variability, implying a stronger net contribution to stability. Smaller values indicate 662 

that biodiversity effects on temporal variability were relatively stronger and could 663 

offset or weaken the stability gains associated with increased mean cover. As a 664 

sensitivity analysis, we repeated the mean–variability decomposition using detrended 665 

temporal variability, calculated after removing linear temporal trends from 666 

community cover time series 2,20, and obtained consistent results (Supplementary Fig. 667 



S11). 668 

To quantify uncertainty and reduce the influence of sample-size imbalance 669 

within and between networks, we used a custom refitting-based balanced bootstrap 670 

implemented in R. Within each network, we sampled equal numbers of non-invaded 671 

and invaded communities in each bootstrap iteration, with sample sizes set separately 672 

for NEON and NutNet according to their respective data structures. For NEON, we 673 

performed 999 bootstrap iterations, each sampling 3,000 local communities from each 674 

invasion-status group, with replacement when the available sample size in a group 675 

was smaller than the target sample size. For NutNet, we performed 999 bootstrap 676 

iterations, each sampling 100 local communities from each invasion-status group. In 677 

each iteration, we refit the same mixed-effects model and obtained empirical 678 

distributions of βmean, βSD, and Δv. To test whether the mean–SD contrast differed 679 

between invasion states, we calculated the paired bootstrap difference 680 

ΔvInvaded−ΔvNon−invaded within each iteration. We used this paired-difference 681 

distribution to estimate the mean group difference and 95% percentile interval, and 682 

tested whether the difference was centred on zero using paired t-tests and Wilcoxon 683 

signed-rank tests. 684 

Trait differences and functional shifts along invasion gradients  685 

We next assessed whether non-native species differed from native species in 686 

functional traits and whether community functional composition shifted along 687 

invasion gradients. To reduce trait dimensionality and identify the dominant axis of 688 

community functional strategy, we performed PCA on community-weighted mean 689 

(CWM) trait values. The first principal component (PC) was interpreted as the 690 

primary community functional strategy axis, representing a trade-off between 691 

conservative and acquisitive strategies (Supplementary Fig. S6). 692 



We then used mixed-effects models to test whether the dominant functional 693 

strategy of plant communities shifted systematically with invasion intensity. Invasion 694 

intensity was represented primarily by the proportion of non-native species richness, 695 

with cover-based and Shannon-based invasion metrics used as complementary 696 

measures (Supplementary Fig. S12). In addition, we compared key trait values 697 

between native and non-native species, and also compared their species-level 698 

temporal stability, to determine whether non-native species differed from native 699 

species in both functional strategy and temporal stability. 700 

Piecewise structural equation models of biodiversity–stability pathways  701 

Finally, we used piecewise SEM implemented in the R package piecewiseSEM 702 

63, with linear mixed-effects component models fitted using lme4 59, to evaluate 703 

whether invasion altered the pathways through which biodiversity affected 704 

community stability. We specified the SEM structure based on hypothesized 705 

biodiversity–stability pathways, informed by prior biodiversity–stability theory and 706 

empirical evidence 3,15,20,21,64,65. The saturated model included both the direct path 707 

from biodiversity to community stability and two indirect paths mediated by 708 

population stability and species asynchrony 15,64. Because all hypothesized paths were 709 

included, the model was saturated; therefore, tests of directed separation and Fisher’s 710 

C were not required. We reported marginal and conditional R2 for each component 711 

model and used standardized path coefficients to compare the relative strength of 712 

pathways. Collinearity diagnostics, conducted using the R package performance 66, 713 

showed that VIFs were below 3 for all component models, indicating no severe 714 

multicollinearity.  715 

Because climate variables may jointly influence biodiversity and stability 716 

components, we adjusted SEM variables for climate before model fitting rather than 717 



adding multiple climate covariates directly to each component model. Specifically, 718 

species richness, community stability, population stability and community asynchrony 719 

were each regressed against the leading climate PC axes. Residuals from these models 720 

were extracted and re-standardized, and these climate-adjusted variables were then 721 

used in group-specific piecewise SEMs. Component models retained the same 722 

random-effect structures as the preceding mixed-effects analyses, with plots nested 723 

within sites for NEON and site-level random intercepts for NutNet. All analyses were 724 

conducted in R version 4.5.2 (R Core Team, 2025) 67. 725 

 726 

Data and Code Availability Statement 727 

All datasets used in this study are publicly available from their original providers or 728 

accessible through established data-sharing frameworks. Plant trait data were 729 

compiled primarily from TRY (https://www.try-db.org/TryWeb/Data.php), GIFT 730 

(https://gift.uni-goettingen.de), and BIEN (https://bien.nceas.ucsb.edu/bien/biendata/). 731 

Climate data were derived from the CRU TS gridded dataset provided by the Climatic 732 

Research Unit at the University of East Anglia 733 

(https://crudata.uea.ac.uk/cru/data/hrg/). NEON vegetation survey data were provided 734 

by the National Ecological Observatory Network data portal, specifically the Plant 735 

presence and percent cover data product (https://data.neonscience.org/data-736 

products/DP1.10058.001), and we used the standardized version from the R data 737 

package neonDivData (https://github.com/daijiang/neonDivData). NutNet data were 738 

obtained through the Nutrient Network’s coordinated data-sharing framework and 739 

relevant project-level published data releases where applicable 740 

(https://nutnet.org/datadois). All analyses were conducted in R using the packages 741 

documented in the Methods.  742 
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