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Earth harbors an extraordinary plant phenotypic diversity1 that is at risk from ongoing 199 

global changes2,3. However, we do not know how increasing aridity and livestock grazing 200 

pressure - two major global change drivers4–6 shape the trait covariation underlying plant 201 

phenotypic diversity1,7. Here, we assessed how covariation among 20 chemical and 202 

morphological traits responds to aridity and grazing pressure within global drylands. Our 203 

analysis involved 133,769 trait measurements spanning 1,347 observations of perennial 204 

plant species surveyed across 326 plots from six continents. Crossing an aridity threshold 205 

of ~0.7 (close to the transition between semi-arid and arid zones) led to an unexpected 206 

88% increase in trait diversity. This threshold appeared in the presence of grazers, and 207 

moved toward lower aridity levels with increasing grazing pressure. Moreover, 57% of 208 

observed trait diversity only occurred in the most arid and grazed drylands surveyed, 209 

highlighting the phenotypic uniqueness of these extreme environments. Our work 210 

indicates that drylands act as a global reservoir of plant phenotypic diversity and 211 

challenge the pervasive view that harsh environmental conditions reduce plant trait 212 

diversity8–10. They also highlight that many alternative strategies may allow plants to cope 213 

with increases in environmental stress induced by climate change and land-use 214 

intensification. 215 

 216 

The recent development of global trait databases11 has been instrumental for characterizing the 217 

phenotypic diversity (trait diversity hereafter) of the entire plant kingdom1,7,12. This 218 

characterization is fundamental to anticipate the effects of global change on biodiversity and 219 

the functioning of the biosphere2,13. Yet, our understanding of plant trait diversity has been 220 

biased towards mesic biomes14,15 (e.g., tropical and temperate regions). Although the 221 

geographical coverage of trait observations is currently increasing11, many regions of the globe 222 

remain poorly explored14,15. In particular, drylands remain largely underrepresented in global 223 

trait databases15 (Supplementary Table 1) despite the fact that they cover ~45% of the planet’s 224 

terrestrial area16, are present over all latitudes and continents17, and are projected to expand due 225 

to climate change and associated increases in aridity18 (defined as 1 - aridity index5; aridity 226 

index = mean annual precipitation ÷ potential evapotranspiration19). Drylands are highly 227 

vulnerable to multiple global change drivers4–6 including changes in aridity and pressure from 228 

livestock grazing, the major land use across drylands6. For instance, crossing an aridity 229 

threshold of 0.7 or increasing grazing pressure can lead to abrupt and systemic changes in 230 

multiple ecosystem attributes5,6, including drastic decreases in plant species richness and cover 231 
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that may lead to land degradation and desertification20. However, it remains virtually unknown 232 

how increasing aridity and grazing pressure jointly shape trait diversity of drylands at a global 233 

scale. This knowledge is needed to make reliable predictions of the future of biodiversity2,13 234 

and the functioning of dryland ecosystems17,21 under global change. 235 

   One may expect that crossing aridity thresholds and increasing grazing pressure should 236 

reduce trait diversity in drylands22 by selecting only those species able to tolerate extreme 237 

temperatures, low soil nutrient contents and water availability, and high stocking rates (see the 238 

pervasive “environmental filtering” concept8–10 and associated hypotheses in Supplementary 239 

Text 1 and Supplementary Figure 1). However, drylands can exhibit a startling diversity of 240 

plant forms and functions22,23 (the so-called “functional paradox of drylands”17), which 241 

seemingly contradicts the environmental filtering concept. This paradox may arise because 242 

distinct trait syndromes can perform equally in response to a specific environmental 243 

constraint24,25, thus allowing alternative plant strategies to persist in harsh environments 244 

(Supplementary Text 1). Given the importance of trait diversity in the provisioning of essential 245 

ecosystem services26 to the more than 2 billion people inhabiting dryland areas20, understanding 246 

this discrepancy is a crucial research need. 247 

Plant traits covary predictably among species because of evolutionary and ecological 248 

constraints limiting the number of viable trait combinations1,7,12 that ultimately determine the 249 

extent of plant trait diversity1. Global initiatives aiming to characterize the fundamental 250 

dimensions of trait covariation have focused mainly on plant morphological diversity1,7,12 and 251 

leaf carbon economy27, but have largely neglected the diversity of chemical elements that 252 

sustain plant survival and growth28,29.  The elemental concentration in plant leaves (plant 253 

elementome hereafter) has major implications for plant development30, animal and human 254 

health31,32, and global biogeochemical cycles28. Furthermore, the plant elementome has a 255 

pivotal role in determining plant responses to water scarcity33–35 and herbivory36,37 256 

(Supplementary Table 2). However, we do not know how the plant elementome is distributed 257 

across plant species, and how it contributes to trait diversity patterns across global drylands. 258 

Accounting for the plant elementome may thus reveal new functional dimensions with the 259 

potential to change our understanding of plant strategies in drylands and their responses to 260 

ongoing global changes. 261 

Here, we conducted a standardized field survey to investigate the impacts of aridity and 262 

grazing pressure on the chemical and morphological trait diversity of perennial plants across 263 

drylands worldwide (Figure 1). We selected 98 sites from 25 countries that represent the aridity 264 
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gradient over which dryland rangelands can be found globally6. Each site included three to four 265 

45 m × 45 m plots spanning local gradients of grazing pressure (from ungrazed or low grazing 266 

pressure to high grazing pressure), with a total of 326 plots surveyed. In each plot, we measured 267 

a total of 20 continuous traits related to: i) the concentration of 14 chemical elements in plant 268 

leaves (i.e., C, N, P, K, Mg, Ca, S, Zn, Na, Cu, Mn, Fe, Ba, and Al), ii) the leaf and whole plant 269 

size (i.e., lateral spread, maximum plant height, leaf length, and leaf area), and iii) the leaf C-270 

economy (i.e., specific leaf area, SLA; and leaf dry matter content, LDMC). Our database 271 

included 1,347 observations of dryland plant species sampled across 326 plots from all latitudes 272 

and continents (Figure 1) for which the complete set of these 20 traits was measured (total 273 

number of traits measurements = 133,769; see Supplementary Table 3 for a full description of 274 

the database and Supplementary Figures 2-4 for the frequency distribution of these traits). This 275 

database constitutes a unique source of functional information to explore how aridity and 276 

grazing shape the covariations and trade-offs observed among multiple morphological and 277 

chemical plant traits across global drylands. 278 

 279 

Aridity and grazing sharply increase trait diversity across global drylands 280 

We used a sliding windows analysis (see Methods) to evaluate changes in dryland trait diversity 281 

in response to increases in aridity and grazing pressure. To do so, we ordered the 326 plots 282 

surveyed according to their aridity level. We then defined aridity windows that represent 19% 283 

of the global aridity gradient considered, and selected all plant species from all plots within this 284 

aridity range (n = 307 observations in each window). For each aridity window, we quantified 285 

the n-dimensional trait space using the plant elementome, and morphological and C-economy 286 

related traits (i.e., trait hypervolume38; see Methods and Extended Data Figure 1, 287 

Supplementary Figures 5-8, and Supplementary Table 4 for a description of the dryland trait 288 

space evaluated). The size of the hypervolume provides a measure of the trait diversity38 289 

considered within each aridity window. 290 

Increases in aridity were associated with an unforeseen increase in plant trait diversity 291 

(dashed line in Fig. 2a; see also Supplementary Table 5). We found a significant threshold 292 

response in the trait hypervolume occurring at an aridity value ~0.7 (Fig. 2). Aridity values 293 

exceeding this threshold were associated with an 88.1 % increase in the size of the trait 294 

hypervolume in the driest rangelands surveyed (Fig. 2b; Supplementary Figure 9). The trait 295 

hypervolume observed at high aridity levels largely encompassed and surpassed the 296 
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morphological and chemical trait diversity observed under low aridity conditions: 80.1 % of 297 

the low-aridity hypervolume was included within the high-aridity hypervolume and 57.3 % of 298 

the global dryland trait diversity was only observed under aridity values higher than ~0.7 (Fig. 299 

2b). We also observed an increase of the size of the trait hypervolume with increasing grazing 300 

pressure (Fig. 2c). Aridity and grazing thus have a similar effect on trait diversity by promoting 301 

a wide spectrum of plant strategies to cope with water shortage17,23,25 and herbivory39,40 through 302 

a variety of avoidance and tolerance strategies. Our results support theoretical predictions24 and 303 

empirical observations from drylands17,22,23 and other extreme environments (e.g., alpine 304 

ecosystems41), which suggest that there are many ways for species to cope with climatic 305 

extremes and grazing pressure. The most arid dryland rangelands thus harbor a unique trait 306 

diversity, highlighting their importance as a global reservoir of plant form and function and 307 

reinforcing the biological and evolutionary importance of dryland ecosystems. 308 

 309 

The elementome is key to explain trait diversity responses to global change drivers 310 

The sharp increase in trait diversity observed with increases in aridity and grazing pressure 311 

resulted mainly from a decrease in trait covariation at aridity values higher than ~0.7 (Fig. 3). 312 

Specifically, both aridity (Extended Data Figure 2; Supplementary Table 4) and the presence 313 

of grazers (Extended Data Figure 3; Supplementary Table 6) increased the number of trait 314 

dimensions within the dryland plant trait spectrum, resulting in the presence of extreme 315 

phenotypes exhibiting unique trait syndromes in the driest rangelands surveyed. For instance, 316 

all macronutrients correlated along a unique principal component (PC) axis below the ~0.7 317 

aridity threshold (PC1 in Extended Data Figure 2a, b). After exceeding the ~0.7 aridity 318 

threshold, primary and secondary macronutrients - namely N-P-K and Mg-Ca-S - became 319 

independent and segregated along two different axes (Extended Data Figure 2c, d, e), 320 

highlighting a decoupling between macronutrients in plants under high aridity conditions. 321 

High aridity levels also promoted functionally contrasting strategies (see Extended Data 322 

Figure 4), such as tall species with fast growing leaves following stress-avoidance strategies22,25 323 

(defined by high N-P-K and low LDMC values) and small conservative species following 324 

stress-tolerance strategies1,42 (defined by low N-P-K and high LDMC values; Extended Data 325 

Figure 4b) with either low or high Mg-Ca (Extended Data Figure 4a), and Zn-Na (Extended 326 

Data Figure 4c) concentrations in leaves. These elemental strategies can reflect the contrasting 327 

role of chemical elements in plants, either as a way to tolerate high aridity levels33–35, or as base 328 
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elements for defensive compounds against herbivory36,37,43 (Supplementary Table 2). By 329 

identifying an abrupt change in trait variations among plant chemical elements occurring at 330 

aridity values ~0.7, our findings highlight the importance of considering the plant elementome 331 

to accurately grasp dryland biodiversity responses to ongoing climate change. 332 

 333 

Biotic processes and global change-driven biodiversity patterns 334 

The abrupt increase in trait diversity with aridity observed corresponds with one of the recently 335 

identified ecosystem thresholds operating on drylands worldwide5, which is characterized by 336 

declines in soil fertility and plant cover after an aridity value of ~0.7 is crossed. The 337 

simultaneous occurrence of alterations in crucial aspects of drylands and trait diversity presents 338 

a distinctive opportunity to uncover the underlying mechanisms through which increasing 339 

aridity and grazing pressure impact on dryland ecosystems. 340 

We first hypothesized that abrupt declines in soil fertility could explain the changes in 341 

plant trait diversity observed once the aridity threshold of ~0.7 is crossed. This is attributed to 342 

the fact that variations in the chemical diversity of soils (the soil elementome) across different 343 

sites can directly affect the plant elementome29,44. We tested this hypothesis by measuring the 344 

soil elemental concentration of the 326 plots surveyed (see Methods; and Extended Data Figure 345 

5). Contrary to what is observed across plant leaves (Extended Data Figure 1; Supplementary 346 

Figure 5), we found a strong covariation within the soil elementome (Extended Data Figure 5a, 347 

b; Supplementary Figure 10). All soil elements aligned along a unique principal component that 348 

accounts for 65.8% of the total variation observed in the soil elementome, a pattern that further 349 

increased in the most arid areas (Extended Data Figure 5c; Supplementary Table 7). These 350 

results did not support our hypothesis. Rather, they suggest a strong decoupling between the 351 

soil and plant elementome, and therefore that plant elemental concentration reflects 352 

independent dimensions through which dryland plant species segregate across contrasting 353 

functional strategies29. 354 

Alternatively, we hypothesized that declines in plant cover may explain the observed 355 

pattern of increased trait diversity with aridity. Since the decline in plant cover can alter 356 

interactions among plants (e.g., release of competitive interactions and collapse of positive 357 

interactions – incl. facilitation and plant-soil feedback5,42,45), we expected that increasing aridity 358 

would promote the persistence of competitively weak, but well-adapted phenotypes to aridity 359 

(see Supplementary Text 2 and Supplementary Figures 11, 12 for a rationale for this 360 
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hypothesis). To test this hypothesis, we measured in situ total plant cover across all of our sites 361 

(see Methods) and found that it was sharply reduced below ~ 50% after crossing the ~0.7 aridity 362 

threshold (Extended Data Figure 6). We substituted aridity with plant cover in our sliding 363 

windows procedure, and showed that crossing a ~ 50% value in plant cover was associated with 364 

both an increase in the trait hypervolume and a decrease in trait covariation (Extended Data 365 

Figure 7; Supplementary Table 8). At cover values higher than 50%, large vegetation patches 366 

may emerge from spatial constraints only (see the so-called spanning clusters in percolation 367 

theory46–48) forcing plant individuals to compete for space. In contrast, the decrease in plant 368 

cover below 50% may release competitive interactions as plant individuals would have space 369 

to thrive by avoiding competitive interactions42,45. The match between the ~0.7 aridity threshold 370 

and the 50% threshold in plant cover therefore reinforces our hypothesis that the observed 371 

pattern of increase in trait diversity with aridity may be driven by a collapse of plant-plant 372 

interactions5,45. Our results challenge the pervasive environmental filtering concept8–10, which 373 

posits that the abiotic environment should select for a narrow set of trait values and reduce trait 374 

diversity in the most severe environments. In contrast, they revealed that increasing plant cover 375 

and the associated biotic processes42,45 act as a global filter of plant biodiversity thereby 376 

reducing plant phenotypic diversity by half in the most productive compared to the most arid 377 

dryland areas. 378 

Grazing was a main driver of decreasing plant cover (Extended Data Figure 6a, c) and 379 

significantly modulated both the shape and location of the aridity threshold (Fig. 4; and 380 

Supplementary Table 9), indicating that climate and land use changes interact to determine 381 

phenotypic plant diversity. Specifically, the absence of grazing shifted the observed aridity 382 

threshold for trait covariation towards a higher aridity value compared to other grazing pressure 383 

levels (Fig. 4). Furthermore, removing grazing smoothed aridity impacts on trait hypervolume, 384 

leading to a weak linear response of trait diversity to aridity observed in absence of grazers 385 

(Fig. 4). Altogether, our results also show that by modifying plant cover, grazing pressure can 386 

modulate the response of trait diversity to increasing aridity, and thus alter the trait space of 387 

dryland plant species worldwide. 388 

Our results shed new light on the dryland functional paradox17 by identifying a “plant 389 

loneliness syndrome”, where the scattered plants across the most arid rangeland landscapes in 390 

drylands exhibit high degree of trait uniqueness. This syndrome may directly result from the 391 

collapse of biotic interactions associated with the low plant cover occurring in these 392 

environments45,48, and from the large spatio-temporal variation in the distribution of limiting 393 
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resources49. Regardless of the mechanisms involved, the “plant loneliness syndrome” promotes 394 

a strikingly high plant trait diversity at the dry edge of perennial plant life. Combined with the 395 

general decline in plant taxonomic richness observed in the most arid drylands5, our results 396 

highlight a very low functional redundancy in the species pool of the dryland plant flora, which 397 

could compromise their resistance and resilience to further disturbances50. 398 

 399 

Conclusion 400 

We identified an abrupt reorganization of the dryland trait space after crossing an aridity value 401 

of ~0.7. Once this threshold was reached, small increases in aridity led to an abrupt increase of 402 

trait diversity. These changes were linked to a decoupling in the plant elementome. Similarly, 403 

increases in grazing pressure substantially increased trait diversity and modulated the aridity 404 

threshold identified. Our findings illustrate how climate and land use interact to shape 405 

phenotypic plant diversity in drylands, and bring both empirical and mechanistic evidence to 406 

the “dryland functional paradox”17. They question the predictions of the pervasive 407 

environmental filtering concept8–10 that single trait optima allow species to persist in new 408 

environments. Our study also delivers novel insights into how vascular plants respond to biotic 409 

stressors and environmental extremes, and shed light on how the global plant functional trait 410 

space may be shaped by joint increases in aridity and grazing pressure, which are becoming 411 

more common in a drier and human-dominated world. Finally, our data and results can help to 412 

better understand the provisioning of essential nutrients to livestock and human populations in 413 

drylands under ongoing global environmental change. 414 

 415 

 416 

 417 

 418 

 419 

 420 

 421 

 422 

 423 
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Figure Captions 537 

Fig. 1: A survey of plant trait diversity across global dryland rangelands. The database 538 

included 1,347 observations of perennial plant species, which provided a complete set of 539 

measurements for the 20 traits (see Supplementary Table 3 for details). The color of the dots 540 

represented the aridity level of each of the 98 dryland sites where plant traits have been 541 

measured. Each site included three to four plots locally distributed along a grazing gradient 542 

(326 plots surveyed in total, see Methods). The size of the dots indicated the number of species 543 

sampled in each plot. The selected sites were globally distributed across all latitudes and 544 

continents (except Antarctica), and are representative of the wide variation in climates, soil 545 

properties, and vegetation types found across global drylands6,17. Aridity = 1 - Aridity index 546 

(precipitation/potential evapotranspiration). 547 

 548 

Fig. 2: Global increase in dryland plant trait diversity driven by aridity and grazing. Panel 549 

a shows how aridity impacts on the size of the trait hypervolume, a measure of trait diversity 550 

(see Methods). We found a significant, non-linear increase in the size of the hypervolume size 551 

once an aridity threshold ~0.7 was crossed. Dashed and dotted lines represent the mean location 552 

of the threshold and 95% Confidence Interval, respectively (see Supplementary Table 5 for 553 

additional detailed results). Colored dots represent bootstrapped values for trait hypervolume 554 

for each aridity level. Panel b compares the hypervolume size below and above this aridity 555 

threshold. After crossing the ~0.7 aridity threshold, the hypervolume increased by 88.1 % 556 

because it included not only most of the trait variability observed under low aridity conditions 557 

(only 19.9 % of uniqueness), but also 57.3% of trait diversity that only occurs in the most arid 558 

conditions. Panel c shows the bootstrapped values for trait hypervolume for each grazing 559 

pressure level. Different letters indicate significant differences among grazing pressure levels. 560 

 561 

Fig. 3: Abrupt changes in trait covariations after crossing the ~0.7 aridity threshold. Panel 562 

a shows how the strength of trait covariations, measured using a phenotypic integration index 563 

(see Methods), decreased with aridity.  We found a significant, non-linear decline at aridity 564 

values ~ 0.7 (see Supplementary Table 5 for more detailed results). Dashed and dotted lines 565 

represent the mean location of the threshold and its 0.95 confidence interval, respectively. 566 

Colored dots represent bootstrapped values for trait covariation for each aridity level. Panel b 567 



  

20 
 

shows the bootstrapped values for trait covariation for each grazing pressure level. Different 568 

letters indicate significant differences among grazing pressure levels. 569 

 570 

Fig. 4: Interactions between grazing and aridity drive trait covariation and diversity 571 

across global drylands. Panels a and b show how grazing modulates the hypervolume size and 572 

trait covariation in response to aridity. Panels c and d show the bootstrapped location of the 573 

aridity-threshold at each grazing level with confidence intervals for hypervolume and trait 574 

covariation, respectively. We used generalized least squares models to test for grazing effect in 575 

panels (c, d). Different letters indicate significant (P < 0.05) differences among grazing pressure 576 

levels. Grazing both changed the shape of the aridity response (see Supplementary Table 9 for 577 

model selection for each grazing level) and the location of the threshold (colored dashed lines). 578 

For instance, significant threshold-responses were observed under grazing (low, medium and 579 

high grazing pressures) on trait hypervolume (panels a, c) while trait hypervolume remained 580 

constantly low as aridity increased and increased linearly when grazing was removed (ungrazed 581 

plots). For trait covariation (panels b, d), the thresholds appeared at lower aridity levels under 582 

increasing grazing pressure. 583 

  584 
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Methods 585 

Further details on methods are given in the Supplementary Information. 586 

 587 

Study site selection 588 

Our study focused on drylands, areas where rainfall is < 65% of the evaporative demand51. We 589 

surveyed 98 dryland sites located in 25 countries from six continents (Algeria, Argentina, 590 

Australia, Botswana, Brazil, Canada, Chile, China, Ecuador, Hungary, Iran, Israel, Kazakhstan, 591 

Kenya, Mexico, Mongolia, Namibia, Niger, Palestine, Peru, Portugal, South Africa, Spain, 592 

Tunisia, and the United States of America) (Figure 1). Site selection captured most of the aridity 593 

conditions, vegetation (shrublands, grasslands, open woodlands, savannahs, and steppes) and 594 

soil types that can be found in drylands worldwide (see refs.6,52 for more detailed explanation 595 

on site selection). At each of the 98 study sites surveyed, three to four 45 m × 45 m plots (total 596 

N = 326 plots) were selected along a local grazing gradient (ungrazed, low, medium, and high 597 

grazing pressure), which was largely driven by livestock (but also included native herbivores6). 598 

Each grazing gradient was established using the distance to artificial water points and grazing 599 

exclosures when available (see ref.6 for a detailed assessment of the validation of the local 600 

grazing gradients surveyed). In our dataset, aridity was defined as 1 - aridity index (AI, mean 601 

annual precipitation/potential evapotranspiration51) following ref.5. Aridity ranged between 602 

0.48 (wettest) to 0.99 (driest) across the surveyed drylands. This aridity range corresponds to a 603 

gradient of mean annual precipitation between 891 and 29 mm/yr, and to a gradient of mean 604 

annual temperature between -1.2 and 29.2°C. Our survey also captured most of the variation in 605 

grazing pressure that can be found across dryland rangelands worldwide6. 606 

 607 

Plant trait sampling 608 

Fieldwork was conducted between January 2016 and September 2019. Vegetation surveys were 609 

carried out after the main rainfall season at each site to ensure surveying during (or just after) 610 

the main peak biomass. This approach allowed us to standardize the sampling while accounting 611 

for differences in vegetation phenology among contrasted biogeographical regions, continents, 612 

and hemispheres. We restricted our study to perennial plants because they represent 94% of the 613 

plant species on earth53 and are instrumental in maintaining the functioning of drylands26,54–56. 614 
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We focused on 20 continuous traits related to the morphological and chemical diversity 615 

of plants, which were measured following the most updated standardized protocols57,58. These 616 

traits included: i) whole-plant and leaf size related traits1,59 (maximum plant height [H, cm], 617 

plant lateral spread [LS, cm²], leaf length [LL, cm] and leaf area [LA, cm²]); ii) leaf traits related 618 

to carbon-economy and herbivory27,32,40,60,61 (Specific leaf area [SLA, cm².g-1], leaf dry matter 619 

content [LDMC, g.g-1]); and iii) the foliar concentration of 14 chemical elements that 620 

characterize the plant elementome28,29,32,62 (C, N, P, K, Mg, Ca, Zn, S, Na, Cu, Fe, Al, Mn, and 621 

Ba). These traits were measured in situ within each of the 326 plots.  To do so, four 45 m 622 

transects oriented downslope were established within each plot, and spaced 10 m apart. We 623 

then placed 25 contiguous quadrats (1.5 m × 1.5 m) along each transect (100 quadrats per plot). 624 

Trait measurements were performed on five quadrats randomly selected in each transect (i.e., 625 

five quadrats x four transects = 20 quadrats per plot). In each quadrat, we selected the most 626 

developed individual of each perennial species present. Our sampling protocol is highly suitable 627 

to account for both local trait abundances (because frequent species will have more samples 628 

than rare species63,64) and between-plot intraspecific trait variability65. See ref.52 for a detailed 629 

description of the sampling protocol followed. 630 

We measured plant height, i.e. the height of the selected individual from the ground to 631 

the highest leaves belonging to the vegetative part of the plant; and the lateral spread using two 632 

perpendicular measurements of plant width. On the same individual, we then sampled mature 633 

and undamaged leaves at the top of the plant to ensure a development under full-light conditions 634 

(sampled leaf surface was always > 2 cm²). Leaves were stored in moistened plastic bags and 635 

brought to the laboratory for rehydration, before leaf area and leaf mass measurements. 636 

We measured the leaf area of each sampled individual by taking pictures of the collected 637 

leaves flattened below a glass sheet, and analyzed them using the freeware ImageJ66 638 

(https://imagej.nih.gov/ij/index.html; see ref.52 for additional details). Leaf fresh and dry mass 639 

for each sampled individual were obtained by weighing before and after oven drying at 60 ºC 640 

for 48 h. Then, dry leaves were grouped by species within each plot in paper bags and were 641 

shipped to the laboratory of Rey Juan Carlos University in Móstoles (Spain) for chemical 642 

analyses. These shipments were carried out according to national and international regulations; 643 

exporting permits were obtained for each country (when required) and importing permits to 644 

Spain were obtained for every shipment by the Spanish Ministry of Agriculture, Fisheries and 645 

Food. 646 

https://imagej.nih.gov/ij/index.html
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Once in the laboratory, oven-dried leaves were ground in a homogenizer (Precellys® 647 

24; Bertin Technologies, Montigny-le-Bretonneux, France) and analyzed for total nitrogen and 648 

total carbon on a EuroEA3000 elemental analyser (EuroVector, Pavia, Italy). Total chemical 649 

elements in leaves (P, K, Mg, Ca, Cu, Zn, S, Na, Fe, Al, Mn, and Ba) were analyzed by 650 

inductively coupled plasma optical emission spectrometry with a Perkin Elmer Optima 4300 651 

DV (Perkin Elmer, Waltham, Massachusetts, USA) after open-vessel nitric-perchloric acid wet 652 

digestion. At the end of this procedure, we obtained the foliar concentration of the 14 elements 653 

for each species sampled in each plot. 654 

 655 

Plant cover and soil properties measurements 656 

We quantified vegetation cover in each plot using the line-point intercept method52. We 657 

recorded points located every 20 cm along each of the four transects for a total of 225 points 658 

per transect (900 points per plot; see ref. 54 for additional details on this survey). Vegetation 659 

cover was calculated as the proportion of points where perennial plants were recorded. 660 

 We also quantified the elemental concentrations of the soil beneath plant canopies in 661 

each of the 326 plots surveyed in the peak of the dry season to ensure that the data obtained 662 

across sites were as standardized and comparable as possible6. At each plot, five 50 cm × 50 663 

cm quadrats were randomly placed under the canopy of the dominant (in terms of % cover) 664 

perennial plant species. A composite topsoil sample consisting of five 145 cm3 soil cores (0-665 

7.5 cm depth) was collected from each quadrat, bulked, and homogenized in the field (five 666 

composite samples per plot were obtained). After field collection, the soil samples were taken 667 

to the laboratory, where they were sieved (2 mm mesh). Once sieved, samples were air-dried 668 

for one month and stored for physico-chemical analyses. Dried soil samples from all the 669 

countries were shipped to the laboratory of Rey Juan Carlos University in Móstoles (Spain) for 670 

analyses. Once in the laboratory, replicated soil samples were bulked to obtain a composite 671 

sample per plot. Total C and N concentration in soils was determined on ball-milled soils by 672 

dry combustion, gas chromatography and thermal conductivity detection, after removing 673 

carbonates by acid fumigation. Total P, K, Mg, Ca, Cu, Zn, S, Na, Fe, Al, Mn, and Ba were 674 

extracted by open-vessel nitric-perchloric acid wet digestion, re-suspended in water, and 675 

measured by inductively coupled plasma optical emission spectrometry67,68 (ICP-OES Perkin 676 

Elmer Optima 4300 DV). 677 
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 Soil pH was measured in all the soil samples with a pH meter, in a 1: 1 soil to water 678 

(w:v) suspension52. Soil texture (sand, clay, and silt content) was measured according to ref.69. 679 

The three textural variables measured (sand, clay, and silt) were highly intercorrelated 680 

(Spearman ρsand-silt = -0.987, P < 0.001; Spearman ρsand-clay = -0.851, P < 0.001; Spearman ρsilt-681 

clay = 0.766, P < 0.001). Thus, we selected just one of these fractions (sand), to use in our data 682 

analyses because this fraction is less prone to measurement errors given the method used. 683 

 684 

Data management and gap-filling procedure 685 

We compiled a database of 133,769 trait measurements, where each species in each plot was 686 

tagged as a unique ID (Supplementary Table 3). Species taxonomy was standardized according 687 

to World of Flora (WFO (2023): World Flora Online. http://www.worldfloraonline.org). 99.5% 688 

of the individual plants were identified at the genus level, and 93.6% at the species level. We 689 

used pseudo-species names for the 6.4% of species that could not be identified. To ensure a 690 

high level of data quality, all trait measurements were inspected using a semi-automated 691 

procedure and corrected when possible following guidelines from ref.11. Specifically, we 692 

looked for potential systematic errors, including wrong units or the presence of aberrant traits 693 

values for each species and trait measured. 694 

  Morphological traits (H, LS, LL, LA, SLA, LDMC) were available at the individual 695 

level (20,961 individual plants measured). Traits related to leaf nutrients were available at the 696 

plot level for each species. To homogenize the level of analysis for all traits, we averaged 697 

individual morphological measurements to obtain a single trait value for each species in each 698 

of the 326 plots. For plant H and LS, we also recorded the maximum value observed in each 699 

plot and for each species to characterize plant species maximum H and LS following ref.57. 700 

Data completeness varied among traits (Supplementary Table 3) but overall offered a 701 

high degree of representativeness and geographical coverage at a global scale (Figure 1). We 702 

did not have missing data for morphological traits (H, LS, LL). The levels of data completeness 703 

for LA, SLA, LDMC were very high: 95%, 93%, and 89%, respectively. Missing data for these 704 

variables were mainly due to methodological reasons, such as the inability to ensure a proper 705 

leaf rehydration when measuring leaf fresh mass for LDMC. The amount of leaf dry material 706 

sampled in the field was lower than the minimum required for some analyses for rare species 707 

(for which the leaves of less than three individuals per plot were sampled). Thus, the number 708 

of trait samples also differed among leaf nutrients (CN vs. other macro- and microelements) 709 

http://www.worldfloraonline.org/
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due to the amount of leaf dry material available for analyses (2 mg of dry mass for C/N analyses 710 

vs. 800 mg of dry mass for other elements). In total, the level of data completeness for chemical 711 

traits was > 70% for C and N concentration in leaves and > 50 % for other macro and 712 

microelements (Supplementary Table 3). 713 

Data completeness is a fundamental prerequisite of trait covariation analyses because 714 

multivariate analyses require a full set of trait information for all species considered.  Indeed, a 715 

missing value for one trait leads to systematic deletion of the whole species. Therefore, a gap-716 

filling procedure in the data trait matrices is a suitable approach to reduce this problem70–72. 717 

Here, we used a highly conservative gap-filling procedure based on the following criteria: i) we 718 

used only trait data measured from our trait sampling, i.e. we did not retrieve trait data from 719 

external databases such as TRY11; ii) the gap-filling procedure was performed within species 720 

in all cases (i.e., only when trait values were available for the same species in another plot); and 721 

iii) we developed an algorithm to optimize the gap-filling procedure according to both aridity 722 

and grazing levels instead of using phylogenetic relatedness73. Specifically, when a trait value 723 

is missing for a given species in a given plot, the algorithm allows filling the missing data by 724 

maximizing the match between the species trait value and the local environmental conditions 725 

(see all details of the gap-filling procedure in Supplementary Text 3; Supplementary Figures 726 

13-15). Gap-filling significantly improved data representativeness by increasing the number of 727 

species considered (Supplementary Table 3) without biasing the trait database. Indeed, we 728 

observed remarkably low imputation errors (< 10%) for most chemical traits, indicating that 729 

within species trait variability of the plant elementome is negligible compared to what is 730 

observed across species (see additional results in Supplementary Text 3; Supplementary Figures 731 

7-8). 732 

At the end of the procedure, a total of 1,347 observations of dryland plant species 733 

measured across the 326 plots with the complete set of traits were available for analyses 734 

(compared to 887 observations before gap-filling, see Supplementary Table 3). The n = 1,347 735 

observations were consistently used in all main analyses. 736 

 737 

Statistical analysis 738 

Characterizing the dryland trait space  739 

To quantify the trait diversity of dryland plant species, we first determined the fundamental trait 740 

dimensions along which dryland plant species segregate. To do this, we ran a series of principal 741 



  

26 
 

component analyses (PCAs) using the complete set of measured traits (Extended Data Figure 742 

1) and plant chemical elements only (Supplementary Figure 5). Traits were log-transformed 743 

and scaled before analysis12 (see the distribution of each trait in Supplementary Figures 2-4). 744 

We used the Horn’s parallel analysis from the R package paran74 to determine the 745 

dimensionality of the PCAs12, and applied a varimax rotation procedure to facilitate the 746 

interpretation of the results. 747 

PCAs are standard tools in trait spectrum analyses1,12,15,75. They efficiently summarize 748 

the covariations and trade-offs observed among multiple traits by representing the trait loadings 749 

(arrows in Extended Data Figure 1) along the PCA axes (calculated from the eigenvectors of 750 

each trait and the eigenvalues of each axis). The % of variance explained by each selected axis 751 

represents the importance of each PCA dimension in explaining the observed trait variability 752 

across species. Eigenvalues were further used to calculate an index of phenotypic integration, 753 

which summarizes the strength of trait covariation76–78. This phenotypic integration index was 754 

calculated using the variance of the eigenvalues as: 755 

 756 

𝑉𝑎𝑟(𝛾) =  ∑ (𝛾𝑖 − 1)2/𝑁𝑁
𝑖=1                                   equation 1  757 

 758 

where 𝛾𝑖 is the eigenvalue from the i-th dimension and N is the number of traits79. We used the 759 

eigenvalue of the un-rotated PCA to compute the phenotypic integration index. Higher values 760 

of this index indicate stronger covariations among N traits. When traits are uncorrelated, 761 

eigenvalues are similar and exhibit low variance. When traits are highly correlated, the first 762 

eigenvalue is much higher than the other eigenvalues, leading to high variance. PCA axes also 763 

provide information on the hypervolume1,38,80,81 occupied by the studied species in a n-764 

dimensional trait space, and thus the size of the hypervolume provides a measure of the trait 765 

diversity observed for a given species pool80. In this study, we used both hypervolumes and 766 

trait covariations to quantify the effects of aridity and grazing on the spectrum of plant traits 767 

observed in global drylands. 768 

 769 

Evaluating the impacts of aridity on the dryland plant trait space  770 

We used a sliding window analysis to evaluate how the hypervolume and trait covariation 771 

changed along the aridity gradient evaluated. This analysis is well suited to investigate how the 772 
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correlation between different variables (here traits) change according to a third predictor (here 773 

aridity), and to evaluate whether these changes are linear or abrupt48,82,83. To do so, we first 774 

ordered the 326 plots surveyed according to their aridity level. We then selected all plots located 775 

within an aridity window of 0.1 (roughly equivalent to 19% of the total aridity gradient captured 776 

in our survey), starting from the lowest aridity value observed in our dataset. The width of the 777 

aridity window used was selected to ensure: i) enough statistical power (307 observations of 778 

dryland plant species on average within each window; with min = 103 and max = 473); ii) that 779 

the species pools selected in each window originated from plots characterized by different 780 

grazing pressure levels; and iii) that the selected species belonged to contrasted biogeographical 781 

regions across the world. Indeed, each aridity window included on average 19 sites (min = 8; 782 

max = 32) originated from different regions of the world to avoid spatial autocorrelation, see 783 

Figure 1). Therefore, our sliding windows analysis operates at a global scale to evaluate how 784 

global increases in aridity and grazing pressure influence the trait pool in drylands worldwide. 785 

For each aridity window, we calculated the strength of trait covariations using the same 786 

PCA procedure as explained above and the diversity of trait values observed within this aridity 787 

range. We randomly sampled n = 100 observations within the window and extracted the 788 

eigenvalue of the significant selected axes, calculating their variance to obtain an index of 789 

phenotypic integration. We repeated the random sampling of n = 100 observations for 100 times 790 

within each window to calculate the confidence interval of the index for each aridity window. 791 

We used the same procedure to calculate the hypervolume using the R package Hypervolume81. 792 

To calculate the hypervolume, we used the PCA coordinates as trait values for the five 793 

dimensions of the dryland plant spectrum described in Extended Data Figure 4. We then moved 794 

the sliding window toward higher aridity levels of 0.01 by both adding the plots scoring the 795 

next aridity value and removing the plots with the lowest aridity. We repeated this analysis as 796 

many times as plots remained along the aridity gradient. We then plotted the results and tested 797 

how trait covariations in the dryland species pool and their diversity changed along the aridity 798 

gradient. 799 

We evaluated whether the observed trait responses along the aridity gradient truly 800 

corresponded to an aridity-threshold by fitting threshold models using the R package chngpt84. 801 

In essence, these models find a breakpoint in the data by dividing it according to a predictor 802 

value (here aridity) and using two different fitting functions at each side of the breakpoint. To 803 

assess whether these threshold models were a better fit to the data than a linear model we used 804 

the Bayesian information criterion (BIC), which measures the goodness of fit of the data based 805 
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on log-likelihood of the fitting functions considering the number of parameters used82. The 806 

models exhibiting the lowest BIC values are the most parsimonious and provide the best fit. 807 

Differences in BIC <2 represent similarly good models85. Apart from a regular linear model, 808 

we used a generalized additive model and five different threshold models for extracting the 809 

BIC, each differing from each other by the functions fitted at both sides of the estimated 810 

breakpoint: step (two intercept models, for which the differences in intercept were tested at the 811 

breakpoint), segmented (two linear models in which the slope is changed at breakpoint), 812 

stegmented (two linear models in which both the slope and the intercept are changed at the 813 

breakpoint), hinge model 12 (one linear model is fitted for the left part of the breakpoint and a 814 

second degree polynomial is fitted for the right part), and hinge model 22 (two different second 815 

degree polynomial models are fitted at both sides of the breakpoint). The model (either linear 816 

or threshold-like) exhibiting the lowest BIC was considered the best model. Each of the 817 

threshold models considered allows the identification of a breakpoint with associated 0.95 818 

confidence interval (CI) as a parameter resulting from the model fitting. We considered the 819 

aridity value at which a breakpoint was observed as the aridity threshold. 820 

We observed non-linear, abrupt responses of trait covariations and hypervolumes at 821 

aridity ~0.7 based on the breakpoint analyses described above (Figs. 2 and 3). To further 822 

examine how aridity reshaped the dryland plant trait spectrum, we divided our data into two 823 

subsets: below and above aridity = 0.7 ± Confidence Interval (CI). We re-ran all the PCA 824 

analyses explained above to evaluate how aridity changed the dimensionality of the trait 825 

spectrum for these subsets of the data. We also re-calculated the hypervolume observed at low 826 

and high aridity values, and quantified their overlap using the function 827 

hypervolume_overlap_statistics in the R package Hypervolume81. This function provides the % 828 

of overlap between distinct hypervolumes, as well as the % of uniqueness of each hypervolume. 829 

 830 

Assessing the impacts of grazing on the dryland plant trait space  831 

To test for the effects of grazing pressure, we calculated the index of trait covariation and the 832 

hypervolumes for each grazing pressure level (ungrazed, low, medium, and high grazing 833 

pressure). We used a bootstrap procedure and repeated the calculation 100 times to obtain the 834 

confidence interval. We then tested whether different grazing levels showed contrasted values 835 

of these indices using a generalized least squares model to account for heteroscedasticity (using 836 

the function gls from the R package nlme86). To represent how different grazing pressures may 837 
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alter the dryland plant trait space, we also re-ran the PCA analyses for each grazing pressure 838 

level evaluated (from ungrazed to high grazing pressure). Finally, we tested whether grazing 839 

pressure changed the shape and the location of the aridity threshold. To do so, we re-ran the 840 

sliding windows analysis conducted above, but at each grazing level separately. We tested 841 

whether grazing pressure (ungrazed, low, medium, and high grazing pressure) changed the 842 

location of the threshold. We extracted the bootstrap distribution of the threshold at each 843 

grazing pressure level, and tested, using generalized least square models, whether the location 844 

of the threshold was significantly shifted along the aridity gradient compared to the overall 845 

threshold found at aridity ~0.7. 846 

 847 

Assessing the impacts of aridity and grazing on the soil elementome 848 

We examined how chemical elements in soils (the soil elementome) responded to changes in 849 

aridity. We first conducted a PCA as explained above to evaluate how the concentrations of the 850 

14 chemical elements in soils covary across the 326 sampled plots. We then extracted the PC 851 

coordinate of each selected axis and evaluated how the soil elementome responded to grazing 852 

and aridity using linear mixed effect models and the R package lme487. We considered in the 853 

model the effect of grazing and aridity and used site as a random factor (random effect: 1|site), 854 

allowing model intercept to vary among sites since plots belonging to the same site correspond 855 

to a local grazing gradient that has been repeated across the 98 sites surveyed. Finally, we used 856 

the same sliding windows procedure as explained above to test how soil chemical diversity 857 

responded to aridity. All soil elements covaried along a unique PC axis accounting for 65.8% 858 

of the total variation (Extended Data Figure 5a, b). Because computing hypervolumes in one 859 

dimension is irrelevant81, we therefore computed the sliding window analysis only to test 860 

whether covariation among multiple soil elements changed with increasing aridity (Extended 861 

Data Figure 5c). 862 

 863 

Plant cover as a modulator of the effects of aridity and grazing on the dryland plant trait space 864 

We evaluated how changes in plant cover observed across global drylands once the ~0.7 aridity 865 

threshold is crossed impacted on plant trait diversity. We first tested how aridity and grazing 866 

impacted plant cover using linear mixed effect models and the R package lme487. Our model 867 

included aridity, grazing, and an interaction between them. Site was used as a random factor 868 

(random effect: 1|site). The model also included a series of covariates known to impact plant 869 
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cover6 in drylands, such as latitude and longitude of our study sites, as well as their elevation 870 

and topography (slope and aspect). We used the sine and cosine of the longitude and aspect to 871 

avoid any bias due to intrinsic circularity of these predictors in the statistical models22 (i.e., 872 

Longitude (sin) and Longitude (cos) hereafter, respectively). We also considered two soil 873 

master variables, i.e. sand content and soil pH22,88. A quadratic term was considered for pH. All 874 

predictors were scaled before analysis to facilitate the comparison of estimates. 875 

The full model used was: lmer (Plant Cover ~ (1|site) + latitude + longitude (sin) + 876 

longitude (cos) + exposure (sin) + exposure (cos) + slope + elevation + aridity*grazing + sand 877 

+ pH + pH²). Using this full model, we ran a model averaging procedure to select the set of 878 

predictors that best explained variations in plant cover. To do this, we applied a multi-model 879 

inference procedure using the MuMIn R package89. This method allowed us to create a set of 880 

models with all possible combinations of the initial variables, which were fitted using a 881 

Maximum Likelihood procedure90 and sorted according to the Akaike Information Criterion 882 

(AIC). Aridity and grazing were the main drivers of plant cover in our analyses (Extended Data 883 

Figure 6). Finally, we substituted aridity by plant cover in our sliding windows procedure to 884 

test how plant cover influenced hypervolume and trait covariation (Extended Data Figure 7). 885 

 886 

Data and code availability 887 

Processed datasets generated during the current study, as well as the R code used to analyze 888 

them, are available in the nextcloud.inrae repository: 889 

 890 

 https://nextcloud.inrae.fr/s/qC4mjPErQewADwD   891 

https://nextcloud.inrae.fr/s/qC4mjPErQewADwD
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Extended Data Captions 1054 

Extended Data Figure 1. The trait space of global dryland rangelands. The panels represent 1055 

the probabilistic species distributions in the space defined by a Principal Component Analysis 1056 

(PCA) on whole-plant and leaf size, and on leaf chemical traits. We show the dimensions related 1057 

to plant size and leaf C-economy (a), and the additional, but independent dimensions related to 1058 

the plant elementome (b and c) characterized by the concentration of 14 elements in plant 1059 

leaves: C, N, P, Mg, Mn, Ca, Cu, Al, Ba, Fe, K, Na, S, and Zn. The dryland trait space displayed 1060 

five major dimensions (Principal Components PC1 to PC5), accounting for 66.7 % of the total 1061 

trait variation. Leaf traits related to leaf C-economy (PC1) and plant size (PC3) varied along 1062 

two orthogonal dimensions and accounted for a total of 28.2% of trait variation (panel a). The 1063 

plant elementome accounted for 55.5% of trait variation (panels b, c). While a dimension of the 1064 

plant elementome covaried with the leaf C-economy dimension27 (N-P-K on PC1), it also added 1065 

three other orthogonal dimensions that were associated with important macro- and 1066 

micronutrients (PC2, PC4, PC5). These findings show that a large fraction of trait diversity 1067 

found across global drylands is not captured by plant size and leaf C-economy alone, but by the 1068 

plant elementome (see Supplementary Figure 5 for an additional description of the elementome; 1069 

Supplementary Figure 8 for the PCA ran without the gap-filling of the data; Supplementary 1070 

Figure 7 for pictures of dryland plant species). The color gradient depicts the different species 1071 

densities in the trait space (high and low density in red and fading yellow, respectively). The 1072 

arrow length is proportional to the trait loadings. Each point represents the location of a species 1073 

within the five-dimensional trait space for all the species surveyed (n = 1347). Abbreviations: 1074 

maximum plant height, H; Lateral spread, LS; Leaf length, LL; leaf area, LA; specific leaf area, 1075 

SLA; leaf dry matter content, LDMC. See also Supplementary Table 4 for detailed results. 1076 

 1077 

Extended Data Figure 2. Aridity reshuffles the trait space of global dryland rangelands. 1078 

We show how trait covariation changes along the aridity gradient using principal component 1079 

analysis conducted for sites with aridity values located below (panels a and b) and above (panels 1080 

c-e) the aridity threshold of ~0.7. The arrow length is proportional to the loadings of the traits 1081 

considered. Four principal components were significantly selected at aridity values <0.7 (panels 1082 

a and b) while five components were selected at aridity values >0.7 (panels c-e). See Extended 1083 

Data Figure 1 for trait abbreviations and Supplementary Table 4 for detailed results. 1084 

 1085 
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Extended Data Figure 3. Presence of grazers modulates the trait space of global dryland 1086 

rangelands. We show how trait covariation changes with increasing grazing pressure using 1087 

Principal Component analysis. The arrow length is proportional to the loadings of the traits 1088 

considered. Four and five principal components were significantly selected in ungrazed (panels 1089 

j and k) and grazed (panels a-i) plots, respectively. See Extended Data Figure 1 for trait 1090 

abbreviations and Supplementary Table 6 for detailed results. Low = low grazing pressure, Med 1091 

= medium grazing pressure, and High = high grazing pressure. 1092 

 1093 

Extended Data Figure 4. Representation of the trait hypervolume before and after 1094 

crossing the ~0.7 aridity threshold.  We show the 2D projection of the hypervolume for each 1095 

pair of PCA dimensions shown in Extended Data Figure 1 (n-dimensions = 5, from PC1 to 1096 

PC5). Colored dots represent the locations of each measured species within the trait space. The 1097 

blue and the red large bright dots represented the centroids of each hypervolume before and 1098 

after an aridity value of 0.7. Colored lines show the 0.95 confidence intervals of the 1099 

hypervolume before and after this aridity value.  1100 

 1101 

Extended Data Figure 5.  Response of elemental concentration in soils (the soil 1102 

elementome) to aridity. Soil elements covary across the 326 sampled plots along a unique 1103 

Principal Component axis (PC1) that account for 65.8 % of soil total variation (see Methods). 1104 

Panel a shows responses of the soil elementome, illustrated using the soil PC 1, to aridity. PC1 1105 

shows a quadratic response to aridity with non-linear decrease occurring only in the most arid 1106 

areas, i.e., those with aridity values > 0.8. Grazing did not modify this response. Panel b shows 1107 

the PC coordinates of each element along PC1. Panel c shows how the soil elementome 1108 

responded to aridity using a sliding windows analysis (see methods). We first ordered the 326 1109 

plots according to their aridity level. We then defined an aridity window that represented 10% 1110 

of the global aridity gradient and selected all plots within this aridity range (n > 30 plots in each 1111 

window). We finally examined how the covariation of soil elements across plots changed as 1112 

aridity increased. We found that aridity further increased the covariation of soil elements in the 1113 

most arid rangelands surveyed. See Supplementary Table 7 for detailed results of model 1114 

selections evaluating the response of the soil elementome to aridity. 1115 
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Extended Data Figure 6. Global decrease in plant cover driven by aridity and grazing. 1117 

Panel a shows the averaged model parameters (± se) for different predictors (i.e. aridity, 1118 

grazing, soil, and geographical variables) on plant cover. Significant predictors do not cross the 1119 

dotted line. Aridity and grazing were the main drivers of plant cover. Panels b and c illustrate 1120 

the effects of aridity and grazing on plant cover.  Dashed and dotted lines represent the mean 1121 

location of the threshold and its 0.95 confidence interval, respectively. Plant cover decreased 1122 

non-linearly at aridity ~0.7 and was the lowest under high grazing pressure.  1123 

 1124 

Extended Data Figure 7. Plant cover mediates the effect of aridity and grazing pressure 1125 

on trait diversity across global dryland rangelands. Panels show the response of trait 1126 

diversity (hypervolume and trait covariation) to plant cover using a sliding window procedure 1127 

(see Methods). Increasing plant cover decreased hypervolume and increased trait covariations, 1128 

with a significant threshold value occurring at a plant cover value close to 50% ± CI (dashed 1129 

lines, the dotted lines show its 0.95 percentile Confidence Interval, CI). See Supplementary 1130 

Table 8 for detailed results of model selection evaluating the response of the plant elementome 1131 

to plant cover. 1132 
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Main Figures 1134 

 1135 

Figure 1.  A survey of plant trait diversity across global dryland rangelands. 1136 

 1137 

Figure 2. Global increase in dryland plant trait diversity driven by aridity and grazing. 1138 

 1139 

Figure 3. Abrupt changes in trait covariations after crossing the ~0.7 aridity threshold.  1140 

 1141 

Figure 4. Interactions between grazing and aridity drive trait covariation and diversity across 1142 

global drylands.  1143 
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Figure. 1  1147 
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Figure. 2 1151 

 1152 



  

44 
 

 1153 

Figure. 3 1154 
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Figure. 4 1159 
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Extended Data Figures 1161 

 1162 

Extended Data Figure 1. The trait space of global dryland rangelands. 1163 

 1164 

Extended Data Figure 2. Aridity reshuffles the trait space of global dryland rangelands. 1165 

 1166 

Extended Data Figure 3. The presence of grazers modulates the trait space of global dryland 1167 

rangelands. 1168 

 1169 

Extended Data Figure 4. Representation of the trait hypervolume before and after crossing the 1170 

~0.7 aridity threshold 1171 

 1172 

Extended Data Figure 5.  Response of elemental concentration in soils (soil elementome) to 1173 

aridity 1174 

 1175 

Extended Data Figure 6. Global decreases in plant cover driven by aridity and grazing.  1176 

 1177 

Extended Data Figure 7. Plant cover mediates the effect of aridity and grazing pressure on 1178 

trait diversity across global drylands. 1179 
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Extended Data Figure 1.   1190 
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Extended Data Figure 2.  1193 
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Extended Data Figure 3.  1197 
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Extended Data Figure 4.  1201 
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Extended Data Figure 5.   1205 
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Extended Data Figure 6.  1208 
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Extended Data Figure 7.  1213 
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