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Abstract 43 

Nations have committed to ambitious conservation targets in response to accelerating rates of 44 

global biodiversity loss. Anticipating future impacts is essential to inform policy decisions for 45 

achieving these targets, but predictions need to be of sufficiently high spatial resolution to 46 

forecast the local effects of global change. As part of the intercomparison of biodiversity and 47 

ecosystem services models of the IPBES, we present a fine-resolution assessment of trends in 48 

the persistence of global plant biodiversity. We coupled generalised dissimilarity models, 49 

fitted to >52 million records of >254 thousand plant species, with the species-area 50 

relationship, to estimate the effect of land-use and climate change on global biodiversity 51 

persistence. We estimated that the number of plant species committed to extinction over the 52 

long term has increased by 60% globally between 1900 and 2015 (from ~10,000 to ~16,000). 53 

This number is projected to decrease slightly by 2050 under the most optimistic scenario of 54 

land-use change, and to substantially increase (to ~18,000) under the most pessimistic 55 

scenario. This means that, in the absence of climate change, scenarios of sustainable socio-56 

economic development can potentially bring extinction risk back to pre-2000 levels. 57 

Alarmingly, under all scenarios, the additional impact from climate change might largely 58 

surpass that of land-use change. In this case, the estimated number of species committed to 59 

extinction increases by 3.7-4.5 times compared to land-use-only projections. African regions 60 

(especially central and southern) are expected to suffer some of the highest impacts into the 61 

future, while biodiversity decline in Southeast Asia (which has previously been among the 62 

highest globally) is projected to slow down. Our results suggest that environmentally 63 

sustainable land-use planning alone might not be sufficient to prevent potentially dramatic 64 

biodiversity loss, unless a stabilisation of climate to pre-industrial times is observed. 65 
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Introduction 66 

Human impact on biodiversity has been pervasive since prehistoric times (De Vos, Joppa, 67 

Gittleman, Stephens, & Pimm, 2015). Human activities have caused the loss of thousands of 68 

vertebrate species, with hundreds of extinctions in the past 500 years alone (Ceballos, 69 

Ehrlich, & Dirzo, 2017; Johnson et al., 2017). Information on the prehistoric and historic 70 

decline of groups other than vertebrates is much more scattered, but those invertebrate and 71 

plant taxa for which current status has been assessed indicate a similar or higher level of 72 

endangerment to that of vertebrates (Dirzo et al., 2014; IUCN, 2018). Biodiversity loss is a 73 

challenge for sustainable development, because it affects the contribution and regulation of 74 

services on which humanity relies (Cardinale et al., 2012; Díaz et al., 2018; Mace, 2014). 75 

Yet, alarmingly, the current rate of biodiversity loss is higher than that recorded in the past 76 

and is predicted to further accelerate in the near future (Johnson et al., 2017). This is 77 

associated with emerging threats such as climate change (Scheffers et al., 2016), coupled with 78 

the intensification of threats which are already operating at unsustainable levels, such as 79 

habitat loss and the overexploitation of natural resources (Di Marco, Venter, Possingham, & 80 

Watson, 2018; Maxwell, Fuller, Brooks, & Watson, 2016). 81 

In response to accelerating rates of global biodiversity loss nations have committed to 82 

ambitious conservation targets (Butchart et al., 2010; Di Marco, Watson, Venter, & 83 

Possingham, 2016; Tittensor et al., 2014), both through dedicated agreements such as the 84 

Convention on Biological Diversity (CBD, 2010), and as part of a broader commitment to the 85 

UN 2030 Agenda for Sustainable Development (United Nations General Assembly, 2015). 86 

Halting global biodiversity decline requires conservation interventions to focus on those areas 87 

(and those taxa) that are threatened from human impact, hence anticipating where future 88 

impacts may occur is essential for preventing future declines (T. M. Brooks et al., 2006). 89 

Scenario analysis is a powerful way to explore the potential magnitude and location of future 90 
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biodiversity impacts from socio-economic development, and to help establish which policies 91 

and interventions may lead to unsustainable environmental outcomes (Harfoot et al., 2014; 92 

Lead et al., 2010; Rosa et al., 2017) However, forecasting biodiversity trends is a complex 93 

challenge which requires considering how a representative set of biodiversity indicators 94 

respond to a pre-defined set of scenarios. Recently, the Expert Group on Scenarios and 95 

Models of the Intergovernmental Science-Policy Platform on Biodiversity and Ecosystem 96 

Services (IPBES) carried out an intercomparison of biodiversity and ecosystem services 97 

models, using harmonized scenarios  of land-use and climate change (Hyejin Kim et al., 98 

2018). In this model intercomparison, a standardised set of land-use and climate change 99 

projections were used to project outcomes for a variety of biodiversity and ecosystem-service 100 

indicators. As part of this exercise, we performed a high-resolution (1 km), multi-extent 101 

(local to global) analysis of the expected changes in plant biodiversity persistence through 102 

space and time, using an innovative approach based on compositional turnover modelling 103 

(Hoskins et al., 2019). 104 

 Our approach shares a feature with other approaches (e.g. Pereira & Daily 2006) 105 

based on the species-area relationship (SAR), in that it translates a proportional loss of habitat 106 

into an expected loss of species. However, unlike other approaches which typically estimate 107 

habitat loss in relation to large discrete regions, our method views any given location (grid 108 

cell) as sitting within a continuum of spatial turnover in biological composition. The 109 

proportional loss of habitat for species originally associated with a given grid cell is therefore 110 

estimated as a function of the habitat condition in all other cells predicted to be “ecologically 111 

similar” to it (Allnutt et al., 2008; Ferrier, Manion, Elith, & Richardson, 2007; Ferrier et al., 112 

2004).  113 

 There are inherent differences between our approach and species-level approaches, 114 

where the change in distribution of individual species is estimated in response to changing 115 
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environmental conditions (Visconti et al., 2016). Under those approaches, a smaller number 116 

of species is considered – those for which global distribution ranges are available, typically 117 

vertebrates (Di Marco et al., 2017) –  and the risk of extinction is estimated individually for 118 

each of these species. However there are also similarities with our method, as both types of 119 

approaches are able to estimate global extinction risk from the change in γ-diversity, and both 120 

are capable of accounting for the combined effect that land-use change and climate change 121 

exert on biodiversity.  122 

Land-use change and climate change are the two major drivers of terrestrial 123 

biodiversity loss which operate in response to socio-economic development (Pereira et al., 124 

2010; Visconti et al., 2016; Newbold 2018). Considering the combined effect of these two 125 

drivers is essential to estimating biodiversity trends, as looking only at one or the other might 126 

lead to substantial underestimations of biodiversity decline (Titeux et al., 2016). In particular, 127 

climate change is expected to exacerbate the impact that land-use change has on biodiversity 128 

by reducing the availability of areas with suitable climatic conditions for species, among 129 

those not yet converted to human uses (Mantyka-Pringle et al., 2015; Mantyka-Pringle, 130 

Martin, & Rhodes, 2012). However, the correspondence between levels of land-use change 131 

and levels of climate change can be complex, as a given socio-economic pathway might be 132 

associated with multiple land-use configurations, each associated to different emission levels. 133 

Following Kim et al. (2018), we adopted a pre-defined set of land-use and climate change 134 

scenarios, by associating land-use projections from the shared socio-economic pathways 135 

(SSPs; O’Neill et al. 2014, 2017) with climate change projections from the representative 136 

concentration pathways (RCPs; van Vuuren et al. 2011a). Three SSP-RCP scenarios were 137 

evaluated (see Methods for further details): SSP1-RCP2.6 ‘Sustainability’, where 138 

environmentally sustainable development leads to limited greenhouse gas emissions; SSP3-139 

RCP6.0 ‘Regional rivalry’, with global deterioration in environmental conditions (i.e. habitat 140 
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degradation) and increased emissions; SSP5-RCP8.5 ‘Fossil-fuelled development’, where 141 

high-tech development leads to limited environmental impacts locally but high emissions 142 

globally. 143 

Our goal is to provide fine-resolution estimates of global change in the proportion of 144 

vascular-plant species expected to persist over the long term. We focus our analyses on 145 

vascular plants because this group sustains life on Earth more than any other biological 146 

group, representing the largest part (~80%) of terrestrial biomass (Bar-On, Phillips, & Milo, 147 

2018), and because of the ready availability of location records for ~70% of the estimated 148 

plant species in the world. We report trends in the expected long-term persistence of vascular 149 

plant biodiversity over the course of 170 years, from 1900 to 2070, assessing the impact of 150 

past land-use change, and that projected from three future scenarios of socio-economic 151 

development. We also assess how the impact of land-use change on biodiversity might be 152 

exacerbated by climate change in each scenario. We report the temporal trends in local, 153 

regional, and global proportions of plant species expected to persist in the long term, and 154 

estimate the associated number of species committed to extinction (i.e. those expected to 155 

disappear from their entire range in the long term). The main interest of our results lies in the 156 

comparison of species persistence predicted under alternative socio-economic scenarios, 157 

more than the absolute value of any individual scenario. Given the consistent application of 158 

our methodology, any level of uncertainty associated with our estimates (see Methods) is 159 

likely to operate in the same way across all scenarios, allowing for a direct comparison of 160 

estimates obtained under different land-use and climate change projections. 161 

 162 

 163 

 164 

Materials and Methods 165 
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 166 

Modelling compositional turnover in vascular plant communities  167 

We combined models of the spatial turnover in species composition of vascular plant 168 

communities with estimates of habitats condition to generate projections of plant biodiversity 169 

persistence under scenarios of land-use and climate change (Fig. 1). 170 

 171 

Fig. 1 Conceptual framework of the methodology adopted to generate global-scale scenarios 172 
of the persistence of vascular plant biodiversity. Once the ecologically scaled environments 173 
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and the habitat condition surface are generated (a), they are used to estimate plant persistence 174 
under scenarios of land-use change (b), or scenarios of land-use and climate change (c). 175 
 176 

 Underpinning our analyses are global models of compositional turnover in vascular 177 

plant communities. These models were developed using generalised dissimilarity modelling 178 

(GDM), a statistical technique for predicting the dissimilarity in species composition between 179 

pairs of sites as a function of environmental differences between, and spatial separation of, 180 

those sites (Ferrier et al., 2007, 2004). GDM effectively scales the relationship between 181 

spatial turnover in community composition and environmental gradients to generate 182 

“ecologically scaled environments”, thereby providing continuous predictions of β-diversity 183 

patterns across the modelling domain. This prediction of ecological similarity is based on 184 

fine-scaled modelling of spatial turnover in community composition (we employed a spatial 185 

resolution of 30 arc-seconds globally, ~1 km2 at the equator). Our approach allows us to 186 

factor the fine-scaled patterns in β-diversity into the prediction of changes in the total species 187 

diversity (i.e. γ-diversity) of any spatial region of interest (be it a country, a continent, or the 188 

globe). Because these β-diversity patterns are modelled as a function of abiotic environmental 189 

predictors, including climate, our approach can also account for the effects of climate change 190 

in projecting potential biodiversity impacts of alternative scenarios of socio-economic 191 

development. 192 

In the current study, we used a specially modified form of GDM, as implemented in 193 

the Biogeographic Infrastructure for Large-scaled Biodiversity Indicators (BILBI; Hoskins et 194 

al., 2019). This approach corrects for biases introduced into predictions when models are 195 

fitted to incomplete survey inventories. This is achieved by replacing the response variable 196 

normally employed in GDM fitting (i.e. compositional dissimilarity) with the probability that 197 

a pair of species records drawn randomly from two sites represent two different species rather 198 

than the same species. This modelled probability is then back-transformed to the common 0-1 199 
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measure of dissimilarity in ecological communities (similar to the Sørensen index) for 200 

prediction and analysis. In doing so, incompleteness in survey inventories is less likely to 201 

yield inflated estimates of turnover (see below), which is often a risk when modelling 202 

compositional dissimilarities.  203 

A total of >52 million records of 254,145 plant species, derived from the Global 204 

Biodiversity Information Facility (GBIF; https://www.gbif.org), were used to fit GDM 205 

models (see Hoskins et al., 2019 for full details of model fitting). This is equivalent to ~70% 206 

of the estimated number of extant vascular plant species in the world (Chapman, 2009). 207 

While GBIF data present inherent limitations, especially in terms of the variation in sampling 208 

intensity for different parts of the globe, the innovative type of GDM modelling employed in 209 

our study reduces the bias determined by incomplete sampling (Hoskins et al., 2019; Ware et 210 

al., 2018). In fact, comparing “observation pairs” (as opposed to site pairs) in the BILBI 211 

modelling infrastructure ensured that variation in sampling intensity was effectively 212 

accounted for during model fitting, because the probability that two observations in two sites 213 

refer to the same species is independent of the number of other species observed (Hoskins et 214 

al., 2019). Furthermore, by focusing on modelling spatial patterns in a collective property of 215 

biodiversity – i.e. compositional turnover – rather than modelling distributions of individual 216 

species, the BILBI infrastructure is expected to achieve relatively robust extrapolation of 217 

patterns across poorly-sampled regions, even where the particular species occurring in these 218 

regions are unknown or unrecorded. 219 

 220 

Generating habitat condition surfaces from land use 221 

We generated global maps of habitat condition by multiplying spatially continuous estimates 222 

of land-use coverage with coefficients representing the proportional species richness expected 223 

to be retained in each land-use class, relative to the richness under a pristine environment 224 
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(Fig. 1). We used version 2 of the land-use harmonisation dataset (LUH2; Hurtt et al. 2016), 225 

which reports the proportional coverage of 12 land-use classes within each 15 minute grid 226 

cell of the globe (approximately 25 km at the equator). In order to derive a continuous surface 227 

matching the fine-scale resolution at which we fit models of compositional turnover, we 228 

downscaled the present-day (year 2015) LUH2 surface to 30 arc-seconds, following the 229 

approach employed by Hoskins et al. (2016) to downscale the previous version of that dataset 230 

(LUH1). 231 

The downscaling approach uses a combination of Generalised Additive Models 232 

(GAMs) and constrained optimisation to derive fine-grained estimates of spatial data from 233 

regularly gridded coarse-grained information. The results are the estimated proportions of the 234 

12 land-use classes in the LUH2 dataset within each fine-grained grid cell, where all classes 235 

are balanced so that their sum equals 1. The method we used to downscaled the 12 land-use 236 

classes in LUH2 follows that described in Hoskins et al. (2016), with three main differences. 237 

Firstly, in each iteration of the analysis, an initial GAM was fitted to only time-varying 238 

predictors while the remaining static variables were fitted in a subsequent GAM, for which 239 

the effects of the time-varying predictors were fixed as a model offset; this approach 240 

maximises the influence of time-varying predictors in the models. Secondly, compared to 241 

predictors used in Hoskins et al. (2016), we used an updated set of remote sensing input 242 

variables, in particular the MODIS vegetation continuous fields data for the year 2015 243 

(DiMiceli et al., 2011), and the 2014 gridded population (European Commission & Columbia 244 

University, 2015) and 2015 urban extent (Pesaresi et al., 2015) data from the global human 245 

settlement dataset. Finally, to tackle the computational complexity resulting from an 246 

increased number of land-use classes in the LUH2 dataset (n=12) compared to LUH1 (n=5), 247 

the optimisation was carried out in a hierarchical manner (Fig. S1). Initially, five aggregated 248 

land-uses were created from the GAM predictions: cropping, forest, non-forest, grazing and 249 
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urban. Subsequently, each land-use group underwent one or two sequential optimisations, to 250 

arrive at the final 12 downscaled classes. 251 

 Once the present-day land-use classes were downscaled, we created a map of habitat 252 

condition; this was achieved by multiplying, for each grid cell, the percentage coverage of 253 

each land-use class by a coefficient representing the proportional species richness expected to 254 

be retained in that class within the forested or non-forested areas classified in LUH2 (Table 255 

S1). This is the same approach reported in Kim et al. (2018), following previous works (Hill 256 

et al., 2018; Newbold et al., 2016) based on the PREDICTS database (Hudson et al., 2017). 257 

Past (starting from 1900) and future (up to 2070) trends in habitat condition were generated 258 

by multiplying the present-day downscaled habitat condition surface by the projected 259 

(backcast or forecast) change in coarse-grained (15 arc-minutes) habitat condition values. 260 

This was necessary given the lack of suitable remote-sensing predictors to downscale land-261 

use classes for the entire study period. The assumption in this case is that each 30 second 262 

pixel within a 15 minutes cell has undergone the same proportional change in habitat 263 

condition through time. While this information is less refined than the present-day estimate of 264 

habitat condition, it is expected to have limited impact on the regional and global trends 265 

reported in our results (see next section), given these trends derive from an aggregation 266 

performed across several million grid cells. In those cases where the habitat condition of a 30 267 

second pixel was projected to exceed the maximum value of 1 (i.e. intact landscape), the 268 

excess value was reallocated to other pixels within the same 15 minutes cell. The final results 269 

are past and future projections of habitat condition values at a resolution of 30 arc-seconds. 270 

This approach assumes that differences in condition from land-use change over time (at a 271 

single location) are of a similar magnitude to differences observed between land uses at a 272 

single point in time (across different locations), as assessed by the PREDICTS model (Hill et 273 

al., 2018; Newbold et al., 2016). 274 
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   275 

Projecting biodiversity persistence under land-use and climate change 276 

The fitted GDMs were used to estimate the proportional retention of vascular plant species, 277 

as a function of changes in land use and climate (Fig. 1), employing the SAR-based approach 278 

described by Allnutt et al. (2008). This approach scales the availability of remaining habitat 279 

across all grid cells with a similar ecological environment to a given cell of interest, relative 280 

to the area of this environment which would be present in an intact landscape. Calculations 281 

were undertaken using the global biodiversity modelling infrastructure BILBI (Hoskins et al., 282 

2019), with separate models run for each biome-realm combination of the globe (Olson et al., 283 

2001) with the exclusion of Antarctica. There are two types of sampling employed in this 284 

study. For each biome within a biogeographic realm, model predictions covering the whole 285 

realm were used to make comparisons between a systematic sample of 4% of grid cells (i.e. 286 

one pixel sampled for every 5 by 5 km area) to an evenly stratified 1% sample of all cells in 287 

the realm, allowing for species ranges to cross the biome boundary in order to estimate 288 

similarity beyond the biome boundaries. This strategy was adopted to make the analysis 289 

computationally tractable while maintaining adequate representativeness of the dissimilarity 290 

estimates, given the total number of possible pairwise comparisons for >220*106 grid cells at 291 

a resolution of 30 arc-seconds. The same sample points were used for all calculations, to 292 

ensure consistency in the derivation of biodiversity trends. 293 

The denominator for all analyses was calculated as the potential area of similar 294 

ecological environments remaining relative to a given cell i, under the present climate and 295 

assuming an intact landscape (i.e. the habitat condition hj of all cells j is assumed to equal 1): 296 

 297 

𝐴௜್ೌೞ೐೗೔೙೐

 = ෍ 𝑠௜೛ೝ೐ೞ೐೙೟௝೛ೝ೐ೞ೐೙೟

 
௝ୀ௡

௝ୀଵ
   [1], 298 

 299 
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where 𝐴௜್ೌೞ೐೗೔೙೐  

 is the potential area of similar ecological environments to cell i, calculated as 300 

the summed pairwise similarity (sij) to all other cells j. Within the present climate, the actual 301 

area of similar ecological environments (𝐴௜೟೐ೞ೟  

 ) is then measured in relation to the habitat 302 

condition observed under a given scenario (ℎ௝ೞ೎೐೙

 ): 303 

 304 

𝐴௜೟೐ೞ೟

 = ෍ 𝑠௜೛ೝ೐ೞ೐೙೟௝೛ೝ೐ೞ೐೙೟

  ℎ௝ೞ೎೐೙

 
௝ୀ௡

௝ୀଵ
  [2]. 305 

 306 

Following Allnutt et al. (2008), we used the SAR formulation (taking the widely-used power 307 

of 0.25) to translate the fraction 𝐴௜೟೐ೞ೟

 /𝐴௜್ೌೞ೐೗೔೙೐

  into the proportion of species expected to 308 

persist in the long term under the scenario (𝑝௝ೞ೎೐೙

 ): 309 

 310 

𝑝௜೟೐ೞ೟

 = ቎
෍ ௦೔೛ೝ೐ೞ೐೙೟ೕ೛ೝ೐ೞ೐೙೟

 ௛ೕೞ೎೐೙
 

ೕస೙

ೕసభ

෍ ௦೔೛ೝ೐ೞ೐೙೟ೕ೛ೝ೐ೞ೐೙೟
 

ೕస೙

ೕసభ

቏

଴.ଶହ

  [3]. 311 

 312 

This formulation was then modified to consider the effects of changing climate, by replacing 313 

the compositional similarity sij employed in the numerator to be that predicted between cell i 314 

under present climatic conditions and cell j under the future climate scenario of interest: 315 

 316 

𝑝௜೟೐ೞ೟

 = ቎
෍ ௦೔೛ೝ೐ೞ೐೙೟ೕ೑ೠ೟ೠೝ೐

 ௛ೕೞ೎೐೙
 

ೕస೙

ೕసభ

෍ ௦೔೛ೝ೐ೞ೐೙೟ೕ೛ೝ೐ೞ೐೙೟
 

ೕస೙

ೕసభ

቏

଴.ଶହ

  [4]. 317 

 318 

This calculation assumes that a space-for-time substitution is appropriate, i.e. the spatial 319 

variation in species composition observed under current climate can be used to predict 320 



15 
 

variation in composition through time under changing climate. Blois et al. (2013) 321 

demonstrated that such an assumption is reasonable when modelling compositional similarity 322 

of plant communities, with 72% accuracy in the space-for-time predictions compared to time-323 

for-time predictions (validated on Late Quaternary pollen records). Fitzpatrick et al. (2011) 324 

also showed that GDMs present an advantage over species distribution models, when 325 

projecting the impact of climate change under non-analogue climate conditions. In practice, 326 

the projected turnover of species from this comparison will be limited by dispersal in and out 327 

of the area, and will be affected by local adaptation. 328 

 The proportion of species originally associated with a specified region of interest (e.g. 329 

Central Africa) and expected to persist over the long term can finally be calculated as a 330 

weighted geometric mean of the values for all individual cells in that region (Allnutt et al., 331 

2008; Ferrier et al., 2004): 332 

 333 

𝑝௥௘௚௜௢௡ = exp ൬
∑ ௪೔ ୪୬(௣೔)

೘
೔సభ

∑ ௪೔
೘
೔సభ

൰    [5], 334 

 335 

where m is the total number of cells in the region of interest, and the weights employed are: 336 

 337 

𝑤௜ =
ଵ

∑ ௦೔೛ೝ೐ೞ೐೙೟ೕ೛ೝ೐ೞ೐೙೟
೙
ೕసభ

  [6], 338 

where n is total number of grid cells. This composite index was derived as a geometric mean, 339 

rather than an arithmetic mean, in keeping with recommendations (Buckland, Studeny, 340 

Magurran, Illian, & Newson, 2011) regarding the appropriateness of this approach when 341 

aggregating relative, or proportional, measures of change across multiple elements of 342 

biodiversity.  343 
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It is important to clarify that this method, as for any other SAR-based approach 344 

(Chaudhary & Mooers, 2018; Pereira & Daily, 2006), does not estimate the proportion of 345 

species that will go extinct within a specified time frame. Rather, the approach estimates the 346 

proportion of species which are expected to persist or become extinct over the long term, as a 347 

consequence of the climate and land-use conditions observed or predicted at a specified time 348 

point. For example, an estimate of 95% species persistence in year 2050 means that 5% of the 349 

species originally found in the region are ‘committed to extinction’ over the longer term (i.e. 350 

beyond 2050), given the environmental conditions predicted for 2050. A number of empirical 351 

evaluations of the ability of SAR-based approaches to predict long-term extinction levels 352 

have yielded promising results (Thomas M. Brooks et al., 2002; Pimm & Askins, 1995), even 353 

if further work is needed to develop a better understanding of the rate at which such 354 

extinctions manifest across different biological groups and environments.  355 

 356 

Defining scenarios of land-use and climate change 357 

Under the IPBES model intercomparison exercise, different integrated assessment models 358 

(IAMs) have been applied to derive a quantitative representation of the land use trends 359 

represented by each SSP storylines, as described in Popp et al. (2017). Each IAM contains a 360 

land-use module that parametrises biogeo-chemical, biophysical, and socio-economic 361 

processes and allocates amounts of land uses to each individual 0.25 degrees grid cell. The 362 

quantitative land-use projections from each of the IAMs were then harmonized using the 363 

LUH2 methodology, as part of a Land Use Model Intercomparison Project (Lawrence et al., 364 

2016), resulting in a consistent set of land-use classes in each grid cell, across scenarios and 365 

through time. 366 

 Following Kim et al. (2018), we focussed our scenario analyses on three SSP 367 

storylines: SSP1 ‘Sustainability’, SSP3 ‘Regional rivalry’, and SSP5 ‘Fossil-fueled 368 
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development’. These alternative scenarios are associated with different degrees of projected 369 

environmental pressure (O’Neill et al., 2017): scenario SSP1 projects a global improvement 370 

in environmental conditions, due to less resource-intensive lifestyles and more resource-371 

efficient technologies (van Vuuren et al., 2017); scenario SSP3 projects a global deterioration 372 

in environmental conditions, due to a regionalised focus on energy and food production, the 373 

lack of international cooperation, and the intensification of materials consumption (Fujimori 374 

et al., 2017); scenario SSP5 depicts a high technological pathway to sustainable development, 375 

with resource-demanding lifestyles supported by high exploitation of fossil fuel resources at 376 

the expenses of global greenhouse-gas emissions, while local-scale environmental impacts 377 

are mitigated by technological solutions (Kriegler et al., 2017). 378 

Each of the selected scenarios can be associated with varying degrees of global 379 

climate change. We adopted the following land-use and climate change associations: SSP1-380 

RCP2.6 (lowest climatic impact), SSP3-RCP6.0 (intermediate climatic impact), SSP5-381 

RCP8.5 (highest climatic impact). We first evaluated the trend in biodiversity persistence 382 

associated with land-use change for the period 1900-2070. We then evaluated the potential 383 

additional impact of climate change, by considering biodiversity persistence under RCP-384 

derived climate scenarios associated with the land-use scenarios for the year 2050. While the 385 

land-use-only scenarios can be considered ‘optimistic’ from a climatic adaptation 386 

perspective, with plant communities expected to respond to changes in land use but not 387 

climate (i.e. high climatic resilience), the land-use and climate change scenarios can be 388 

considered ‘pessimistic’, with plant communities considered unable to locally adapt to 389 

changing climatic conditions (i.e. low climatic resilience). Importantly, while the impact of 390 

land-use change is considered from the past to the future, the impact of climate change is 391 

considered only for the future. The inherent difficulty in measuring the impact of past climate 392 

change is the lack of data at a sufficiently resolved temporal resolution for the period 1900-393 
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2015. In fact, while LUH2 land-use data are available on a yearly basis in the past and the 394 

future, Worldclim climatic data (used for the models intercomparison) are provided as 395 

average conditions registered (or predicted) during 2-3 decades in the present or the future. 396 

We thus associated the ‘current’ Worldclim dataset (representing the period 1960 to 1990) to 397 

the ‘present’ year from LUH2 (i.e. 2015), and the 2050 Worldclim dataset (representing the 398 

period 2040-2060) to the year 2050 in LUH2. 399 

 We report the past-to-future change in the persistence of plant communities relative to 400 

a baseline of continuous native vegetation, as the proportion of originally present species 401 

expected to persist in the long term anywhere within their distribution range. In addition to 402 

the SSP-RCP scenarios of future persistence, we also report a spline interpolation of past 403 

trends into the future (for comparison). Following the SAR-based approach described above, 404 

we aggregate the grid cell results to report both global-scale and regional-scale trends in 405 

vascular plant persistence over time. At the global scale, we also report the absolute number 406 

of species committed to extinction at any time point, by combining the proportion of species 407 

expected to disappear (i.e. 1- Pregion, from Eq. 5) with an estimate of the global number of 408 

extant vascular plant species (n= 368,050; Chapman 2009). We applied the same global 409 

estimate of plant species number across all assessed years, to make the results comparable 410 

trough time, using present-day estimate of plant species numbers. As already mentioned, our 411 

approach estimates the proportion of species expected to go extinct over the long term as a 412 

consequence of the conditions observed at a given time point, and this interpretation also 413 

applies to the estimate of the absolute number of species committed to extinction.  414 

 415 

 416 

 417 
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Results 418 

The estimated proportion of vascular plant species expected to persist over the long term has 419 

declined globally in the past century, from 97.27% in 1900 to 95.69% in 2015. This 420 

represents an increase in the number of projected species extinctions from 10,022 to 15,873 421 

over the course of the 20th century. Plant communities that suffered the highest reduction in 422 

persistence are found in tropical and subtropical areas (Fig. 2, Fig. S2), including Brazil, Sub-423 

Saharan Africa, Central and Southeast Asia. Communities found at high latitudes, those in the 424 

Amazon, those around the Tibetan plateau, and those in central Australia have the highest 425 

proportion of species expected to persist in the long term. Communities found in Europe have 426 

suffered from low persistence values since the beginning of the study period. Significant 427 

recent declines (post-1990) have occurred in Africa, on the Guinean coast, and in Southeast 428 

Asia. 429 

 430 

Fig. 2 Past impact of land-use change on the persistence of vascular plant biodiversity, from 431 
1900 to present day. Maps represent the proportion of species originally associated with a 432 
given grid cell that are expected to persist anywhere within their range (over the long term). 433 
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Inset maps for Southeast Asia are represented at the bottom-right of the figure. The colour 434 
legend is the same for all panels. 435 

 436 

The rate of biodiversity decline observed in the past is projected to slow into the 437 

future under scenario SSP1 of sustainability, when accounting only for the impact of land-use 438 

change (Fig. 3, Fig. S3). Under this scenario, biodiversity persistence is expected to remain 439 

stable in most of Africa, Central and Southeast Asia, and South America, and to increase in 440 

Europe, Central America, and North America. The situation is inverted when looking at 441 

scenario SSP3 of regional rivalry, where the declining trend in species persistence is 442 

projected to continue globally. Under this scenario, plant biodiversity declines are expected to 443 

be especially high across Sub-Saharan Africa. Scenario SSP5 of fossil-fuelled development 444 

also shows continuing global declines, albeit not as dramatic as in scenario SSP3. Once again 445 

Sub-Saharan Africa exhibits the highest projected decline, but compared to SSP3 such 446 

decline is confined to the Central African region. 447 

 448 

Fig. 3 Future impact of land-use change on the persistence of plant biodiversity in year 2050, 449 
under (b) an environmentally sustainable scenario (SSP1), (c) a scenario with intensification 450 
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of natural resources use (SSP3), and (d) a scenario of high-tech fossil-fuelled development 451 
(SSP5). Present-day persistence is reported as a reference (a). Inset maps for Africa are 452 
represented at the bottom of the figure. The colour legend is the same for all panels. 453 
 454 

 When looking at the global trend in persistence of plant communities between 1900 455 

and 2070 (Fig. 4), the steepest decline was observed in the period 1930-1960 while declines 456 

slowed between 1990 and 2015. Scenario SSP1 shows improvements for the years 2050 and 457 

2070 compared to the present-day conditions, with a reduction in the number of species 458 

committed to extinction. The trend projected under scenario SSP5 exhibits a decline similar 459 

to what would be observed from a simple interpolation of past trends to year 2050; however, 460 

the trend improves during 2050-2070, with a higher persistence estimate to that expected 461 

from interpolation of past values. Scenario SSP3 has the most negative projections globally, 462 

which exceeds the decline projected under other SSP scenarios and also that interpolated 463 

from past trends. This scenario indicates an acceleration in global plant extinction rates 464 

compared to the current trajectory. Overall, the estimated number of species committed to 465 

extinction (which has increased by ~60% between 1900 and 2015) is projected to decrease to 466 

15,364 in 2070 under the most optimistic scenario SSP1 (i.e. 3% lower than in 2015). Instead, 467 

the number is projected to substantially increase under the most pessimistic scenario SSP3, 468 

with 17,680 species committed to extinction (+11.3% compared to 2015, +76% compared to 469 

1900). 470 
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 471 

Fig. 4 Trends in the global persistence of plant biodiversity in response to land-use change, 472 
over the course of 170 years (1900 to 2070). The plot reports the percentage of species 473 
expected to persist (left y-axis) and the number of projected species extinctions (right y-axis). 474 
Future projections, for years 2050 and 2070, represent three alternative scenarios of land-use 475 
change as described in the main text: environmental sustainability (SSP1), regional rivalry 476 
(SSP3), fossil-fuelled development (SSP5). An interpolation of past trends (dashed line) is 477 
also projected for comparison. 478 
 479 

 The estimates of regionally aggregated persistence values exhibit contrasting patterns 480 

between the past and the future (Fig. 5). All African regions show continuing decline under 481 

the most intensive scenarios, SSP3 and SSP5, with Central Africa showing the most alarming 482 

future projections, which exceed the rate of past biodiversity decline. All scenarios show 483 

improving trends of species persistence in Central and South America. North America shows 484 

a stable trend under scenario SSP5 and a declining trend under scenario SSP3, which 485 

contrasts with the expectation of improved biodiversity trends both under scenario SSP1 and 486 

under an interpolation of past trends. Central and South East Asia show optimistic 487 

projections, relative to the declining rates observed in the past. North-East Asia and Eastern 488 

Europe are the only two regions where scenario SSP5 shows a higher projected decline than 489 

scenario SSP3, with a steeper decline than that expected from interpolation of past values; in 490 

all other regions, scenario SSP3 is associated with the highest projected decline. Scenario 491 

SSP1 almost invariably shows the most optimistic biodiversity projections, and an 492 
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improvement in biodiversity persistence, both in relation to the present-day estimates and in 493 

relation to past trends, with the only regional exception being Eastern Europe. Some regions 494 

show stable or positive trends even under the most pessimistic scenario of land use (SSP3): 495 

Caribbean, North-East Asia, Central and Western Europe, Eastern Europe, and Central Asia. 496 

In all these regions, an overall increase in the coverage of natural vegetation is projected to 497 

occur at the expenses of non-natural land uses. 498 

 499 
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Fig. 5 Trends in the regional persistence of plant biodiversity in response to land-use change, 500 
over the course of 170 years (1900 to 2070). The plot reports the percentage of species 501 
expected to persist in each region. Future projections, for years 2050 and 2070, represent 502 
three alternative scenarios of land-use change as described in the main text: environmental 503 
sustainability (SSP1), regional rivalry (SSP3), fossil-fuelled development (SSP5). An 504 
interpolation of past trends (dashed line) is also projected for comparison. Note that the scale 505 
of y-axis is different between plots (to improve readability and to highlight intra-regional 506 
differences between scenarios).  507 
 508 

 Climate change has the potential to dramatically exacerbate the impact of land-use 509 

change on global biodiversity persistence (Fig. 6), in the absence of climatic adaptation. We 510 

found a much higher decline in future biodiversity persistence under all scenarios, when the 511 

impact of climate change was combined with that of land-use change. In these cases, scenario 512 

SSP5-RCP8.5 of fossil fuel development, which is associated with the highest level of 513 

greenhouse-gas emissions, caused the steepest decline in projected species persistence, 514 

surpassing both scenario SSP3-RCP6.0 (intermediate emissions) and SSP1-RCP2.6 (low 515 

emissions). The number of projected species extinctions under these climatic projections is 516 

between 57,308 (under SSP1-RCP2.6) and 75,961 (under SSP5-RCP8.5), which is 3.7-4.5 517 

times higher than the number of extinctions predicted under land-use change alone. While 518 

these results represent a low-resilience case, where plant communities are considered unable 519 

to locally adapt to new climatic conditions, they point to the potentially magnifying impact 520 

that climate change has on plant extinction risk globally.  521 
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 522 

Fig. 6 Trends in the global persistence of plant biodiversity in response to land-use and 523 
climate change. The plot reports the percentage of species expected to persist (left y-axis) and 524 
the number of projected species extinctions (right y-axis). Future projections represent two 525 
versions of the three socio-economic scenarios described in Fig. 4, one version accounts only 526 
for the impact of land-use change on biodiversity (solid coloured lines), while the other 527 
version also accounts for the impact of climate change (dashed coloured lines). The inset 528 
reports a larger plot of future trends under land-use only scenarios. 529 
 530 

The effect of climate change is expected to be ubiquitous, with impacts across all 531 

regions (Fig. 7). Even regions where land-use change is not expected to generate further loss 532 

in biodiversity persistence, such as Western Asia and Europe, are predicted to experience 533 

biodiversity declines from the impact of climate change. Similar to the global results, 534 

scenario SSP5-RCP8.5 shows the highest drop in persistence for regional plant biodiversity. 535 

This confirms the contrasting patterns exhibited under scenario SSP5 in relation to SSP3, 536 

with or without considering climate change effects. When considering only the impact of 537 

land-use change, scenario SSP5 is associated with a slightly more optimistic biodiversity 538 

trend compared to scenario SSP3. However, when including the potential impact of climate 539 
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change, scenario SSP5-RCP8.5 is by far the worst for plant biodiversity, with an extra 11,454 540 

projected extinctions compared to SSP3-RCP6.0 in year 2050. Scenario SSP1-RCP2.6 541 

remains the most optimistic at a regional scale, confirming global results, with the exception 542 

of two Asian regions (North-East and South) where it showed similar biodiversity impacts to 543 

scenario SSP3-RCP6.0.  544 

 545 

 546 
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Fig. 7 Combined effect of land-use change and climate change on the persistence of vascular 547 
plant biodiversity within each IPBES region in year 2050. The bars report the estimated 548 
persistence of plant biodiversity in response to land-use change, and in response to the 549 
combination of land-use and clime change impact. In each plot the dark-grey bars report the 550 
persistence value in year 1900 (as a reference), while coloured bars report the persistence 551 
values under different scenarios. For each scenario, the persistence under land-use change is 552 
represented by the bright coloured part of the bar, while the persistence under climate and 553 
land-use change is reported by the dark coloured part of the bar. 554 
 555 

 556 

 557 

Discussion 558 

Our study shows that vascular plant biodiversity has undergone a global decline over the past 559 

century, with thousands of species potentially committed to extinction, and this decline will 560 

likely accelerate in the future unless both land-use change and climate change are minimised. 561 

Scenarios in which future socio-economic development relies on intensive use of resources 562 

are projected to lead to biodiversity loss at rates that are similar (SSP5) or worse (SSP3) than 563 

those observed over the past century. On the other hand, scenarios of sustainable 564 

development based on a green economy with reduced consumptions (SSP1) offer the 565 

potential to revert land-use-driven decline of plant biodiversity to pre-2000 levels if 566 

considered in isolation of climate change. This suggests that achieving socio-economic 567 

development goals and biodiversity conservation goals is possible, in principle, if further 568 

conversion of natural habitats is averted and if climate change is prevented. Alarmingly, 569 

however, the impact of climate change might largely surpass that of land-use change under 570 

all scenarios, suggesting substantial global declines in plant biodiversity. The risk is that 571 

climate change will become the predominant driver of biodiversity decline in coming years, 572 

with impacts that far exceed those observed from land-use-driven habitat loss over the past 573 

century. 574 
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 The synergistic effect that land-use and climate change exert on biodiversity can be 575 

dramatic (Mantyka-Pringle et al., 2015; Visconti et al., 2016). As such, the evaluation of 576 

environmental impacts from socio-economic development must account for both the local 577 

effects of land-use change and the global effects of climate change, or risk underestimating 578 

the response of biodiversity to one or both of these pressures (Titeux et al., 2016). Pursuing 579 

resource-intensive development, where local-scale impacts are mitigated through the use of 580 

technological solutions (as in SSP5; Kriegler et al., 2017), might be largely insufficient to 581 

avert plant biodiversity decline under rapid climate change (as in RCP8.5). Adopting 582 

technological innovation and societal change to reduce resources use and associated 583 

emissions, as in SSP1 (van Vuuren et al., 2017), leads to global improvement in habitat 584 

conditions and overall to the most optimistic biodiversity response. However this might be 585 

insufficient to prevent climate-driven biodiversity decline even under the lowest radiative 586 

forcing pathway (RCP 2.6), as this is still associated with an ~2 °C increase in global mean 587 

temperature by 2050 (van Vuuren, Stehfest, et al., 2011). While each SSP scenario can 588 

potentially result in different levels of climatic emission, the specific SSP-RCP associations 589 

selected as part of the model intercomparison exercise allowed us to represent a broad range 590 

of potential biodiversity impacts (HyeJin Kim et al., 2018). 591 

 Regional trends in plant species persistence tend to follow the global trend overall, but 592 

there are regions where land-use projections are more optimistic than elsewhere. Within 593 

several regions of Asia, especially South-East, the historically steep declines in biodiversity 594 

are expected to slow or even reverse. The unique biodiversity of this region has faced 595 

multiple significant threats in the recent past (Sodhi, Koh, Brook, & Ng, 2004), and future 596 

projections show that, with concerted effort under multiple possible scenarios, it is possible to 597 

reduce the biodiversity impact from land-use change (one of the major operating threats). In 598 

parallel, Central and Western Europe showed a recent improvement in plant biodiversity 599 
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persistence driven by land use, despite an overall global decline. This is related to the 600 

reduction in the extent of agricultural production (both crops and livestock) and the 601 

progressive abandonment of rural areas in the second half of the 20th century (Navarro & 602 

Pereira, 2012), which led to (passive and active) habitat restoration with broad benefits to 603 

biodiversity (Chapron et al., 2014). This positive regional trend is projected to further 604 

increase (SSP1) or at least stabilise (SSP3 and SSP5) in the future, in contrast to the global-605 

scale trend.  606 

 Other regions show an opposite condition, with future declines expected to exceed 607 

global-scale trends and largely surpass past declines. In particular, biodiversity declines are 608 

projected to accelerate in the central (SSP3 and SSP5) and southern (SSP3) part of Africa, 609 

which place these regions at the forefront of global risk for plant biodiversity. Some of the 610 

highest levels of forest plant endemism in Africa are found in the central part of the continent 611 

(Sosef et al., 2017), while the southern part has some of the highest concentrations of rare 612 

plant species in the world (Cowling & Hilton Taylor, 1994); both Central and Southern 613 

Africa have long been recognised as global biodiversity hotspots (Myers, Mittermeier, 614 

Mittermeier, da Fonseca, & Kent, 2000). Land-use change predicted in these regions, under 615 

resource-intensive development scenarios, could drive enormous losses for global plant 616 

biodiversity. Our estimates of the proportion of species expected to persist in the long term is 617 

independent of the total number of species living in a region. At a global scale we were able 618 

to associate such proportion to an absolute number of species, but this was not possible at a 619 

regional scale due to lack of regional richness estimates. Combining biome-level estimates of 620 

species richness with estimates of persistence probability (derived independently for each 621 

biome-realm) would probably further highlight biomes with high predicted biodiversity loss 622 

and high richness. 623 
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 Our approach is able to project the local and global risk of species loss for an entire 624 

group of species, reporting the expected change in total species numbers (γ-diversity). This 625 

offers the advantage of estimating not only the local impact of environmental change, but 626 

also how this affects the collective biodiversity of a region (and the globe). Our estimates of 627 

the impact of land-use change on plant biodiversity are in broad agreement with those for 628 

vertebrate biodiversity based on a different SAR-based approach (Chaudhary & Mooers, 629 

2018). In both cases, scenario SSP1 projects an improvement in biodiversity persistence to 630 

year 2050, compared to present day (i.e. a reduction in the number of species committed to 631 

extinction), while SSP3 and SSP5 show higher species decline in year 2050. Our results, 632 

however, suggest a much higher impact under climate and land-use change than under land-633 

use change alone. This is not surprising given the magnitude of the projected climatic change 634 

(between 2°C and 4°C increase in global mean temperature, depending on the scenario), 635 

relative to the magnitude of projected land-use change (up to 2% increase in global coverage 636 

of non-natural lands under the most pessimistic scenario). Again, this pattern is broadly in 637 

agreement with predictions of the change in local vertebrate species richness (Newbold, 638 

2018), where land-use-only predictions showed overall stable or improving future trends 639 

(under all but the most pessimistic scenario) while climate scenarios showed steep declines.  640 

 SAR-based estimates of extinction risk typically assume that habitat loss is distributed 641 

randomly relative to the distribution of species in a region, which is often not the case. Our 642 

approach, based on compositional dissimilarity and local habitat conditions, overcomes this 643 

issue allowing extinction to be estimated as a function of the spatial location of habitat loss. 644 

Our estimates however rely heavily on model-based prediction and inference (Ferrier et al., 645 

2007; Hoskins et al., 2019), in order to deal with the largely incomplete information on the 646 

global distribution of vascular plant species. Some important caveats therefore apply to the 647 

interpretation of our results. First, all our results refer to long-term probability of species 648 
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persistence and extinction, and we are unable to predict precisely how long it will take for 649 

these impacts to be realised (i.e. for species to disappear). Second, our estimates of climate 650 

change impact imply plant communities do not adapt to changing local conditions. This 651 

caveat applies to biodiversity models in general (not just those based on compositional 652 

dissimilarity), because bioclimatic envelopes are fit to present-day climate conditions where 653 

species are found, even if these conditions are typically a subset of those that can be tolerated 654 

by the species (Bush et al., 2018). As described in the Methods, a conservative interpretation 655 

of our results is that land-use only scenarios assume plant communities to have high local 656 

resilience to changing climate, while land-use and climate scenarios assume low resilience. 657 

 GDM models were shown to have high concordance with actual patterns of spatial 658 

variation in biological composition in Australia (Ware et al., 2018), reinforcing the test done 659 

by Elith et al. (2006), on six study regions, demonstrating that GDM-based modelling 660 

achieved similar predictive performance to MaxEnt (and higher than most other tested 661 

techniques). GDMs were also shown to produce reliable estimates of the effect of climate 662 

change on North American biodiversity (Blois et al., 2013), allowing to project compositional 663 

turnover in novel climates (Fitzpatrick et al., 2011). Yet further work (based on independent 664 

datasets) is needed to refine and validate global-scale GDM projections, to complement 665 

existing regional tests like the ones described above. Future priorities for the improvement of 666 

SAR-based approaches built on compositional turnover modelling include higher ecological 667 

accuracy in the predictions of climate change impact on biological communities, estimating 668 

species persistence in a way that accounts for the potential of local-scale adaptation. 669 

Additionally, our estimates of biodiversity persistence rely on methods and data to predict the 670 

local biodiversity effect of habitat conditions, and updated estimates of persistence will be 671 

possible as new and more refined data become available. These uncertainties affect our 672 
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absolute estimates of extinction risk levels, but factors leading to them operate in the same 673 

way across all scenarios, which makes our projections comparable with each other.   674 

 Anticipating future biodiversity trends under alternative scenarios of socio-economic 675 

development, in the context of past trends, is necessary to inform global environmental 676 

policy. Despite inherent uncertainty in global-scale scenario modelling, our analysis suggests 677 

tens of thousands of plant species might be lost due to global change driven by socio-678 

economic development. Crucially, our analysis underscores the need to jointly consider the 679 

effects of land-use and climate change in identifying biodiversity impacts. Reconciling 680 

biodiversity conservation goals and socio-economic development goals might be possible 681 

(United Nations General Assembly, 2015), but this will require that further conversion of 682 

natural habitats is prevented and climate conditions are stabilised to pre-industrial levels. 683 

  684 
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