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Abstract 34 

Biodiversity forecasts almost universally assume that species are in equilibrium with 35 

contemporary environmental conditions. The consequences of this assumption are 36 

rarely tested, yet it may systematically bias inference and prediction whenever past 37 

natural or anthropogenic disturbances leave legacy effects keeping biodiversity in 38 

disequilibrium. Here we test how accounting for such legacy effects alters estimated 39 

species’ niches, and projected biodiversity trends, using a general framework 40 

quantifying species niche under disequilibrium dynamics. 41 

Using a hypervolume-based approach, we quantified the realised niche of 84 42 

European forest breeding birds and compared two niche models: one equilibrium 43 

model using only forest cover and climatic conditions that are contemporary to bird 44 

species distribution data vs. one disequilibrium model that also incorporates past 45 

trajectories of change in forest cover and climate. We then projected the future 46 

distribution of all bird species across Europe (under two coupled climate and land‑use 47 

scenarios) by using stacked range maps to derive the α, β, and γ components of 48 

taxonomic, functional, and phylogenetic diversity, towards the end of the 21st century. 49 

Accounting for past environmental trajectories to quantify ‘the disequilibrium niche’, we 50 

revealed a dramatically expanded realized niche space (by a factor of 8.1), indicating 51 

a substantial niche truncation by equilibrium-based models. Despite broadly consistent 52 

average temporal trends in projected bird diversity under equilibrium and disequilibrium 53 

assumptions, this apparent agreement masks pronounced and increasingly divergent 54 

regional differences which are projected to increase towards the end of the 21st 55 

century. 56 

Our study shows how violations of the equilibrium assumption can reshape biodiversity 57 
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projections. Unveiling the hidden legacy of past forest cover and climate on the current 58 

distribution of forest breeding birds allowed us to provide the first spatially explicit 59 

projections of how future biodiversity disequilibria may increase under accelerating 60 

climate and land-use change. This calls for including disequilibrium dynamics in 61 

biodiversity forecasting. 62 

 63 

Introduction 64 

Projecting future biodiversity trends plays a key role in biodiversity assessments aiming 65 

to provide robust evidence on the impact of human activities on biodiversity from up-66 

to-date ecological models (IPBES, 2019). Future projections of species distributions 67 

mostly rely on Hutchinson's conception of the realized niche, which is the 68 

environmental space within which a species can survive and reproduce (Pulliam 2000; 69 

Guisan & Thuiller, 2005). This environmental and multidimensional space can be 70 

illustrated and measured by a hypervolume that encapsulates all the environmental 71 

conditions where the focal species occurs within the geographical space (Blonder, 72 

2018). Occurrence data also reflect dispersal limitations, habitat availability and 73 

accessibility, species interactions, as well as lagging dynamics that are intrinsically 74 

linked with environmental conditions in defining a species’ realized niche (Webber et 75 

al., 2023). Recently, Chevalier et al. (2024) proposed that a substantial proportion of 76 

marine and terrestrial species might be partly pre-adapted to future climatic non-77 

analogues, given similar climatic conditions they experienced in the past. They 78 

introduced the idea of the “ghost of past ecological niches” to suggest that current 79 

environmental conditions represent a truncated view of current species’ realized niche, 80 

which is also determined by past environmental conditions (Lalechère et al. 2025a, 81 
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2025b). However, this hidden component of the niche hypervolume has yet to be 82 

revealed and incorporated into biodiversity forecasts. 83 

Going back into the past to explore current species’ realized niche truncation is also 84 

an opportunity to move beyond the traditional assumption of an equilibrium between 85 

current species distribution and their contemporary environmental drivers. This 86 

assumption (hereafter called “equilibrium assumption”) implies that the impact of 87 

biodiversity drivers unfolds immediately, despite evidence of lagging dynamics in biotic 88 

responses to environmental changes (Bertrand et al., 2011). Evidence of lagging 89 

dynamics suggests that long-term effects on biodiversity accumulate over time, leading 90 

to a disequilibrium between species responses and their contemporary drivers 91 

(Bertrand et al., 2011; Coulson et al., 2020). Retrospective studies have provided 92 

evidence that non-equilibrium dynamics are widespread among different biodiversity 93 

drivers, levels of biological organizations and eco-evolutionary processes (Figueiredo 94 

et al., 2019). However, the equilibrium assumption remains the only possible 95 

assumption when projecting future species distribution from state of the art ecological 96 

niche models (Essl et al., 2023). 97 

Here, we aim to make the legacy of past ecological niches explicit in order to reveal 98 

future disequilibrium dynamics in species redistributions and diversity. For this 99 

purpose, we build on a recently published framework that explicitly embraces the non-100 

equilibrium assumption in species distribution models (SDMs; Lalechère et al., 2025a), 101 

using a set of paired SDMs (equilibrium vs. non-equilibrium SDMs) calibrated for 84 102 

European forest breeding birds (Lalechère et al., 2025b). In this study, the non-103 

equilibrium SDMs enable us: (i) to reveal the truncated part of species’ realized niches 104 

by accounting for time lags in response to past trajectories of change in environmental 105 

conditions right where species currently occur, (ii) to look back at past environmental 106 
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conditions until the temporal extent of time lags is reached, and (iii) to capture the 107 

general trend of the lagging dynamics in species responses through temporal influence 108 

functions. All of these features allow us to test how violations of the equilibrium 109 

assumption reshape biodiversity forecasts highlighting disequilibrium dynamics in 110 

species redistribution. By stacking current and future projections of species 111 

distributions across Europe, we compared the outcome on the different components 112 

(α, β and  diversity) of taxonomic, functional and phylogenetic diversity in response to 113 

different scenarios of land-use and climate changes to assess future impacts on bird 114 

assemblages. Our objectives are to better quantify the hypervolumes of species’ 115 

realized niches by unveiling the imprints left by past environmental conditions, and to 116 

reveal the future disequilibrium dynamics in the spatiotemporal patterns of bird 117 

distribution and diversity within a general framework that can be extended to other taxa 118 

and environmental drivers.  119 

 120 

Methods 121 

Description of the study case 122 

We focused on 84 European forest breeding birds, for which equilibrium and non-123 

equilibrium SDMs were fitted as in Lalechère et al. (2025b). More specifically, model 124 

fitting was based on occurrence data extracted from 4099 meshes of the European 125 

Breeding Bird Atlas (EBBA2) because it provides a systematic survey of bird check 126 

lists, at a spatial resolution of 50 km × 50 km between 2013 and 2017 (Keller et al., 127 

2020). Since bird occurrence data were averaged over 5-years, we choose to refer to 128 

this time period of 2013-2017 using the date that corresponds to the upper limit of the 129 

interval (hereafter, we used 2017). Occurrence data were related to the main 130 

determinants of forest breeding bird species distribution that were formerly identified 131 
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by Cooper et al. (2023) at a continental extent in Europe, namely: the proportion of 132 

forest cover (i.e., distinguishing between primary and secondary forests), annual 133 

precipitation, and mean annual temperature. All four predictor variables were available 134 

as time series at a yearly resolution using the LUH2 dataset for forest cover (Hurtt et 135 

al., 2020) and the CHELSA dataset for climate conditions (Karger et al., 2017), at a 136 

native spatial resolution of 0.25° × 0.25° and 1 km2, respectively. The time series 137 

ranged from the years 854 to 2017 for forest cover and from 1854 to 2017 for annual 138 

precipitation and mean annual temperature. Forests were either defined as ‘primary’, 139 

if this land-use category has remained the same over time since 854, or as ‘secondary’ 140 

otherwise (Hurtt et al., 2020). To match the 5-year resolution of the EBBA2 occurrence 141 

data, we aggregated the four time series of the four predictor variables, computing the 142 

mean for each 5-year interval. Similarly, to match the spatial resolution of the EBBA2 143 

occurrence data, we aggregated all four predictor variables using the 50 km × 50 km 144 

grid of the EBBA2 data, computing the mean within each grid cell. There were no 145 

multicollinearity issues between the averaged predictor variables considering that the 146 

absolute Spearman correlation coefficient was systematically < 0.7 (Dormann et al. 147 

2013). 148 

To fit the traditional set of equilibrium SDMs, we only used environmental conditions 149 

during the 2013-2017 period, referred to as 2017, which are contemporary to the 2017 150 

data on bird occurrences (Lalechère et al., 2025b). To fit the non-equilibrium SDMs, 151 

we relied on temporal influence functions (see Lalechère et al., 2025a) that use the 152 

entire time series of past environmental conditions, i.e., 1164 years at 5-year interval 153 

for forest cover and 164 years at 5-year interval for climate conditions, to quantify the 154 

temporal depth of the effect of past trajectories of environmental changes on current 155 

bird species distribution. These non‑equilibrium SDMs provided the best fit to observed 156 
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occurrences and outperformed equilibrium SDMs (Lalechère et al., 2025b), so we here 157 

use them as the reference models to investigate the consequences of relaxing the 158 

equilibrium assumption for biodiversity projections.  159 

Data on future time series of forest cover and climate conditions, from 2018 to 2100, 160 

were extracted from the same datasets that were used during model fitting (i.e., the 161 

LUH2 dataset for land use and the CHELSA dataset for climate; Hurtt et al., 2020; 162 

Karger et al., 2017) and further aggregated at a 5-year interval and at 50 km × 50 km 163 

resolution. We compared two contrasting shared socioeconomic pathways (SSPs) that 164 

cover the breadth of plausible environmental changes, i.e., a mild one (SSP 245) and 165 

a severe one (SSP 585). Averaged over the study area, the latter was characterized 166 

by a larger decline of primary forest cover at the benefit of secondary forest cover (in 167 

the north of the study area), by lower annual precipitation and higher mean annual 168 

temperatures, compared to the former (Supplementary Information, Appendix S1). 169 

  170 

Quantifying niche hypervolume 171 

The hypervolume of a species’ realized niche was defined as the product of the range 172 

(the 0.99 quantile minus the 0.01 quantile) of each of the four relevant environmental 173 

predictor variables we used in our equilibrium and non-equilibrium SDMs (Blonder 174 

2018). The values of the environmental conditions were rescaled between 0 and 1 to 175 

give them the same importance. For the non-equilibrium SDMs, the measure of the 176 

hypervolume was based on both past and contemporary environmental conditions 177 

(from 1854 to 2017 or from 854 to 2017, depending on the driver). Past environmental 178 

conditions were only accounted for if they contributed to explain the current pattern of 179 

occurrences for the focal bird species. For that, we only considered past environmental 180 
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conditions until we reached the threshold date for which past environmental conditions 181 

had no effect on the contemporary distribution of the focal bird species. This threshold 182 

date corresponds to the temporal extent of a time lag, after which the effect of the focal 183 

predictor variable is not different from zero in the distant past (Lalechère et al., 2025a). 184 

For each species, half-Gaussian temporal influence functions (𝑊𝑗) were used in order 185 

to define the weight (or the importance) assigned to each past environmental 186 

conditions j (Lalechère et al., 2025b): 187 

𝑊𝑗(∆𝑡; 𝜃𝑗) = 𝑒
−0.5(

∆𝑡

𝜃𝑗
)2

(eq. 1) 188 

where ∆𝑡𝑗 is the temporal distance from 2017 (i.e., ∆𝑡 increases as we go back in time 189 

from 2017). The number of time step ∆𝑡 depends on the predictor variables j (i.e., 1164 190 

years for forest cover variables or 164 years for climate variables). The vector 𝜃𝑗 is a 191 

set of parameters (already inferred in Lalechère et al., 2025b) that defines the shape 192 

of the temporal influence functions associated to each environmental condition and 193 

species. 194 

We used eq. 1 to weight each environmental condition over time, and calculate the 195 

hypervolume of each species’ realized niche, as previously defined (i.e., as the product 196 

of the range of each of the four environmental predictor variables). We then 197 

qualitatively compare the distribution of the hypervolumes estimated from the 198 

equilibrium SDM vs. the non-equilibrium SDM. The definition of the hypervolume of a 199 

given bird species is the same for the both SDMs (Blonder, 2018), but the weights of 200 

the environmental conditions decreased (from 𝑊𝑗 = 1, in 2017, when ∆𝑡 = 0) as we go 201 

back in time for the non-equilibrium SDM (𝑊𝑗 < 1, in the past, when ∆𝑡 > 0), while all 202 

the weights were kept to a value of 1 (𝑊𝑗 = 1, in 2017) when using the equilibrium SDM 203 

of the focal species (which is equivalent to considering that there is no weighting). For 204 
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both SDMs, we also compared the range of each weighted environmental condition to 205 

understand their respective contribution to the overall variation of the hypervolumes. 206 

  207 

Projecting future species, phylogenetic and functional diversity 208 

We stacked all 84 projected species distributions to assess future (from 2018 to 2100) 209 

trajectories of bird assemblages. Our projections are based on the assumption of niche 210 

conservatism for both the equilibrium and the non-equilibrium SDMs. The latter has 211 

the potential to improve the projection reliability of future biodiversity trends by looking 212 

back at the past, potentially avoiding over-extrapolation. Extrapolation is defined by 213 

projections that are beyond the range of the environmental conditions that are 214 

considered during model fitting (i.e., beyond the realized data space, Velazco et al., 215 

2024. The assessment of extrapolation is described in Supplementary Information 216 

(Appendix S2). 217 

The α, β and γ components of taxonomic, functional and phylogenetic diversity were 218 

considered to reflect the trajectories of bird assemblages. For each of the three facets 219 

of biodiversity (taxonomic, functional and phylogenetic), γ was the regional diversity, 220 

i.e., the total number of forest breeding bird species, out of the 84 studied species, at 221 

the spatial extent of the whole study area. The α diversity metric was considered the 222 

local diversity calculated within each 50 km × 50 km grid cell of the EBBA2 mesh. 223 

Finally, the spatial β diversity metric which captures the spatial turnover in bird 224 

assemblages was calculated as as 1 − (𝛼/𝛾), following Bennett & Gilbert (2015). 225 

Taxonomic diversity was defined as the total number of species, either per grid cell for 226 

α or across the study area for γ, while we used the total length of tree branches, either 227 
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per grid cell for α or across the study area for γ, for functional and phylogenetic 228 

diversity. 229 

The functional tree (Supplementary Information, Appendix S3) was created through a 230 

hierarchical clustering approach based on a Euclidean dissimilarity matrix of species 231 

functional traits (using the cluster R package, Maechler et al., 2025). Branch lengths 232 

were defined using the Criscuolo’s method (Criscuolo & Gascuel, 2008) implemented 233 

in the ape R package. We extracted functional characteristics from Tobias et al. (2022), 234 

selecting those that were previously related to time lags in bird responses to habitat 235 

and climate changes (see Supplementary Information, Appendix S3). The phylogenetic 236 

tree (Supplementary Information, Appendix S3) was extracted from the Open Tree of 237 

Life, using the rotl R package (Michonneau et al., 2016; OpenTreeOfLife, 2019). This 238 

tree includes all the bird species considered in the study area (Lalechère et al., 2025b), 239 

except Emberiza rustica that was removed from the Open Tree of Life 240 

(OpenTreeOfLife, 2019). Branch lengths were defined using the Grafen's method from 241 

the ape R package (Paradis & Schliep, 2019). 242 

We assessed the correlation between taxonomic, functional and phylogenetic diversity, 243 

using the Spearman correlation coefficient, before comparing their average temporal 244 

trends in α diversity, and their temporal trends in β and γ diversity. The projected spatial 245 

pattern in α diversity was mapped at two time steps (2020 and 2100), from the 246 

equilibrium and the non-equilibrium SDMs. The future disequilibrium in the spatial 247 

pattern of α diversity was defined following Haddou et al. (2022), by comparing the 248 

difference between the α diversity projected through the equilibrium SDMs (EQ α 249 

diversity), and the α diversity projected through the non-equilibrium SDMs (NEQ α 250 

diversity): 251 
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𝐷𝑖𝑠𝑒𝑞𝑢𝑖𝑙𝑖𝑏𝑟𝑖𝑢𝑚 =  (𝐸𝑄 𝛼 𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦 −  𝑁𝐸𝑄 𝛼 𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦) / 𝐸𝑄 𝛼 𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦 (eq. 2) 252 

 253 

Results 254 

Niche hypervolumes 255 

For the 84 European forest breeding birds studied, the mean hypervolume of species’ 256 

realized niches increased by a mean factor of 8.1 (minimum = 1.0, median = 2.1, 257 

maximum = 78.0) when relying on non-equilibrium SDMs, relative to the traditional use 258 

of equilibrium SDMs (after excluding three outliers outpacing 50 times the median 259 

value). Among the four environmental conditions that are accounted for, the increase 260 

of bird species’ hypervolumes (Figure 1A) were primarily driven by an increase in the 261 

range of the mean annual temperature as well as by an increase in the range of the 262 

proportion of primary forest cover (Figure 1B). The former increased by a mean factor 263 

of 1.3 (minimum = 1.2, median = 1.3, maximum = 1.4) because the niches expanded 264 

towards lower temperatures. The latter increased by a mean factor of 8.2 (minimum = 265 

0.9, median = 1.7, maximum = 97.5) because the niches expanded towards a larger 266 

proportion of primary forest. The median range of values remained more stable for 267 

annual precipitation, and decreased by a mean factor of 0.86 (minimum = 0.49, median 268 

= 0.89, maximum = 0.98) for secondary forest, when comparing the hypervolumes of 269 

the realized niche from the equilibrium and the non-equilibrium SDMs. 270 

  271 

Future taxonomic, phylogenetic, and functional diversity 272 

The extrapolation rate decreased, when considering the non-equilibrium SDMs, 273 

improving the projection reliability of future biodiversity trends (Supplementary 274 
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Information, Appendix S2). Extrapolation is defined by projections that are beyond the 275 

range of the environmental conditions that are considered during model fitting (i.e., 276 

beyond the realized data space). Assessing these projections, we found large 277 

Spearman correlation coefficients (≥ 0.91) between different components of avian 278 

diversity that are taxonomic, functional and phylogenetic bird diversity. Therefore, we 279 

chose to only report in the main text findings for functional diversity as it is the most 280 

direct representation of different functions of species to depict future bird diversity 281 

trajectories in subsequent analyses (the full results are reported in Supplementary 282 

Information, Appendix S4). 283 

We found that the average future trend in γ diversity remains constant through time, 284 

irrespective of the type of SDMs used (equilibrium vs. non-equilibrium), and the shared 285 

socioeconomic pathways (SSPs) considered (i.e.; a mild one, SSP 245; and a severe 286 

one, SSP 585). The equilibrium SDMs slightly underpredicted the α component of 287 

functional diversity, and slightly overpredicted the β component of functional diversity, 288 

compared to the non-equilibrium SDMs (Figure 2). For SSP 245, α and β diversities 289 

remained stable over time, while for SSP 585 α diversity kept decreasing and β 290 

diversity kept increasing until 2100. 291 

When comparing the spatial projections of functional diversity from the non-equilibrium 292 

SDMs between 2020 and 2100, the shift in the spatial pattern in α diversity was less 293 

pronounced, than the shift projected with equilibrium SDMs, due to time lagged 294 

responses of birds (Figure 3, for SSP 585; Supplementary Information, Appendix S5, 295 

for SSP 245). Overall, α diversity was higher under SSP 245 compared to SSP 585. 296 

For both scenarios, the relative difference between equilibrium and non-equilibrium 297 

projections (eq. 2) was characterized by pronounced spatial patterns in both 298 

underestimating (i.e., negative values suggesting local extinction lags) and 299 
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overestimating (i.e., positive values suggesting local colonization lags) α diversity when 300 

relying on equilibrium SDMs (Figure 4, for SSP 585; Supplementary Information, 301 

Appendix S5, for SSP 245). The maximum absolute relative difference reached 80% 302 

of the α diversity predicted by the equilibrium SDMs. 303 

 304 

Discussion 305 

Our results show that the widely used equilibrium assumption can systematically 306 

truncate species’ realized niches and obscure lagged responses to environmental 307 

change. The framework we propose allows us to explicitly account for these lags when 308 

quantifying niche hypervolumes, which unveil the truncated part of the realized niche 309 

that is totally ignored under the equilibrium assumption. Removing this niche truncation 310 

unveiled the disequilibrium dynamics between species distributions and their 311 

environmental drivers, allowing us to forecast local extinction and colonization lags in 312 

future species assemblages. 313 

To highlight these two different aspects (niche truncation and disequilibrium dynamics), 314 

and their importance for biodiversity forecasting, we propose to introduce the term 315 

“disequilibrium niche” that is defined as the current and past multidimensional 316 

environmental gradient along which a species is present in a disequilibrium state. We 317 

argue that one should define the multidimensional temporal extent of the disequilibrium 318 

niche according to the temporal extent of the time lag associated with each 319 

environmental driver separately, thus limiting the temporal depth considered, since 320 

very old conditions could no longer be relevant to explain current and forecast future 321 

species distribution (Lalechère et al., 2025a, 2025b). Indeed, the use of too distant 322 

(e.g., palaeoecological) distribution data can overestimate ecological niche 323 

hypervolume, if the tolerance of current species to environmental conditions has 324 
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changed over time due to eco-evolutionary processes (Svenning et al., 2015; Mills et 325 

al., 2024). This temporal delimitation of the legacy effect of each driver provides a 326 

general rule to quantify the disequilibrium niche. 327 

In support of former work (Chevalier et al., 2024), we unveiled the ghosts of past 328 

environmental niches by capturing a substantial fraction of the hypervolume to which 329 

current species occurrences are still responding today, which is impossible to capture 330 

under the equilibrium assumption. Embracing the concept of a disequilibrium niche 331 

revealed that contemporary patterns of forest breeding bird species occurrences are 332 

also explained by their affinity for higher historic cover of primary forests, and lower 333 

historic temperatures. Accounting for past environmental conditions to model species 334 

distributions also improved the reliability of the future projections we made because a 335 

larger variability of combinations of environmental conditions were accounted for 336 

during model fitting limiting over-extrapolation (Supplementary Information, Appendix 337 

S2). 338 

To our knowledge, this is the first study to provide spatially explicit projections of  future 339 

disequilibria in species distribution and assemblage patterns. Previous efforts to 340 

quantify biodiversity disequilibria have mainly compared the effects of current and past 341 

environmental conditions at a few discrete time points, limiting the possibility to identify 342 

and forecast the general temporal trends in biodiversity disequilibria (e.g.; Lenoir et al., 343 

2020; Gaüzère et al., 2021; Haddou et al., 2022; Zurell et al., 2024). Here, we instead 344 

model disequilibrium as an explicitly dynamic process by fitting temporal influence 345 

functions to long time series of past and present environmental conditions (Lalechère 346 

et al., 2025a, 2025b). This approach estimates how strongly and how long species are 347 

impacted by past environmental conditions, and then propagates these empirically 348 

derived lags into the future. With only a few parameters (eq. 1), we can thus map where 349 
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and when disequilibria in species distributions and assemblages are expected to 350 

intensify.  351 

Leclère et al. (2020) projected the average temporal trajectories of global biodiversity, 352 

using a space-for-time substitution approach to account for the influence of temporal 353 

lags in the response of biodiversity to different restoration scenarios. However, the 354 

assessment of time lags is indirect in this study, and Evans et al. (2025) recently 355 

illustrated why space-for-time substitution approaches must no longer be recognized 356 

as an appropriate method to assess biodiversity disequilibria. Block et al. (2022) 357 

projected transient plant community responses to 21st century climate change. They 358 

transplanted alpine species to lower elevations and used species demographic 359 

responses to parameterize community dynamics models forced by scenarios of 360 

gradual climate change. This combination of approaches was used to best reproduce 361 

the gradual effect of climate change, while the transplant experiment alone 362 

corresponds to a less realistic abrupt climate change. Projections of future non-363 

equilibrium dynamics can be found in other fields of scientific inquiry. For example, 364 

Felton et al. (2022) projected future primary productivity in the western USA, comparing 365 

two contrasting scenarios assuming either a complete equilibrium or a maximum 366 

disequilibrium. They concluded that the uncertainty related to the assumption of 367 

climate disequilibrium was larger than uncertainties coming from different climate 368 

models and emission pathways. The findings of Felton et al. (2022) stress the 369 

importance of accounting for future disequilibria in global biodiversity assessment, 370 

given the well-studied relationship between biodiversity and ecosystem functioning 371 

(Loreau et al., 2001).  372 

We have shown that the α, β and γ components of forest breeding bird diversity across 373 

Europe can remain quite stable over time under a mild scenario of climate and land-374 
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use changes (SSP 245), while increasing anthropogenic forcing (SSP 585) can lead to 375 

both a decline in α diversity and an increase in β diversity over time, while keeping γ 376 

diversity to a steady state level. These findings suggest low extinction risks at the 377 

continental extent (i.e., γ diversity is steady) but higher risks of local extinctions within 378 

bird assemblages (i.e., α diversity decreases) which mechanically translates into a high 379 

spatial turnover in bird assemblages over time (i.e., spatial β diversity increases). While 380 

global biodiversity trends were characterized by no systematic loss of α diversity and 381 

increasing changes in community composition (temporal β diversity), continental 382 

Europe remains a hotspot of decline in α diversity (Blowes et al., 2019). The constant 383 

trend in γ diversity we identified is consistent with the comparison between the first and 384 

second European Breeding Bird Atlases, which indicates no overall change in γ 385 

diversity in the last 30 years, despite the identification of significant distribution changes 386 

(Keller et al., 2020). Thus the threats that bird species will face can increase in the 387 

future, as previously highlighted in other studies (Barbet-Massin et al., 2015; Pereira 388 

et al., 2021). 389 

We found only modest differences in the projected temporal trajectories of α and β 390 

diversity when comparing projections from equilibrium SDMs against projections from 391 

non-equilibrium SDMs. These small differences in temporal trajectories across the 392 

entire study area mask strong regional disequilibrium dynamics that are already visible 393 

under present conditions (Lalechère et al., 2025b), and that will most likely increase in 394 

the future, depending on the SSP (Figure 4). Both the largest positive (i.e., local 395 

colonisation lags) and negative (i.e., local extinction lags) values of disequilibrium 396 

dynamics were detected in boreal forest in the northeastern part of the study area. 397 

Local extinction lags that are particularly pronounced across northeastern Europe 398 

could be due to the persistent influence of large forest cover values (since 854) and 399 
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historically low temperature values (since 1854) which can lead to the transient local 400 

persistence of cold-adapted forest specialists. Local colonization lags may 401 

simultaneously occur further north of those locations and towards habitats that would 402 

be newly suitable for warm-adapted species originating from southwestern locations. 403 

These results are consistent with previous findings that emphasized that climate 404 

change occurs more rapidly at higher latitudes in the Northern Hemisphere (Rantanen 405 

et al., 2022). Our results confirm that time lags are likely to be more extensive, resulting 406 

in delayed effects on population dynamics, where anthropogenic and natural drivers of 407 

biodiversity change rapidly (Gaüzère et al., 2021). We stress the importance of 408 

accounting for disequilibria in biodiversity forecasting, as it is projected to increase with 409 

the accelerating pace of climate and land-use changes at the end of the 21st century. 410 

Accounting for past environmental conditions to model species distributions improved 411 

the reliability of the future projections we made because a larger variability of 412 

combinations of environmental conditions were accounted for during model fitting, 413 

limiting extrapolation. Temperatures that are as warm as the ones projected for the 414 

end of the 21st century were already observed in Europe a long time ago, during the 415 

Paleocene-Eocene thermal maximum (Svenning et al., 2015). Analogues of future 416 

climates are so ancient that they are not useful to project future distribution of species 417 

which did not exist at that time, given the pace of eco-evolutionary processes. From 418 

our approach, using longer climatic time series can still reveal older legacy effects of 419 

past temperatures on the contemporary patterns of bird species assemblages, and can 420 

help to further reduce extrapolation issues due to the higher temperatures that will arise 421 

in the Mediterranean region (Wang et al., 2024). 422 

Although the α, β and γ components of diversity showed distinct trends, it was not the 423 

case for taxonomic, functional and phylogenetic diversity, which were very close due 424 
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to the large correlation we found between these metrics. Our results corroborate the 425 

general assumption of surrogacy of taxonomic, functional and phylogenetic diversity 426 

measures (Safi et al., 2011). However, this result differs from some studies that 427 

showed the complementarity of taxonomic, functional and phylogenetic diversity 428 

(Meynard et al., 2011; Monnet et al., 2014), while some other studies highlighted that 429 

their correlation depends on methodological choices, such as the number of functional 430 

traits considered (Calba et al., 2014; Voskamp et al., 2017). Distinct taxonomic, 431 

functional and phylogenetic diversity metrics were primarily obtained from abundance 432 

data allowing to calculate the effective number of equally abundant species, instead of 433 

species richness (Meynard et al., 2011; Monnet et al., 2014; Gaüzère et al., 2022). 434 

Further progress can be made in improving the way we quantify the hypervolume of 435 

species’ realized niche. Here, we based our analyses on the use of the entire range of 436 

values (more precisely, the 0.01 and the 0.99 quantiles) associated with each 437 

environmental variable used as predictor in our SDMs. Blonder et al. (2018) proposed 438 

to define ecological niche hypervolume according to the density of the distribution of 439 

environmental conditions within species’ ranges. The more basic definition we used 440 

may be less accurate to define the hypervolume of species’ realized niche, but it is not 441 

introducing any bias to the relative comparison between equilibrium and non-442 

equilibrium SDMs. Another key avenue for future research is to disentangle the 443 

respective contributions of environmental filtering, dispersal, and biotic interactions in 444 

shaping the lagged dynamics of species redistributions. Addressing this question is 445 

possible by extending the current modelling framework to explicitly incorporate these 446 

processes (Sanczuk et al., 2024; Sandel et al., 2025). Additional datasets must 447 

probably be considered, since the bird occurrence data used here reflects the realized 448 

niche, and therefore the indiscriminate consequences of these different processes. 449 
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In conclusion, by unveiling the ghosts of past ecological niches, our study shows that 450 

disequilibria in species distributions and diversity can increase in time periods of rapid 451 

environmental changes. More broadly, operationalising the disequilibrium niche 452 

concept through temporal influence functions offers a general framework for 453 

incorporating legacy effects and lagged responses into biodiversity forecasts.   454 
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Figure 1: Description of the hypervolumes of species’ realized niches when considering the equilibrium 458 

or the non-equilibrium SDMs. A hypervolume encapsulates all the environmental conditions where the 459 

focal species occurs within the geographical space. The distribution of the hypervolumes of species’ 460 

realized niches is described by density, in panel A (using the geom_density R function, from the ggplot2 461 

package). For a given species, the hypervolume is defined as the product of the extreme values (i.e., 462 

the 0.99 quantile minus the 0.01 quantile) of each of the four climate and land use predictor variables. 463 

The mean extreme values across species are shown, in panel B, to highlight the contribution of each 464 

environmental predictor to the hypervolumes.  465 
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 466 

Figure 2: Future trends in α and β functional diversity projected from the equilibrium and the non-467 

equilibrium SDMs, for the SSP 245 and the SSP 585 scenarios. The α diversity metric is the local diversity 468 

calculated within each EBBA2 mesh. The β diversity metric captures the spatial turnover in bird 469 

assemblages among EBBA2 meshes. SSP 245 represents a mild scenario of climate and land-use 470 

changes, while SSP 585 considers increasing anthropogenic forcings.  471 
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 472 

Figure 3: Future α functional diversity derived from the equilibrium and the non-equilibrium SDMs, for 473 

SSP 585. The non-equilibrium SDMs account for time lags in bird responses to habitat and climate 474 

changes, on the contrary to the equilibrium SDMs. Functional diversity is based on a tree created 475 

through a hierarchical clustering approach from 11 functional characteristics of birds (Supplementary 476 

Information, Appendix S3). The spatial pattern of α functional diversity was derived from the stacked 477 

distribution of 84 bird species. Results from SSP 245 are available in Supplementary Information, 478 

Appendix S5.  479 
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 480 

Figure 4: Future disequilibrium in α diversity based on a comparison between projections of the 481 

equilibrium and the non-equilibrium SDMs, for SSP 585. The disequilibrium is calculated following eq. 482 

2, by comparing the output of the equilibrium and the non-equilibrium SDMs. Results from SSP 245 483 

are available in Supplementary Information, Appendix S5.  484 



26 
 

References 485 

         Arroyo-Rodríguez, V., Martínez-Ruiz, M., Bezerra, J. S., Galán-Acedo, C., San-486 

José, M., & Fahrig, L. (2023). Does a species’ mobility determine the scale at which it is 487 

influenced by the surrounding landscape pattern?. Current Landscape Ecology Reports, 8(1), 488 

23-33. 489 

         Barbet‐Massin, M., & Jetz, W. (2015). The effect of range changes on the 490 

functional turnover, structure and diversity of bird assemblages under future climate 491 

scenarios. Global Change Biology, 21(8), 2917-2928. 492 

         Bennett, J. R., & Gilbert, B. (2016). Contrasting beta diversity among regions: 493 

how do classical and multivariate approaches compare?. Global Ecology and Biogeography, 494 

25(3), 368-377. 495 

         Bertrand, R., Lenoir, J., Piedallu, C., Riofrío-Dillon, G., De Ruffray, P., Vidal, C., ... 496 

& Gégout, J. C. (2011). Changes in plant community composition lag behind climate warming 497 

in lowland forests. Nature, 479(7374), 517-520. 498 

         Block, S., Maechler, M. J., Levine, J. I., Alexander, J. M., Pellissier, L., & Levine, 499 

J. M. (2022). Ecological lags govern the pace and outcome of plant community responses to 500 

21st‐century climate change. Ecology Letters, 25(10), 2156-2166. 501 

         Blonder, B. (2018). Hypervolume concepts in niche‐and trait‐based ecology. 502 

Ecography, 41(9), 1441-1455. 503 

         Blowes, S. A., Supp, S. R., Antão, L. H., Bates, A., Bruelheide, H., Chase, J. M., ... 504 

& Dornelas, M. (2019). The geography of biodiversity change in marine and terrestrial 505 



27 
 

assemblages. Science, 366(6463), 339-345. 506 

         Calba, S., Maris, V., & Devictor, V. (2014). Measuring and explaining large‐scale 507 

distribution of functional and phylogenetic diversity in birds: separating ecological drivers 508 

from methodological choices. Global Ecology and Biogeography, 23(6), 669-678. 509 

         Chevalier, M., Broennimann, O., & Guisan, A. (2024). Climate change may 510 

reveal currently unavailable parts of species’ ecological niches. Nature Ecology & Evolution, 511 

8(7), 1298-1310. 512 

         Cooper, W. J., McShea, W. J., Songer, M., Huang, Q., & Luther, D. A. (2023). 513 

Harmonizing spatial scales and ecological theories to predict avian richness and functional 514 

diversity within forest ecosystems. Proceedings of the Royal Society B, 290(2001), 20230742. 515 

         Coulson, T. (2021). We live in a changing world, but that shouldn’t mean we 516 

abandon the concept of equilibrium. Ecology Letters, 24(1), 3-5. 517 

         Criscuolo, A., & Gascuel, O. (2008). Fast NJ-like algorithms to deal with 518 

incomplete distance matrices. BMC bioinformatics, 9(1), 166. 519 

 Dormann, C. F., J. Elith, S. Bacher, et al. 2013. “Collinearity: A Review of 520 

Methods to Deal With It and a Simulation Study Evaluating Their Performance.” Ecography 36, 521 

no. 1: 27–46. 522 

         Essl, F., Dullinger, S., Rabitsch, W., Hulme, P. E., Pyšek, P., Wilson, J. R., & 523 

Richardson, D. M. (2015). Historical legacies accumulate to shape future biodiversity in an era 524 

of rapid global change. Diversity and Distributions, 21(5), 534-547. 525 

         Essl, F., García‐Rodríguez, A., Lenzner, B., Alexander, J. M., Capinha, C., 526 



28 
 

Gaüzère, P., ... & Dullinger, S. (2024). Potential sources of time lags in calibrating species 527 

distribution models. Journal of Biogeography, 51(1), 89-102. 528 

         Evans, M. E., Adler, P. B., Angert, A. L., Dey, S. M., Girardin, M. P., Heilman, K. 529 

A., ... & Williams, J. L. (2025). Reconsidering space-for-time substitution in climate change 530 

ecology. Nature Climate Change, 15(8), 809-812. 531 

         Felton, A. J., Shriver, R. K., Stemkovski, M., Bradford, J. B., Suding, K. N., & Adler, 532 

P. B. (2022). Climate disequilibrium dominates uncertainty in long‐term projections of primary 533 

productivity. Ecology Letters, 25(12), 2688-2698. 534 

         Figueiredo, L., Krauss, J., Steffan‐Dewenter, I., & Sarmento Cabral, J. (2019). 535 

Understanding extinction debts: spatio–temporal scales, mechanisms and a roadmap for 536 

future research. Ecography, 42(12), 1973-1990. 537 

         Gaüzère, P., & Devictor, V. (2021). Mismatches between birds' spatial and 538 

temporal dynamics reflect their delayed response to global changes. Oikos, 130(8), 1284-1296. 539 

         Gaüzère, P., O’connor, L., Botella, C., Poggiato, G., Münkemüller, T., Pollock, L. 540 

J., ... & Thuiller, W. (2022). The diversity of biotic interactions complements functional and 541 

phylogenetic facets of biodiversity. Current Biology, 32(9), 2093-2100. 542 

         Guisan, A., & Thuiller, W. (2005). Predicting species distribution: offering more 543 

than simple habitat models. Ecology letters, 8(9), 993-1009. 544 

         Haddou, Y., Mancy, R., Matthiopoulos, J., Spatharis, S., & Dominoni, D. M. 545 

(2022). Widespread extinction debts and colonization credits in United States breeding bird 546 

communities. Nature Ecology & Evolution, 6(3), 324-331. 547 



29 
 

         Hurtt, G. C., Chini, L., Sahajpal, R., Frolking, S., Bodirsky, B. L., Calvin, K., ... & 548 

Zhang, X. (2020). Harmonization of global land-use change and management for the period 549 

850–2100 (LUH2) for CMIP6. Geoscientific Model Development Discussions, 2020, 1-65. 550 

         IPBES (2019) Global assessment report on biodiversity and ecosystem services 551 

of the Intergovernmental Science-Policy Platform on Biodiversity and Ecosystem Services. E. 552 

S. Brondizio, J. Settele, S. Díaz, and H. T. Ngo (editors). IPBES secretariat, Bonn, Germany, 1148 553 

pages.  554 

         Jiguet, F., Gregory, R. D., Devictor, V., Green, R. E., VOŘÍŠEK, P., Van Strien, A., 555 

& Couvet, D. (2010). Population trends of European common birds are predicted by 556 

characteristics of their climatic niche. Global change biology, 16(2), 497-505. 557 

         Karger, D. N., Conrad, O., Böhner, J., Kawohl, T., Kreft, H., Soria-Auza, R. W., ... 558 

& Kessler, M. (2017). Climatologies at high resolution for the earth’s land surface areas. 559 

Scientific data, 4(1), 1-20. 560 

         Keller, V., Herrando, S., Voríšek, P., Franch, M., Kipson, M., Milanesi, P., ... & 561 

Foppen, R. P. B. (2020). European breeding bird atlas 2: distribution, abundance and change. 562 

         Lalechère, E., Lenoir, J., Marrec, R., Essl, F., Kühn, I., & Ergon, T. (2025). 563 

Assessing biodiversity trends in a quasi-permanent non-equilibrium state. Trends in Ecology & 564 

Evolution. 565 

         Lalechère, E., Marrec, R., & Lenoir, J. (2025). A Non‐Equilibrium Species 566 

Distribution Model Reveals Unprecedented Depth of Time Lag Responses to Past 567 

Environmental Change Trajectories. Ecology Letters, 28(1), e70040. 568 



30 
 

         Leclère, D., Obersteiner, M., Barrett, M., Butchart, S. H., Chaudhary, A., De 569 

Palma, A., ... & Young, L. (2020). Bending the curve of terrestrial biodiversity needs an 570 

integrated strategy. Nature, 585(7826), 551-556. 571 

         Lenoir, J., Bertrand, R., Comte, L., Bourgeaud, L., Hattab, T., Murienne, J., & 572 

Grenouillet, G. (2020). Species better track climate warming in the oceans than on land. 573 

Nature ecology & evolution, 4(8), 1044-1059. 574 

         Loreau, M., Naeem, S., Inchausti, P., Bengtsson, J., Grime, J. P., Hector, A., ... & 575 

Wardle, D. A. (2001). Biodiversity and ecosystem functioning: current knowledge and future 576 

challenges. Science, 294(5543), 804-808. 577 

         Maechler M, Rousseeuw P, Struyf A, Hubert M, Hornik K (2025). cluster: Cluster 578 

Analysis Basics and Extensions. R package version 2.1.8.1 579 

         Meynard, C. N., Devictor, V., Mouillot, D., Thuiller, W., Jiguet, F., & Mouquet, 580 

N. (2011). Beyond taxonomic diversity patterns: how do α, β and γ components of bird 581 

functional and phylogenetic diversity respond to environmental gradients across France?. 582 

Global Ecology and Biogeography, 20(6), 893-903. 583 

         Michonneau, F., Brown, J. W., & Winter, D. J. (2016). rotl: an R package to 584 

interact with the Open Tree of Life data. Methods in Ecology and Evolution, 7(12), 1476-1481. 585 

         Mills, M., Schreve, D., Middleton, O., & Sandom, C. J. (2024). Going back for the 586 

future: Incorporating Pleistocene fossil records of saiga antelope into habitat suitability 587 

models. Journal of Biogeography, 51(8), 1351-1364. 588 

         Monnet, A. C., Jiguet, F., Meynard, C. N., Mouillot, D., Mouquet, N., Thuiller, 589 



31 
 

W., & Devictor, V. (2014). Asynchrony of taxonomic, functional and phylogenetic diversity in 590 

birds. Global Ecology and Biogeography, 23(7), 780-788. 591 

         OpenTreeOfLife, R. B., Reyes, L. L. S., Cranston, K. A., Allman, J., Holder, M. T., 592 

& McTavish, E. J. (2019). Open tree of life synthetic tree. Zenodo (12.3), 10. 593 

         Owens, H. L., Campbell, L. P., Dornak, L. L., Saupe, E. E., Barve, N., Soberón, J., 594 

... & Peterson, A. T. (2013). Constraints on interpretation of ecological niche models by limited 595 

environmental ranges on calibration areas. Ecological modelling, 263, 10-18. 596 

         Paradis, E., & Schliep, K. (2019). ape 5.0: an environment for modern 597 

phylogenetics and evolutionary analyses in R. Bioinformatics, 35(3), 526-528. 598 

         Pereira, H. M., Leadley, P. W., Proença, V., Alkemade, R., Scharlemann, J. P., 599 

Fernandez-Manjarrés, J. F., ... & Walpole, M. (2010). Scenarios for global biodiversity in the 600 

21st century. Science, 330(6010), 1496-1501. 601 

         Pulliam, H. R. (2000). On the relationship between niche and distribution. 602 

Ecology letters, 3(4), 349-361. 603 

         Rantanen, M., Karpechko, A. Y., Lipponen, A., Nordling, K., Hyvärinen, O., 604 

Ruosteenoja, K., ... & Laaksonen, A. (2022). The Arctic has warmed nearly four times faster 605 

than the globe since 1979. Communications earth & environment, 3(1), 168. 606 

         Safi, K., Cianciaruso, M. V., Loyola, R. D., Brito, D., Armour-Marshall, K., & Diniz-607 

Filho, J. A. F. (2011). Understanding global patterns of mammalian functional and phylogenetic 608 

diversity. Philosophical Transactions of the Royal Society B: Biological Sciences, 366(1577), 609 

2536-2544. 610 



32 
 

         Sanczuk, P., Landuyt, D., De Lombaerde, E., Lenoir, J., Lorer, E., Luoto, M., ... & 611 

De Frenne, P. (2024). Embracing plant–plant interactions—Rethinking predictions of species 612 

range shifts. Journal of Ecology, 112(12), 2698-2714. 613 

         Sandel, B., Merow, C., Serra‐Diaz, J. M., & Svenning, J. C. (2025). Disequilibrium 614 

in plant distributions: Challenges and approaches for species distribution models. Journal of 615 

Ecology, 113(4), 782-794. 616 

         Svenning, J. C., Eiserhardt, W. L., Normand, S., Ordonez, A., & Sandel, B. (2015). 617 

The influence of paleoclimate on present-day patterns in biodiversity and ecosystems. Annual 618 

Review of Ecology, Evolution, and Systematics, 46(1), 551-572. 619 

         Tobias, J. A., Sheard, C., Pigot, A. L., Devenish, A. J., Yang, J., Sayol, F., ... & 620 

Schleuning, M. (2022). AVONET: morphological, ecological and geographical data for all birds. 621 

Ecology letters, 25(3), 581-597. 622 

         Velazco, S. J. E., Rose, M. B., De Marco Jr, P., Regan, H. M., & Franklin, J. (2024). 623 

How far can I extrapolate my species distribution model? Exploring shape, a novel method. 624 

Ecography, 2024(3), e06992. 625 

         Voskamp, A., Baker, D. J., Stephens, P. A., Valdes, P. J., & Willis, S. G. (2017). 626 

Global patterns in the divergence between phylogenetic diversity and species richness in 627 

terrestrial birds. Journal of Biogeography, 44(4), 709-721. 628 

         Wang, Z., Cui, N., Hung, C. M., Li, S. H., & Dong, F. (2025). A 150‐Year Avian 629 

Extinction Debt Forewarns a Global Species Crisis and Highlights Conservation Opportunities. 630 

Conservation Letters, 18(1), e13078. 631 



33 
 

         Webber, B. L., Cousens, R. D. & Atwater, D. Z. (2023) Assumptions: respecting 632 

the known unknowns. In: Cousens, R. D. (ed.) Effective ecology: seeking success in a hard 633 

science. CRC Press, Taylor & Francis, Milton Park, United Kingdom, pp. 97-126. 634 

         Zurell, D., Schifferle, K., Herrando, S., Keller, V., Lehikoinen, A., Sattler, T., & 635 

Wiedenroth, L. (2024). Range and climate niche shifts in European and North American 636 

breeding birds. Philosophical Transactions of the Royal Society B, 379(1902), 20230013. 637 

  638 



34 
 

Supplementary Information 639 

Appendix S1: Future scenarios of changes in the environmental 640 

conditions 641 

 642 

 643 

Figure S1: Mean temporal trajectories of climate (mean annual temperature, mean precipitation 644 

amount) and the extent of forests (primary and secondary forests) in grid cells 50 km × 50 km from 645 

2000 to 2100) shown for the mild (SSP 245, green) and severe (SSP 585, blue) scenarios. 646 

  647 
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Appendix S2: Extrapolation rates 648 

Looking back at the past has the potential to avoid over-extrapolation, and to improve 649 

the projection reliability of future biodiversity trends (Webber et al., 2023). Extrapolation 650 

is an inherent issue in predictive ecology. It can be defined as predicting beyond the 651 

range of the environmental conditions that are considered during model fitting (i.e., 652 

beyond the realized data space, Velazco et al., 2024). Fitting an ecological niche model 653 

based on the environmental conditions that are contemporary to species occurrence 654 

data increases extrapolation risks, possibly leading to biased or less reliable 655 

predictions (Sandel et al., 2024). This is more likely when projecting into a distant 656 

future, when novel combinations of environmental conditions (i.e., non-analogues), not 657 

recently experienced by the species, will arise. Here, we assessed projection validity 658 

given the potential of non-equilibrium SDMs to limit model extrapolation. 659 

 660 

For the equilibrium and the non-equilibrium SDMs, we assessed projection reliability 661 

through extrapolation rates defined as the total number of 50 km × 50 km grid cells, in 662 

the future, for which at least one predictor variable exceeded the range of the 663 

environmental conditions observed during model fitting (Owens et al., 2013; Velazco 664 

et al., 2024). Spatial units of 50 km × 50 km were considered independently at different 665 

time steps, meaning that the total number of spatial units include all the future 666 

combinations of environmental conditions over space and time. We additionally 667 

provided a qualitative comparison of the distributions of the future environmental 668 

conditions (from 2018 to 2100), with those used to fit the equilibrium SDMs (in 2017), 669 

and the non-equilibrium SDMs (from 1854 to 2017, or from 854 to 2017, depending on 670 

the driver). 671 

 672 
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We found that the extrapolation rate decreased from 45% to 31% for SSP 245, and 673 

from 70% to 39% for SSP 585, when considering the equilibrium and the non-674 

equilibrium SDMs, respectively. This extrapolation rate was chiefly due to future low 675 

and high temperature extremes, both low and high extremes, which have never been 676 

encountered in the past, before the temporal extent of a time lag was reached, but that 677 

will arise in the future (Figure S1). The non-equilibrium SDM approach covers a larger 678 

variability of background environmental conditions compared to the equilibrium SDM 679 

approach (Figure S1).  680 

 681 

Projected future temperatures will exceed current and historic temperatures, while no 682 

such extrapolation was found for the other land-use changes predictors. This 683 

extrapolation issue was reduced in the non-equilibrium SDMs, because they allowed 684 

colder and, to a lesser extent, warmer temperatures to be captured from past 685 

environmental conditions. The resulting extrapolation that still persisted for high 686 

temperatures is unsurprising, given that the mid-19th century corresponds to the end 687 

of the little ice age. Analogues of future climates are so ancient that they probably don’t 688 

provide useful information to understand current and future distribution of species, 689 

which did not exist at that time (Svenning et al., 2015). 690 



37 
 

691 

Figure S2: Comparison between future (2018 - 2100), and past background environmental conditions, 692 

that are accounted for during the model fitting phase when using the equilibrium or the non-693 

equilibrium SDMs. Model fitting of the equilibrium SDMs is based on the 2017 environmental 694 

conditions (i.e., to match the date of the occurrence data), while model fitting of the non-equilibrium 695 

SDMs is based on a time series of past environmental conditions. Times series ranged from 1854 to 696 

2017 for temperature and precipitation, and from 854 to 2017 for primary and secondary forests. The 697 

background environmental conditions are pooled, from SSP 245 and SSP 585, to account for all the 698 

future possible environmental conditions.  699 

  700 
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Appendix S3: Functional and phylogenetic trees 701 

The functional characteristics we considered described species ecological 702 

preferences, morphology, and species distribution range size and location. The 703 

functional tree was built considering non correlated functional characteristics 704 

(Spearman correlation coefficient < 0.7) including: hand wing index, mass, habitat 705 

density; minimum, centroid, and maximum latitude; centroid longitude, range size, 706 

trophic level, trophic niche, and migration status (Tobias et al., 2022). Hand wing index 707 

and species mass are associated to dispersal, which is one of the main drivers of time 708 

lags, species with low dispersal being likely to respond more slowly to environmental 709 

changes (Lalechère et al., 2019; Tobias et al., 2022; Arroyo‑Rodríguez et al., 2023). 710 

The characteristics of species range (size and position) are associated with species 711 

thermal preferences, species with low and large thermal preferences being more likely 712 

to be in disequilibrium in response to climate change (Jiguet et al., 2010). Functional 713 

characteristics linked to trophic relationships (trophic level: either carnivore, 714 

herbivorous or omnivorous; and tropic niche: aquatic predator, granivore, herbivore 715 

terrestrial, invertivore, omnivore, vertivore) were also considered because time lags, at 716 

lower trophic levels, can propagate and accumulate to higher trophic levels (Essl et al., 717 

2015). Migration status was included because migratory birds are impacted by different 718 

climate regimes. We also considered the sensitivity to habitat density which could 719 

explain variation in the responses to land use changes.  720 
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 721 

Figure S3: Functional tree of bird species.  722 
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 723 

Figure S4: Phylogenetic tree of the bird species. The phylogenetic tree was extracted from the Open 724 

Tree of Life (OpenTreeOfLife, 2019). The tree includes all the bird species, except Emberiza rustica, 725 

which was removed from the Open Tree of Life. Branch lengths were defined using the Grafen's 726 

method from the ape R package (Paradis & Schliep, 2019). 727 
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Appendix S4: Phylogenetic and taxonomic diversity 728 

 729 

Figure S5: Future trends in α and β phylogenetic and taxonomic diversity projected from the 730 

equilibrium and the non-equilibrium SDMs, for the SSP 245 and the SSP 585 scenarios. The α diversity 731 

metric is the local diversity calculated within each EBBA2 mesh. The β diversity metric captures the 732 

spatial turnover in bird assemblages among EBBA2 meshes. SSP 245 represents a mild scenario of 733 

climate and land-use changes, while SSP 585 considers increasing anthropogenic forcings. 734 
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 735 

Figure S6: Future α phylogenetic diversity derived from the equilibrium and the non-equilibrium SDMs, 736 

for SSP 245 and SSP 585. The non-equilibrium SDMs account for time lags in bird responses to habitat 737 

and climate changes, on the contrary to the equilibrium SDMs. Phylogenetic diversity is based on a 738 

tree created from the Open Tree of Life (OpenTreeOfLife, 2019; Supplementary Information, Appendix 739 

S5). The spatial pattern of α phylogenetic diversity was derived from the stacked distribution of 84 bird 740 

species.  741 

 742 
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 743 

Figure S7: Future α taxonomic diversity derived from the equilibrium and the non-equilibrium SDMs, 744 

for SSP 245 and SSP 585. The non-equilibrium SDMs account for time lags in bird responses to habitat 745 

and climate changes, on the contrary to the equilibrium SDMs. The spatial pattern of α taxonomic 746 

diversity was derived from the stacked distribution of 84 bird species.   747 
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 748 

Figure S8: Future disequilibrium in α phylogenetic and taxonomic diversity based on a comparison 749 

between projections of the equilibrium and the non-equilibrium SDMs, for SSP 245 and SSP 585. The 750 

disequilibrium is calculated following eq. 2, by comparing the output of the equilibrium and the non-751 

equilibrium SDMs.  752 
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Appendix S5: Functional diversity under SSP 245. 753 

 754 

Figure S9: Future α functional diversity derived from the equilibrium and the non-equilibrium SDMs 755 

for SSP 245. The non-equilibrium SDMs account for time lags in bird responses to habitat and climate 756 

changes, on the contrary to the equilibrium SDMs. Functional diversity is based on a tree created 757 

through a hierarchical clustering approach from 11 functional characteristics of birds (Supplementary 758 

Information, Appendix S5). The spatial pattern of α functional diversity was derived from the stacked 759 

distribution of 84 bird species 760 

  761 
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 762 

Figure S10: Future disequilibrium in α diversity based on a comparison between projections of the 763 

equilibrium and the non-equilibrium SDMs, for SSP 245. The disequilibrium is calculated following eq. 764 

2, by comparing the output of the equilibrium and the non-equilibrium SDMs. The maximum absolute 765 

disequilibrium value reaches 80% of the α diversity predicted by the equilibrium. 766 
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