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Abstract 124 

Climate warming is shifting biological communities, favouring warmth-demanding species at 125 

the expense of cold-adapted species in a process referred to as thermophilization1-4. Because 126 

biodiversity responses often lag behind climate warming, climatic debts are accumulating in 127 

many ecosystems across the globe5-7. While we might expect thermophilization and climatic 128 

debts to vary among habitats, standardized quantification across ecosystems is still lacking. 129 

Here we analysed multidecadal data from 6067 resurveyed vegetation plots over 12–78 years 130 

in forests, grasslands, and on alpine summits across Europe. We demonstrate that forest 131 

understory and grassland plant communities experienced positive thermophilization, although 132 

not significantly different from zero, whereas alpine summit vegetation showed much stronger 133 

(up to five times) and significant thermophilization. Thermophilization was driven largely by 134 

increases in warmth-demanding species in grasslands, by declines in cold-adapted species on 135 

alpine summits, and by both processes in forests. Significant climatic debts have accumulated 136 

in forests and alpine summits, but less so in grasslands, with debts positively correlated with 137 

macroclimate temperature changes. Our findings highlight divergent thermophilization 138 

trajectories and increasing debts across ecosystems. Further disentangling the mechanisms that 139 

allow some communities to track climate change more closely than others is critical to 140 

furthering our understanding of ecological resilience in a warming world. 141 

  142 
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Main 143 

Global climate change is having profound impacts on biodiversity8-10. Range shifts are observed 144 

in many species and ecosystem types as species track their thermal requirements11-14. As a result, 145 

directional shifts in community composition at the expense of cold-adapted and in favour of 146 

warmth-demanding species (referred to as thermophilization) are increasingly evident in 147 

terrestrial and aquatic plant and animal communities1-4,15,16. For example, significant 148 

thermophilization of vegetation has been documented across alpine summits and grasslands in 149 

Europe3,17, but also in plant communities of temperate and tropical forests despite the buffering 150 

effects of forest canopies1,18-20. However, the thermophilization rate of many biological 151 

communities is not keeping pace with the velocity of contemporary climate change13,18,21,22, 152 

leading to a climatic lag or debt in community responses to climate warming2,5,6,15,23. 153 

 154 

Climatic debts reflect species’ inherent life-history and ecophysiological characteristics such as 155 

limited dispersal and establishment capacity, as well as long life span7,24,25, but may also arise 156 

from the buffering effects of microclimatic processes or interactions with other global change 157 

drivers1,18,23,26. Apparent debts may also be shaped by adaptive shifts in species’ climatic niches, 158 

although such processes are generally slow7. Microclimates in unforested ecosystems, such as 159 

alpine summits and grasslands, are mainly shaped by topography and vegetation feedbacks on 160 

snow cover, solar radiation, air mixing, and evapotranspiration27-30, while in forests, tree canopy 161 

structure, largely governs microclimatic conditions and thermal buffering1,18, although 162 

topography would be also important31. As such, the magnitude of thermophilization might differ 163 

appreciably among ecosystems. However, comparing thermophilization studies is difficult, as 164 

they often employ different methodologies to quantify thermal niches and climatic debts (e.g., 165 
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as a result of different sources, resolutions, seasons and base periods of climate data). While 166 

thermophilization rates in response to climate change may differ across ecosystems4, to date, 167 

we lack consistent large-scale, multi-taxa, and long-term comparisons of rates of 168 

thermophilization and magnitudes of climatic debt among vegetation types based on a 169 

consistent methodology. To address this knowledge gap, we here used vegetation resurveys with 170 

a consistent methodology to answer two key questions: (1) how do thermophilization rates and 171 

climatic debts differ among different ecosystems types, and (2) how are these differences related 172 

to variation in local climate warming across contrasting ecosystems? 173 

 174 

Here we report cross-biome thermophilization for Europe’s temperate forests, grasslands and 175 

alpine summits, which represent widespread and ecologically distinct vegetation types with 176 

contrasting structure and microclimate relevant to species’ responses to climate change. To this 177 

end, we compiled plant occurrence data for 1919 species from 6067 resurveyed vegetation plots 178 

(Fig. 1). In each plot, we quantified the thermophilization rate of the plant community1,18 using 179 

a consistent methodology (see Methods). In total, we used 4372, 1209, and 486 plots from 180 

forests, grasslands, and alpine summits, respectively, with the sampling intervals (baseline to 181 

resurveys) of 12 to 78 (median 42), 16 to 78 (median 35), and 12 to 15 (median 14) years, 182 

respectively  (Extended Data Fig. 1a, Table 1). We use these data to estimate rates of 183 

thermophilization and climatic debt (°C decade-1) for each plot using an established method 184 

that relies on species’ thermal affinities inferred from their geographic distributions relative to 185 

long-term climate data1,18,32. To further disentangle the mechanisms underlying 186 

thermophilization, we separately calculated changes in the 5th and 95th percentiles of the floristic 187 

temperature distribution to represent declines of cold-adapted vs. increases of warmth-188 
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demanding species, respectively1. 189 

 190 

When estimated using plant abundance data (excluding rare species with range sizes fewer than 191 

1000 grid cells in 20 × 20 km resolution; see Methods), which mainly reflect changes in species 192 

dominance and community reordering, we found positive, although not significantly different 193 

from zero, rates of overall thermophilization in forests [0.03 °C decade-1, 95% credible interval 194 

(CI): -0.02–0.07] and grasslands [0.03 °C decade-1, 95% CI: -0.06–0.11], while the overall 195 

thermophilization rate on alpine summits was much higher and significantly different from zero 196 

at 0.12 °C decade-1 (95% CI: 0.05–0.19) (Fig. 2a). When estimated using plant 197 

presence/absence data, which are more sensitive to species turnover including rare or transient 198 

species, similar results were found, and thermophilization rate on alpine summits was five times 199 

higher than in forests and grasslands (Extended Data Fig. 2a; see Sensitivity analysis). When 200 

assessed using abundance data and excluding rare species, thermophilization in grasslands was 201 

driven largely by increase in warmth-demanding species (0.08 °C decade-1, 95% CI: -0.03–202 

0.19). In forests, thermophilization reflected both declines in cold-adapted species (0.04, 95% 203 

CI: -0.01–0.09 °C decade-1) and increases in warmth-demanding species (0.03, 95% CI: -0.03–204 

0.09 °C decade-1). On alpine summits, however, we found a significant decrease in cold-adapted 205 

species (0.26 °C decade-1, 95% CI: 0.18–0.34) and a decrease in warmth-demanding species (-206 

0.16 °C decade-1, 95% CI: -0.25 – -0.06). These trends did not show marked changes when 207 

assessed including rare species and/or using vegetation presence/absence data (Extended Data 208 

Fig. 2b; see Sensitivity analysis). 209 

 210 

Our second analysis calculated climatic debts by subtracting rates of thermophilization from 211 
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local rates of climate change2,24. These climatic debts were mostly positive (ranging from 0.13 212 

to 0.34 °C decade-1 across ecosystem types; Fig. 2b, Extended Data Fig. 2), indicating that 213 

thermophilization lags behind macroclimate changes. The magnitude of these lags did not 214 

strongly depend on whether they were estimated from declines in cold-adapted species, 215 

increases in warmth-demanding species, or overall thermophilization rates. Climatic debts were 216 

generally highest in forests, followed by alpine summits, and were lowest in grasslands. 217 

Thermophilization rates were weakly correlated with rates of increase in temperature regardless 218 

of the ecosystem type, while climatic debts strongly covaried with rates of temperature change 219 

across all ecosystem types (Fig. 3). 220 

 221 

The overall rates of thermophilization on alpine summits were generally higher, up to five times, 222 

than those in forests and grasslands. Divergence in thermophilization rates between ecosystem 223 

types may be attributed, at least partially, to differences in plant lifespans, with communities 224 

composed of shorter-lived plants potentially responding more rapidly to climate warming33,34. 225 

However, currently available lifespan datasets (e.g., from the TRY Plant Trait Database35) are 226 

still limited in taxonomic coverage and resolution, especially for ecosystems such as alpine 227 

summits and forests where many plant species are known to have extremely long lifespans, 228 

preventing us from quantitatively testing this hypothesis. The high thermophilization observed 229 

on alpine summits may particularly result from the rugged topography that compresses thermal 230 

belts, creating strong spatial gradients in microclimate and species composition, such that even 231 

small shifts in species distribution can lead to marked community-level changes in thermal 232 

affinity36, especially above the forest belt, where climatic buffering through tree canopies is 233 

absent. Within the alpine summit dataset, however, we did not detect significant relationships 234 
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between thermophilization rates and variables reflecting rugged topography such as the terrain 235 

ruggedness index (TRI) or slope (Extended Data Fig. 3a), probably because the summit-level 236 

coordinates in our database and mid-scale topographic metrics fail to capture the fine-scale 237 

microhabitats that more strongly shape community responses, especially in alpine environments. 238 

Nevertheless, we found that thermophilization was lowest on north-facing slopes (Extended 239 

Data Fig. 3b), which can support the hypothesis of microhabitats generated by rugged 240 

topographic gradients and emphasize the role of slope exposition to sun radiation in shaping 241 

thermophilization patterns of treeless alpine vegetation. 242 

 243 

Our results further suggest that thermophilization of understory plants in forests was driven by 244 

both declines in cold-adapted species and increases in warmth-demanding species, which is 245 

expected with warming. By contrast, only increases in warmth-demanding species contributed 246 

to the overall thermophilization in grasslands. Unlike forests, grasslands lack tree canopy 247 

buffering, and grassland plant communities experience hotter maximum daily temperatures 248 

than forest understoreys. Together with higher species turnover and recruitment rates, this could 249 

have favoured warmth-demanding taxa more as temperatures raise37, resulting in 250 

thermophilization being driven mainly by increases in warmth-demanding species. For alpine 251 

summits, however, our results suggest a simultaneous decline of both cold-adapted and warmth-252 

demanding species, which could potentially be linked to recurring severe drought during the 253 

survey periods38,39, although likely reflecting additionally distinct ecological pressures. Cold-254 

adapted species may be lost due to pronounced climate warming and habitat contraction40,41, 255 

while the decline of warmth-demanding species may result from reduced persistence after 256 

colonization, possibly due to environmental stress or biotic interactions42. Despite declines in 257 
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both types of species, net thermophilization can still result from stronger declines in cold-258 

adapted species than warmth-demanding species (Fig. 2, Extended Data Fig. 2), as well as from 259 

compositional shifts favouring warmth-demanding species, through both topography-facilitated 260 

colonization and differential persistence43. By partitioning thermophilization into the effects of 261 

gains, losses, and abundance shifts of persisting species, we found that abundance shifts, along 262 

with losses, were the primary drivers of thermophilization on alpine summits (Extended Data 263 

Fig. 4a; see Sensitivity analysis). Results also confirmed that thermophilization was jointly 264 

driven by losses in cold-adapted species and gains in warmth-demanding species in forests and 265 

largely by gains in warmth-demanding species in grasslands. 266 

 267 

Substantial climatic debts exist in all the types of ecosystems studied here. Climatic debts in 268 

forests were substantial and generally higher than those in alpine summits and grasslands. This 269 

is likely because tree canopies provide microclimatic buffering of climate warming, which is 270 

not captured by the macroclimate data used to assess global climate warming (and in our 271 

study)23,44. Also, forest plant life-history traits (e.g., long lifespan) likely impede their ability to 272 

adapt rapidly to changing conditions, delaying their response and increasing their climatic 273 

debt6,45. The lower climatic debt in grasslands indicates that shifts in grassland plant 274 

communities are more closely tracking climate warming37, especially for warmth-demanding 275 

species that showed limited climatic debts. Furthermore, we quantified the thermal suitability 276 

of the background climate for plant communities and assessed the extent to which species at 277 

the plot level were exposed to climatic conditions beyond their thermal tolerance ranges (see 278 

Sensitivity analysis for details). We found significant declines in the probability density of 279 

thermal suitability in forests and marginal declines in grasslands, but not on alpine summits 280 



14 
 

(Extended Data Fig. 5a). The proportion of mismatched species significantly increased in 281 

forests, but not in grasslands or alpine summits (Extended Data Fig. 5b). These results highlight 282 

that thermal mismatch progresses unevenly across ecosystems, and that comparing the 283 

difference between changes in climate and floristic temperature may have overestimated 284 

climatic debts in grasslands and alpine summits. Importantly, disturbance levels among 285 

ecosystems could also contribute to these differences; although we were unable to assess this 286 

factor with the current data, it represents a significant direction for future research. Together, 287 

these results emphasize the ecosystem-specific responses of vegetation to climate warming. 288 

 289 

In addition, our results that climatic debts increase with the amount of temperature change 290 

suggest that rapid climate change increases the risk of species reshuffling and ecosystem 291 

disruptions5,7. This highlights the urgency of proactive strategies to mitigate and adapt to future 292 

climate change. As physical and biological drivers of microclimate are very different in forests, 293 

grasslands and alpine summits46, future research should quantify how climatic debt scales with 294 

different rates of warming in each of these contrasting habitats. In addition to climate warming, 295 

other global change factors such as droughts, nitrogen and sulfur deposition, land use change, 296 

and elevated CO2, may interact with or modulate thermophilization patterns14,47. Part of the 297 

thermophilization signal we detect might be due to niche axes that are correlated with, but not 298 

causally linked to, temperature. Multi-factor assessments, including other global environmental 299 

changes, are thus needed to more precisely predict the responses of plant communities and 300 

inform more integrative conservation strategies. 301 

 302 

In sum, we uncovered the novel finding that thermophilization rates vary significantly between 303 
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major habitat types – forests, grasslands, and alpine summits – in Europe. Thermophilization 304 

was driven largely by increases in warmth-demanding species in grasslands, by decrease in 305 

cold-adapted and increases in warmth-demanding species in forests, and by decreases in cold-306 

adapted species, as well as abundance shifts of persisting species, on alpine summits. Although 307 

time lags between the climate warming and changes in the composition of plant communities 308 

have been previously noted6,7,12,18,48,49, we here find that climate change has generated 309 

contrasting shifts in plant communities among different ecosystem types. These contrasting 310 

patterns suggest asynchronous reorganization among ecosystems, reflecting differences in 311 

exposure, biotic resistance, and response lags. Importantly, ecosystems with accumulating 312 

climatic debts likely face elevated risks of ecological mismatches, functional instability, and 313 

local species extirpations. Given rapid rates of climate change, climate lags will likely persist 314 

over many decades even if the climatic debt must ultimately be paid off. The differing 315 

thermophilization rates among ecosystems also highlight the importance of comparing several 316 

ecosystems when assessing the impacts of global change on biodiversity, as such quantification 317 

can permit forecasting of the duration of biodiversity changes that will continue even if climate 318 

warming stabilizes. Our findings facilitate the development of targeted management strategies, 319 

such as assisted migration in forests, adaptive grazing practices in grasslands, and conservation 320 

of cold-adapted species where possible while enabling the establishment of warmth-demanding 321 

species on alpine summits, to enhance ecosystem resilience and mitigate biodiversity loss under 322 

ongoing climate change. 323 

 324 

Online content 325 
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Main Text Figure Legends 443 

Fig. 1 | Distribution of the 6067 resurveyed (quasi-)permanent plots in forests, grasslands 444 
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and alpine summits across Europe. Forest cover (green) and grassland cover (yellow) are 445 

based on CORINE Land Cover 2018 data (© European Environment Agency, 2018), and 446 

elevation data (gray) are from the Shuttle Radar Topography Mission (SRTM, courtesy of 447 

NASA/USGS). 448 

 449 

Fig. 2 | Vegetation thermophilization rates and climatic debts (°C decade-1) in forests, 450 

grasslands, and alpine summits. a, Vegetation thermophilization rates quantified as the 451 

declines in cold-adapted species (5th percentile shift), overall (median shift), and increases of 452 

warmth-demanding species (95th percentile shift). b, Climatic debts calculated according to 453 

climate change rates and vegetation thermophilization rates of decline in cold-adapted species, 454 

overall, and increase of warmth-demanding species. Thermophilization rates and climatic debts 455 

were estimated using plant abundance data excluding rare species. Circles represent means (n 456 

= 4372, 1209, and 457 plots for forests, grasslands, and alpine summits, respectively) with 80% 457 

(thick line) and 95% (thin line) credible intervals and posterior distributions obtained from 458 

Bayesian mixed-effects models. 459 

 460 

Fig. 3 | Relationships between vegetation thermophilization rate/climatic debt and the 461 

growing season mean temperature (Tmean) change rate in forests, grasslands, and alpine 462 

summits. a-c, Relationships between growing season Tmean change rate (°C decade-1) and 463 

thermophilization rate (°C decade-1) quantified as the declines of cold-adapted species (5th 464 

percentile shift), overall (median shift), and increases of warmth-demanding species (95th 465 

percentile shift). d-f, Relationships between growing season Tmean change rate (°C decade-1) 466 

and climatic debt (°C decade-1) calculated according to thermophilization rate quantified as the 467 

declines of cold-adapted species, overall, and increases of warmth-demanding species. 468 

Thermophilization rates and climatic debts were estimated using plant abundance data 469 

excluding rare species. Each circle represents a plot (n = 4372, 1209, and 457 for forests, 470 

grasslands, and alpine summits, respectively). Lines are fits from Bayesian mixed-effect models, 471 

and shaded areas denote 95% credible intervals. 472 

  473 
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Methods 474 

Databases and vegetation resurveys 475 

We used data from three databases, and each database is a collation of vegetation resurvey data 476 

for a certain ecosystem type in Europe (Fig. 1, Extended Data Table 1). Data for forests were 477 

obtained from the forestREplot database version 2.3 (www.forestreplot.ugent.be) with 4372 478 

plots from 76 sampling sites. The forestREplot is a resurveyed vegetation plot network focusing 479 

on all vascular plants in the understory community (<1 m height, including tree seedlings) 480 

across temperate forests in Europe50, as they represent on average the most important plant 481 

biodiversity compartment in forests51. All plots are located in natural (never cleared for other 482 

land uses than forests according to the oldest available sources such as historical maps, typically 483 

at least 150-300 years52) or semi-natural forests according to the definition by Peterken53. 484 

Grasslands were represented by 1209 resurveyed vegetation plots from 22 sites that are situated 485 

in semi-natural grasslands, which is defined as unploughed mown or grazed areas with limited 486 

fertilization54, from the GRACE database55. Data for alpine summits were from the Global 487 

Observation Research Initiative in Alpine environments (GLORIA, https://gloria.ac.at) with 488 

486 plots in natural vegetation with a complete list of vascular plant species from 64 sites56. In 489 

each site, plant communities were surveyed across permanent (i.e., plots were permanently 490 

marked in the field) or quasi-permanent (i.e., plots were not permanently marked but have 491 

known coordinates or clear indications on physical maps for later accurate relocation)57 plots at 492 

two time points, namely the baseline survey and resurvey. Between the two surveys, there was 493 

no major change in land use such as clearcutting, replanting, conversion to agricultural land or 494 

urbanization, etc., and, at least at the plot level, the same methodology was used in both surveys, 495 

such as number and size of plots and cover-abundance scale (for more details see 496 
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references50,55,56). The time spans between baseline survey and resurvey ranged between 12 and 497 

78 years with a median of 42 years. Specific lengths of the study period per ecosystem type are 498 

available in Extended Data Table 1. The median number of plots per site was 42.5 and 39 in 499 

forest and grassland surveys, respectively, and the median size of plots was 200 and 25 m2 in 500 

forest and grassland surveys, respectively58. Alpine summits were always resurveyed in eight 501 

spatial sections that together covered the entire area from the highest summit point to the 502 

contour line 10 m in elevation below this point, and the median summit area was around 300 503 

m2. A complete list of vascular plant species was recorded for all plots in each ecosystem type. 504 

Species abundance was recorded as percentage cover in forest and grassland plots, and as an 505 

ordinal scale from one (very rare) to eight (dominant) in summit plots56. The ordinal abundance 506 

scores were standardized for each plot and survey time to a continuous 0–100 scale via min-507 

max transformation, and subsequently converted to relative abundances, thereby rendering 508 

them directly comparable to percentage cover estimates. Vegetation surveys were generally 509 

carried out during the peak of the vegetation season (May–August), and plots with a year 510 

difference between baseline survey and resurvey less than 10 year were excluded in our study. 511 

 512 

Temperature data 513 

To determine the rate of temperature change between the baseline survey and resurvey, we used 514 

monthly mean temperature data to obtain mean growing season (April to September) 515 

temperatures, given that this period broadly corresponds to the peak of plant physiological 516 

activity, although on alpine summits this period is shorter (June to August), thereby better 517 

reflecting the climatic condition driving species turnover and community dynamics1,3,59,60. We 518 

used the data of CRU TS version 4.07, which provides updated gridded climate datasets at a 519 
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spatial resolution of 0.5° (~50 km at the equator) since 1901, based on monthly observations at 520 

meteorological stations across the world’s land areas. This dataset was selected because of its 521 

temporal depth and consistency, allowing robust estimation of temperature change over the full 522 

period between baseline survey and resurvey (from 1931 to 2020). For each plot across the 523 

ecosystem types, we calculated climatic temperature change rate (expressed in °C decade-1) 524 

between the baseline survey and the resurvey as the difference between the mean growing 525 

season temperature during the five years preceding the baseline survey and the five years 526 

preceding the resurvey, divided by the time span between the baseline survey and the 527 

resurvey1,3,18. The resulting distributions of mean growing season temperature change rates are 528 

presented in Extended Data Fig. 1b. 529 

 530 

Thermophilization 531 

To calculate thermophilization rates, we followed established and widely used methods in the 532 

literature based on species’ thermal niche and distribution range data1,3,6,15,18,20,61. First, we 533 

extracted gridded long-term (1970-2000) climatic data on monthly mean temperature of the 534 

growing season (April to September) from WorldClim v.2 as a raster file with 10 arc-min 535 

resolution (~20 × 20 km)62. Then, to obtain distribution data of the species, we estimated species 536 

range sizes as area of occupancy (AOO)63 using point occurrence records in the Global 537 

Biodiversity Information Facility (GBIF, www.gbif.org)64. We retained records from 1930 538 

onward to ensure full temporal coverage of species’ distributions across baseline survey and 539 

resurvey intervals, the earliest of which began in 1931 (see Extended Data Table 1). To 540 

minimize spatial sampling bias, occurrences were aggregated to 20 × 20 km resolution, and 541 

AOO was calculated based on the number of unique occupied grid cells per species, thereby 542 
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not only avoiding overrepresentation of well-sampled areas but also aligning with the resolution 543 

of the used climate data. Records with missing or erroneous coordinates, high spatial 544 

uncertainty (>10 km), or flagged as outliers were removed using standard data cleaning 545 

procedures. After filtering, a total of 1919 species (85.8%) out of the 2237 species identified to 546 

species level included in our study across ecosystem types were matched and retained. This 547 

GBIF-derived range sizes for plant species in Europe has been found to correlate strongly with 548 

expert-drawn range maps, and can thus provide good relative estimates of species’ 549 

distributions58,65. Next, to estimate the realized thermal niches of species, defined as the climatic 550 

niche space that is genuinely occupied by a species64, we set the study area extent to all 551 

European land between 15° W and 60° E and 25° N and 75° N, with grid cells of 20 × 20 km. 552 

For each species, we randomly sampled 1000 grid cells, with replacement, within the range size 553 

represented by AOO18,32. To generate consistent data series for all species (1000 values), we 554 

used random sampling with replacement instead of a random sample or all grid cells, which 555 

allowed species with small distribution ranges (i.e., <1000 grid cells) to be included under the 556 

same sampling scheme and ensured comparability of climatic niche estimates across species. 557 

However, because rare species (defined here as species with range sizes smaller than 1000 grid 558 

cells, which accounted for 36.4% of the total species pool; Extended Data Fig. 1c) are less 559 

frequently encountered, sampling efforts may not consistently detect them and thus lead to 560 

potential underestimation or overestimation of their actual contribution to thermophilization of 561 

vegetation communities. We thus first estimated themophilization rate and climatic debt only 562 

with species having AOO ≥ 1000 grid cells, and then reran the analyses with all the species 563 

included in our database to check if the exclusion of rare species has biased our results (see 564 

Sensitivity analysis). 565 



25 
 

 566 

We calculated the floristic temperature (Tplant, °C) for each plot by using the thermal niches of 567 

all species present during each survey (baseline survey and resurvey). To account for the 568 

variability and uncertainty in species’ thermal preferences and niche widths, we generated the 569 

distribution of plot-level floristic temperatures at each survey by resampling 1000 times from 570 

the species’ thermal niches (i.e., from the 1000 grid cells), with weights defined by species 571 

abundance, following the methodology explained in Rodríguez-Sánchez et al.66. Then, we 572 

estimated the overall thermophilization rate for each plot as the difference between the median 573 

of the floristic temperature distribution of the resurvey minus the baseline survey (ΔTplant), 574 

divided by the time span (Δt, in decades) between the two survey periods. Given that 575 

thermophilization represents a slow ecological response to climate warming, we thus used 576 

decadal rates (°C decade-1) in this study to better reflect long-term trends and reduce sensitivity 577 

to interannual variability. A positive value thus reflects an overall temporal increase of floristic 578 

temperature in °C decade-1. To further evaluate the contribution of declines of cold-adapted 579 

species and increases of warmth-demanding species to the overall thermophilization rate, we 580 

also quantified shifts in the left (fifth percentile) and right (95th percentile) tails of the plot-level 581 

distribution of floristic temperatures per survey period, respectively1. Then, a positive value in 582 

the left versus right tail shift indicates thermophilization due to a decline of relatively cold-583 

adapted versus an increase of the frequency of more warmth-demanding species, respectively. 584 

Since we were specifically interested in this per-plot thermophilization, it is important to note 585 

that this calculation of shifts in the cold-adapted vs. warmth-demanding species is a per-plot 586 

relative quantification based on the left and right tail of floristic temperature distribution shifts 587 

per plot1. As a result, a cold-adapted species in a plot in a warm site can be a warmth-demanding 588 
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species in a plot in a colder site. Finally, as a sensitivity analysis, we also converted all 589 

vegetation data into presence/absence data and recalculated thermophilization rates and 590 

climatic debt (see Sensitivity analyses). 591 

 592 

Climatic debt 593 

Climatic debt is defined as the degree to which the rates of compositional changes in vegetation 594 

are lagging behind the rates of climate warming. The climatic debt per plot between the baseline 595 

survey and resurvey was calculated as (ΔTclim/Δt) – (ΔTplant/Δt) (following refs.2,24), where 596 

ΔTclim and ΔTplant were changes in actual mean climate temperature of the growing season and 597 

floristic temperature (the median, fifth and 95th percentile of the distribution of floristic 598 

temperatures) between the baseline survey and resurvey, respectively. A large climatic debt 599 

suggests a large mismatch between the dynamics of plant communities and climate change7, 600 

which indicates that a relatively large number of species are occurring under sub-optimal 601 

thermal conditions. Positive (negative) climatic debts indicate that the response rates of plant 602 

communities are slower (faster) than climate warming rates, respectively. 603 

 604 

Statistical analyses 605 

We used Bayesian mixed-effects models with the brms package67 in R for all the statistical 606 

analyses, and the 95% credible interval (CI) to determine statistical clarity68. We adopted a 607 

Gaussian regression model with an identity link to evaluate whether thermophilization 608 

rates/climatic debts (°C decade-1) were significantly different from zero within each type of 609 

ecosystem by fitting ecosystem type as a fixed-effect factor and “site” as a random-effect term. 610 

The suitability of Gaussian assumption was evaluated using quantile-quantile (QQ) plots of the 611 
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response variables, which indicated approximate normality (Extended Data Fig. 6). Also, to 612 

account for the potential impacts of regression to the mean (RTM) effects69, we included the 613 

mean climate temperature of the growing season at the baseline survey (Tclim_baseline) as a 614 

covariate, given the detected significant linear relationship between Tclim_baseline and temperature 615 

change rate (Extended Data Fig. 7a). This approach helps separate baseline effect from true 616 

temporal trends. In addition, we also fitted plot size as a fixed-effects factor in the model, which 617 

was specified as the following formula (model 1): 618 

 619 

thermophilization rate/climatic debt ~ ecosystem_type + plot_size + Tclim_baseline + (1|site) 620 

 621 

Then, to assess the relationships between actual climatic temperature change rate and the 622 

thermophilization rate/climatic debt based on vegetation surveys across ecosystem types, we 623 

fitted the interaction of actual climatic temperature change rate and ecosystem type as fixed-624 

effects factors (model 2): 625 

 626 

thermophilization rate/climatic debt ~ ΔTclim*ecosystem_type + plot_size + Tclim_baseline + (1|site) 627 

 628 

For each model, we fitted four chains of 8000 iterations, excluding the first 2000 iterations as 629 

warmup in each chain. We used Gelman-Rubin statistic (Ȓ < 1.01) to ensure model convergence, 630 

and all the models in our analyses converged. 631 

 632 

Sensitivity analyses 633 

Thermophilization was primarily estimated using abundance-weighted data, which emphasize 634 
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shifts in community structure by giving more weight to dominant species. This approach 635 

provides insights into changes in ecological dominance and potential functional consequences. 636 

However, it may also underrepresent the role of rare or newly colonizing species, which can be 637 

important indicators of climate-driven species turnover, and also bias the results because of 638 

methodological and observer differences in abundance measurement. To address these 639 

limitations and assess the robustness of our findings, we thus converted all abundance data into 640 

robust presence/absence data following previous studies1,18, and reran the analyses for the 641 

estimation of thermophilization rate and climatic debt. This complementary approach captures 642 

changes in species composition regardless of abundance, allowing for a more comprehensive 643 

assessment of community thermal shifts. The rationale for performing this analysis lies in that 644 

the time intervals between the baseline surveys and resurveys were mostly long enough (all >10 645 

years) to allow for species replacements due to colonization and extinction. We found similar 646 

results of thermophilization rate and climatic debt generated from vegetation abundance-647 

weighted and presence/absence data (Extended Data Fig. 2). 648 

 649 

Rare species with small range sizes are often ecological outliers with unique habitat 650 

requirements and thermal tolerances, and their presence may thus disproportionately influence 651 

the calculation of average thermal preferences of plant community70. Also, rare species are less 652 

likely to be consistently detected across sampling events due to their low abundance, and this 653 

variability in detection can introduce noise into the data, making it difficult to accurately assess 654 

trends in species composition over time71. We thus excluded rare species with AOO < 1000 grid 655 

cells in our analyses. However, rare species themselves are important component of vegetation 656 

community, and can be important indicators of climate-driven species turnover. Therefore, to 657 
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test if the exclusion of rare species in our analyses may affect the estimation of 658 

thermophilization rate and climatic debt, we reran such analyses by including all the species in 659 

our dataset. Results showed that the inclusion of rare species did not impact the overall patterns 660 

of thermophilization rates and climatic debts across all ecosystems (Extended Data Fig. 2b), 661 

indicating that the observed patterns are not an artifact of sampling bias toward rare taxa and 662 

reflect consistent community-level responses to climate warming. 663 

 664 

In our study, we classified cold-adapted and warmth-demanding species based on the lower and 665 

upper 5% percentiles of the floristic temperature distribution. While this approach focused on 666 

species at the thermal distribution margins, it may also result in relatively small groups that are 667 

sensitive to outliers or sampling variation. To evaluate whether our results were 668 

disproportionately influenced by these few extreme cases, we conducted a sensitivity analysis 669 

using the lower and upper 20% percentiles of the floristic temperature distribution to define 670 

cold-adapted and warmth-demanding species, respectively. The results were consistent with our 671 

original findings, showing similar patterns in the direction of thermophilization responses 672 

across ecosystems (Extended Data Fig. 7b). However, the magnitude of the effects was slightly 673 

attenuated, as expected, due to the inclusion of species closer to the median of floristic 674 

temperature distribution. These results confirm that our conclusions are robust to the choice of 675 

quantile thresholds used to define thermal adaptation. 676 

 677 

As a supplementary analysis for the method used to quantify the contributions of shifts in cold-678 

adapted vs. warmth-demanding species to thermophilization, we further partitioned the 679 

observed changes in community-weighted, at the plot level, mean temperature (ΔTCWM, °C) 680 
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into three additive components, namely species gains, species losses, and abundance shifts of 681 

persisting species40,72. This framework allows us to attribute community-level floristic 682 

temperature change into different forms of species turnover and reassembly. Gains effect was 683 

defined as the average thermal niche of species that were newly recorded in the resurvey but 684 

absent from the baseline survey minus the baseline TCWM, while losses effect was calculated as 685 

the baseline TCWM minus the mean thermal niche of species that disappeared between the 686 

baseline survey and resurvey. Gains effect describes the directional impact of novel species 687 

arrivals, and losses effect reflects the impact of species loss on thermal restructuring. 688 

Abundance shifts effect was quantified as ΔTCWM between the two surveys using only the set 689 

of species identified in both baseline surveys and resurveys, weighted by their relative 690 

abundances in each survey, which captures compositional shifts among persisting species that 691 

contribute to warming or cooling, independent of species turnover. For each plot, we estimated 692 

gains and losses effects using the median of species-specific thermal niche distribution as the 693 

respective mean thermal difference relative to the baseline TCWM. The abundance shift effect 694 

was estimated as the change in TCWM over time based only on the subset of shared species in 695 

both surveys. The sum of the three effects yielded a total estimate (estimated ΔTCWM), which 696 

was then compared to the observed ΔTCWM to assess the explanatory power of mechanism. In 697 

addition, we estimated the relative contribution of each mechanism by dividing the absolute 698 

value of its effect by the sum of the absolute values of all three effects, and the contributions 699 

were then expressed as percentages to facilitate comparison among mechanisms. We identified 700 

the dominant mechanism for each plot as the one with largest percentage contribution. Results 701 

showed significant linear relationships between estimated and observed ΔTCWM across 702 

ecosystems, with R2 values ranging from 0.23 to 0.53 (Extended Data Fig. 4b), indicating that 703 
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the three mechanisms collectively provide a reasonable explanation for observed 704 

thermophilization patterns. Building on this, results further suggested that gains and losses were 705 

the dominant contributors to thermophilization of understory vegetation in forests, losses 706 

played the primary role in grasslands, while losses and abundance shifts of persisting species 707 

were the major contributor on alpine summits (Extended Data Fig. 4a). These results highlight 708 

that the relative importance of gains, losses, and abundance shifts in driving thermophilization 709 

is ecosystem-dependent, reflecting distinct community dynamics and responses to climate 710 

warming across ecosystems. 711 

 712 

Despite the widespread use of the climatic debt metric by comparing ΔTclim and ΔTplant, it may 713 

neglect the variation in thermal niche space within a community, because one can get a climate 714 

debt yet background observed climate of the resurvey remains in the thermal niche space of all 715 

species in a community. Therefore, to test the robustness of the climatic debt results in our study, 716 

we further quantified the thermal suitability of background climate for plant communities, and 717 

also assessed the extent to which species in each community, at the plot level, were exposed to 718 

background climatic conditions beyond their thermal tolerance ranges. Specifically, for thermal 719 

niche suitability, we estimated the probability density of floristic temperature distribution (i.e., 720 

Tplant) at the observed climatic temperature (i.e., Tclim) for each plot and survey time. Tplant 721 

distribution were generated using the 1000 resampled values of species-specific thermal niches 722 

and abundance data, as described above. Then, for each value of the distribution, we computed 723 

a kernel density estimate (KDE) and extracted the probability density at the corresponding Tclim 724 

value using linear interpolation. The change in probability density between baseline survey and 725 

resurvey indicates whether the local climate has become more or less aligned with the 726 
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community’s realized thermal niche, and a decline in density suggests an increasing mismatch 727 

between climate and community thermal preferences. Results showed significant and marginal 728 

declines in the probability density at Tclim from baseline survey to resurvey in forests and 729 

grasslands, respectively (Extended Data Fig. 5a), suggesting increasing climatic mismatch. 730 

However, no change in the probability density at Tclim was detected on alpine summits. Further, 731 

to estimate the proportion of thermally mismatched species, we derived each species’ 2.5th and 732 

97.5th percentiles of the thermal niche distribution. For each plot and survey time, we identified 733 

all recorded species and classified each as “thermally mismatched” if the background Tclim fell 734 

outside its thermal niche bounds (i.e., between the 2.5th and 97.5th percentiles of thermal niche 735 

distribution). We then calculated the proportion of mismatched species per plot as the number 736 

of mismatched species divided by the total number of species present, and estimated the change 737 

between resurvey and baseline survey. This metric thus captures the prevalence of species 738 

experiencing thermal stress relative to their historical niche distribution. We found that the 739 

proportion of mismatched species showed a significant increase in forests, but not in grasslands 740 

or on alpine summits (Extended Data Fig. 5b). These results suggest that thermal mismatch is 741 

progressing unevenly across ecosystems. In forests, the observed increase in mismatched 742 

species, together with declining probability density, indicates that climatic conditions are 743 

moving away from the realized thermal preferences of the plant community. In contrast, the 744 

lack of detectable change in grasslands and summits may reflect either reduced climatic 745 

displacement relative to forests or species assemblages with broader thermal affinities. Overall, 746 

these findings suggest that comparing difference in ΔTclim and ΔTplant may have overestimated 747 

climatic debts in grasslands and alpine summits, and refine our understanding of climate debt 748 

by highlighting both directional responses and ecosystem-specific characteristics in tracking 749 
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climate change. 750 

 751 

Alpine summits are characterized by rugged topographic gradients that generate strong 752 

microclimatic heterogeneity, which may have strong impacts on vegetation thermophilization. 753 

To assess the potential impacts of alpine summit topography on thermophilization, we derived 754 

terrain ruggedness index (TRI) and slope data from a 30-meter resolution digital elevation 755 

model (DEM) using the terrain function from the terra R package, and extracted snow cover 756 

data from CHELSA version 2.1 with a resolution of 30 arc-sec (~1 km)73. We found that neither 757 

TRI nor slope showed significant relationships with thermophilization rates (Extended Data Fig. 758 

3a), likely because in our database only summit-level coordinates were available, and metrics 759 

such as TRI fail to capture the fine-scale microclimate that more strongly influence community 760 

responses. However, we found that thermophilization rate was significantly lower in north-761 

facing slopes compared to south-facing slopes, and that snow cover change rate was lowest on 762 

northern aspects (Extended Data Fig. 3b). These results indicate that microclimatic habitats, 763 

generated by rugged topographic gradients and slope aspect, could be a key mechanism in 764 

shaping thermophilization patterns on alpine summits. To further evaluate whether the use of 765 

20 × 20 km temperature data would bias the estimation of thermophilization rates on alpine 766 

summits, given that data at such a resolution may not adequately capture the fine-scale thermal 767 

conditions experienced by alpine plants, we extracted the climatic data of monthly mean 768 

temperature of the growing season from WorldClim v.2 as a raster file with 30 arc-sec resolution 769 

(~1 × 1 km)62, and re-estimated thermophilization rates on alpine summits using the same 770 

method and compared with those estimated using 20 × 20 km resolution temperature data. 771 

Results showed that the two sets of estimates were strongly correlated (Extended Data Fig. 8a), 772 
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and only a small difference was found between the thermophilization rates of the 95th percentile 773 

as estimated using Bayesian mixed-effects models (Extended Data Fig. 8b). Nevertheless, this 774 

difference will not affect the interpretation of the overall patterns of thermophilization on alpine 775 

summits, demonstrating a high degree of consistency between the estimation of 776 

thermophilization derived from fine and coarse resolution climate data, indicating that the use 777 

of the 20 × 20 km resolution data remains appropriate and our core conclusions are robust to 778 

the choice of climate data resolution. 779 

 780 

To evaluate whether spatial autocorrelation might bias the ecosystem effects on 781 

thermophilization rates, we incorporated a spatial Gaussian Process (GP) term into our 782 

Bayesian mixed-effects models74: 783 

thermophilization rate ~ ecosystem_type + plot_size + Tclim_baseline + gp(longitude, latitude) + 784 

(1|site) 785 

and then compared the posterior distributions of the fixed-effect estimates for ecosystem type 786 

between the spatial and non-spatial model specifications. Results showed a high degree of 787 

consistency, with substantial overlap in the 95% CIs (Extended Data Fig. 8c). This strong 788 

agreement between the models indicates that spatial autocorrelation did not influence the 789 

estimated ecosystem effects, likely because that the random intercept for “site” captured most 790 

of the large-scale spatial structure. Given the robustness of the estimates and for the sake of 791 

model parsimony, we therefore presented the results from the simpler, non-spatial models. 792 

 793 

Sources of uncertainty 794 
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Although we document general patterns of vegetation thermophilization and climatic debts here, 795 

uncertainties remain reflecting inherent limitations in the data. First, declines and increases in 796 

species abundance may reflect sampling variation (e.g., shifts in plant locations or inexact 797 

placement of quasi-permanent plots) rather than actual community changes between baseline 798 

surveys and resurveys, and the inclusion of quasi-permanent plots may thus influence the 799 

overall patterns of vegetation response to warming. In our study, all the plots on alpine summits 800 

are permanent, while most plots are quasi-permanent in forests and grasslands. Regardless of 801 

their formal designation, all plots were relocated using high-precision GPS coordinates or 802 

clearly documented map references, ensuring accurate re-surveys across time. While metadata 803 

did not always distinguish between permanent and quasi-permanent plots, the relocation 804 

accuracy was closely comparable across plot types. Importantly, we restrict our inferences to 805 

averages across plots and at the community level rather than focusing on results from individual 806 

plots. Hence, small relocation errors only add some uncertainty to results rather than 807 

introducing any systematic bias in the magnitude or direction of effects at the community level 808 

(thermophilization). In addition, many plants move over time, meaning even exactly relocated 809 

permanent plots show shifts in composition and abundance. Our key conclusions are robust to 810 

these sources of noise as supported by a previous study using a subset of the forest plots in our 811 

dataset. This study showed that the impact of relocation errors is very limited when focusing 812 

on overall temporal changes in vegetation communities75. As such, the inclusion of both types 813 

of plots does not introduce systematic bias or influence the observed ecosystem-level 814 

patterns75,76. 815 

 816 

Second, although our study provides a unique opportunity to compare vegetation responses to 817 
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climate warming across ecosystems using harmonized plot-level resurveys and standardized 818 

climate metrics, we acknowledge that full methodological standardization was not possible. 819 

The underlying datasets were originally collected by different monitoring networks using 820 

varying survey protocols, plot sizes, and time intervals. These differences may introduce some 821 

uncertainty into cross-ecosystem comparisons. Nevertheless, by applying consistent analytical 822 

methods and filtering to include only plots with comparable abundance data, we minimized 823 

potential bias and ensured the robustness of our main conclusions.  824 

 825 

Third, another source of uncertainty may stem from the variation in time intervals between the 826 

baseline survey and resurvey across plots (Extended Data Fig. 1a). Some plots span multiple 827 

decades and thus are more likely to capture pronounced climatic changes, whereas others have 828 

shorter intervals with potentially weaker climate signals. This temporal heterogeneity, which 829 

also differs somewhat among ecosystems, may influence the observed rates of 830 

thermophilization. Although such variation is inherent in resurvey-based studies and reflects 831 

logistical and historical constraints, it represents an important consideration when interpreting 832 

the strength and consistency of observed patterns. 833 

 834 

At last, the distribution of our plots was skewed toward Northern and Central Europe, with 835 

comparatively fewer sites in Southern Europe (Fig. 1). While the dataset still covers a broad 836 

range of European climatic and ecological gradients and is thus suitable for continental-scale 837 

analysis, this spatial imbalance would still represent a source of uncertainty. Future research 838 

should aim to increase plot coverage in underrepresented Southern regions of Europe, to ensure 839 

more robust and spatially comprehensive assessments of thermophilization patterns. 840 
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Extended Data Legends 971 

Extended Data Fig. 1 | Frequency distributions of data for survey plots, climate, and plant 972 

species. a, Frequency distribution of plot at baseline and resurvey years in forest, grasslands, 973 

and alpine summits. b, Frequency distribution of growing season (April to September) mean 974 

temperature (Tmean) change rate across the duration of plant surveys in forests, grassland, and 975 

alpine summits. The rate of Tmean change for each plot was calculated as the difference between 976 

the average mean temperature during the 5 years preceding the baseline survey and the resurvey, 977 

divided by the time interval between the two surveys. The medians of the growing season Tmean 978 

change rate across forests, grasslands, and alpine summits were 0.31, 0.22, and 0.31 °C decade-979 

1, respectively. c, Frequency distribution of the number of grid cells representing species range 980 

sizes quantified by area of occupancy (AOO). Across the species pool in our study, 36.4% of 981 

the species have AOO ˂ 1000, among which 77.5% of the species have AOO < 500. The green 982 

and blue dashed line indicate an AOO of 500 and 1000, respectively. 983 

 984 

Extended Data Fig. 2 | Vegetation thermophilization rate and climatic debts (°C decade-1) 985 

in forests, grasslands, and alpine summits estimated using different datasets. a, Vegetation 986 

thermophilization rate and climatic debt quantified as the loss of cold-adapted species (5th 987 

percentile shift), overall (median shift), and gain of warmth-demanding species (95th percentile 988 

shift) using plant presence/absence data excluding rare species. Circles represent means (n = 989 

4372, 1209, and 457 plots for forests, grasslands, and alpine summits, respectively) with 80% 990 

(thick line) and 95% (thin line) credible intervals and posterior distributions obtained from 991 

Bayesian mixed-effects models. These results are similar with those estimated using plant 992 

abundance data excluding rare species in Fig. 2. b, Vegetation thermophilization rate and 993 

climatic debt quantified as the decline/loss of cold-adapted species (5th percentile shift), overall 994 

(median shift), and increase/gain of warmth-demanding species (95th percentile shift) using 995 
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plant abundance and presence/absence data including rare species. Circles represent means (n 996 

= 4372, 1209, and 486 plots for forests, grasslands, and alpine summits, respectively) with 80% 997 

(thick line) and 95% (thin line) credible intervals and posterior distributions obtained from 998 

Bayesian mixed-effects models. The overall patterns for thermophilization rate and climatic 999 

debt are in line with those estimated using plant data excluding rare species. 1000 

 1001 

Extended Data Fig. 3 | Impacts of topography, snow cover and slope aspect on vegetation 1002 

thermophilization rates on alpine summits. a, Relationships between thermophilization rates 1003 

and terrain ruggedness index (TRI) and slope. Each point represents a plot (n = 457). 1004 

Thermophilization rates were calculated using the median of the floristic temperature 1005 

distributions that were estimated with vegetation abundance data excluding rare species. TRI 1006 

and slope were derived from a 30-meter resolution digital elevation model (DEM) using the 1007 

terrain function from the terra R package. b, Impacts of snow cover days and slope aspect on 1008 

vegetation thermophilization rate. Thermophilization rates were estimated using vegetation 1009 

abundance data excluding rare species, and data for snow cover were extracted from CHELSA 1010 

version 2.1 (30 arc-sec resolution, ~1 km). Box plots show the median (centre line), the 25th 1011 

and 75th percentiles (bounds of box), and the minimum and maximum values (whiskers). Each 1012 

point represents a plot (n = 457), and a slight jitter was applied to the points to better visualize 1013 

overlap, where applicable. Snow cover change rate was calculated as the difference in mean 1014 

snow cover days between the five years preceding the baseline survey and the five years 1015 

preceding the resurvey, divided by the time span (in decades) between the baseline and resurvey 1016 

surveys. Shaded bands around fitted lines indicate 95% confidence intervals from linear mixed-1017 

effects models with “site” as a random effect. Different lowercase letters denote significant 1018 

differences among slope aspects, based on linear mixed-effects models followed by Tukey’s 1019 

post-hoc tests (two-sided, adjusted for multiple comparisons at p < 0.05). 1020 

 1021 

Extended Data Fig. 4 | Thermophilization explained by the mechanisms of species gains, 1022 

losses, or abundance shifts in different ecosystems. a, Proportions of plots in which 1023 

thermophilization was primarily driven by mechanisms of species gains, losses, or abundance 1024 
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shifts. The dominant mechanism was identified for each plot as the one contributing the most 1025 

(in absolute terms) to the observed shift in community thermal affinity. These results indicate 1026 

that thermophilization was mainly driven by mechanisms of gains in grasslands, gains and 1027 

losses in forests, and losses and abundance shifts on alpine summits. b, Relationship between 1028 

observed vs. estimated community-weighted mean temperature (ΔTCWM) for different 1029 

ecosystem types without or with rare species. The sum of gains, losses, and abundance shifts of 1030 

persisting species was used to estimate ΔTCWM per plot and compared with the observed ΔTCWM. 1031 

Each point represents a plot (n = 4372, 1209, and 457 for forests, grasslands, and alpine summits, 1032 

respectively), coloured by ecosystem type. Solid lines represent linear regression per ecosystem 1033 

with 95% confidence intervals, and the dashed line denotes the 1:1 relationship. The significant 1034 

linear relationships between estimated and observed ΔTCWM indicate that the three mechanisms 1035 

collectively provide a reasonable explanation for observed thermophilization patterns. 1036 

 1037 

Extended Data Fig. 5 | Changes in the probability density of species thermal suitability 1038 

and the proportion of thermally mismatched species in different ecosystems. a, Changes in 1039 

the probability density of thermal suitability under local climate (Tclim) inferred from plot-level 1040 

floristic temperature (Tplant) distributions. Boxplots showing changes in probability density of 1041 

Tplant between baseline survey and resurvey (Δ = resurvey – baseline survey), with the centre 1042 

line indicating the median, the box representing the 25th and 75th percentiles, and the whiskers 1043 

showing the minimum and maximum values. These results show that the probability density at 1044 

Tclim significantly and marginally decreased from baseline to resurvey in forest and grassland 1045 

ecosystems, respectively, suggesting increasing climatic mismatch. b, Changes in the 1046 

proportion of thermally mismatched species (Δ = resurvey – baseline survey). Mismatch is 1047 
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defined as background macroclimate falling outside of the 2.5–97.5% range of a species’ 1048 

thermal distribution. These results suggest that the proportion of mismatched species 1049 

significantly increased in forests, but not in grasslands or on alpine summits. In both figures, 1050 

each point represents a plot (n = 4372, 1209, and 457 for forests, grasslands, and alpine summits, 1051 

respectively), and the black circles with error bars indicate estimated means with 95% 1052 

confidence intervals estimated using linear mixed-effects models with “site” as a random-1053 

effects factor, and the p values indicate whether change differs significantly from zero (linear 1054 

mixed-effects models; two-sided). 1055 

 1056 

Extended Data Fig. 6 | Quantile-quantile (QQ) plots of vegetation thermophilization rates 1057 

and climatic debts (°C decade-1). Each plot (n = 6038 and 6067 for estimations excluding 1058 

and including rare species, respectively) compares the sample quantiles of the observed data 1059 

with the theoretical quantiles of a normal distribution. The degree of alignment with the 1:1 1060 

reference line indicates how well each variable approximates normality, informing the 1061 

suitability of linear modelling assumptions. GS05, GSMedian, and GS95 indicate the 5th, 1062 

median, and 95th percentiles of the floristic temperature distribution estimated using mean 1063 

growing season temperature, respectively, and ab and pa indicate the abundance and 1064 

presence/absence vegetation data, respectively. These plots show an approximately linear 1065 

relationship between theoretical and observed quantiles, indicating the deviations from 1066 

normality were minimal and not severe enough to invalidate the Gaussian assumption. 1067 

 1068 

Extended Data Fig. 7 | Climate warming patterns and vegetation thermophilization 1069 

rate/climatic debt. a, Relationship between baseline temperature and temperature change rate 1070 
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of the growing season across ecosystems and the associated residual plot. Each point represents 1071 

a plot (n = 6038), with the red line indicating the linear regression fit and the shaded red area 1072 

showing the 95% confidence interval. These visual and statistical diagnostics suggest that a 1073 

linear baseline temperature term provides a reasonable adjustment in the estimation of 1074 

thermophilization rate and climatic debt, with no strong evidence that a more complex or non-1075 

linear formulation is necessary in our analysis. b, Vegetation thermophilization rates and 1076 

climatic debts (°C decade-1) in different ecosystems as estimated using the 20% and 80% 1077 

percentiles of the floristic temperature distribution. Thermophilization rate and climatic data 1078 

were estimated using vegetation abundance data excluding rare species. Circles represent 1079 

means (n = 4372, 1209, and 457 plots for forests, grasslands, and alpine summits, respectively) 1080 

with 80% (thick line) and 95% (thin line) credible intervals and posterior distributions obtained 1081 

from Bayesian mixed-effects models. 1082 

 1083 

Extended Data Fig. 8 | Impacts of climate data resolution and spatial autocorrelation on 1084 

vegetation thermophilization. a, Relationship between thermophilization rates estimated 1085 

using fine (30 arc-sec, ~1 × 1 km) and coarse (10 arc-min, ~20 × 20 km) resolution climate data. 1086 

Each point represents a plot (n = 457). The dashed lines represent the 1:1 relationship, while 1087 

the solid black lines indicate the fitted linear regression with 95% confidence interval (gray 1088 

shading). b, Overall thermophilziation rates estimated from Bayesian mixed-effects models 1089 

using fine and coarse resolution climate data. Circles represent means (n = 457 plots) with 80% 1090 

(thick line) and 95% (thin line) credible intervals and posterior distributions obtained from 1091 

Bayesian mixed-effects models. Thermophilization rates were quantified as the declines of 1092 

cold-adapted species (5th percentile shift), overall (median), and increases of warmth-1093 

demanding species (95th percentile shift) using vegetation abundance data excluding rare 1094 

species. c, Comparison of estimated thermophilization rates (°C decade-1) with and without 1095 

accounting for spatial autocorrelation using a Gaussian Process (GP). Circles represent means 1096 
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(n = 4372, 1209, and 457 plots for forests, grasslands, and alpine summits, respectively) with 1097 

80% (thick line) and 95% (thin line) credible intervals and posterior distributions obtained from 1098 

Bayesian mixed-effects models. Thermophilization rates were quantified as the declines of 1099 

cold-adapted species (5th percentile shift), overall (median), and increases of warmth-1100 

demanding species (95th percentile shift) using vegetation abundance data excluding rare 1101 

species. The overlapping 95% CIs across models suggests that spatial autocorrelation does not 1102 

confound the observed ecosystem differences in thermophilization, and that the ecosystem 1103 

effects are robust to spatial structure. 1104 

 1105 

Extended Data Table 1 | Detailed information on the databases of forests, grasslands, and 1106 

alpine summits used in this study. 1107 

 1108 
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