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themost influential period;we considered themonths fromApril of
the flowering year to April of the previous year.

The climate-flowering analysis was first performed for the
Kyoto Meteorological Station and then repeated for additional
smaller cities where the urban heat effect was likely much
smaller (Table S1). All analyses were performed using the R
software (R Core Team, 2024).

Results andDiscussion: 134 years of climatewarming
response

The peak of flowering in the cherry tree was not constant during the
period 814–2024 (sequential F-test; sup.F = 78.56, P < 0.001).
The threemethods used to detect the year with a significant change-
point in the time series yielded similar results (year and confidence
interval): 1893 (CI = 1885–1905 based on structural changes);
1887 (CI = 1855–1925 based on piecewise linear model); and
1887 (CI = 1863–1911 based on segmented regression). That is,
the onset of the climate warming effect on the Japanese cherry tree
occurred around 1890, in Japan’s Meiji Era (1868–1912). During
the 1078 yr before 1890, peak flowering occurred, on average, on
16 April (mean DOY = 105.2, SD = 6.37, median = 105). After
1890, a sustained and significant advance in floweringwas observed
over the next 134 yr (Fig. 1a), with the earliest recorded flowering
on 26 March (DOY = 84) in 2023. This represents an average
advance of 0.9 d per decade (slope: !0.0927; Fig. 1a). This may
seem a slow phenologic change compared with estimates for other
plants (up to 5 d per decade; Renner & Zohner, 2018, Zeng
et al., 2025); however, the value depends on the length of the time
series as the climate is constantly changing. If we only consider
changes from 2000 (or from 2005), the estimated advance is 3 (or
4.8) d per decade. That is, we do not find evidence of a temporal
attenuation in the phenological response to warming, as has been

reported in experimental studies (Lu et al., 2025). The slight (but
significant) positive trend (i.e. delayed flowering) during the period
812–1887 aligns with the pre-industrial cooling trend in terrestrial
records over the past millennium (McGregor et al., 2015; Sigl
et al., 2015). After 1890, flowering time was strongly correlated
with the mean temperature for March (!2.9 d per 1°C; Fig. 1b;
Table S2; Aono & Kazui, 2008), confirming that the advance is
primarily driven by increasing spring temperatures (Figs S1, S2),
that is, when flowers develop.

Theobservedphenological shifts are indeed likely explainedby the
rising spring temperatures inKyoto (Fig. S1) and globally.However,
other factors could potentially contribute. One is the industrializa-
tion and the urban heat effect; however, their impact on the late 19th

century, when the breakpoint occurred, was likelyminimal; its effect
is confined to recentdecades (Aono&Kazui, 2008).The fact that the
relation between the flowering time and March temperature is
maintained when using meteorological stations from smaller cities
suggests that the urban effect is unlikely to bias our results. Changes
in tree management practices (e.g. pruning and irrigation) may also
modify flowering, although they may introduce noise rather than a
systematic trend. Tree mortality and new plantations could also
influence phenology, specially if there is an artificial selection for
early-blooming individuals. In fact, we donot knowwhether all trees
are simultaneously advancing their flowering time, or alternatively,
there are early- and late-blooming genotypes with different
sensitivity to warming (Goeckeritz et al., 2024). To what extent
warming has other phenological implications different from the time
of peak flowering (e.g. flowering duration, pollination, fruiting) also
deserves further research (Hegland et al., 2009). In any case, the
abrupt change in flowering around 1890 (Fig. 1) is unlikely to be
strongly influenced by those factors; given the high sensitivity of the
flowering time to temperature, anthropogenic global warming is the
most plausible explanation.
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Fig. 1 Phenology changes for the Japanese cherry tree (Prunus jamasakura) in Kyoto. (a) Day of the year of the flowering peak for the period between 812
and 2024. The black line is the 20-yr moving average; the red line is the piecewise linear model (slopes: 0.00293 and!0.09268; P = 0.0002 and < 0.0001;
R2 = 0.015 and 0.417, respectively) with the confidence interval of the breakpoint indicated by vertical dotted lines. [Correction added on 20 June 2025, after
first online publication: details of the moving average in the preceding sentence have been updated.] Horizontal segments between the dotted lines indicate
the confidence interval of the three methods used to detect the breakpoint (black (top), structural change; red (middle), piecewise model; blue
(bottom), segmented model). (b) Relation between March mean air temperature (°C) in Kyoto and the day of the year of the Japanese cherry tree peak
flowering for the period between 1890 and 2024 (i.e. after the breakpoint). The red line is the linear fit (y = 121.84–2.93x; P < 0.00001; R2 = 0.75); the color
of the symbols relates to the century (19th, 20th, 21st, in black, gray, and red, respectively); some of the years are indicated as reference.
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large fluxes during the first two days. Subsequent low
sesquiterpene emission rates may indicate that sesquiterpene
pools became depleted or biosynthesis decreased. Monoterpene
emission first decreased but increased again after four days of
stress exposure, even though total monoterpene emissions were
relatively low in this species. Only plant individuals with very low
net CO2 assimilation (red lines Figures 1 and 3) maintained
higher sesquiterpene fluxes during the following days but
without a clear light-dependent pattern.

Interestingly, methyl acetate, methanol, and acetaldehyde
emissions exhibited pronounced morning peaks upon stomatal
opening during the initial days of the heat wave (Figures 3A–C).
During the course of the experiment, methyl acetate emissions
remained high during the day and even an elevated night-time
flux could be observed. Surprisingly, besides the morning burst,
highest acetaldehyde fluxes were always observed during night in
the heat treatment, while fluxes were negligible prior to stress
application (Figure 3C).

Large phenotypic plasticity between plant individuals was
also reflected in a pronounced chemodiversity regarding their
emission pattern: for example, the individual with the highest
methyl acetate flux (Figure 3B, light blue line) was a low mono-
and sesquiterpene-emitter. Strongly stressed plants as seen from
negative CO2 balances (Figures 1 and 3, red lines) revealed
higher VOC emission rates, particularly for mono- and
sesquiterpenes but also for methyl acetate. Still, the highest
monoterpene emitter was among the plant individuals
maintaining highest net CO2 assimilation rates under heat
stress (Figures 1B and 3E; thin black line). Thus, these
continued real-time emission pattern of CO2 and VOCs
indicated a high dynamic response to heat exposure, as well as
a high chemodiversity of emission blends between individuals.

To elucidate to what extend VOC emissions were sustained
by de novo synthesis or release from storage pools, we conducted
position-specific 13C-labeling experiment by feeding the
branches with pyruvate labeled at the C1 or C2 position
(Figure 4, left and right hand panels, respectively) in control
plants and after 10 days of heat exposure (blue and red lines,
respectively). The y-axes scales in Figure 4 are set to reflect
proportional changes in the parent mass (left y-axes) and the first
heavy isotopologue (right y-axes) for each compound. Very
clearly, neither heat stressed nor control plants did incorporate
detectable amounts of the 13C1-atom of pyruvate into methyl
acetate (Figure 4A, left panel). In contrast, the 13C2 atoms of
pyruvate were efficiently used for biosynthesis of methyl acetate,
which is visible by an increase in 13C-emission (Figure 4A, right
panel). Moreover, heat stressed plants used almost 5-times more
13C2-pyruvate than non-stressed control plants (compare red
with blue lines, Figure 4A). We also observed very interesting
labeling patterns for acetaldehyde. Similar to methyl acetate, the
heat-stressed and control plants did show little 13C1-
incorporation of pyruvate for acetaldehyde biosynthesis (left
panel, Figure 4B). However, heat stressed plants very strongly
incorporated the 13C2-atom into acetaldehyde, an effect not seen
in control plants (right panels, Figure 4B). Even more surprising
was the much stronger 13C2-use after darkening for acetaldehyde
formation than compared to incorporation during the light.
Moreover, non-stressed plants showed a strong dark burst of
acetaldehyde immediately upon light-dark transition, with
strong incorporation of 13C from 13C2-pyruvate. Interestingly,
this was not the case in heat stressed plants. Such patterns and
strong dark emission of acetaldehyde in heat stressed plants have
never been described before.

13C-incorporation patterns into mono- and sesquiterpenes
were very similar (Figures 4C, D). In non-stressed control
plants, the C1-atom of pyruvate was not used for biosynthesis
of any of these compounds. However, heat stress stimulated use
of the C1-atom for terpenoid formation. In contrast to the C1-
atom, the C2-atom of pyruvate was used for terpenoid
biosynthesis both, in control and heat stressed plants. Notably,
heat stressed plants incorporated 3- to 5-times more 13C2-
pyruvate than plants of the control group (Figures 4C, D).

Unfortunately, labeling patterns of methanol were
inconclusive, as a reliable peak separation for the mass of the
first isotopologue of methanol was not possible. Thus no increase
in 13C-labeled methanol could be detected, which might be
expected as it is a known product from cell wall formation and
degradation. However, as data were inconclusive due to these
methodological constrains they are not shown.

Simultaneous measurements of the isotopic composition of
emitted CO2 enabled us to follow the release of 13CO2 from the
13C-pyruvate labeled plants. As expected, application of 13C1-
pyruvate resulted in strong release of 13CO2 into the atmosphere
due to decarboxylation of the C1 position (Figure 5).
Importantly, heat stress triggered enhanced release of 13CO2

both under light and dark conditions. In contrast, if 13C2-
pyruvate was applied, 13CO2 release from control plants was
negligible. Even under heat stress, only small amounts of 13CO2

FIGURE 2 | Total daily CO2 exchange during the heat treatment: total diurnal
net CO2 assimilation (dark red); total nocturnal respiratory CO2 losses (yellow);
and total daily net carbon balance (orange) for the pre-treatment conditions
(day -1, 25°C) and during 10-day continuous heat exposure (38°C).
Measurements on day three are lacking due to an instruments failure. Mean
of n = 6 and SE of plants shown in Figures 1.

Werner et al. Heat Changes VOC and CO2-Fluxes

Frontiers in Plant Science | www.frontiersin.org August 2020 | Volume 11 | Article 12426
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Figure 3 | Geographical distribution of deadly climatic conditions under
di�erent emission scenarios. a–d, Number of days per year exceeding the
threshold of temperature and humidity beyond which climatic conditions
become deadly (Fig. 1b), averaged between 1995 and 2005 (a, historical
experiment), and between 2090 and 2100 under RCP 2.6 (b), RCP 4.5 (c)
and RCP 8.5 (d). Results are based on multimodel medians. Grey areas
indicate locations with high uncertainty (that is, the multimodel standard
deviation was larger than the projected mean; coe�cient of variance >1).
The expected lower number of deadly days at higher latitudes (Fig. 4) may
help explain the large variability among Earth System Models in the
projected number of deadly days at higher latitudes31 (for example, in the
case for New York (illustrated in Fig. 4j) the one model projects nine deadly
days by 2100; yet any other model projecting 18 days will double the
variability). The uncertainty presented in this figure should be interpreted
with that caution in mind.

heat to an environment with equal or higher temperature (that is,
the second law of thermodynamics22), dictates that any ambient
temperature above 37 �C should result in body heat accumulation
and a dangerous exceedance of the optimum body core temperature
(hyperthermia5). Second, sweating, the main process by which the
body dissipates heat, becomes ine�ective at high relative humidity
(that is, air saturated with water vapour prevents evaporation of
sweat); therefore, body heat accumulation can occur at temperatures
lower than the optimum body core temperature in environments
of high relative humidity. These properties help to explain why
the boundary at which temperature becomes deadly decreases
with increasing relative humidity (Fig. 1b) and why in our results
some heat mortality events occurred at relatively low temperatures
(Fig. 1b). These consequences of temperature and humidity are why
both of these variables are included in traditional thermal indices
such as humidex26 and wet-bulb globe temperature22,27.

To quantify the global extent of current deadly climatic
conditions, we applied the 95% probability SVM decision boundary
between mean daily surface air temperature and relative humidity
(red line in Fig. 1b, hereafter referred to as deadly threshold)
to current global climate data (see Methods). Using data from
a climate reanalysis (see Methods), we found that in 2000,
⇠13.2% of the planet’s land area, where ⇠30.6% of the world’s
human population resides, was exposed to 20 or more days
when temperature and humidity surpassed the threshold beyond
which such conditions become deadly (Fig. 2, extended results in
Supplementary Fig. 4). Comparatively, using climate simulations
for the year 2000 (that is, historical experiment) developed for
the Coupled Model Intercomparison Project phase 5 (CMIP5), we
found that ⇠16.2% (±8.3% standard deviation, s.d.) of the planet’s
land area, where ⇠37.0% (±9.7% s.d.) of the world’s population
resides, was exposed to 20 or more days of potentially deadly
conditions of temperature and humidity (results are multimodel
medians and standard deviations among Earth System Models;
Fig. 2). Both the reanalysis and historical CMIP5 data revealed
increasing trends in the area and population exposed to deadly
climates during the time period for which such datasets can be
compared, although the trends in the reanalysis data are slightly
weaker than in the Earth System Models (Fig. 2). Overall, there
was ⇠3% mismatch in the area of the planet exposed to deadly
climates (⇠6.4% in global population) between the reanalysis
and the multimodel median, and thus, results based on CMIP5
simulations should be interpreted with that error inmind. However,
the e�ects of this mismatch and the uncertainty among Earth
System Models were smaller than the predicted changes in deadly
days (Supplementary Fig. 10). It is worth noting that most scientific
publications on deadly heat events have focused in developed mid-
latitude countries (Fig. 1a); yet, deadly heat conditions also occur in
developing tropical countries (Fig. 3). This suggests that the risk of
deadly heat could be currently underestimated in tropical regions,
which has been noted in prior studies28.

To predict the global extent of future deadly climates, we applied
the deadly SVM threshold tomean daily surface air temperature and
relative humidity projections from the CMIP5 Earth SystemModels
under low, moderate, and high emissions scenarios (Representative
Concentration Pathways, RCPs, 2.6, 4.5, and 8.5, respectively). We
found that by 2100, even under the most aggressive mitigation
scenario (that is, RCP 2.6), ⇠26.9% (±8.7% s.d.) of the world’s
land area will be exposed to temperature and humidity conditions
exceeding the deadly threshold by more than 20 days per year,
exposing ⇠47.6% (±9.6% s.d.) of the world’s human population to
deadly climates (using Shared Socioeconomic Pathways projections
of future human population29 relevant to each of the CMIP5 RCPs,
see Methods). Scenarios with higher emissions will a�ect an even
greater percentage of the global land area and human population.
By 2100, ⇠34.1% (±7.6% s.d.) and ⇠47.1% (±8.9% s.d.) of the
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between mean daily surface air temperature and relative humidity
(red line in Fig. 1b, hereafter referred to as deadly threshold)
to current global climate data (see Methods). Using data from
a climate reanalysis (see Methods), we found that in 2000,
⇠13.2% of the planet’s land area, where ⇠30.6% of the world’s
human population resides, was exposed to 20 or more days
when temperature and humidity surpassed the threshold beyond
which such conditions become deadly (Fig. 2, extended results in
Supplementary Fig. 4). Comparatively, using climate simulations
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found that ⇠16.2% (±8.3% standard deviation, s.d.) of the planet’s
land area, where ⇠37.0% (±9.7% s.d.) of the world’s population
resides, was exposed to 20 or more days of potentially deadly
conditions of temperature and humidity (results are multimodel
medians and standard deviations among Earth System Models;
Fig. 2). Both the reanalysis and historical CMIP5 data revealed
increasing trends in the area and population exposed to deadly
climates during the time period for which such datasets can be
compared, although the trends in the reanalysis data are slightly
weaker than in the Earth System Models (Fig. 2). Overall, there
was ⇠3% mismatch in the area of the planet exposed to deadly
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and the multimodel median, and thus, results based on CMIP5
simulations should be interpreted with that error inmind. However,
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System Models were smaller than the predicted changes in deadly
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latitude countries (Fig. 1a); yet, deadly heat conditions also occur in
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exploitation, pollution, and invasive species (high confidence). Extinction risk is increased under all RCP scenarios, with risk increasing
with both magnitude and rate of climate change. Many species will be unable to track suitable climates under mid- and high-range rates of
climate change (i.e., RCP4.5, 6.0, and 8.5) during the 21st century (medium confidence). Lower rates of change (i.e., RCP2.6) will pose fewer
problems. See Figure SPM.5. Some species will adapt to new climates. Those that cannot adapt sufficiently fast will decrease in abundance or
go extinct in part or all of their ranges. Management actions, such as maintenance of genetic diversity, assisted species migration and dispersal,
manipulation of disturbance regimes (e.g., fires, floods), and reduction of other stressors, can reduce, but not eliminate, risks of impacts to
terrestrial and freshwater ecosystems due to climate change, as well as increase the inherent capacity of ecosystems and their species to adapt
to a changing climate (high confidence).49

Within this century, magnitudes and rates of climate change associated with medium- to high-emission scenarios (RCP4.5, 6.0,
and 8.5) pose high risk of abrupt and irreversible regional-scale change in the composition, structure, and function of terrestrial
and freshwater ecosystems, including wetlands (medium confidence). Examples that could lead to substantial impact on climate are the
boreal-tundra Arctic system (medium confidence) and the Amazon forest (low confidence). Carbon stored in the terrestrial biosphere (e.g., in
peatlands, permafrost, and forests) is susceptible to loss to the atmosphere as a result of climate change, deforestation, and ecosystem
degradation (high confidence). Increased tree mortality and associated forest dieback is projected to occur in many regions over the 21st
century, due to increased temperatures and drought (medium confidence). Forest dieback poses risks for carbon storage, biodiversity, wood
production, water quality, amenity, and economic activity.50
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Figure SPM.5 | Maximum speeds at which species can move across landscapes (based on observations and models; vertical axis on left), compared with speeds at which 
temperatures are projected to move across landscapes (climate velocities for temperature; vertical axis on right). Human interventions, such as transport or habitat fragmentation, 
can greatly increase or decrease speeds of movement. White boxes with black bars indicate ranges and medians of maximum movement speeds for trees, plants, mammals, 
plant-feeding insects (median not estimated), and freshwater mollusks. For RCP2.6, 4.5, 6.0, and 8.5 for 2050–2090, horizontal lines show climate velocity for the 
global-land-area average and for large flat regions. Species with maximum speeds below each line are expected to be unable to track warming in the absence of human 
intervention. [Figure 4-5]
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LETTER Rates of projected climate change dramatically exceed past
rates of climatic niche evolution among vertebrate species

Ignacio Quintero1 and John J.

Wiens2*

Abstract
A key question in predicting responses to anthropogenic climate change is: how quickly can species adapt
to different climatic conditions? Here, we take a phylogenetic approach to this question. We use 17 time-
calibrated phylogenies representing the major tetrapod clades (amphibians, birds, crocodilians, mammals,
squamates, turtles) and climatic data from distributions of > 500 extant species. We estimate rates of
change based on differences in climatic variables between sister species and estimated times of their split-
ting. We compare these rates to predicted rates of climate change from 2000 to 2100. Our results are strik-
ing: matching projected changes for 2100 would require rates of niche evolution that are > 10 000 times
faster than rates typically observed among species, for most variables and clades. Despite many caveats,
our results suggest that adaptation to projected changes in the next 100 years would require rates that are
largely unprecedented based on observed rates among vertebrate species.

Keywords
Adaptation, climate change, extinction, niche evolution, vertebrates.

Ecology Letters (2013) 16: 1095–1103

INTRODUCTION

Climate is changing rapidly, and this change may pose a major
threat to global biodiversity (e.g. Thomas et al. 2004; Hof et al.
2011; Bellard et al. 2012). In the last 30 years, average global annual
temperature has increased 0.6 °C, and by 2100 it is likely to increase
an additional 4.0 °C or more (IPCC 2007). Rainfall will also be
affected, and by 2100 some regions may experience a 30% decrease
or increase in annual precipitation (IPCC 2007). Recent climate
change has already driven many local populations to extinction, as
shown by contractions at the warm-edge limits (low latitude or low
elevation) of many species’ geographical ranges (e.g. Chen et al.
2011; recent review in Cahill et al. 2013). Many authors predict that
climate change will have a major negative impact on global biodi-
versity, especially when combined with other threats, such as habitat
destruction (e.g. Hof et al. 2011). However, the extent to which spe-
cies are threatened by climate change depends on the details of
how they respond, including whether they can adapt to these
changes evolutionarily.
Populations faced with climate change can respond in several dif-

ferent ways. These include dispersal to more suitable locations, per-
sistence in situ through either phenotypic plasticity or evolutionary
adaptation to changed conditions (either abiotic or biotic), or some
combination of these processes (e.g. Holt 1990; Visser 2008). If dis-
persal, acclimation or adaptation do not occur, then the population
may go extinct, especially if climate change pushes local conditions
outside the fundamental climatic niche of the population or species
(i.e. the set of temperature and precipitation conditions where the
population or species can persist). Nevertheless, almost all models
that have predicted future impacts of climate change have assumed
that rates of evolutionary change in the climatic niche are negligible
(e.g. Thomas et al. 2004; Deutsch et al. 2008; Schloss et al. 2012).

This raises a fundamental question: how quickly do species’ climatic
niches actually evolve? This question may be especially critical as
human activities increasingly limit the ability of populations to track
suitable climates over space, and given that unimpeded rates of
movement may be slower than rates of climate change (e.g. Schloss
et al. 2012).
There are many ways that the rate of climatic niche evolution can

be addressed. Several studies have used or described a microevolu-
tionary approach, utilising estimates of selection and heritability on
relevant traits (e.g. Visser 2008; Sinervo et al. 2010; Hoffmann &
Sgr!o 2011). However, this approach may be difficult to apply to
large numbers of species, especially if the relevant traits are
unknown (e.g. physiology vs. traits related to species interactions).
Another way that this question can be addressed is using compari-
sons among species. By documenting the climatic conditions where
species occur, their realised climatic niches can be estimated (i.e. the
set of climatic conditions where the species occurs, which must be
included within the fundamental climatic niche). Time-calibrated
phylogenies can then be used to estimate the time spans over which
changes occur between climatic conditions occupied by closely
related species. These rates can then be compared to projected rates
of climate change in relevant climatic variables in the future. Some
recent studies have focused on comparing rates of climatic niche
evolution among clades using time-calibrated phylogenies (e.g. Smith
& Beaulieu 2009; Kozak & Wiens 2010; Cooper et al. 2011; Fisher-
Reid et al. 2012). Recent studies have also used phylogenetic analy-
ses of climatic data to help predict species’ responses to current
changes (e.g. Lavergne et al. 2012) and to predict future shifts in
geographical ranges (Lawing & Polly 2011). However, there has
been little emphasis on absolute rates of climatic niche evolution
among species and their relevance to rates of projected climate
change.
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Figure AI.16 |  Projected loss of terrestrial and freshwater biodiversity compared to pre-industrial period. Change indicated by the proportion of species (modelled 
n = 119,813 species globally) for which the climate is projected to become unsuitable across their current distributions. {Figure 2.6}
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2003: la température moyenne de juillet est de 6°C 
plus élevée que la normale et le déficit annuel de 
précipitation de 300 mm environ

La production primaire brute (forestière) en Europe a 
diminué de 30 %, ce qui correspond à une réduction 
de séquestration du carbone de 0.5 Pg C, soit 
l’annulation de quatre années fonction puits de 
carbone des écosystèmes européens.

L’impact des évènements extrêmes peut 
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O. A. Tuinenburg et al.: High-resolution global atmospheric moisture connections 3181

Figure 2. Seasonal variability of evaporation recycling ratio (as a fraction) over land. Evaporation recycling ratio is the fraction of evaporation
that subsequently rains down over land. (a) January through March. (b) April through June. (c) July through September. (d) October through
December.

Figure 3. Monthly variability of evaporation (red) and precipitation
(blue) global land recycling ratios. Evaporation recycling ratio is
the fraction of evaporation that subsequently rains down over land.
Precipitation recycling ratio is the fraction of precipitation that has
evaporated from land.

the westerlies (Fig. 2a). Throughout the year there is little
variation in the relative amount of moisture that evaporates
from the ocean and rains out over land. There is a small devi-
ation from the annual mean in the months April (16 %), May
(15 %) and June (16 %). All other months show no deviation
from the annual mean (17 %).

With the implicit backward analysis we find that 51 % of
global precipitation over land and 8 % of precipitation over
the ocean has evaporated from land. Figure 4 shows the sea-
sonal variation in the ratio of precipitation with moisture
evaporated from land. In the Northern Hemisphere, there is
a clear seasonal cycle as, here, during spring and summer

(AMJ and JAS) the land recycling ratio is larger as a re-
sult of convection, over both oceanic and terrestrial regions.
For the Southern Hemisphere the seasonal differences are
smaller. However, over Australia, the land recycling ratio
is also larger for spring and summer (OND and JFM). As
the seasonal cycle is stronger for the Northern Hemisphere,
the global precipitation over land and ocean that evaporated
from land shows maximum values for June (57 % and 10 %)
and July (57 % and 10 %) (Fig. 3). Minima occur during the
Northern Hemisphere winter. The part of global precipita-
tion over land that evaporated from land is lowest in January
(36 %) (Fig. 3); the part of global precipitation over the ocean
that evaporated from land is lowest in January, February and
March (7 %).

Out of the 26 largest river basins of the world (Table 1),
the evaporation recycling ratio in almost all cases exceeds
the precipitation recycling ratio (Fig. 5). Only for the Murray
and Mackenzie basins do we find a larger proportion of recy-
cled precipitation than recycled evaporation (12 % vs. 11 %
for the Murray basin and 34 % vs. 33 % for the Mackenzie
basin). The highest evaporation recycling ratios occur in the
Amazon and Congo basins, with respective ratios of 63 %
and 60 %, which can be explained by their size and shape,
high forest evapotranspiration, and strong convection over
the tropical rainforests (Spracklen et al., 2012; Staal et al.,
2018). The Congo basin has a higher precipitation recycling
ratio than the Amazon: in the Congo, 47 % of precipitation
has last evaporated in the same basin, against 36 % for the
Amazon.

In general, the lowest recycling ratios are found for the
low midlatitudes, with values between 0 and 0.4 (except for
mountainous regions). Due to the Hadley cells and the Fer-
rel cells, there is subsidence in the low midlatitudes. As the

https://doi.org/10.5194/essd-12-3177-2020 Earth Syst. Sci. Data, 12, 3177–3188, 2020
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zonia, but cooling that mitigates warming in mid-
latitudes (39). The B1 narrative storyline is a low
greenhouse gas emission scenario. Farm abandon-
ment and reforestation yield loss of farmland by
2100 because of assumed increases in agricultural
efficiency and declining population (fig. S1). The
model simulates 1°C warming in the absence of
land cover change and weaker land-use forcing.

When the carbon cycle is included, the dif-
ferent SRES storylines of fossil fuel emission and
land use may yield similar 21st-century climates
despite vastly different socioeconomic trajectories
(9). Widespread expansion of agriculture in A2
leads to biogeophysical cooling. Biogeophysical
processes lead to warming in B1, primarily because

of temperate forest regrowth. In the A2 and B1
storylines, net carbon loss fromdeforestation causes
biogeochemicalwarming, greatest inA2because of
extensive deforestation and weaker in B1 because
of temperate reforestation and less tropical de-
forestation. Biogeochemical warming offsets bio-
geophysical cooling in A2 to provide net global
warming. The B1 net warming is similar to A2
because moderate biogeophysical warming from
temperate reforestation augments weak biogeo-
chemical warming from tropical deforestation.

Research Needs
Through albedo, evapotranspiration, the carbon cy-
cle, and other processes, forests can amplify or damp-

en climate change arising from anthropogenic
greenhouse gas emission. Negative climate forcing
in tropical forests from high rates of carbon accu-
mulation augments strong evaporative cooling (Fig.
3A). The combined carbon cycle and biogeophys-
ical effect of tropical forests may cool global cli-
mate, but their resilience to drought, their status as
carbon sinks, interactions of fires, aerosols, and
reactive gaseswith climate, and the effects of small-
scale deforestation on clouds and precipitation are
key unknowns. The climate forcing of boreal forests
is less certain (Fig. 3C). Low surface albedo may
outweigh carbon sequestration so that boreal forests
warm global climate, but the net forcing from fire
must also be considered, as well as effects of dis-

Tropical forestsA Temperate forestsB Boreal forestsC

D

Strong
evaporative
cooling (−)

Strong
carbon
storage (−)

Moderate
albedo
decrease (+)

Disturbance, fires and aerosolsClouds and precipitation, fires,
aerosols and reactive chemistry

Moderate
evaporative
cooling (−)

Strong
carbon
storage (−)

Moderate
albedo
decrease (+)

Biogeography

Weak
evaporative
cooling (−)

Moderate
carbon
storage (−)

Strong
albedo
decrease (+)

Natural
vegetation

Croplands

Tropical forest
Temperate forest
Boreal forest
Savanna
Grassland/Shrubland
Tundra
Semi-desert/Desert/Ice

0-10%
10-20%
20-30%
30-40%
40-50%
50-60%
60-70%
70-80%
80-90%
90-100%

Fig. 3. Climate services in (A) tropical, (B) temperate, and (C) boreal forests. Text boxes indicate key processes with uncertain climate services. (D) Natural vegetation
biogeography in the absence of human uses of land and cropland (percent cover) during the 1990s. Vegetation maps are from (51).
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there were exceptions to this general trend (Extended Data Fig. 5).
Productivity overshot normal levels when recovering during the year
after extreme (but not moderate) dry and wet events (Extended Data
Fig. 4), which is consistent with damped oscillations, rather than mono-
tonic recovery, of productivity after climate extremes (Extended Data
Fig. 1). Consistent with previous studies9,14–23, biodiversity increased
ecosystem stability (Fig. 1a; F1,37.4 5 28.74, P , 0.001).

We quantified resistance and resilience, using proportional changes
in productivity from one year to the next, within each experimental
unit (plot) for each observed climate event (Methods). Linear mixed-
effects models were used to test whether resistance and resilience
depend on biodiversity, and how these biodiversity effects depend
on climate event properties, such as the direction (wet or dry), intensity
(moderate or extreme), or duration (3–24 months) of climate events,
while accounting for repeated measurements (Methods).

Biodiversity increased the resistance of ecosystem productivity to a
broad range of climate events (biodiversity main effect in Table 1 and
Fig. 1b). That is, more diverse communities exhibited smaller propor-
tional changes in productivity during climate events. On average,
across all studies and climate events, the productivity of low-diversity

communities with one or two species changed by approximately 50%
(V < 2; Fig. 1b), whereas that of high-diversity communities with 16–
32 species changed by approximately 25% (V < 4; Fig. 1b), during
climate events. Biodiversity increased resistance irrespective of the
direction (wet or dry) or intensity (moderate or extreme) of climate
events (all interactions were non-significant, P . 0.05; Table 1). There
was, however, one marginally significant interaction: biodiversity may
have increased resistance more during moderate climate events than
during extreme ones (biodiversity 3 intensity interaction in Table 1
and Extended Data Fig. 6). There was substantial variability in the
effect of biodiversity on resistance among studies and among years
within studies (see variance components in Table 1, Fig. 1b and
Extended Data Fig. 7); however, biodiversity increased resistance simi-
larly in long-term studies that were conducted for at least 9 years, and
in short-term studies (Methods).

Examination of the dynamics of recovery shows that, at both low
and high diversity, productivity had often returned to, or overshot, its
normal level during the year after a climate event (Extended Data
Fig. 4). Given this rapidity of recovery both for low- and for high-
diversity communities, biodiversity may not have a major impact
on the recovery of ecosystem productivity after climate events, at
least over the timescales and climate-event intensities considered.
Indeed, we were unable to detect strong and consistent effects of
biodiversity on our measure of ecosystem resilience (Table 1 and
Fig. 1c). Biodiversity decreased resilience after wet events, and
increased, although non-significantly (see confidence intervals
for 12-month events shown in Fig. 2), resilience after dry events
(biodiversity 3 direction interaction in Table 1 and Fig. 1c). That is,
less diverse communities recovered closer to normal levels of produc-
tivity during the year after wet events. On average, across all studies,
climate events, and levels of biodiversity, productivity moved approxi-
mately 10% closer to normal levels (D < 1.1; Fig. 1c) during the
year after climate events; however, this was often due to greatly over-
shooting, rather than failing to reach, normal levels of productivity
(Extended Data Fig. 4). The effect of biodiversity on resilience did
not vary substantially among studies or among years within studies
(see relatively small point estimates with large standard errors for
biodiversity variance components in Table 1 and Extended Data Fig. 8).

Next, we tested how our results depended on the duration over
which climate events were defined. To do so, we considered multiple

Table 1 | Fixed effect tests and variance component estimates
(standard error) for linear mixed-effects models

Resistance Resilience

Fixed effects
Biodiversity F1,27.8 5 20.68*** F1,8.5 5 0.67
Direction F1,81.7 5 0.53 F1,56.9 5 0.15
Intensity F1,85.6 5 1.40 F1,57.7 5 2.36
Biodiversity 3 intensity F1,82.3 5 3.02*
Biodiversity 3 direction F1,46.1 5 6.52**

Variance components
Study 0.37 (0.15) 1.4 3 1026 (3.5 3 1028)
Study 3 biodiversity 0.041 (0.022) 0.0067 (0.0096)
Study 3 year 0.32 (0.074) 0.68 (0.15)
Study 3 biodiversity 3 year 0.033 (0.011) 0.018 (0.012)
Plot 0.25 (0.038) 9.6 3 1027 (2.3 3 1028)
Plot 3 year 2.1 (0.051) 4.1 (0.099)

Temporal autocorrelation
rAR1 0.12 (0.025) 20.41 (0.020)

*P , 0.1; **P , 0.05; ***P , 0.001. Direction: 0, dry; 1, wet. Intensity: 0, moderate; 1, extreme.
Biodiversity: log2(number of species). Study 5 factor. Year 5 factor. Plot is defined within studies. Both
response variables were log2-transformed. Non-significant (P . 0.1) interactions were excluded from
the model. Kenward–Roger approximation is given for denominator degrees of freedom.

¼

½

1

2

4

8

1 2 4 8 16 32 64

Ec
os

ys
te

m
 s

ta
bi

lit
y 

(P
/V

)

a

¼

½

1

2

4

8

1 2 4 8 16 32 64

Biodiversity (number of species)

R
es

is
ta

nc
e 

(  
 )

b

¼

½

1

2

4

8

1 2 4 8 16 32 64

R
es

ili
en

ce
 ( 

 )

c Dry Wet

: '

Figure 1 | Biodiversity effects on ecosystem stability, and its resistance
and resilience components. Biodiversity consistently increases ecosystem
stability (a) and resistance (b), but not resilience (c). Lines are mixed-effects
model fits for each study (a), or each climate event within each study (b, c) (thin
lines), or across climate events and studies (thick lines with bands indicating

95% confidence intervals). Thick lines and bands in c indicate trends averaged
across both moderate and extreme events for either dry (dashed red lines)
or wet (solid blue lines) events. Stability measures are unitless. Axes are
logarithmic. See Table 1 for test statistics and Extended Data Table 1 for
sample sizes.
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versions of the drought index, which aggregated water balances over
different timescales, ranging from seasonal (3 months) to multi-year
(24 months) events30 (Methods). We found that biodiversity consis-
tently increased the resistance of ecosystem productivity during cli-
mate events, irrespective of the duration (3–24 months) of the climate
event (Fig. 2). Biodiversity had no significant effect on the resilience of
ecosystem productivity after brief, intra-annual wet or dry climate
events (Fig. 2). Biodiversity decreased resilience only after prolonged,
wet climate events that lasted 1 year or more (Fig. 2). The magnitudes
of biodiversity effects on resistance were substantially larger than those
on resilience for all but the longest durations (Fig. 2).

It is difficult, or perhaps impossible, to fully disentangle the resist-
ance and resilience components of empirical time series, especially
when there are frequent perturbations. For example, resilience to the
first of two consecutive climate events could bias estimates of resist-
ance to the second event. Similarly, resistance to the second of two
consecutive climate events could bias estimates of resilience to the first
event. To explore how this might have affected our results, we tested
whether biodiversity effects on resistance differed between climate
events that were preceded either by normal or by other climate event
years, and whether biodiversity effects on resilience differed between
climate events that were succeeded either by normal or by climate event
years (Methods). We found that biodiversity increased resistance,
especially during climate events that were preceded by climate event
years (biodiversity 3 consecutive interaction: F1,64.8 5 7.21, P , 0.01)
(Extended Data Fig. 9), and that biodiversity did not significantly
impact resilience, regardless of whether a climate event was succeeded

by a normal year or another climate event (biodiversity 3 consecutive
interaction: F1,39.6 5 2.42, P 5 0.13). We also tested whether biodiver-
sity significantly influenced resilience when considering only climate
events that were succeeded by multiple normal years in long-term
studies that were conducted for at least 9 years, and with resilience
quantified 2, rather than 1, years after climate events (Methods). We
again found no detectable effect of biodiversity on resilience
(F1,10.6 5 0.20, P 5 0.66). Thus, biodiversity did not influence resili-
ence after 1 or 2 years of unperturbed recovery.

Our results suggest that greater biodiversity generally provides
greater resistance. We focused on dimensionless, proportional
measures of resistance and resilience to allow comparisons of com-
munities with different levels of productivity. However, absolute mea-
sures of resistance and resilience might be of interest for some
applications within particular communities, and do not necessarily
depend on biodiversity in the same manner (Fig. 3 and Extended
Data Figs 4 and 5). Given that biodiversity increases productivity,
more productivity could be lost during dry events, and gained back
after dry events, in diverse than in depauperate communities3,10. In this
case, it is also important to note that our analyses show that biodiver-
sity increased productivity not only during normal years, but also
during climate events (Fig. 3).

Our results suggest that biodiversity stabilizes ecosystem productiv-
ity, and probably productivity-dependent ecosystem services, during
climate events that are moderate or extreme. Anthropogenic envir-
onmental changes that drive biodiversity loss will probably decrease
ecosystem stability14 by decreasing the resistance of ecosystem produc-
tivity to climate events. Restoring biodiversity will probably increase
ecosystem resistance to climate extremes, which are forecast to become
increasingly frequent as the global climate continues to change.
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Figure 2 | Effects of biodiversity on stability measures with climate events
defined over shorter or longer durations. Biodiversity consistently increases
resistance; however, biodiversity effects on resilience depend on the direction
(wet or dry) and duration of climate events. Values shown are parameter
estimates and 95% confidence intervals for biodiversity effects from mixed-
effects models, with the 12-month values corresponding to the results shown in
Table 1 and Fig. 1. Values in the upper panel are averaged across both intensities
and both directions. For clarity, values in the lower panel are slightly offset
on the x axis. See Extended Data Table 1 for sample sizes.
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Figure 3 | Biodiversity effects on productivity during climate events or
normal years. Lines are mixed-effects model fits for each year within each
study (thin lines) or across all years and studies (thick lines with bands
indicating 95% confidence intervals). See Extended Data Fig. 5 for results
within studies. There was a significant effect of biodiversity on productivity
(F1,30.6 5 202.4, P , 0.001), a significant effect of event (F4,139.5 5 6.86,
P , 0.001), and a significant biodiversity 3 event interaction (F4,124.3 5 3.23,
P 5 0.015). Axes are logarithmic. See Extended Data Table 1 for
sample sizes.
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diversity always had low pest diversity, but plots with moderate
tree diversity ranged from high to low pest diversity.
On further testing of the robustness of the above result,

quantile regressions also revealed hump-shaped relationships
between native tree species diversity and nonnative pest diversity
(Fig. 1A). The relationships transitioned from positive to nega-
tive at intermediate levels of tree diversity. The hump-shaped
curves were observed for all the quantiles analyzed (SI Appen-
dix, Table S1). Similarly, randomly drawn subsets of samples
(counties) (n = 50, 100, 500, and 1,000) from the 2,098 total
counties included in the analysis yielded similar results as pat-
terns using data from all counties (SI Appendix, Fig. S1).
The diversity of nonnative invasive pests increased signifi-

cantly with host tree diversity but decreased with nonhost tree
diversity across the conterminous United States (Fig. 1B). The
specialist and generalist nonnative invasive pests showed both
similarities and differences in their relationships with host and
nonhost tree diversity, respectively (Fig. 2). The diversity of both
specialist and generalist invasive pests increased with host tree
diversity, indicating the occurrence of facilitation, but this ef-
fect was stronger for specialists than for generalists (Fig. 2A). In
contrast to their relationships with host tree diversity, both
generalists and specialists exhibited a hump-shaped relation-
ship with nonhost tree diversity; that is, pest diversity first in-
creases when nonhost diversity is low and then decreases when
nonhost diversity becomes very high (Fig. 2B).
The structural equation model (SEM) that included selected

physical and human factors explained 40% of the variation in
pest diversity. We found a significant positive correlation be-
tween pest diversity and human population density, a proxy for
pest propagule pressure (23–26) and host tree diversity (Fig. 3).

Annual mean temperature was negatively related to pest di-
versity, while precipitation had a positive effect. However, forest
area and spatial autocorrelation had little effect on the general
patterns, as shown by randomly drawn county subsamples with
smaller sample sizes and thus with greater physical isolation
among themselves (SI Appendix, Fig. S1). Spatial autoregression
(SAR) and ordinary least squares (OLS) regression analyses also
showed similar associations between pest diversity and various
biological, environmental, and human factors (SI Appendix, Ta-
ble S2). Despite the influence of this broad spectrum of external
factors (detected either separately from tree diversity by GLM
regression or OLS/SAR or jointly by SEM with native tree di-
versity also considered), tree diversity imposes significant effects
on pest invasions.

Discussion
Our results, especially the hump-shaped patterns, suggest that
facilitation and dilution can simultaneously influence pest in-
vasion in the same forest ecosystems (27) (Fig. 1). Both the di-
versity and biomass of the host trees showed significant positive
correlation with pest diversity, indicating the facilitation effect;
in contrast, pest diversity was negatively related to the diversity
and biomass of nonhost trees, suggesting a dilution effect in all
these models (Figs. 1B, 2, and 3 and SI Appendix, Table S2).
Although in general the relative strengths vary with the overall
host community diversity (and the relative proportion of host vs.
nonhost species), the threshold (the peak of the hump-shaped
cloud in Fig. 1) could change with other factors, such as climate,
resource availability, spatial scale, and habitat fragmentation
related to human disturbances (27–29).
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Fig. 1. The relationships between native tree species diversity (host plus nonhost) and pest diversity across the conterminous United States (n = 2,098
counties; symbol size reflects the relative forest area in each county). (A) Results based on second-order quantile regression for each quantile and polynomial
regression for all data (i.e., data in all quantiles combined). The thinner hump-shaped regression curves were based on quantile thresholds of 0.1, 0.25, 0.5,
0.75, 0.85, 0.9, 0.95, and 0.99 from bottom to top, respectively. The corresponding equations and significance for each quantile are given in SI Appendix, Table
S1. The thicker black curve represents the second-order polynomial regression with all data (counties) considered (R2 = 0.17; P < 0.001). In all cases, the pattern
switched from positive to negative. (B) The opposite relationships between host tree species diversity and pest diversity, and between nonhost tree diversity
and pest diversity, across the conterminous United States.
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quantile regressions also revealed hump-shaped relationships
between native tree species diversity and nonnative pest diversity
(Fig. 1A). The relationships transitioned from positive to nega-
tive at intermediate levels of tree diversity. The hump-shaped
curves were observed for all the quantiles analyzed (SI Appen-
dix, Table S1). Similarly, randomly drawn subsets of samples
(counties) (n = 50, 100, 500, and 1,000) from the 2,098 total
counties included in the analysis yielded similar results as pat-
terns using data from all counties (SI Appendix, Fig. S1).
The diversity of nonnative invasive pests increased signifi-

cantly with host tree diversity but decreased with nonhost tree
diversity across the conterminous United States (Fig. 1B). The
specialist and generalist nonnative invasive pests showed both
similarities and differences in their relationships with host and
nonhost tree diversity, respectively (Fig. 2). The diversity of both
specialist and generalist invasive pests increased with host tree
diversity, indicating the occurrence of facilitation, but this ef-
fect was stronger for specialists than for generalists (Fig. 2A). In
contrast to their relationships with host tree diversity, both
generalists and specialists exhibited a hump-shaped relation-
ship with nonhost tree diversity; that is, pest diversity first in-
creases when nonhost diversity is low and then decreases when
nonhost diversity becomes very high (Fig. 2B).
The structural equation model (SEM) that included selected

physical and human factors explained 40% of the variation in
pest diversity. We found a significant positive correlation be-
tween pest diversity and human population density, a proxy for
pest propagule pressure (23–26) and host tree diversity (Fig. 3).

Annual mean temperature was negatively related to pest di-
versity, while precipitation had a positive effect. However, forest
area and spatial autocorrelation had little effect on the general
patterns, as shown by randomly drawn county subsamples with
smaller sample sizes and thus with greater physical isolation
among themselves (SI Appendix, Fig. S1). Spatial autoregression
(SAR) and ordinary least squares (OLS) regression analyses also
showed similar associations between pest diversity and various
biological, environmental, and human factors (SI Appendix, Ta-
ble S2). Despite the influence of this broad spectrum of external
factors (detected either separately from tree diversity by GLM
regression or OLS/SAR or jointly by SEM with native tree di-
versity also considered), tree diversity imposes significant effects
on pest invasions.

Discussion
Our results, especially the hump-shaped patterns, suggest that
facilitation and dilution can simultaneously influence pest in-
vasion in the same forest ecosystems (27) (Fig. 1). Both the di-
versity and biomass of the host trees showed significant positive
correlation with pest diversity, indicating the facilitation effect;
in contrast, pest diversity was negatively related to the diversity
and biomass of nonhost trees, suggesting a dilution effect in all
these models (Figs. 1B, 2, and 3 and SI Appendix, Table S2).
Although in general the relative strengths vary with the overall
host community diversity (and the relative proportion of host vs.
nonhost species), the threshold (the peak of the hump-shaped
cloud in Fig. 1) could change with other factors, such as climate,
resource availability, spatial scale, and habitat fragmentation
related to human disturbances (27–29).
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130 210 sites d’observaQon aux USA: au 
delà de 35 espèces, plus les espèces 
d’arbres sont nombreuses, plus les 

pathogènes (insectes, champignons) 
ont du mal à se disperser.

Un nombre élevé d’espèces d’arbres 
peut freiner la dispersion des 
pathogènes alors qu’une diversité 
faible peut la favoriser.
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