Articles
https://doi.org/10.1038/s41559-018-0716-y

Tropical forest leaves may darken in response to
climate change
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Tropical forest leaf albedo (reflectance) greatly impacts how much energy the planet absorbs; however; little is known about
how it might be impacted by climate change. Here, we measure leaf traits and leaf albedo at ten 1-ha plots along a 3,200-m
elevation gradient in Peru. Leaf mass per area (LMA) decreased with warmer temperatures along the elevation gradient; the
distribution of LMA was positively skewed at all sites indicating a shift in LMA towards a warmer climate and future reduced
tropical LMA. Reduced LMA was significantly (P < 0.0001) correlated with reduced leaf near-infrared (NIR) albedo; community-weighted mean NIR albedo significantly (P < 0.01) decreased as temperature increased. A potential future 2 °C increase
in tropical temperatures could reduce lowland tropical leaf LMA by 6–7 g m−2 (5–6%) and reduce leaf NIR albedo by 0.0015–
0.002 units. Reduced NIR albedo means that leaves are darker and absorb more of the Sun’s energy. Climate simulations indicate this increased absorbed energy will warm tropical forests more at high CO2 conditions with proportionately more energy
going towards heating and less towards evapotranspiration and cloud formation.

T

ropical forests are the most important terrestrial biome affecting planetary albedo through both surface effects and impacts
on cloud cover, which in turn drive global climate1. Humans
have already increased the albedo of South American tropical forest regions through land use change, which has increased by 0.0025
albedo units across South America2. However, little is known about
how tropical forest leaf albedo could be affected by climate change.
Tropical forest canopy albedo is principally a function of leaf albedo
and leaf area index, with the latter typically high and saturated in
terms of its contribution to albedo3. Leaf reflectance in the visible
(VIS) portion of the solar-reflected spectrum (VIS, 400–700 nm)
tends to be driven by leaf traits, such as chlorophyll content, while
near-infrared (NIR) leaf reflectance (NIR, 700–2,500 nm) tends to be
driven more by structural traits, such as leaf mass per area (LMA)4–7.
Trait-based ecological scaling theory predicts that plant traits will
change in response to increasing global temperatures and provides a
basis for evaluating the potential effects on albedo. This theory posits that there is an optimal set of traits to maximize plant growth for
any given environment8–11. However, in a rapidly changing climate,
the extant and optimal trait values may differ and be out of equilibrium. When this occurs, mean trait distributions can be skewed, as
they are in the process of shifting towards the optimal trait distributions for the new climate. We recently demonstrated that the distributions of LMA and leaf percentage phosphorus concentration were
positively skewed across a series of ten 1-ha plots along an elevation
transect in Peru (Supplementary Table 1)9,12. This suggested that they
had begun their migration towards a new optimal distribution for a
warmer world and were not yet in equilibrium. In other words, we
expect leaf traits may change everywhere due to a changing climate,

but we expect to first see such trends along elevation gradients and
within the trait distributions of existing plots. Along the same elevation transect, it has been demonstrated that the mean distribution of many tree genera have shifted upwards13,14. However, such
upward shifts were fewer than may have been expected based on the
large temperature changes that had occurred in the region, a second
indication suggesting that the trees are in a state of disequilibrium.
To measure whether traits will continue to shift in sensitive
ecosystems, such as tropical montane systems, LMA has been suggested as a proxy for tracking forest response to climate change12.
This is because changes in LMA have been statistically correlated
with changes to temperature, and increased temperatures along a
Peruvian elevation gradient led to decreased LMA values9. This
result was evident in both field results and at multiple spatial scales
(0.1–1 ha resolution) using remote sensing12. Several other tropical and temperate forest studies have shown similar LMA elevation
trends, possibly because cooler and more adverse growing conditions lead to a more conservative plant resource strategy15–17. Cold
temperatures lead to reduced cell expansion, many small cells per
unit area and, thus, more cell wall material per unit leaf volume and
more cell layers18. More cell layers reduce freezing stress through
slowing down the freezing rate19. LMA also decreases at higher temperatures, but not at the same rate as at lower temperatures20.
Leaf structural traits, such as LMA, strongly influence leaf reflectance and transmittance, particularly in tropical forest foliage21.
LMA is correlated with these structural parameters and (assuming
cell walls have a constant weight per unit area) an increase in LMA
will increase the cell wall interfaces in a leaf22. Leaf reflectance models, such as PROSPECT6,23,24, simulate leaf reflectance using (among
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Results

Leaf LMA was highly significantly correlated (P <  0.0001) (Fig. 1)
with both NIR and VIS leaf albedo. Previous research using this data
set found that LMA is linearly related to elevation and that temperature is the driving factor9. Skewness in the distribution will probably
not affect these trends since skewness is relatively consistent across
plots (Supplementary Table 1). LMA is related to temperature in
both field (−3.6 g m−2 per °C) and remote sensing (−3.0 g m−2 per
°C) data12. With a hypothetical 2 °C change in future temperatures29,
we might expect a future decrease in LMA between 6 and 7 g m−2
(a 5–6% change based on the mean sunlit leaf LMA of 109 ± 44 g m−2).
According to the relationship between LMA and leaf NIR albedo
(Fig. 1), we might predict a decrease in NIR albedo of 0.0015–0.002
albedo units with a 2 °C warming.
There was no trend in visible-wavelength albedo (Fig. 2a),
but basal area-weighted NIR leaf albedo decreased significantly
(P <  0.01) (Fig. 2b) with increasing temperature with a slope of
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other factors) structural trait-based parameters that relate to the cellular arrangement of the leaf. For instance, in PROSPECT, a plant
leaf is modelled as a series of leaf layers with a refractive index and
an absorption coefficient. An example of a leaf with a low structure
value would be a leaf with a compact mesophyll, and an example of
a leaf with a high structure value would be a leaf with spongy parenchyma and lower cell density. LMA is tightly correlated with the
structure term6,25. We use the PROSPECT model to predict changes
to leaf albedo in response to a change in LMA6,24.
Measured leaf reflectance can be averaged to derive leaf albedo,
which can be fed into climate models to better constrain surface
albedo. Vegetation models embedded within climate models,
such as the National Center for Atmospheric Research (NCAR)’s
Community Earth System Model can be used to study how changes
in tropical leaf albedo may impact global climate26. Canopy albedo
in many land surface models is driven by VIS and NIR leaf albedo
embedded in a two-stream canopy radiative transfer model27.
Planetary albedo, another calculated albedo parameter, integrates
canopy albedo and atmosphere albedo, which mainly varies due
to changes in percentage cloud cover. Changes to leaf albedo will
impact both planetary albedo and surface albedo because albedodriven thermal changes to leaves will impact latent heat fluxes and
cloud cover. A decrease in leaf albedo can either increase sensible
heat fluxes (and leaf temperature) or increase latent heat fluxes (and
leaf transpiration). How a leaf partitions this energy following a leaf
albedo change may vary with latitude28. For instance, increasing leaf
albedo by 0.15 albedo units in climate simulations had a greater
impact at high ( > 30°) than at low latitudes ( < 30°) (a 0.08 versus
0.06 increase in surface albedo, respectively). At low latitudes, models estimate that a reduction in leaf albedo tends to increase latent
heat fluxes, while a reduction in leaf albedo in high-latitude areas
tends to increase sensible heat fluxes. This increase in latent heat
fluxes at low latitudes increases cloud formation, thereby forming a
partial offset to land surface albedo changes28. How energy is partitioned following a change in leaf albedo has major potential implications on global climate.
In the current study, we assess the relationship between
tropical forest LMA and leaf albedo (VIS, 400–700 nm and NIR,
701–1,075 nm) by measuring these traits on more than 4,000 leaves
along a 3,200 m tropical forest elevation transect in Peru. We use
trends in trait distributions, correlations between LMA and leaf
albedo and a leaf reflectance model (PROSPECT) to predict future
trends in LMA and leaf albedo in a scenario where the tropics are
2 °C warmer than today (RCP4.5 scenario29). We then use climate
simulations (NCAR’s Community Earth System Model) to predict
how such changes in tropical leaf albedo could impact both regional
and global climate under variable atmospheric CO2 concentrations
(367 and 700 ppm).
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Fig. 1 Individual leaf albedo versus LMA. | a,b, Correlation between
VIS (a; 400–700 nm) or NIR (b; 701–1,075 nm) leaf albedo and
LMA (g m−2) for all individual leaf measurements from a Peruvian
elevation transect (n = 1,733).

−0.00065 albedo units per °C. A previous study using this same
leaf reflectance data set30 found no trend in leaf albedo with elevation, but the data were not basal area-weighted. This suggests that
dominant species show a stronger trend in albedo than rarer species in the NIR (but see Asner et al. 201712). NIR albedo decreased
by about 0.01 albedo units across the 15 °C temperature gradient. If
our trend in temperatures is reflective of future changes in a warmer
world, then we might expect that with a 2 °C increase in temperature29 tropical forest NIR albedo could decrease by 0.0013 albedo
units. This is similar in magnitude to an independent prediction of
a direct comparison of community-weighted mean NIR leaf albedo
to temperature (Fig. 1) (0.0015–0.002 albedo units).
We used the leaf reflectance model PROSPECT v4 with basal
area-weighted mean plot-measured values (n = 9) for chlorophyll
(µg cm−2), water (g cm−2) and dry matter (g cm−2) (Supplementary
Table 2), and converted LMA values to N structure layers following
equation (1) and found a slope of −0.0015 NIR albedo units per °C
(Fig. 2c). To understand the impact of other trait changes on leaf
albedo, we then ran the model with constant chlorophyll, percentage
water and carbon but changing LMA and found a slope of −0.0017
albedo unit per °C. With a predicted 2 °C increase in temperature, we
predict a decrease in NIR leaf albedo of 0.0030–0.0034 or approximately double our predicted change based on measurements (Fig. 2b).
For a location in the Western Amazon close to our field sites (latitude −13, longitude −69), at current CO2 concentrations (367 ppm)
the coupled land and atmosphere model predicts that a decrease in
leaf NIR albedo leads to a linear increase (slope 15 W m−2 per unit
NIR albedo) in latent heat flux, but little change in sensible heat
fluxes (Fig. 3a,b and Table 1). However, at 700 ppm CO2 concentrations the model predicts a more even distribution (7 latent heat
versus 4 sensible heat W m−2 per unit albedo) between sensible and
latent heat fluxes (Fig. 3a,b and Table 1). This difference in energy
partitioning had large additional climate impacts. For instance, at
current CO2 concentrations, these increases in latent heat fluxes
increase cloud cover (Fig. 3c) and rainfall (Fig. 3d) linearly (slopes
0.07% cloud cover per unit albedo and 3.5 ×  105 mm s−1 per unit
albedo, respectively). At current CO2 concentrations, leaf temperature (Fig. 3e) does not change since there is little change in sensible heat fluxes; however, at high CO2 concentrations leaves warm
by 0.23 K unit albedo−1. Photosynthesis increases linearly (Fig. 3g)
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Fig. 2 | Basal area-weighted plot averaged albedo. a, VIS leaf albedo
(400–700 nm) versus plot mean annual temperature (MAT) from
10 1-ha plots. b, NIR leaf albedo (701–1,075 nm) versus plot MAT
from 10 1-ha plots. c, Change in NIR albedo using PROSPECT parameterized
with plot-specific basal area-weighted LMA, percentage water, chlorophyll
content and percentage dry matter (blue), keeping all parameters
constant except for LMA (red).

(slope −0.55 μmol m s per unit albedo) with leaf albedo. The
impact of decreased leaf albedo has ~ twice the impact on planetary albedo at 700 ppm versus 367 ppm (4.6 versus 2.9 W m−2 per
unit albedo) (Fig. 3h) because cloud cover increases as leaf albedo
decreases (Fig. 3c). Generally, at high CO2 concentrations there was
less increase in cloud cover and rainfall, but greater increases in leaf
and air temperatures.
Our spatial map (Fig. 4) shows that most tropical regions showed
similar trends to the pixel described earlier. However, at both current and high CO2 concentrations, the Eastern Amazon actually had increased cloud cover (Fig. 4f) and rainfall (Fig. 4d) with
decreased leaf NIR albedo, a trend probably tied to the movement
of the Inter Tropical Convergence Zone (ITCZ) and broad planetary
energy balance31,32. Likewise, while the tropics tends to reduce cloud
cover, most temperate regions showed a reversed trend, a trend
again reversed in boreal regions (Fig. 4). Most of the planetaryscale warming occurred in the tropics and again at high latitudes
(>60° latitude) with little warming of temperate regions between
30 and 60° (Supplementary Figs. 2 and 4c). Given the linearity in
many of the climate simulation trends (Fig. 3), we feel confident
in applying them to the small predicted change in leaf albedo. Air
temperatures for the terrestrial pantropics increased at twice the
rate per unit albedo change at high atmospheric CO2 concentrations (700 ppm) versus current CO2 concentrations (367 ppm)
(Fig. 3f, slope 0.23 versus 0.14 °C per unit albedo, Supplementary
Fig. 2) because proportionately more energy went towards sensible
heat fluxes and less went towards latent heat fluxes. The reduction in
latent heat fluxes also reduced cloud formation and allowed a larger
change in planetary albedo. We estimate that this reduced tropical leaf albedo will warm the tropics between 0.0002 and 0.0005 °C
(Fig. 3f), or the equivalent of all CO2 emissions from a major industrial country such as India or Japan for an entire year (see Methods
for calculations).
−2 −1

Discussion

In a warmer future, lowland tropical tree species have three potential options: (1) those at their thermal maxima may die; (2) they may
migrate upslope if they are located near mountains; or (3) they may
Nature Ecology & Evolution | www.nature.com/natecolevol
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Fig. 3 | Four simulations averaging the last 50 years of a 100-year
simulation. Broadleaved evergreen tropical plant functional type
leaf NIR albedo is 0.35, 0.40, 0.50 and 0.55, using the CLM 4.0 coupled
with CAM 4.0 for a location in the Western Amazon approximately
near our field sites (latitude −13, longitude −69) with atmospheric CO2
concentrations at 367 ppm (blue) and 700 ppm (red). a, Fractional
changes from 0.35 albedo runs for latent heat fluxes. b, Fractional
changes from 0.35 albedo runs for sensible heat fluxes (W m−2). c,
Fractional changes from 0.35 albedo runs for percentage cloud cover.
d, Fractional changes from 0.35 albedo runs for rainfall (mm month−1).
e, Fractional changes from 0.35 albedo runs for absolute change in leaf
temperature. f, Fractional changes from 0.35 albedo runs for maximum
daily 2 m air temperature (K) across the terrestrial tropics. g, Fractional
changes from 0.35 albedo runs for photosynthesis (µmol m−2 s−1).
h, Fractional changes from 0.35 albedo runs for direct reflected NIR
planetary albedo (W m−2). Data represent mean ± 1 s.e.m.

shift their traits to better acclimate to warmer conditions. All three
may already be occurring. For instance, tropical tree mortality may
be increasing, possibly in response to climate change33. Tree species may be shifting up the elevation transect14. Finally, significant
skewness of traits can indicate that the traits within the community
are potentially shifting in response to shifts in climate9. Our lowland sites (Tambopata 5 and 6, ~200 m elevation) have strong positive skewness of LMA from both field9 and remotely sensed data12,
which may be indicative of shifts in LMA within the broader tropics
(Supplementary Table 1).
Changes in LMA are generally coupled to changes in other
traits, including percentage nitrogen and photosynthetic capacity,
as described in the leaf economics spectrum34. Other lowland leaf
traits also showed strong positive skewness, including percentage phosphorous, percentage nitrogen and photosynthetic capacity. However, other studies demonstrate that leaf phosphorous is
skewed within a site due to microsite variability35. It is unclear
whether the predicted decrease in LMA in the lowland tropics will
also impact percentage phosphorous and photosynthetic capacity,
which are more correlated to local nutrient limitations36. Recent
work shows that a decrease in LMA is correlated with reduced cell
wall mass per leaf area, younger leaves and decreased mesophyll
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Table 1 | Results of climate simulations in which we changed tropical leaf NIR albedo at 367 ppm and 700 ppm
Latent heat
(W m−2)

Sensible heat
(W m−2)

Cloudy
(%)

Rainfall
(mm s−1)

Leaf
temperature (K)

Photosynthesis
(µmol m−2 s−1)

Planetary
albedo (W m−2)

Slope (variable/ change in
NIR tropical leaf albedo)

−14.9/−6.77

2.6/−4.2

−0.07/0.003

−0.00003/
−0.00002

0.05/−0.45

−0.73/−2.1

2.9/4.6

Mean variable value

38.16/32.9

20.13/21.7

0.785/0.80

0.00011/
0.00012

298.9/299.3

6.81/8.8

35.08/35.4

−0.02 to
−0.04/
0.029–0.065

0.01–0.03/
−0.0006 to
−0.001

0.04–0.10/
0.03–0.07

−0.00002–
0.02–0.04/
0.00005/
0.04–0.08
−0.0002–0.0005

Percentage change with a
0.06–0.13/
0.0015 and 0.0034 decrease 0.03–0.07
in NIR leaf albedo

−0.01 to −0.03/
−0.02 to −0.04

Change in latent heat, sensible heat, cloud cover, rainfall, leaf temperature, photosynthesis and planetary albedo with a change (0.35–0.5) in leaf NIR albedo using NCAR’s CLM 4.0 coupled to CAM-4.0 for a
location in the Western Amazon approximately near our field sites (latitude −13, longitude −69). We show the slope (variable/0.015 change in NIR tropical leaf albedo), mean value at standard leaf NIR albedo
(0.45) and predicted change based on the slope, and the predicted change in leaf NIR albedo (0.0015 and 0.0034 albedo units). Values are shown for 367 ppm (left) and 700 ppm (right, indicated in bold).

conductance37. Reduced LMA will reduce the proportional allocation of carbon and nitrogen to cell walls and towards the photosynthetic machinery, which will also reduce diffusive limitations
such as mesophyll conductance38. This shift could theoretically
increase photosynthetic capacity as leaves shift towards a ‘live fast’
strategy. Younger leaves can impact both LMA and leaf spectral
properties39. However, there was no trend in either leaf photosynthetic capacity9 or in chlorophyll content12 along the gradient.
Therefore, further research is necessary to understand the impact
of changing LMA on other traits (and the potential leaf albedo
impacts of such changes).
Both theory6 and field results (Figs. 1 and 2) indicate that a
reduction in LMA will reduce tropical forest NIR leaf albedo. The
PROSPECT model predicts a slightly larger change in NIR albedo
when we parameterized leaf reflectance based on plot-specific values
(0.003 versus 0.0015). This amount increases slightly (by 0.0004) when
we fix other variables (chlorophyll, water and dry matter) at a constant
value indicating that other traits along the gradient may slightly buffer
the impact of changing LMA on albedo. We used changes over a spatial
gradient (our elevation transect) to predict future changes in trait distributions—a space-for-time substitution method. However, although
irreplaceable, such methods can introduce uncertainties40; some of the
differences between model and field results could be a result of this.
It is estimated that the tropics have warmed by 0.26 ± 0.05 °C per
decade since the 1970s41. Although future temperature trends in the
tropics are highly uncertain, most models estimate that under the
RCP4.5 scenario, which stabilizes radiative forcing at 4.5 W m−2 in
the year 2100, tropical forest temperature will increase by 1.5–2 °C29.
Coupled Model Intercomparison Project Phase 5 predictions show
regional distinctions with a wetter Western Amazon and drier
Eastern Amazon42. Based on our empirical results, we hypothesize
that such a trend in tropical temperatures would decrease LMA by
6–7 g m−2, with a predicted reduction of leaf NIR albedo of between
0.0015 and 0.002 units. Atmospheric CO2 concentrations and precipitation will also change. We do not know the impacts of these
changes on LMA, but increased atmospheric CO2 concentrations
may increase VIS tropical leaf reflectance43. There is also great
uncertainty regarding future tropical temperatures, since this is primarily a function of anthropogenic greenhouse gas inputs.
Our model simulations suggest that, at current CO2 concentrations, reduced leaf albedo will increase latent heat fluxes and transpiration leading to relatively stable leaf temperatures44,45. This potential
reduction of water use efficiency contrasts with predicted46 and measured, in tropical tree rings47, increases in water use efficiency due to
CO2 fertilization. However, under high CO2 conditions the model
estimates a more evenly distributed change in sensible and latent heat
fluxes. It is difficult to have confidence in model-driven sensible/
latent heat fluxes for the tropics because current models do not accurately capture tropical leaf temperatures that can reach temperatures

above 40 °C48. For instance, our simulations did not predict that
vegetation temperatures would generally exceed air temperatures,
but empirical studies have shown that sunlit leaf temperatures generally exceed air temperatures by an average of 2–3 °C in the tropics48. Rapidly changing sun shade conditions in tropical forests due
to quickly changing cloud cover could inhibit the ability of stomata
to equilibrate and maintain a steady leaf temperature. For instance,
in an Amazonian tropical forest over 60% of direct photosynthetically active radiation during the dry season arrives in intervals with
<10-min duration48. If the models are incorrect and, due to the
rapidly changing leaf microclimate of tropical forests, stomata cannot adjust and sensible heat fluxes (and leaf temperature) increase
instead of latent heat fluxes (and transpiration), then a decrease
in tropical leaf albedo could have drastically different results than
predicted by model results at current CO2 concentrations. For
instance, increasing leaf temperatures could instead reduce total
carbon uptake, as is currently seen during warm periods48,49. Recent
coupled earth system model simulations have shown that with climate change, decreased transpiration and increased sensible heat
can reduce global photosynthesis by 2.7 ±  1.76%50. Therefore, a key
future issue is to better understand empirically how a decrease in leaf
albedo could impact the leaf-level latent-sensible heat ratio.
Our trait data from the Peruvian elevation transect indicate that
decreased lowland LMA could reduce tropical NIR leaf albedo.
Reduced NIR albedo means that the leaves are darker and will
absorb more of the Sun’s energy. Climate simulations indicate that
darker leaves could lead to an increase in pantropical temperatures
(Fig. 3f) that are exacerbated under high CO2 scenarios. As CO2
concentrations increase, more of the energy absorbed by tropical
forest leaves will go towards heating instead of evapotranspiration
and cloud formation. Therefore, increased CO2 concentrations may
reduce the negative feedback of reduced tropical leaf NIR albedo
being cancelled out by increased atmosphere albedo (through
increased cloud cover). More broadly, changes to South American
albedo could impact the planet’s surface energy balance, resulting in
changes in the position of the ITCZ and global climate impacts31,32,
although the darkening of leaves predicted by this study may be too
small to impact the ITCZ since it is not known if this process is linear. Leaves globally will experience similar pressures from climate
change; the impact on leaf albedo would be much greater if leaf
LMA and albedo changed globally, but further research is necessary to determine if leaf albedo may also change outside the tropics.
Changing tropical leaf traits in response to climate change may be
adaptable at the individual level, but it appears to exacerbate negative climate trends at the global scale.

Methods

Field sites. We measured leaf traits and albedo during the CHAMBASA
(CHallenging Attempt to Measure Biotic Attributes along the Slopes of the Andes)
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Fig. 4 Climate simulations with reduced tropical leaf NIR albedo. | Simulations of CLM 4.0 coupled with CAM-4.0 for 100 years averaging over the last
50 years, for which we reduced tropical NIR leaf albedo by 0.2 (subtracting a run at 0.35 from a run at 0.55) at 700 ppm atmospheric CO2 concentrations.
a, Change in direct reflected NIR surface albedo (W m−2). b, Change in latent heat fluxes (W m−2). c, Change in maximum daily 2 m air temperature (K).
d, Change in precipitation (mm month−1). e, Change in photosynthesis (µmol m−2 s−1). f, Change in percentage cloud cover. Significant pixels are shown in
Supplementary Fig. 3.
campaign51 from April to November 2013 along an elevation transect (from 3,500
to 220 m above sea level; Supplementary Table 1) in the Peruvian Amazon52. The
plots are part of a long-term research effort coordinated by the Andes Biodiversity
Ecosystems Research Group (ABERG, http://www.andesconservation.org) and are
part of the ForestPlots (https://www.forestplots.net/) and GEM networks (http://
gem.tropicalforests.ox.ac.uk/projects/aberg). Plots were established between 2003
and 2013 in areas with minimal evidence of human disturbance. Within each
Nature Ecology & Evolution | www.nature.com/natecolevol

plot, all stems ≥ 10 cm in diameter at breast height were tagged and identified to
species level. There is a negative linear relationship in the gradient between mean
annual temperature (MAT) and elevation, with a MAT of 24.4 °C in the warmest
lowland Amazonian site and 9.0 °C at the Amazonian treeline in the Andes. Mean
annual precipitation varies from 1,560 to 5,302 mm y−1 along the elevation gradient.
Soils at elevations > 600 m above sea level are comprised of relatively high-fertility
inceptisols and entisols. Soils at elevations < 600 m above sea level vary among
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ultisols on low-fertility terra firma clay substrates and inceptisols on inactive highfertility floodplains. Plot characteristics are shown in Supplementary Table 1.

Reporting Summary. Further information on research design is available in the
Nature Research Reporting Summary linked to this article.

Leaf collection sampling strategy. In each 1-ha plot (n = 10 plots), we sampled
the most abundant species as determined through basal area weighting
(enough species to account for 80% of the plot’s basal area, although in the
diverse lowland plots only 60–70% of plot basal area was sampled). For each
species, we sampled the five (three in the lowlands) largest trees (based on
diameter at breast height); tree climbers with extended tree pruners removed
one fully sunlit and one shaded branch. These branches were quickly recut
underwater to restore hydraulic conductivity. On each of these branches, we
measured five randomly chosen leaves for photosynthesis and leaf spectral
properties (generally measured within 1 h of being cut). The LMA for these
leaves was measured on the same day.

Data availability

All the data in this paper can be found in a data repository at the following website:
https://ora.ox.ac.uk/objects/uuid:4101e249-3cf5-443f-9c29-9204604c667b.

Received: 17 April 2018; Accepted: 10 October 2018;
Published: xx xx xxxx

References

Leaf spectroscopy. Hemispherical reflectance was measured on the top and
bottom surface of five randomly selected leaves. The spectral measurements
were taken at, or close to, the midpoint between the main vein and the leaf edge,
and approximately halfway from the petiole to the leaf tip. Care was taken to
avoid large primary or secondary veins, while allowing for smaller veins to be
incorporated in the measurement. The spectra were collected with a Fieldspec
Handheld 2 (Analytical Spectral Devices); this has a fibre optic cable contact
probe that has its own calibrated light source and a leaf clip (High Intensity
Contact Probe and Leaf Clip). The spectrometer records 750 bands spanning the
325–1075 nm wavelength range. Measurements were collected with a 136-ms
integration time per spectrum. We optimized the spectrometer after every
branch. We calibrated the spectrometer on every leaf for dark current and
stray light, and white-referenced the measurement to a calibration panel
(Spectralon; Labsphere). We averaged 25 individual spectra per leaf to improve
the signal-to-noise ratio of the data. We compared leaf albedo to LMA using
a linear regression model.
Climate simulation. We ran simulations using NCAR’s Community Atmosphere
Model (CAM-4.0; http://www.cesm.ucar.edu/models/ccsm4.0/cam/), coupled
with the Community Land Model (CLM 4.0; http://www.cgd.ucar.edu/tss/clm/)
with prescribed surface ocean temperatures53, a river transport model and the
Los Alamos Sea Ice Model. Simulations were run at a 20-min time step with a
resolution of 2° by 2.5° at the equator for 100 years. We specifically ran the model
using compset F_2000_CN, which uses the models described above. We ran the
model with no dynamic vegetation response; atmospheric CO2 was held constant
at 367 ppm for one set of runs and 700 ppm for the other set. Prescribed surface
ocean temperatures were modern for both CO2 scenarios. We simulated global
climate for scenarios where NIR leaf-level reflectance for the tropical evergreen
broadleaved plant functional type was increased by 0.05 and 0.10, and decreased
by 0.05 and 0.10 (control = 0.45). These large changes to leaf albedo were chosen to
clearly demonstrate a change. If the relationships were found to be linear, we would
scale the global climate predictions by our estimated changes in leaf albedo. The
canopy albedo in CLM was calculated using a two-stream radiation transfer model,
which is a function of leaf and stem area index, leaf albedo and transmittance,
and the cosine of the zenith angle of the incident beam radiation, among other
parameters27. Significant differences were determined using a two-tailed t-test for
the last 50 years.
We averaged the final 50 years of the following variables (collected monthly)
from CLM 4.0: surface albedo (W m−2); latent heat flux (W m−2); sensible heat
flux (W m−2); vegetation temperature (K); photosynthesis (µmol m−2 s−1); rainfall
(mm s−1); and cloud cover (%) from CAM-4.0.
We used a very simplistic method to demonstrate the equivalent of the
albedo effect in terms of CO2 emissions. Let us assume that global temperatures
have increased by 0.8 °C with a CO2 increase from 280 to ~400 ppm54. Therefore,
a 1 ppm increase is approximately equal to a global temperature increase of
0.0067 °C. Our estimates for increased tropical temperatures due to the albedo
decrease are 0.0002–0.0005 °C or equivalent to between 0.03 and 0.07 ppm
atmospheric CO2 increase. Long-term average increases of CO2 concentrations are
~1 ppm1. Therefore, the impact of this effect for the tropics could be approximately
equivalent to the CO2 emissions of India (7%) or Japan (3%)55 over a year.
PROSPECT model. To predict theoretical leaf reflectance, we used PROSPECT v4
(http://teledetection.ipgp.jussieu.fr/prosail/). We parameterized the model using
measured basal area-weighted plot-level values of chlorophyll (µg cm−2), water
(g cm−2) and dry matter (g cm−2) (Supplementary Table 2)12. We converted basal
area-weighted plot LMA to the structure parameter N following Ceccato et al.
(2001)25 shown as equation (1). Based on PROSPECT, we calculated the basal areaweighted leaf reflectance for each plot. We also calculated reflectance assuming
chlorophyll, percentage dry matter and percentage water were constant but
LMA varied.
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Data collection

- We ran simulations using NCAR’s Community Atmosphere Model (CAM 4.0; http://www.ccsm.ucar.edu/models/atm-cam/)52 , coupled
with the Community Land Model (CLM 4.0; http://www.cgd.ucar.edu/tss/clm/) (compset F_2000_CN) with prescribed surface ocean
temperatures53 , a river transport model (RTM), and the Los Alamos sea ice model (CICE). Simulations were run at a 20 min time step
with a resolution of 2˚ by 2.5˚ at the equator for 100 years. We ran the model with no dynamic vegetation response and atmospheric
CO2 was held constant at 367 ppm for one set of runs and 700ppm for the other set.

Data analysis

We averaged the final 50 y of the following variables (collected monthly) from CLM 4.0: surface albedo (W m-2), latent heat flux (W m-2),
sensible heat flux (W m-2), vegetation temperature (K), photosynthesis (μmol m-2 sec-1), and rainfall (mm sec-1), and cloud cover (%)
from CAM 4.0.
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We measured leaf traits and albedo during the CHAMBASA (CHallenging Attempt to Measure Biotic Attributes along the Slopes of the
Andes) campaign from April – November 2013 along an elevation transect (from 3500 to 220 m asl) (Table S1) in the Peruvian
Amazon51. The plots are part of a long-term research effort coordinated by the Andes Biodiversity Ecosystems Research Group
(ABERG, http://www.andesconservation.org) and are part of the ForestPlots (https://www.forestplots.net/) and Global Ecosystems
Monitoring Network (http://gem.tropicalforests.ox.ac.uk/projects/aberg). Plots were established between 2003 and 2013 in areas
with minimal evidence of human disturbance. Within each plot, all stems ≥10 cm diameter at breast height are tagged and identified
to species level. There is a negative linear relationship in the gradient between mean annual temperature (MAT) and elevation, with
MAT of 24.4°C in the warmest lowland Amazonian site and 9.0°C at the Amazonian treeline in the Andes. Mean annual precipitation
varies from 1560 to 5302 mm yr-1 along the elevation gradient. Soils at elevations > 600 m asl are comprised of relatively highfertility Inceptisols and Entisols. Soils at elevations < 600 m asl vary among Ultisols on low-fertility terra firme clay substrates and
Inceptisols on inactive high-fertility floodplains. Plot characteristics are shown in Table S1.

Research sample

Leaf collections sampling strategy – In each 1 ha plot (N=10 plots), we sampled the most abundant species as determined through
basal area weighting (enough species to account for 80% of the plot’s basal area, although in the diverse lowland plots only 60-70%
of plot basal area were sampled). For each species, we sampled the five (three in the lowlands) largest trees (based on diameter at
breast height (DBH)) and tree climbers with extended tree pruners removed one fully sunlit and one shaded branch. These branches
were quickly recut underwater to restore hydraulic conductivity. On each of these branches, we measured five randomly chosen
leaves for photosynthesis and leaf spectral properties (generally measured within 1 hour of being cut). Leaf mass per unit area (LMA)
for these leaves was measured on the same day.
Leaf spectroscopy - Hemispherical reflectance was measured on the top and bottom surface of five randomly selected leaves. The
spectral measurements were taken at, or close to, the mid-point between the main vein and the leaf edge, and approximately
halfway from the petiole to the leaf tip. Care was taken to avoid large primary or secondary veins, while allowing for smaller veins to
be incorporated in the measurement. The spectra were collected with an ASD Fieldspec Handheld 2 with fibre optic cable contact
probe that has its own calibrated light source and a leaf clip (Analytical Spectral Devices High Intensity Contact Probe and Leaf Clip,
Boulder, Colorado, USA). The spectrometer records 750 bands spanning the 325–1075 nm wavelength region. Measurements were
collected with 136-ms integration time per spectrum. We optimized the spectrometer after every branch. We calibrated the
spectrometer on every leaf for dark current, stray light, and white referenced the measurement to a calibration panel (Spectralon,
Lasphere, Durham, New Hampshire, USA). We averaged 25 individual spectrum per leaf to improve the signal-to-noise ratio of the
data. We compared leaf albedo to LMA using a linear regression model.

Sampling strategy

In each 1 ha plot (N=10 plots), we sampled the most abundant species as determined through basal area weighting (enough species
to account for 80% of the plot’s basal area, although in the diverse lowland plots only 60-70% of plot basal area were sampled). For
each species, we sampled the five (three in the lowlands) largest trees (based on diameter at breast height (DBH)) and tree climbers
with extended tree pruners removed one fully sunlit and one shaded branch.

Data collection

In each 1 ha plot (N=10 plots), we sampled the most abundant species as determined through basal area weighting (enough species
to account for 80% of the plot’s basal area, although in the diverse lowland plots only 60-70% of plot basal area were sampled). For
each species, we sampled the five (three in the lowlands) largest trees (based on diameter at breast height (DBH)) and tree climbers
with extended tree pruners removed one fully sunlit and one shaded branch.
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Study description

Timing and spatial scale April – November 2013 along an elevation transect (from 3500 to 220 m asl) Table S1) in the Peruvian Amazon
Data exclusions

Data were excluded if > 3 sd +- mean.
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Data are reproducible and alll data in this paper can be found in a data repository with the following DOI:https://ora.ox.ac.uk/
objects/uuid:4101e249-3cf5-443f-9c29-9204604c667b

Randomization

not relevant

Blinding

No blinding of personnel during this experiment

Did the study involve field work?

Yes

No

Field work, collection and transport
Field conditions

See table S1

Location

See above

Access and import/export

Proper permits and access were obtained for all samples

Disturbance

none
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Reproducibility

Reporting for specific materials, systems and methods
Materials & experimental systems

Methods

n/a Involved in the study

n/a Involved in the study

Unique biological materials

ChIP-seq

Antibodies

Flow cytometry

Eukaryotic cell lines

MRI-based neuroimaging

Palaeontology
Animals and other organisms
Human research participants
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