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Amazonian tree species threatened by
deforestation and climate change
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Deforestation is currently the major threat to Amazonian tree species but climate change may surpass it in just a few decades.
Here, we show that climate and deforestation combined could cause a decline of up to 58% in Amazon tree species richness,
whilst deforestation alone may cause 19–36% and climate change 31–37% by 2050. Quantification is achieved by overlaying species distribution models for current and future climate change scenarios with historical and projected deforestation.
Species may lose an average of 65% of their original environmentally suitable area, and a total of 53% may be threatened
according to IUCN Red List criteria; however, Amazonian protected area networks reduce these impacts. The worst-case combined scenario—assuming no substantial climate or deforestation policy progress—suggests that by 2050 the Amazonian
lowland rainforest may be cut into two blocks: one continuous block with 53% of the original area and another severely fragmented block. This outlook urges rapid progress to zero deforestation, which would help to mitigate climate change and foster
biodiversity conservation.

T

he Amazonian lowland rainforest is the single largest rainforest block on Earth. At ~5.7 million km2 it currently holds close
to 13% of all trees (diameter at breast height, dbh >10 cm) of
the world and 49% of those in tropical moist forests1. Amazonia is
arguably the richest rainforest but the actual tree species richness
is still under debate, ranging from ~7,000 (ref. 2) to 16,000 (ref. 3)
species. Amazonian diversity is not immune to deforestation and
human-driven climate change, and their impacts are usually estimated separately because of the differences in time scales and patterns of biodiversity loss4. A realistic scenario that will guide public
policies, however, should take both processes into account.
The future of Amazonia facing global change has been debated5.
Amazonia had lost ~11% of its area by 20136. This is enough to
qualify 27% of all Amazonian tree species as being globally threatened by IUCN categories at present. Projections show that deforestation may increase Amazonian forest loss to 21–40% by 2050
and the number of threatened species to 40–64%7. Although habitat
loss caused by deforestation is currently a major source of threat to
Amazonian tree species diversity8, evidence suggests that humaninduced climate change may surpass the impact of deforestation in
a few decades9. Amazonian forest may have already crossed a climate resiliency threshold due to climate change10. The median spatial distance between current climate of sites within the Amazonian
rainforest and their closest future climate analogues may increase by
more than 300 km in 2050 based only on annual temperature and
up to 475 km when including annual precipitation, thereby increasing species vulnerability, particularly when considering that deforestation creates migration barriers for slowly migrating species11.
However, as environmental tolerance is a driver of the geographic
distribution of species, species must either tolerate new climates or
track optimal environmental conditions12. Driven by climate change
during the late Holocene, Amazonian tree communities expanded
their distribution south beyond the forest boundaries but reached
no further than 100 km over a three millennia process13. As future
climate change is predicted to occur in a shorter time period than

during the late Holocene, most tree species are probably unable to
track future climate, facing extinction in areas where climatic conditions are no longer suitable14.
Here, we quantify the combined impacts of deforestation and
climate change of 10,071 Amazonian tree species. We model the
original environmental suitability for species, which we call estimated area of occupancy (AOO), based on a species distribution
model (SDM) but constrained by the known extent of occurrence
(EOO)15 (Supplementary Fig. 1). We then quantify losses produced
by historical deforestation, two deforestation scenarios for 2050,
two climate change scenarios for 2050 and their interactions. We
also ask to what extent the Amazonian protected area (PA) network
may prevent habitat loss and the decline in species richness. Finally,
we assess the species’ threat status for each of the scenarios, based
on the criteria of the IUCN Red List of Threatened Species.

Original AOO

Our analysis was conducted for 6,394 Amazonian tree species (62%
of the 10,071 species) with available records, after we removed
inconsistencies from the collection data. Furthermore, species with
available records below the minimum (<6), an environmental suitability model not significantly different from a bias corrected null
model, and no estimated AOO within Amazonia were removed
(Supplementary Table 1). A total of 406 species with restricted EOO
(325) and AOO (81) were qualified as threatened according to the
IUCN B1 and D2 criteria (Table 1; Supplementary Table 1). Further
analyses were conducted for 4,935 species (49%, Supplementary
Table 2), as in the example of Eschweilera coriacea (DC) SA Mori,
one of the most common tree species of Amazonia3 (Fig. 1). The
mean original species richness was 1,458 (by 0.1° cells), with a
median of 1,394 (Fig. 2a; Table 1; Supplementary Table 3). Species
richness was highest in north-western Amazonia (3,784 total species, 1,896 average by 0.1° cells), the Guiana Shield (3,865 total,
1,406 average) and central Amazonia (3,840 total, 1,813 average)
(Supplementary Tables 3 and 4).
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Table 1 | Results for all scenarios showing estimation of losses of AOO, mean species richness and total number of threatened
speciesa
Scenarios

Average loss Mean
of AOO (%) species
richness

No. of species
listed in IUCN
A2/A4 criteria

No. of species
listed in IUCN
B1/D2 criteria

Total no. of
threatened
species

% of
threatened
species

Mean species
richness
within PAs

Mean species
richness
outside PAs

Original

0.0

1,458

0

406

406

4.0

1,544

1,353

Original and 2013

7.3

1,353

406

807

8.0

1,535

1,113

Original and IGS

18.7

1,183

1,802

2,099

20.8

1,417

898

Original and BAU

33.2

929

3,512

3,704

36.8

1,158

650

RCP 2.6

46.5

1,013

4,320

4,434

44.0

1,082

929

RCP 8.5

53.4

919

4,588

4,689

46.6

980

844

RCP 2.6 and IGS

52.7

834

4,782

4,872

48.4

995

639

RCP 2.6 and BAU

60.3

672

4,871

4,957

49.2

831

478

RCP 8.5 and IGS

58.8

757

4,854

4,940

49.1

901

583

RCP 8.5 and BAU

65.4

612

4,908

4,993

49.6

756

438

The total number of threatened species are non-overlapping (species listed for B1 and D2 criteria are not included when they are also listed for A2 and A4).

a

Impacts of historical and projected forest loss

The historical forest loss of ~11% (Supplementary Fig. 2a) impacted
mainly species in southern and eastern Amazonia (Supplementary
Tables 3 and 4). The forest loss by 2013 was responsible for a
mean decline of 7% in the estimated AOO of Amazonian tree
species (median = 3%) (Supplementary Table 2). A total of 423
(4.2%) species lost a sufficiently large proportion of their original
AOO to be qualified as threatened according to IUCN A2 criterion (Supplementary Table 2). Including the 406 species already
listed in the IUCN B1 and D2 criteria, a total of 807 (8%) can be
considered threatened by 2013 (Table 1). Only 133 (1.3%) species
showed no losses of their original AOO. Most of them were predicted to occur on the Guiana Shield (58%) or in north-western
Amazonia (25%) and only 3% of these species were predicted in
eastern and southern Amazonia (Supplementary Tables 2 and 4).
The correlation between the estimated loss of AOO by deforestation
with population loss, as estimated by ter Steege et al.7, throughout
Amazonia was significant but moderate for historical deforestation
by 2013 (ρ = 0.48) (Supplementary Fig. 3a; Supplementary Table 5).
The loss of AOO inside the PAs was 0.9% by 2013; the loss outside was 23% (Supplementary Figs. 4a and 5a). The PAs covered
54.8% of the remaining forest and mean species richness (by 0.1°
grid cells) by 2013 was 1,535 inside and 1,133 outside the PAs
(Table 1; Supplementary Tables 6 and 7).
The projected deforestation for 2050 (with forest loss of 21% in
improved governance deforestation scenario (IGS) and 40% in business-as-usual scenario (BAU)) is expected to produce an average loss
of AOO of 19% for IGS and 33% for BAU (Fig. 2b,c; Supplementary
Fig. 2b,c; Supplementary Table 2). Mean original species richness
across Amazonia (by 0.1° cell) is expected to decrease between 19%
in the IGS to 36% in the BAU. As the projected deforestation is
concentrated in southern and eastern Amazonia, the species
were predicted to suffer higher impacts in these regions, with
an average loss of estimated AOO of 58% (IGS) and 87% (BAU)
(Supplementary Table 3). Protium altissimum (Aubl.) Marchand.
is an example of a southern/eastern hyperdominant species that
may be impacted by deforestation, with losses reaching up to 50%
of its estimated AOO by 2050 (BAU) (Supplementary Fig. 6a;
Supplementary Table 2). By 2050 between 1,802 (18%) and 3,512
(35%) species may lose sufficient AOO to become threatened
according to the IUCN A4 criterion for IGS and BAU scenarios,
respectively (Table 1; Supplementary Table 2). A total of 21–37%
may be considered threatened when adding the IUCN B1 and
D2 criteria (Supplementary Table 1). The correlation between the
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estimated loss of AOO by deforestation for 2050 and the population
loss as estimated by ter Steege et al.7 for 2050 was also significant
but moderate for both IGS (ρ = 0.46) and BAU scenarios (ρ = 0.54)
(Supplementary Fig. 3b,c; Supplementary Table 5).

Impacts of climate change

The average loss of AOO by 2050 was 47% in the representative concentration pathways (RCP) 2.6 scenario and 53% in the RCP 8.5 scenario (Supplementary Table 2). Mean species richness is expected
to decrease between 30% in RCP 2.6 and 37% in RCP 8.5 (Fig. 2d,g;
Supplementary Table 3). Climate change will impact the Amazonian
lowland forest as a whole (Supplementary Fig. 7d,g; Supplementary
Tables 2 and 3) and even northern/central Amazonian species
occurring far from the ‘Arc of Deforestation’, such as the hyperdominant Eperua falcata Aubl. (Supplementary Fig. 6b), may be
impacted by climate change in RCP 2.6 and RCP 8.5 scenarios
(56–63%). The number of threatened species according to the
IUCN A4 criterion was 4,320 (43%) for RCP 2.6 scenario and 4,588
(46%) for RCP 8.5 scenario (Supplementary Table 2). Adding the
IUCN B1 and D2 criteria, the total number of species threatened
may rise to 4,434 (44%) and 4,689 (47%).

Impacts of the combined scenarios

The best case combined scenario for 2050 (RCP 2.6 and IGS)
resulted in an average loss of estimated AOO of 53%, followed by
the intermediate scenarios RCP 8.5 and IGS (59%) and RCP 2.6 and
BAU (60%), and the worst-case combined scenario (RCP 8.5 and
BAU) with 65% (Table 1; Supplementary Table 2). Species richness
dropped 43–58% (from best to worst) in the combined scenarios
(Table 1; Supplementary Table 3; Fig. 2e,f,h,i). Species with a western distribution, such as Iriartea deltoidea Ruiz & Pav. (16–22%
of AOO loss by 2050), may be less impacted by this interaction
(Supplementary Fig. 6c; Supplementary Tables 2 and 4). By 2050
the loss of estimated AOO may vary between 8% and 28% inside
and 40% and 60% outside the PAs. Mean species richness may vary
between 639 and 995 species inside and 438 and 756 outside the PAs
(Supplementary Fig. 4b,c) in 2050. The forest may have 1.0–1.6 million km2 of its remaining area outside the network (Supplementary
Fig. 5b,c), including areas with species richness reaching up to
1,986–2,188 species.
Some species may lose their entire estimated AOO, facing a high
probability of extinction in Amazonia by 2050 (Supplementary
Table 2). The number of species with 100% loss of AOO was higher
in the combined scenarios that included the BAU deforestation
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Fig. 1 | Loss by global change for E. coriacea (DC) SA Mori. a–j, Loss of E. coriacea (DC) SA Mori, the most common species in Amazonia15. a, Original
AOO. b, Original AOO and deforestation by 2013 (refs. 6,53,54). c, Original AOO and 2050 IGS deforestation53,54. d, Original AOO and 2050 BAU
deforestation53,54. e, 2050 RCP 2.6 AOO. f, 2050 RCP 2.6 AOO and 2050 IGS deforestation. g, 2050 RCP 2.6 AOO and 2050 BAU deforestation. h, 2050
RCP 8.5 AOO. i, 2050 RCP 8.5 AOO and 2050 IGS deforestation. j, 2050 RCP 8.5 AOO and 2050 BAU deforestation. Colour scale indicates decrease in
AOO from blue (forested area) to red (loss in AOO). Maps created with custom R script55. Credit: Base map source (country.shp, rivers.shp): ESRI (http://
www.esri.com/data/basemaps, © Esri, DeLorme Publishing Company, Arcworld.
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Fig. 2 | Amazonian species richness (number of species per grid cell) affected by global change and deforestation. a, Original AOO only. b, Original AOO
and 2050 IGS53,54. c, Original AOO and 2050 BAU53,54. d, 2050 RCP 2.6 AOO only. e, 2050 RCP 2.6 AOO combined with 2050 IGS deforestation. f, 2050
RCP 2.6 AOO combined with 2050 BAU deforestation, g, 2050 RCP 8.5 AOO only. h, 2050 RCP 8.5 AOO combined with 2050 IGS deforestation. i, 2050
RCP 8.5 AOO combined with 2050 BAU deforestation. Colour scale as in Fig. 1. Maps created with custom R script55. Credit: Base map source (country.shp,
rivers.shp): ESRI (http://www.esri.com/data/basemaps, © Esri, DeLorme Publishing Company, Arcworld.

scenario (Supplementary Table 2). By 2050 the AOO of all species will be impacted by deforestation and climate change
(Supplementary Table 2). The total number of threatened species
according to IUCN A4, B1 and D2 criteria may vary between 4,872
(48.4%) and 4,993 (49.6%) from the best-case combined scenario
to worst-case combined scenario (Table 1; Supplementary Table 2).

Discussion

The combined losses by deforestation and climate change, suggest
that Amazonian tree species may lose 53–65% of their estimated
AOO by 2050. This would be enough to qualify 47–49% of all known
Amazonian tree species as threatened according IUCN A4 criterion,
including almost all (96%) of the hyperdominant species3. Adding
the 425 species we found to be currently qualified as threatened
under IUCN Criteria B1 and D2, the total proportion increases to
48–50% (Supplementary Table 2). There is a data void in the tropics16
550

and the number of new species of flowering plants is expected to
increase by 10–50% in Brazilian Amazonia alone17. Considering the
limitation of our analyses for rare and, as yet, unknown species, the
estimates of the number of species qualified as threatened are probably higher than we report here.
Our analyses were based on 49% of all known Amazonian
tree species (10,071). However, this should not affect species richness patterns. We omitted only those species that were either too
rare or did not have enough available records to produce significant models. Major ecological patterns are likely to be maintained
because the most common species generally define large-scale
patterns, and rare species are often too restricted to affect it18.
Furthermore, rare species and species with low prevalence are
probably over-predicted, compromising model accuracy and the
reliability of the stacked SDMs (S-SDMs)19, as used in our species richness analysis. S-SDMs tends to over-predict species
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Fig. 3 | Only half of the Amazonian forest may remain in 2050 (worstcase combined scenario). Blue, a relatively intact Amazonian forest
continuous block, composed of north-western and central Amazonia, the
Guiana Shield and smaller part of south-western Amazonia (maximum
number of species per grid cell is 1,393, with mean 578). Red, a largely
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Map created with custom R script55. Credit: Base map source (country.shp,
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Publishing Company, Arcworld.

richness because they model environmental suitability, rather than
the species’ real range20. We believe that over-prediction effects
were reduced by our SDMs, based on a conservative estimate of
an environmental suitability model15 (area slightly larger than species EOO, compatible with, for example, the IUCN Red List assessments, Supplementary Fig.1).
Deforestation is also expected to reduce populations of
Amazonian tree species in the future7. We found deforestation in
2013 to be responsible for a 7% decline in the estimated AOO of
the Amazonian tree species, and this may potentially reach 19–33%
by 2050, considering our projected deforestation analyses. We compared our results of the estimated loss of AOO against estimated
population loss as estimated by ter Steege et al.7. The correlations
for historical deforestation by 2013 and the IGS projected deforestation scenario by 2050 were significant but moderate. For 2050
projections of the BAU scenario, the correlation was slightly higher.
Although the correlations are mostly moderate, both estimates may
be realistic. Area changes will first occur in the outskirts of the range
where the population densities are lowest, thereby decoupling the
two measures to some extent.
Despite that, the losses produced by climate change are expected
to be higher. According to our climate change mitigation scenario
(RCP 2.6) mean species richness may be reduced by almost onethird (30%) and estimated AOO may drop by almost a half (47%)
by 2050. This scenario limits global warming below 2 °C21. Our BAU
climate change scenario (RCP 8.5) shows higher emissions trends,
close to those observed in 2000 (ref. 22), and may drive the forest in
more extreme climate conditions23. According to this scenario, the
estimated AOO loss may increase up to 53% and mean species richness losses may reach 37%.

The interaction between deforestation and climate change may be
the greatest threat to Amazonian biodiversity, especially for trees24.
South-western, southern and eastern Amazonia are the regions
most likely to be affected by the synergetic impacts of deforestation and climate change (Supplementary Fig. 7). Eastern Amazonia
alone may suffer up to 95% of forest loss by 2050, followed by southwestern (81%) and southern Amazonia (78%) (Supplementary
Table 4). Adding the influence of fire to the synergy of deforestation
and climate change, a 20–25% deforestation is already expected to
be the tipping point for these regions to no longer support rainforest ecossystems8. By 2007 and 2010 southern/eastern Amazonia had
already lost 12% and 5%, respectively, of its forests by regional fire
during severe drought events25. Furthermore, deforestation has also
influenced regional climate in Amazonia by affecting the water balance and water cycle in southern/eastern Amazonia due to land uses
that follow deforestation, such as agricultural expansion26.
Our best-case combined scenario (RCP 2.6 and IGS) shows only a
small reduction in the total number of threatened species compared
to our worst-case combined scenario (RCP 8.5 and BAU). However,
it makes a big difference in the level of threat, as the number of species listed as ‘critically endangered’ (CR) drops from 22% (RCP 8.5
and BAU) to 11% (RCP 2.6 and IGS). The worst-case combined scenario shows ‘a half Amazonia’ by 2050 where the original forest is
divided into two blocks: one continuous with 53% of the original area
and a severely fragmented one (Fig. 3). The severe fragmentation
outside the continuous block may add to species loss27, provoking
alterations in tree-community composition28. Small forest fragments
will also quickly lose species and biomass due to overhunting, causing a decrease in populations of large bodied animals29 and further
reducing species richness for trees that depend on these species for
dispersal30. Big tree species are also largely affected by fragmentation
due to influences of wind turbulence, desiccation and infestation by
lianas, which are common effects observed near forest edges31. Such
species have a strong influence on forest structure, composition and
hydrology, and they also contribute to carbon storage32.
Although the impacts in some Amazonian countries such as
Guyana33 may be lower and deforestation rates have declined compared to projected deforestation scenarios7, the worst-case combined
scenario, and also the intermediary combined scenario RCP 2.6
and BAU, cannot be discarded given the recent rising deforestation
trends in Brazil, which holds the largest portion of the Amazonian
rainforest34. Brazil joined the Paris Agreement in 2015 and pledged
to cut its greenhouse gas emissions by 37%, reach zero deforestation and reforest 12 million ha by 203035. However, Brazil still suffers
from high deforestation rates36 and a future reduction of this trend
remains uncertain37. Deforestation has increased during the past 5
years at a rate of ~7,000 km2 per year38. Furthermore, international
negotiations on limiting global warming have failed39 and recent
Brazilian law changes may severely limit scientific research, including the monitoring of forest and biodiversity loss40.
Other Amazonian countries, such as Colombia, showed a recent
increase of fires within PA after demobilization of the guerilla41.
Studies have pointed out positive correlations between coca cultivation and guerrilla activities within PAs42 and reductions in deforestation in Colombia and Peru43. PAs contain tree populations that are
safeguarded from deforestation and they have an important inhibitory effect on the deforestation of Amazonian forest in Brazil44. PAs
are also effective in preventing deforestation fires, with fewer fires
occurring within PAs compared to outside the protection area45.
PAs are not immune to the impacts of climate change, however, and
the absence of protected corridors may isolate species from suitable
areas under different future climate conditions14.
We found that inside the PA network mean species richness
may drop to 639 species per grid cell and total habitat loss may
reach 28%. Despite this, PAs may provide benefits for biodiversity,
especially when they focus on governance quality and planning
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methods46. We found that areas outside the network had worse
results, with mean species richness dropping down to 438 species
per grid cell and total habitat loss reaching 60%. Amazonia may
have about 50% of its forest outside the network, mostly in central
and north-western Amazonia, and this unprotected area has grid
cells with a high predicted number of species, which is important for biodiversity conservation and establishment of new PAs
(Supplementary Fig. 5).
Tropical forests have major environmental roles by stabilizing
atmospheric CO2 (ref. 47), regulating climate48 and safeguarding biodiversity49. Tropical forests also provide benefits to the society (ecosystems services), and their losses are generally not compensated
for by the development of other sectors, such as manufacturing and
services, leading to unsustainable development pathways50. The true
losses behind their degradation may be immeasurable. Biologists
have warned for more than a century about the possible demise of
the Atlantic forest51, and yet only 12% of its original cover remains52.
We must try to avoid that Amazonia will suffer the same fate.

Online content

Any methods, additional references, Nature Research reporting
summaries, source data, statements of code and data availability and
associated accession codes are available at https://doi.org/10.1038/
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Methods

Species and collections. We focused our analysis on the most recent checklist
of lowland Amazonian trees that can reach 10 cm stem diameter at breast height
(dbh)56. We downloaded species collections from Global Biodiversity Information
Facility (GBIF, www.gbif.org) using the ‘gbif ’ function from R package ‘dismo’
(August 2017). For each species, we downloaded the Amazonian occurrences
and also all occurrences in the Neotropics to avoid problems in SDM related to
modelling with partial geographic ranges57. We assigned all single collections at
species level, ignoring intraspecific levels. We followed Gomes et al.15 using a new
conservative pipeline to remove inconsistencies and outliers from collection data.
Imprecise georeferences were also removed58–60. Since sample size is a relevant
aspect of model accuracy, species with less than six records (here defined as
locations or a single occurrence per 0.1° cell) were not used to produce SDMs19. All
species with a small number of collections (<6) were tested with a large plot dataset
from Steege et al.7 to identify poor collected species. Species with a small number
of collections and not present in the large plot dataset were listed as threatened
according IUCN D2 criterion61.
Deforestation, PAs and indigenous territories. Deforestation was based on
historical deforestation up to 2013 (refs. 6,53,54) and projected deforestation for
2050 (historical deforestation plus the predicted deforestation)53,54 at 10 × 10 km
resolution, using IGS and BAU (Supplementary Fig. 2a–c). We gathered the spatial
data of Amazonian PAs and indigenous territories from the World Database on
Protected Areas (Supplementary Fig. 8) (April 2018, https://www.protectedplanet.
net)62, and updated with data from Red Amazónica de Información Socioambiental
Georreferenciada - RAISG (January 2019, http://raisg.socioambiental.org/)63.
Amazonian base map. To produce an Amazonian lowland forest base map we
followed ter Steege et al.7 and eliminated cells with more than 50% water, areas
originally without forest and areas above 500 m of elevation at 10 × 10 km resolution.
The base map consists of 47,038 0.1° cells, or 5.7 million km2 (Supplementary Fig. 9).
We followed ter Steege et al.3 and divided the area into six regions: Guiana Shield
(GS), north-western Amazonia (WAN), south-western Amazonia (WAS), southern
Amazonia (SA), eastern Amazonia (EA) and central Amazonia (CA).
Species AOO. We estimated AOO based on environmental suitability15. For
that, we assessed environmental suitability by constructing SDM using MaxEnt
v.3.3.3k64,65. We downloaded 19 environmental variables data from WorldClim66 at
0.16° resolution, which were produced by means of average monthly interpolated
climate data. We resampled all variables to 0.1° (approximately 10 × 10 km) spatial
resolution, using the function ‘resample’ from R package ‘raster’67. The original
environmental suitability for species was based on average climate data for 1950–
2000 (ref. 66). Future environmental suitability for species for 2050 (averages for
2041–2060) was based on two representative concentration pathways (RPCs), RCP
2.6 and RCP 8.5 (ref. 68–70), using seven global climate model (GCM) projections66,
from the IPCC Fifth Assessment Report (AR5), BCC-CSM71, CCSM4 (ref. 72),
HadGEM2-ES73, IPSL-CM5A-LR74, MIROC-ESM75, MPI-ESM-LR76 and MRICGCM3 (ref. 77). These RCPs represent increasing projections of global warming
from 0.4 to 2.6 °C by 2050, with mean range of 1 °C (RCP 2.6) and 2 °C (RCP 8.5),
and radiative forcing of 2.6 and 8.5 W m–2, corresponding to atmospheric CO2
concentration of 450 to 750 ppm CO2eq–1 (refs. 78–80). They reflect trends of CO2
emissions based on improvements of governance (RCP 2.6) and absence of climate
change polices (RCP 8.5).
We based the selection of the variables on their biological relevance and
on their scores using a Spearman’s rank correlation coefficient threshold of
|ρ| > 0.7 (ref. 81). Precipitation variables based on temperature, and temperature
variables based on precipitation, were also removed. For temperature, we selected
isothermality, temperature seasonality and maximum temperature of warmest
month for temperature; for precipitation, we selected annual precipitation, wettest
month precipitation and driest month precipitation. Finally, we cropped the
environmental variables to the extent of the Neotropics57.
We corrected the SDMs for geographical sampling bias by employing a
target-group background method, producing a background file based on bias
according survey efforts of Amazonian tree species collections15,56,82. We used only
product, threshold and hinge features of MaxEnt83,84. MaxEnt’s logistical output
was transformed into binary maps with a 10% training presence threshold, and a
convex hull was used around the species records to estimate their EOO. We then
estimated the AOO of the species by restricting the environmental suitability as
modelled by MaxEnt to the EOO plus a buffer of 300 km (refs. 15,85). We produced
SDM maps for all species, considering all three climate scenarios: ‘original forest’,
‘2050 RCP 2.6’ and ‘2050 RCP 8.5’. For the 2050 scenarios (RCP 2.6 and RCP
8.5) we considered only grid cells predicted by all seven IPCC AR5 GCMs. We
then produced three S-SDMs maps by stacking all SDMs maps for each of the
three climate scenarios in order to assess species richness (defined as the number
of species per grid cell based on their original estimated AOO) by adding the
predicted species in each grid cell86,87.
Data analysis. To estimate the impacts of deforestation and climate change on
Amazonian tree species we produced ten different scenarios. First, we modelled
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the species’ original environmental suitability. We tested which models were
significantly different from random expectation using bias corrected nullmodels15,88. Models not significantly different were excluded from further analysis.
We then estimated the species’ original AOO for forested grid cells (Fig. 1a)
and the losses of all deforestation and climate change scenarios over the species‘
original estimated AOO. This produced ten maps for each species (Fig. 1), starting
with the historical deforestation for 2013 (Fig. 1b) and two projected deforestation
scenarios for 2050 (IGS and BAU) (Fig. 1c,d). Then, we estimated the impacts
of climate change by 2050 (RCP 2.6 and RCP 8.5) (Fig. 1e,h). Furthermore, we
calculated the impacts of four combined scenarios of deforestation and climate
change on the species’ original AOO for 2050, one best-case combined scenario
(RCP 2.6 and IGS), two intermediates combined scenarios (RCP 2.6 and BAU, RCP
8.5 and IGS) and a worst-case combined scenario (RCP 8.5 and BAU)
(Fig. 1f,g,i,j). We also tested if the estimated loss of AOO by deforestation was
correlated with population loss as estimated by ter Steege et al.7 We then assigned
categories of threat for all species according to IUCN A2, A4, B1 and D2 criteria,
and three categories: critically endangered, endangered and vulnerable, based on
geographic range losses, in the form of the estimated AOO and restricted number
of locations (Supplementary Text). Finally, we analysed the estimated loss of AOO
and the decrease in species richness inside and outside the Amazonian PA network
using the S-SDM maps. All calculations and analyses were performed with R v.3.4.3
(ref. 55), including the R packages ‘raster’ v.2.6–7 (ref. 67), ‘dismo’ v.1.1–4
(ref. 89), ‘gstat’ v.1.1–6 (ref. 90), ‘maptools’ v.0.9–2 (ref. 91), ‘rgdal’ v.1.2–16 (ref. 92),
‘rgeos’ v.0.3–26 (ref. 93), ‘rJava’ v.0.9–9 (ref. 94) and ‘speciesgeocodeR’ v.1.0–4 (ref. 95).
Reporting Summary. Further information on research design is available in the
Nature Research Reporting Summary linked to this article.

Data availability

All data used can be freely downloaded from GBIF (http://www.gbif.org)
and WorldClim (http://www.worldclim.org) and are also available from the
corresponding author upon request. A full list of species used can be found in
Supplementary Table 1.

Code availability

The R code used for calculations and analyses is available from the corresponding
author upon request.
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Data collection

We gathered species data by downloading species collections from Global Biodiversity Information Facility (GBIF, www.gbif.org) using the
'gbif' function from R package 'dismo' version 1.1-4. Environmental layers were downloaded from WorldClim (http://http://
www.worldclim.org). Amazonian protected areas and indigenous were downloaded from Protected World Database of Protected Areas
(https://www.protectedplanet.net), and updated with data from Red Amazónica de Información Socioambiental Georreferenciada RAISG (http://raisg.socioambiental.org/).

Data analysis

All calculations and analyses were performed with R version 3.4.3, including the R packages 'raster' version 2.6-7, 'dismo' version 1.1-4,
'gstat' version 1.1-6, 'maptools' version 0.9-2, 'rgdal' version 1.2-16, 'rgeos' version 0.3-26, 'rJava' version 0.9-9 and 'speciesgeocodeR'
version 1.0-4.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors/reviewers.
We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Research guidelines for submitting code & software for further information.

Data
- Accession codes, unique identifiers, or web links for publicly available datasets
- A list of figures that have associated raw data
- A description of any restrictions on data availability
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Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

All data used can be freely downloaded from GBIF (http://www.gbif.org), WorldClim (http://http://www.worldclim.org), Protected World Database of Protected
Areas (https://www.protectedplanet.net), Red Amazónica de Información Socioambiental Georreferenciada - RAISG (http://raisg.socioambiental.org/) and are also
available from the corresponding author upon request. A full list of species used can be found in Supplementary Table 1.
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Ecological, evolutionary & environmental sciences study design
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Study description

We quantified the combined effects of deforestation and climate change of 10,071 Amazonian tree species. We modelled species
original environmental suitability, which we call estimated area of occupancy (AOO), based on species distribution model, but
constrained by the known extent of occurrence (EOO) of the species. Then, we quantified losses produced by historical deforestation
by 2013, two deforestation scenarios for 2050, two climate change scenarios for 2050, and their interactions. We also asked to what
extent the Amazonian protected area network may prevent habitat loss and the decline in species richness. Finally, we analysed our
data according the criteria of the IUCN Red List of Threatened Species to assess the species' threat status.

Research sample

We focused our analysis on the group of Amazonian tree species that can reach 10 cm stem diameter at breast height, using the
most recent Amazonian checklist. We downloaded species collections from GBIF database to produce species distribution models.

Sampling strategy

Sample sizes followed species collections available in GBIF database. We used a cleaning pipeline to check collections for
inconsistencies, including geographical outliers. This procedure may reduce species sample.

Data collection

Data collection was based on species natural history collections available in GBIF database. We used the 'gbif' function from R
package 'dismo' version 1.1-4 to download species collections.
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Field-specific reporting

Timing and spatial scale We used all collections ever record available in the GBIF database. We based the analyses on species original environmental
suitability and then we calculated the impacts of the deforestation and climate change for historical deforestation by 2013 and
deforestation for 2050. The original environmental suitability of the species was based on averaged climate data (environmental
layers) for 1950-2000 from WorldClim. The environmental suitability of the species for 2050 was based on averages for 2041-2060
from WorldClim, for two representative concentration pathways (RPCs), RCP 2.6 and RCP 8.5. Our spatial scale was based on 0.1
degree resolution (approx. 10x10 km), for all 5,7 millions Km2 of Amazonian lowland forest.

Data exclusions

We excluded species with available records below <6 because they are likely to produce inacurate models, especially when
considering the size of Amazonia area. We also excluded from all analyses species with an environmental suitability model nonsignificantly different from a bias corrected null model. Finally species with no estimated area of occupancy within Amazonia were
also removed.

Reproducibility

All attempts to replicate the experiment were successful.

Randomization

Samples randomization does not apply within the context of this experimental design. But we used bias corrected null-models
though, to test which species’ models were significantly different from random expectation. We generated 99 null-models for each
species by randomly drawing the same number of species collections localities without replacement from the same spatial grid as the
environmental layers. Then, we used an upper one-sided 95% confidence interval to determined species AUC probability value
against those generated by the null distribution. We used only species ranked 95 or above. The probability of an equally good
random model is less than 5% in this scenario.

Blinding

Investigators were not blinded during data acquisition and analysis. It is not feasible to do so within the context of this experimental
design. The investigators checked inconsistences in the natural history collections data of the species downloaded from GBIF using a
cleaning pipeline.

Did the study involve field work?

Yes

No

Reporting for specific materials, systems and methods
We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.
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Methods
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Flow cytometry

Palaeontology

MRI-based neuroimaging

Animals and other organisms
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Clinical data
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