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Abstract
Aim: Amazon‐nut (Bertholletia excelsa) is a hyperdominant and protected tree spe‐
cies, playing a keystone role in nutrient cycling and ecosystem service provision 
in Amazonia. Our main goal was to develop a robust habitat suitability model of 
Amazon‐nut and to identify the most important predictor variables to support con‐
servation and tree planting decisions.
Localization: Amazon region, South America.
Methods: We collected 3,325 unique Amazon‐nut records and assembled >100 spa‐
tial predictor variables organized across climatic, edaphic, and geophysical catego‐
ries. We compared suitability models using variables (a) selected through statistical 
techniques; (b) recommended by experts; and (c) integrating both approaches (a and 
b). We applied different spatial filtering scenarios to reduce overfitting. We addition‐
ally fine‐tuned MAXENT settings to our data. The best model was selected through 
quantitative and qualitative assessments.
Results: Principal component analysis based on expert recommendations was the 
most appropriate method for predictor selection. Elevation, coarse soil fragments, 
clay, slope, and annual potential evapotranspiration were the most important predic‐
tors. Their relative contribution to the best model amounted to 75%. Filtering of the 
presences within a radius of 10 km displayed lowest overfitting, a satisfactory omis‐
sion rate and the most symmetric distribution curve. Our findings suggest that under 
current environmental conditions, suitable habitat for Amazon‐nut is found across 
2.3 million km2, that is, 32% of the Amazon Biome.
Main conclusion: The combination of statistical techniques with expert knowledge 
improved the quality of our suitability model. Topographic and soil variables were the 
most important predictors. The combination of predictor variable selection, fine‐tun‐
ing of model parameters and spatial filtering was critical for the construction of a 
reliable habitat suitability model.
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1  | INTRODUC TION

Range‐wide management and conservation of socio‐economically 
important tree species require a comprehensive understanding of 
species habitat preferences and the magnitude and nature of anthro‐
pogenic and natural threats to their in situ persistence. However, in 
Amazonia such knowledge often remains incomplete and based on 
local experience rather than rigorous scientific data. Furthermore, 
existing knowledge on Amazonian forest species has been poorly 
integrated within conservation planning frameworks (Addison et al., 
2013; Gardner, Barlow, Chazdon, Robert, & Harvey, 2009). As a re‐
sult, biodiversity conservation strategies have failed to protect the 
majority of endemic species in Brazil (Oliveira et al., 2017). The latter 
authors found that <40% of the estimated distribution area for some 
species fell inside protected areas. Conservation decision‐making 
processes in Amazonia can be greatly improved through the inclu‐
sion of species distribution models (SDMs) which is currently not the 
case in most Amazon countries.

The complexity of SDMs, both in terms of development and 
understanding, is a common constraint to their application in de‐
cision‐making (Addison et al., 2013). Nonetheless, SDMs are an in‐
creasingly important tool for predicting habitat suitability and for 
understanding species environmental tolerances (Stolar & Nielsen, 
2014). SDMs are also essential to guide field collections, as well as 
to inform or reinforce management, reforestation, and conserva‐
tion plans (Franklin, 2010). The value and importance of a well‐con‐
structed SDM have motivated an explosion of methods aimed at 
building more accurate models (Elith et al., 2011; Kuhnert, Martin, 
& Griffiths, 2010). However, few efforts have been made to develop 
a collaborative model‐building process among modelers, ecolo‐
gists, and decision‐makers to improve model quality (Calixto‐Pérez 
et al., 2018) and to facilitate clear communication of model results 
(Addison et al., 2013).

One of the most widely used methods of developing SDMs 
is MAXENT (Phillips, Anderson, Dudík, Schapire, & Blair, 2017). 
MAXENT is a correlative model based on the principle of maximum 
entropy to predict or infer species occurrence using presence‐only 
data and environmental variables (Phillips, Anderson, & Schapire, 
2006). The probability of occurrence is then modeled using a logis‐
tic equation fitted to presence data and background locations cho‐
sen randomly or in target‐groups that MAXENT contrasts against 
the presence (Phillips & Dudík, 2008). Several studies have high‐
lighted that the performance of MAXENT models is influenced by 
(a) biases in occurrence data that cause overfitting (Kramer‐Schadt 
et al., 2013) and (b) the uncritical use of default settings based on 
taxonomic groups studied by MAXENT designers (Phillips & Dudík, 
2008). Indeed, there is growing evidence that the most appropri‐
ate settings vary according to species and study area. However, 
only 3.7% of articles published between 2013 and 2015 tested if 
the default regularization and feature class parameters were appro‐
priate for their data (Morales, Fernández, & Baca‐González, 2017; 
Radosavljevic & Anderson, 2014). When adequately fine‐tuned, 

these parameters prevent the algorithm from fitting the input data 
too closely (Phillips & Dudík, 2008).

Errors can furthermore be introduced into MAXENT‐based anal‐
ysis through multi‐collinearity among predictors that can inflate the 
variance and standard errors of regression parameter estimates. 
Careful selection of candidate predictor variables is therefore rec‐
ommended (Dormann et al., 2013). Statistical analysis has been com‐
monly used to address this issue, as for example through principal 
component analysis (PCA) (Everitt & Dunn, 2001). However, models 
using maximum entropy have also been improved by integrating ex‐
pert knowledge in the predictor selection stage of model develop‐
ment (Porfirio et al., 2014).

An expert is someone who has gained knowledge through his/
her life experience, education, or training, and who is responsible 
for providing judgments (Mcbride & Burgman, 2012). Experts can 
contribute, for example, to the choice of variables based on their 
knowledge of a species' life cycle (Porfirio et al., 2014), to determine 
geographic limits to the presumed species (Jones, Dye, Pinnegar, 
Warren, & Cheung, 2012), to provide knowledge when empirical 
data are lacking (Kuhnert et al., 2010), or simply to provide feedback 
on model results. Expert‐based information has been successfully 
used to improve management of environmental systems (Perera, 
Drew, & Johnson, 2012), but has been seldom used in the develop‐
ment of SDMs (Kuhnert et al., 2010; Porfirio et al., 2014).

1.1 | Amazon‐nut modeling distribution

MAXENT has been applied previously to model the distribution 
of the Amazon‐nut (Bertholletia excelsa), specifically at Para State, 
Brazil (Albernaz & Avila‐Pires, 2009). However, results from this 
study are limited in their utility for conservation planning due to 
paucity of presences used, the restricted spatial extent of analysis, 
and the limited diversity of environmental predictors considered. 
Thomas, Alcázar, Loo, and Kindt (2014) also examined Amazon‐
nut distribution using an ensemble modeling approach. Their goal 
was to assess the distribution of Amazon‐nut across the Amazon 
basin and make projections to past and future climate conditions. 
They found that the current spatial distribution of this species was 
shaped by an initial period of range contraction in the Pleistocene, 
followed by range expansion in the Holocene resulting in its con‐
temporary distribution. Although these findings are informative 
and compelling, the model of distribution of suitable habitat esti‐
mated showed a high degree of overfitting and had limited out of 
sample (OOS) predictive power. Such reduced predictive power 
was clearly observed at eastern Amazon, where they had few re‐
cords of presence.

Developing robust models with a high OOS for the Amazon‐nut 
is now possible thanks to the availability of high‐quality environmen‐
tal data (e.g., Wordclim (Fick & Hijmans, 2017) and Soilgrid platforms 
(Hengl et al., 2014)). Additionally, species occurrence data are being 
generated in scientific collaboration networks with standardized 
accessibility policies (e.g., Global Biodiversity Information Facility; 
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https​://www.gbif.org). Specifically for B. excelsa, a Brazilian project 
named MAPCAST “Mapping of Amazon‐nut groves and socio‐envi‐
ronmental and economic characterization of Amazon‐nut produc‐
tion systems in the Amazon” was carried out from 2013 to 2018 
(https​://www.embra​pa.br/en/projetos). It generated direct biologi‐
cal information and the formation of a group of specialists on this 
taxonomic group.

Amazon‐nut (Bertholletia excelsa) is one of the largest and lon‐
gest living hyperdominant tree species in Amazonia (Ter Steege et 
al., 2013). In old‐growth forest, Amazon‐nut trees can reach 60 m 
in height and 4 m in diameter at breast height (Müller, 1995). It 
ranked third in the top 20 accumulators of aboveground woody 
biomass in Amazonia (Fauset et al., 2015) and has provided critical 
ecosystem services to humans since prehistory (Roosevelt et al., 
1996). The fruits are hard, indehiscent, and can often be opened by 
large species of psittacid (Ara sp) and rodents (Agouts sp). Agouts 
and human both play an important role in Amazon‐nut dispersion, 
rodents can carry fruits as far as 60 m (Haugaasen, Haugaasen, 
Peres, Gribel, & Wegge, 2012) and humans positively influenced 
its abundance in the past (Thomas et al., 2014). Species distribu‐
tion differs for being broad and discontinuous, leading to forma‐
tion of groves in some areas (Salomão, 2009) and scattered trees 
in others (Wadt, Kainer, & Gomes‐Silva, 2005). However, its trees 
population has been vulnerable to illegal activities in the Amazon 
for the last forty years, mainly in southern and eastern Amazon, 
region named “arch of deforestation” (Scoles, Canto, Almeida, & 
Vieira, 2016).

Amazon‐nut is legally protected and one of the most important 
nontimber forest product (NTFP), on which tens of thousands of 
local people depend, mainly in Brazil, Bolivia, and Peru (Guariguata, 
Cronkleton, Duchelle, & Zuidema, 2017). The fruit's success is 
recently attributed to health benefits offered by the seeds rich 
in selenium and other micronutrients (Cardoso, Duarte, Reis, & 
Cozzolino, 2017). Its cultural and economic importance brings 
various common names constantly associated with geographic 
localization (Brazil‐nut, Pará‐nut, Acre‐Nut, and Bolivian Brazil‐
nut) to the fruit market. Here, we adopted the term Amazon‐nut 
instead of Brazil‐nut, the most common name, to be more inclu‐
sive of other Amazonian countries, in which the species is native. 
Extensive research has been dedicated to evaluating the sustain‐
ability of nut harvesting (Bertwell, Kainer, Cropper, Staudhammer, 
& Oliveira Wadt, 2017), characterizing demographic and genetic 
structure within and among (Salomão, 2009; Sujii, Martins, Wadt, 
Azevedo, & Solferini, 2015), and understanding the natural and 
human drivers of its current distribution (Thomas, Alcázar Caicedo, 
Mcmichael, Corvera, & Loo, 2015). Despite this rich body of work, 
surprisingly little is known about the environmental predictors 
that determine species occurrence.

In this paper, we develop a novel SDM using MAXENT with the 
goal of improving our understanding of the habitat extent and the 
suitable environmental to B.  excelsa occurrence, in order to guide 
conservation and tree planting strategies. Given the importance 
of careful selection of potential predictor variables and removal of 

bias in SDMs (Boria, Olson, Goodman, & Anderson, 2014; Franklin, 
2010), we also address three methodological questions: (a) Which 
strategy of predictor selection is most adequate to model B. excelsa 
habitat suitability? (b) What are the best MAXENT settings based on 
the distribution of our data across Amazonia? (c) What is the mini‐
mum distance between occurrence points to remove bias and fit ro‐
bust models statistically and ecologically? Finally, we evaluated the 
usefulness of incorporating expert knowledge in predictor variable 
selection for enhancing the quality of SDM for B. excelsa.

2  | METHODS

2.1 | Occurrence data

This study was conducted in the Amazonia biome, the world's largest 
tropical rainforest, occupying 7.2 million of km2. Amazon‐nut's oc‐
currence data (n = 3,325) were collected from a diversity of sources: 
datasets provided by researchers acquired in field collection; data 
available from Emilio Goeldi Museum and Embrapa herbarium col‐
lections; Global Biodiversity Information Facility (GBIF) database; 
scientific publications and data recorded in field expeditions from 
2015 to 2018 supported by São Paulo Research Foundation (see 
Table S1.1). In Figure 1, we exhibited the biggest specimen tree 
found in our field expedition in 2016, and in Figure 2, the spatial 
distribution of the presence data obtained.

2.2 | Environmental data

Predictor variables were derived from globally available raster data 
at 30 arc‐second spatial resolution (~1 km). A total of 102 predictors 
were assembled for this study (Table S1.2). Nineteen bioclimatic 
variables were obtained from http://www.world​clim.org, which are 
based on interpolation data from 1950 to 2000 (Hijmans, Cameron, 

F I G U R E  1  Amazon‐nut (B. excelsa) tree with 10.65 m of 
circunference mesured at breast height in 2016. It was found in a 
forest fragment of the rural agroextractivist settlement Praia Alta 
Piranheira, in Nova Ipixuna do Pará, Brazil. This specimen is known 
as “majestade” (Majesty) in this rural community

https://www.gbif.org
https://www.embrapa.br/en/projetos
http://www.worldclim.org
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Parra, Jones, & Jarvis, 2005). From these layers, monthly poten‐
tial evapotranspiration (PET), aridity (ARI), and soil water content 
(SWC) layers were calculated and available by http://www.cgiar-csi.
org/data.

Predictors for physical and chemical soil properties were ob‐
tained for seven depths (0 up to 200  cm) from https​://www.soilg​
rids.org. Selected predictors included soil organic carbon (g/kg), soil 
pH × 10 in H2O, sand, silt and clay fractions (%), bulk density (kg/
m3), cation‐exchange capacity (cmol+/kg), and coarse fragments (%) 
(Hengl et al., 2014). To test for differences between soil variable 
means at different depths, we used ANOVA followed by post hoc 
Tukey tests computed using the multcompView package for R (Graves, 
Piepho, Sundar, Maintainer, & Selzer, 2015). Prior to ANOVA, we ver‐
ified the assumption of normality and homogeneity of data variance, 
using Shapiro–Wilk and F tests, respectively. To minimize multi‐collin‐
earity among soil predictors, only layers with significantly different 
mean values were retained for further modeling. Boxplots are given 
in Figure S1.1.

Global terrain elevation data (GMTED2010) were retrieved from 
the USGS/ NASA database: https​://topot​ools.cr.usgs.gov/gmted_
viewe​r/. These data were used to derive topography and hydrolog‐
ical variables, such as slope, aspect, Compound Topographic Index, 
and Stream Power Index via ARCGIS 10.3. Geological data were also 
obtained from NASA https​://daac.ornl.gov/SOILS/​guide​s/Global_
Soil_Regol​ith_Sedim​ent.html. These variables provided estimates of 
the thickness of the permeable layers above bedrock like soil, rego‐
lith, and sedimentary deposit (Pelletier et al., 2016).

2.3 | Removing bias

One source of inaccuracy in SDMs is sampling bias in presence 
data (Boria et al., 2014). For example, it has been shown that pres‐
ences recorded may suffer from problems of locational under‐
specification, geocoding errors, taxonomic changes, among others 
(Franklin, Serra‐Diaz, Syphard, & Regan, 2017). To minimize poten‐
tial biases, we removed all presences within a radius of 5 km from 

F I G U R E  2  Geographical localization of the Amazon in South America. The black points indicate the localization of the Amazon‐nut 
(B. excelsa) observation points obtained to this study (3,252). The coordinate system adopted was Albers equal‐area conic projected for 
continental areas

http://www.cgiar-csi.org/data
http://www.cgiar-csi.org/data
https://www.soilgrids.org
https://www.soilgrids.org
https://topotools.cr.usgs.gov/gmted_viewer/
https://topotools.cr.usgs.gov/gmted_viewer/
https://daac.ornl.gov/SOILS/guides/Global_Soil_Regolith_Sediment.html
https://daac.ornl.gov/SOILS/guides/Global_Soil_Regolith_Sediment.html
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municipal centers. For this, we created a distance surface from cit‐
ies using Euclidian distance on geographic information system (GIS). 
Additionally, presences in savanna within the Amazon biome were 
not used because there were few Amazon‐nut occurrences found 
in these dry forest patches, and species persistence in these drier 
environments requires further investigation. The omission of sam‐
ples from the Cerrado regions was also strongly suggested by ex‐
perts consulted. After this first filtering, 3,252 occurrence records 
remained.

Bias also occurs when presence data are spatially clustered, often 
due to more frequent sampling in regions that are more accessible, 
or due to dispersal limitation causing natural clusters. Consequently, 
parts of the environmental space suitable for a species are over‐
represented, while other parts are absent or poorly represented 
(Fourcade, Engler, Rödder, Secondi, & Brooks, 2014). Inconsistent 
spatial representation of potential species habitat can lead to over‐
fitting (Radosavljevic & Anderson, 2014) and biased inference. To 
address this problem, spatial filtering can be used reducing overrep‐
resentation and improving model quality (Boria et al., 2014; Kramer‐
Schadt et al., 2013).

To reduce biases and find optimal geographic distance between 
trees, we filtered our Amazon‐nut presence data through random 
rarefication of 3,252 presences considering minimum Euclidian dis‐
tances between them of 3, 5, 10, 15, and 20 km. Filtering was imple‐
mented using the Sdmtoolbox ArcGIS toolbox (Brown, 2014). These 
distances were selected because many of the presence points in our 
dataset were clustered at spatial resolutions below 1 km, the grain 
size of our predictor variables, in order to evaluate how environ‐
mental heterogeneity was maintained according to the increasing 
geographic distance. These experiments have been suggested in the 
literature (Boria et al., 2014).

2.4 | Predictor selection

When developing SDMs, researchers often prioritize predictors as‐
sociated with primary plant resources (e.g., water, temperature and 
nutrients) or those related to human or natural disturbance (e.g., fire 
and insect outbreaks) (Guisan & Thuiller, 2005). However, problems 
may arise on the one hand because predictors choices may be sub‐
jective and on the other because subsets of predictors may be highly 
correlated. Automated model selection methods have been devel‐
oped to address some of these subjectivity issues, because they 
apply different combinations of variables without researcher's inter‐
ference to find the “best” model. This selection is given by the model 
weight that is computed by means of metrics, such as minimization 
of the Akaike information criterion (Burnham & Anderson, 2002). 
Despite the advances, it remains challenging to identify a meaning‐
ful and informative subset of SDM predictors (Galipaud, Gillingham, 
David, & Dechaume‐Moncharmont, 2014), largely due to the con‐
founding influence of multi‐collinearity (Dormann et al., 2013).

Principal component analysis (PCA) has been suggested to re‐
duce the dimensionality of predictor variables through the gener‐
ation of multiple orthogonal synthetic variables (Everitt & Dunn, 

2001). The downside is that PCA results can be difficult to inter‐
pret, especially when trying to determine which variables contrib‐
ute meaningfully to each component (Vaughan & Ormerod, 2005). 
However, also external information can be useful to interpretation of 
ecological structure. Expert knowledge previously considered to be 
subjective has recently been recognized for its vast potential to im‐
prove ecological models (Kuhnert et al., 2010; Porfirio et al., 2014). 
Here, we compare three methods for variable selection: one based 
on ordination (PCA), one based on expert knowledge, and another 
that combines both approaches.

2.4.1 | Ordination‐based variable selection

We used PCA to reduce collinearity and dimensionality in our large 
predictor dataset (Legendre & Legendre, 2012). PCA‐derived syn‐
thetic predictors were calculated using environmental data covering 
the entire geographic space of the Amazon (Pan‐Amazon) at spatial 
resolution of 30 arc seconds (~1  km). Prior to analysis, all predic‐
tors were standardized to zero mean and unit variance. Then, we 
explored correlations between variables using Pearson's R. We 
grouped variables by category (i.e., climatic, edaphic, and geophysi‐
cal) and submitted each group to a PCA. The eigenvectors were 
normalized for each group, and we retained the subset of principal 
components accounting for 80% of the variance in the original data 
(Jolliffe, 1972).

The predictors that maximally contributed to explaining vari‐
ance in principal components were identified based on correlations 
between variables and PCA axes (eigenvector and its standard de‐
viation). Using graphics produced in the factorextra package for R 
(Kassambara & Mundt, 2017), we obtained the contribution of each 
variable to the overall axis expressed as a percentage. Only the 
variables whose contribution was greater than the average were re‐
tained. We iteratively recalculated a new PCA on this restricted set 
of predictors. Next, we applied collinearity tests at a 95% confidence 
interval using mctest package for R (Ullah & Aslam, 2017). Once col‐
linearity persisted, one for every two variables with Pearson R > |.7| 
in the correlation matrix was rejected. The variables retained follow‐
ing this procedure will be referred to as Group 1.

2.4.2 | Expert‐based variable selection

In 2016, we convened an expert panel in Amapa State, Brazil, com‐
posed of twelve researchers (PhDs and graduate students) with 
different types of expertise on Amazon‐nut to a workshop titled 
“Maxent modelling and its application in the estimation of prefer‐
ential areas to B. excelsa,” organized by the MAPCAST project. The 
panel was established to collect expert knowledge on the geophysi‐
cal and biological factors influencing Amazon‐nut distribution for 
incorporation in the SDM building process.

The 102 variables in the original database, as well as preliminary 
PCA results, were submitted to their appraisal. The panel of experts 
was specifically asked the following questions: Which variables 
should be included in the model? What is the maximal period during 
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which the plant can be exposed to water and heat stress? Should all 
available depths of soil variables be used? Were the variables se‐
lected by PCA adequate to model B. excelsa? After analysis and dis‐
cussion, the experts reached consensus and provided a list of what 
they considered to be the most important variables for the occur‐
rence of Amazon‐nut (Table S1.2). This variable set will be referred 
to as Group 2. Combining both approaches, we also calculated a PCA 
from the set of variables selected by the expert panel. The variable 
set will be referred to as Group 3.

2.5 | Setting and fitting models

We calibrated and projected all models using the ENMeval package 
for R (v. 0.2.2; Muscarella et al., 2014), which includes some of the 
latest functions developed to help modelers find parsimonious mod‐
els using maximum entropy (v. 3.3.3k; Phillips et al., 2017).

Presence data were used to determine appropriate feature 
classes (FC) and regularization multiplier (β) parameters within 
MAXENT for our study area. Feature classes are functions (linear, 
quadratic, hinge, product, threshold, and categorical) created by 
MAXENT for each environmental variable (Phillips & Dudík, 2008). 
By default, features choice is usually conditioned by the number 
of observations (n). When n > 80, all features are used and conse‐
quently, model complexity increases (Elith et al., 2011). To reduce 
complexity, users can specify FCs manually and adjust the level of 
regularization via the multiplier coefficient (β), which controls the 
smoothness of the distribution curve. It is equilibrated by lambda 
regularization parameter in the regression equation. By default, 
β  =  1 is often selected to balance fit and complexity, but studies 
have mentioned that higher values result in smoother models (Elith 
et al., 2011), while according to others, values of β above 4.0 may 
lead to decline in models quality (Radosavljevic & Anderson, 2014).

We sought to identify the best FC and β parameters for our 
MAXENT model of Amazon‐nut occurrence. As such, we examined 
five feature classes and combination thereof (L, H, T, LQ, LQP, LQH, 
LQHP, LQHPT, where L = linear, Q = quadratic, H = hinge, P = product, 
and T = threshold), and four levels of regularization from 0.5 to 2.0, in 
increments of 0.5. We examined the suitability of these combinations 
of parameters for both filtered (rarefied occurrence) and unfiltered 
models for each of the three groups of candidate predictors. We used 
random k‐fold cross‐validation selection of training and testing data, 
adopting k = 10 to assess model accuracy (Kohavi, 1995). Overall, 576 
models were run, taking 10,000 random pseudo‐absences from the 
Pan‐Amazonia background (Phillips & Dudík, 2008).

2.6 | Model performance

Model performance was evaluated using the three metrics: (a) the 
corrected Akaike information criterion (AICc) (Burnham & Anderson, 
2002); (b) the area under the curve of the receiver operating charac‐
teristic (ROC) for the test data (AUCTEST) (Elith et al., 2011; James, 
Robert, Wotton, Martell, & Fleming, 2017); and (c) the 10% training 
omission rate (OR10) (Fielding & Bell, 1997; Liu, White, & Newell, 

2013). All metrics were calculated using the ENMeval package in R 
(Muscarella et al., 2014).

We compared all models with ΔAICc < 2, which indicates equiv‐
alent models (Burnham & Anderson, 2002) using AUC and OR10 
values to identify the most appropriate groups of predictors and 
filtering distance. Even based on these three metrics, it was not triv‐
ial to select the most appropriate spatial filtering distance. For this 
reason, we ran MAXENT using R dismo package just for the six best 
models (Hijmans, Phillips, Leathwick, & Elith, 2011). This resource 
was chosen because it offers some useful functions to complement 
our model evaluation, as nicheOverlap and evaluate.

We used the nicheOverlap function to compute Schoener's D 
statistic (Warren, Glor, & Turelli, 2008), which quantifies pairwise 
similarities among the best unfiltered and filtered models. Confusion 
matrices were also reevaluated using the evaluate function for con‐
structing density curves, and determining the relative contribu‐
tions of environmental variables, as well as different thresholds. 
Continuous maps were transformed into binary maps using the 
maximum sensitivity and specificity sum (max SSS threshold). This 
threshold has provided good results when reliable absence data are 
unavailable (Liu et al., 2013). Pixels with values equal to or higher 
than the threshold were considered suitable.

The final maps were examined visually by six of twelve Amazon‐
nut experts consulted who were asked to provide feedback on three 
aspects: (a) whether the model showed predictive power to identify 
underrepresented areas; (b) whether the distribution of the habitat 
of the B. excelsa had been well‐represented; (c) whether the most im‐
portant selected variables made ecological sense. This information 
was used in complement to the statistical metrics. The model‐build‐
ing process is summarized in Figure 3.

3  | RESULTS

3.1 | Candidate predictor variables

For Group 1, we identified moderate to high correlations among pre‐
dictor variables within the climatic (Figure 4a), edaphic (Figure 4b), 
and geophysical (Figure 4c) predictor groups. For the set of 37 ana‐
lyzed climate variables, 87% of the variance was explained by the 
first three ordination axes. For the soil (n  =  43) and geophysical 
(n = 10) predictors, four and five axes, respectively, were required to 
capture at least 80% of the variance.

Following initial examination of PCA results, we retained 22 
climate variables, 24 soil variables, and five geophysical variables 
which have loadings on the respective PCA axes greater than av‐
erage (Figure 3d–f). These variables were again submitted to a PCA 
which resulted in a new set of PCA scores by category. From this 
PCA 17 climatic variables, 16 soil variables and three geophysical 
variables had the highest contributions. Several of these variables 
remained correlated. To reduce multi‐collinearity, we retained only 
variables with pairwise correlations (Pearson's r) <.7. Temperature 
of the driest quarter and evapotranspiration of driest quarter had a 
stronger relationship with the first axis, whereas soil water content 
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of driest quarter had a stronger correlation with the second one. The 
soil and geophysical variables that were most correlated with the 
first three axes were bulk density (fine earth) in kg/m3, soil pH‐H2O, 
silt mass fraction %, aspect, hillslope valley‐bottom and average soil, 
and sedimentary deposit thickness. Additional details on ordination 
including factor loadings can be found in Table S2.1.

For Group 2, 29 environmental variables of the initial set of 102 
were highlighted by experts (Table S1.2). They included only two soil 
depths, one superficial (0–5 cm) and the other deeper (100–200 cm), 
to represent variation of the soil variables. Among the climatic 
variables, temperature and soil water content of the driest quar‐
ter were indicated to represent stressful periods, as well as, annual 

precipitation because water supply is a determining factor for fruit 
production.

A PCA based on the variables selected by experts (Group 3) cap‐
tured most of the variance in the first two ordination axes of climatic 
(86.8%) and geophysical (90.0%) predictors. Four climatic and two 
geophysical variables showed contributions above average: Mean 
temperature of driest quarter showed the highest correlation with 
the first axis, followed by mean temperature of the coldest quarter 
and annual mean temperature, whereas the annual potential evapo‐
transpiration had stronger relation with the second axis. The relation 
between the predictor variables and the first two principal compo‐
nents are visualized in Figure 5a–c.

F I G U R E  3  Summary of the model‐building process executed to identify the suitable habitat for Amazon‐nut (B. excelsa) in the Pan‐
Amazon
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Among the geophysical predictors, terrain elevation and slope 
were strongly associated with the first axis. For the soil variables, 
83.5% of the variance was explained by the first five axes, for which 
eight variables were above average: coarse fragments >2 mm, cation‐
exchange capacity, soil pH, sand mass fraction, clay mass fraction 
and, silt mass fraction. In Table S2.2, additional details on ordination 
of this group can be found.

3.2 | Habitat suitability model

Values of AUC and omission rates of the best 18 models with low‐
est AICc (i.e. ΔAICc < 2) are illustrated in Figure 6. All metrics are 
provided in Table S2.3.

3.2.1 | Maxent settings

There was a high degree of variation in both FC and β parameters 
among the best models. The most frequent regularization coeffi‐
cient was β = 1.5 (44%), followed by β = 1 (39%) and β = 2.0 (17%). 
LQHPT feature classes appeared in 56% of the best models, includ‐
ing the final model.

3.2.2 | Choice of variables

PCA based on expert recommendations (Group 3) was the most ap‐
propriate method to select predictors on both unfiltered and filtered 
model based on the metrics (Table S2.3). Among unfiltered models, 
the highest AUC (0.89) was obtained for Group 3 and omission rates 

were within the expected errors (10%) (Figure 6a,b), but this model 
was considered unreliable due to overfitting caused by biased data 
used in calibration (Figure 6). The unfiltered model on the left showed 
a high probability of presence close to sampled occurrences (dark 
blue) and consequently, low out of sample (OOS) predictive power. 
This is not visualized on the filtered model on the right (at 10 km of 
tree distance), because its probability distribution is more regular.

Models based on all variables selected by experts (Group 2) had 
better discriminatory power than models based on the other groups, 
regardless of the scale of spatial filtering applied (3–20  km), with 
AUC values ranging from 0.80 to 0.86 (Figure 5a). However, these 
models had omission rates between 12% and 17%, that is, rates 
above the expected theoretical threshold (10%). This reflects low 
accuracy and predominance of false‐negative errors in the confusion 
matrix. However, after removing multi‐collinearity of the predictors 
selected by experts via PCA (Group 3), omission rates were reduced 
to 11%, as well as overfitting (Table S2.3). Therefore, this group of 
variables was selected for modeling the distribution of Amazon‐nut.

3.2.3 | Spatial filtering

Unfiltered models were found to perform better than filtered mod‐
els on the basis of AUC (Figure 6). However, through visual exami‐
nation of the maps we noted strong signs of overfitting to training 
data for the former models (Figure 7), confirming that poorly fitted 
models with biased samples can have good discriminatory power 
(Lobo, Jiménez‐valverde, & Real, 2008), but may be nonetheless 
overfit. In Figure 7, the probabilistic maps suggested that overfitting 

F I G U R E  4  The first two principal axes of PCA for the environmental predictors in the Amazon geographical space (Group 1): (a) 37 
climate variables; (b) 43 soil variables; and (c) 10 geophysical variables. Variables percentage of contribution in the principal components with 
the large variance of the data. The red‐dashed line indicates the expected average contribution: (d) 22 climate variables; (e) 24 soil variables; 
and (f) 5 geophysical variables were selected



     |  9TOURNE et al.

was reduced with spatial filtering improving model quality. We high‐
lighted two areas with high density of presence data in unfiltered 
and filtered models, and detected adjustment of biases and increase 
of the area extension predicted in the filtered model. However, our 
results expressed high similarity between filtered and unfiltered 
models using rarefied data from 3 to 20  km based on results of 
Schoener's D comparisons (Table S2 3).

The minimum distance between occurrence points was also 
highlighted through density curves. The unfiltered model showed 
signs of highly clustered data, featuring three peaks in the distri‐
bution curve, while in filtered models, curves were bell‐shaped 
with a single peak (Figure S2.1). The model simulated with 10 km 
of distance between records achieved a higher peak in the inter‐
val of 0.5–0.8 than other filtered models, as well as satisfactory 
discrimination power via AUC test (0.8) and lower omission rate 
(0.11).

The final model and the most important predictors are shown in 
Figure 8. This model was fit using records of Amazon‐nut distributed 
spatially filters at 10 km resolution (557 presence points), regulariza‐
tion multiplier (β = 1.5), feature classes combination (LQHPT), and 
Group 3 predictors. The minimum probability of occurrence was lim‐
ited by the Max SSS threshold of 0.5, representing an omission rate 
of 11%. The five predictors with highest contribution highlighted by 
MAXENT were elevation (19.4%), coarse soil fragments >2 mm in 
% (18.3%), clay mass fraction % (18.2%), slope (11.9%), and annual 
potential evapotranspiration (6.9%). Our results suggest that under 
current environmental conditions, suitable habitat for Amazon‐nut is 
found across 2.3 million km2 or 32% of the Amazon Biome.

4  | DISCUSSION

4.1 | Amazon‐nut habitat suitability

We best model indicates across 2.3 million km2 is potentially suit‐
able for B.  excelsa. This area is far greater than that suggested by 
previous studies (1.3 million km2), in which the authors (Thomas et 
al., 2014), highlighted that some areas along the Tocantins River and 
in southeastern Amazonia may have been underrepresented. Our 
model identified that these and other areas in the eastern Amazon 
are suitable (Figure 8).

With respect to the most important predictors that control its 
spatial distribution, our results are similar to those found in other 
studies. In Peru, seed production was found to be positively cor‐
related with clay content and negatively with sand content (Thomas 
et al., 2017). In Brazil, Guerreiro et al. (2017) found that the species 
has a preference soils with a clayey to very clayey texture. However, 
none of the previous studies identified the presence of coarse soil 
fragments >2 mm as being relevant to species distribution, despite 
its known occurrence in high stem densities on lateritic soils which 
contain coarse fragments (Müller, 1995; Salomão, 2009) and often 
are rich in iron oxide and aluminum (Horbe & Da Costa, 2005). 
Concerning chemical attributes, soil influence on fruit production 
has been shown to be positively associated with cation‐exchange 
capacity (Kainer, Wadt, & Staudhammer, 2007). However, other 
studies found highly productive trees in areas with higher levels of 
exchangeable Al and low soil pH, confirming that species can also be 
productive in acidic and less fertile soil (Costa, Tonini, & Filho, 2017).

F I G U R E  5  The first two principal axes of PCA for the environmental predictors proposed by experts in the Amazon geographical space 
(Group 3): (a) 10 climate variables; (b) 17 soil variables; and (c) 3 geophysical variables. Variables percentage of contribution in the principal 
components with the large variance of the data. The red‐dashed line indicates the expected average contribution: (d) 4 climate variables; (e) 
8 soil variables; and (f) 2 geophysical variables were selected
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Among topographic predictors, elevation was one of the stron‐
gest predictors. In the map, species probability of occurrence was 
lower at higher altitudes, as in the northern and southern extremes 
of the Amazon basin. Amazon‐nut trees have been recorded from 
sea level to ~400 m above sea level (ASL) (Thomas et al., 2014). Our 
data included specimens found up to 562 m ASL in the south of Para, 
Brazil. In addition, our model indicates that many lowland areas were 

suitable in contrast to the prevailing notion that this species prefers 
upland areas (Scoles et al., 2016). Indeed, species seed production 
has been shown to be lower when trees were close to rivers (Thomas 
et al., 2017). The unexpected inclusion of lowland areas as suitable 
Amazon‐nut habitat was discussed with experts.

Some experts emphasized that several islands in the Amazon 
estuary should not have been classified as suitable, because they 

F I G U R E  6  Results of the receiver 
operating characteristic (ROC) for the test 
data (AUC test) and omission rates (OR) 
in the 18 best models with lowest AICc 
(i.e., ΔAICc < 2) classified by group of 
predictors. (a) AUC and (b) OR. For each 
data‐partitioning approach, we adopted 
10 interactions (k = 10)
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are often flooded and have soils rich in silt, with growth condition 
adverse those where the species is commonly found. Others experts 
suggested that although Amazon‐nut occurrence in areas prone to 
flooding is rare, it can happen. They reported an example in the 
lago capanã grande reserve, in Manicoré, Amazonas, where the local 
community affirms that the Amazon‐nut trees in flooded areas are 
more productive than those found in nonflooded areas thanks to the 
presence of river sediments. Similarly, occurrences and high fruit 
productivity have been described in Peruvian Amazonian lowlands, 
notably in Madre de Dios (Nunes et al., 2012). Amazon‐nut popula‐
tion observed closer to the river has been recently associated with 
dispersal by ancient humans who strongly contributed to expand 
species distribution in the habitat (Thomas et al., 2014, 2015). For 
future studies, we recommend a more detailed investigation about 
Amazon‐nut suitability in periodically flooded areas using environ‐
mental data at finer spatial resolutions, also, taking into account fre‐
quency and duration of flooding.

Climate was less important than soil and topography to Amazon‐
nut habitat suitability in the best model. This was unexpected given 

the known importance of climate to spatial patterns in floristic di‐
versity across Amazonia (da Silva et al., 2011). However, our findings 
are similar to those of a recent study that highlighted the relative 
importance of edaphic conditions to plant occurrence in Amazon 
(Figueiredo et al., 2017). We attributed this result to recognized im‐
portance of soil attributes to Amazon‐nut ecology and productivity 
(Costa et al., 2017; Kainer et al., 2007). Moreover, we highlight that 
the percent contribution values ranked by MAXENT are determined 
by how much of variation a model with only that variable explains, 
it considers environmental variables separately (Bradie & Leung, 
2017). A low variation in climate predictors was confirmed though 
our PCA analysis (Table S2.2).

Despite low variation, the annual potential evapotranspiration 
contributed with 7% in the final model. Derived from climatic vari‐
ables, this predictor represents the amount of soil water lost by evap‐
oration and transpiration from plants into the atmosphere under given 
conditions (Zomer, Trabucco, Straaten, & Bossio, 2006). Inclusion of 
this variable in the final model makes ecological sense as the Amazon‐
nut is an emergent tree that receives a high level of solar radiation. 

F I G U R E  7  The best unfiltered and filtered models to estimate the Amazon‐nut (B. excelsa) habitat based on current environmental 
conditions (Group 3 of predictors). We highlighted for two areas where we had high density of sampled points (red points). Area1: at the 
border between Brazil, Peru and Bolivia. Area 2: southern Amapa State, Brazil
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Consequently, Amazon‐nut trees are vulnerable to drought and water 
loss. It has been noted that this species is most vulnerable to drought 
during the dry season, and that dry and warm conditions negatively 
affect species seed production (Thomas et al., 2017). Facing climate 
changes, forest loss and rapid land‐use changes, many uncertainties 
hover on Amazon‐nut future. Therefore, natural and human factors, 
as well as their consequences on the species distribution, must be 
urgently assessed to ensure its conservation.

The above reflections were supported by experts consulted who 
believe that the model was adequate to representing Amazon‐nut 
habitat suitability. Although, some areas were deemed underpre‐
dicted in Venezuela, Guyana, and Colombia. This was attributed 
to limited presence data obtained in these countries. In Brazil, the 
country that contains the greatest percentage of habitat for this spe‐
cies (91%), many microregions classified as suitable were confirmed 
by experts, such as: in Amazonas (microregion of Purus, Madeira, 
medium and low Rio Negro); southern of Amapá (microregion of 
Mazagao); Pará (microregion of Santarém, Óbidos, Itaituba, Tome‐
Açú, Marabá); and Rondonia (Microregion of Porto velho). Experts 
also identified areas that were not suitable for B. excelsa, although 
the model identified them to be as, such as: in microregions of 
Roraima (Roraima) and Cruzeiro do Sul (Acre). According to these 
experts, this was not a commission error inherent to model because 
there are Amazon‐nut trees planted and growing in arboretums and 
nurseries, but not in natural forest in the Cruzeiro do Sul, for exam‐
ple. These potential areas not naturally occupied can be justified by 
ecological factors.

Unfortunately, biologic information was not considered in our 
model, due to the scarcity of spatial data. Fauna studies are often 

local and focused on population dynamic (demography, displace‐
ment, and food availability) (Haugaasen et al., 2012). Fauna habitat 
modeling may be extremely useful to tree distribution studies, but it 
is seldom investigated for terrestrial Amazon species. Besides fauna 
interaction, very little is known on Amazon‐nut dominated plants 
communities and their roles on species distribution.

4.2 | Methodological aspects

Our results demonstrated that a hybrid strategy based on statisti‐
cal modeling and expert opinion allowed identifying the best model 
for B. excelsa. This finding reinforces that the relationships among 
original predictors should be understood not only through their 
statistical behavior, but also by the ecological role they play in the 
species distribution. Although PCA is a highly informative ordination 
technique and has been extensively applied in community ecology 
since 1954 (Legendre & Legendre, 2012), interpretation of outputs 
requires biological knowledge (Janekovi & Novak, 2012).

Detailed biological knowledge is still scarce or incomplete for 
many if not most Amazonian plant species. Therefore, expert‐based 
information has been proposed as an alternative approach to iden‐
tifying meaningful predictors in habitat modeling (Calixto‐Pérez et 
al., 2018). Our findings showed that PCA was effective in reducing 
omission error rates, data collinearity, and dimensionality, as well as 
preserving maximum variance, when applied to a set of variables 
preselected by experts. Thus, among 29 variables chosen by ex‐
perts, fifteen were selected via PCA and used to fit our model. Five 
of them had a contribution of 75% in the best model found ensuring 
statistical and ecological representativeness.

F I G U R E  8  Distribution of suitable habitat for Amazon‐nut (B. excelsa) in the Pan‐Amazon to a probability of presence >0.5 (Max sss 
threshold) and percent of contribution of the variables in the final model. Dashed red line indicates five biggest contributions to Amazon‐nut 
distribution. Elevation (19.4%), coarse fragments volumetric >2 mm in % (18.3%), clay mass fraction % (18.2%), slope (11.9%), and annual 
potential evapotranspiration (6.9%)



     |  13TOURNE et al.

Even using the best set of predictors, we observed that the dis‐
criminatory ability of filtered models measured by AUC was gradu‐
ally reduced at larger filtering distances. Ironically, our most biased 
model (poorly fitted) received the highest AUC value. Similar re‐
sults were found by Radosavljevic and Anderson (2014). This was 
expected, because the AUC has been shown to be insufficient for 
model evaluation when no true absence data are available (Jiménez‐
valverde, 2012; Lobo et al., 2008). Through visual interpretation, 
we identified clear positive effects of spatial filtering on reducing 
overfitting (Figure 7), supporting previous research (Kramer‐Schadt 
et al., 2013). However, the challenge was to define at which distance 
the filtering became too strict, because statistically, there was high 
similarity between filtered models. We addressed this problem by 
comparing metrics and density curves (Table S2.4 and Figure S2.1).

The minimum distance of 10 km between presence data was 
considered appropriate to the adopted scale. Models using data 
filtered in this way displayed the highest peak in density curve in 
the interval of 0.5–0.8, satisfactory discrimination power via AUC 
test and lower omission rate. The same distance has been used 
and recommended in other studies of highly heterogeneous areas 
(Boria et al., 2014; Kramer‐Schadt et al., 2013). However, 10 km 
does not represent a distance between populations or groves, it 
was only chosen in order to reduce geographical bias existing in 
the data. If AUC would have been the only evaluation metric, it 
would have been misleading. But, together with other metrics and 
visual evaluation, this index was useful, because the biased models 
with highest AUC were used as reference to compare with other 
metrics.

Regarding Maxent settings, the variation of FC and β between 
experiments led us to conclude that these parameters should be 
fine‐tuned on a species and dataset‐specific basis (Radosavljevic & 
Anderson, 2014). However, contrary to our expectations, the data 
were well‐fitted to the combinations of all feature classes, usually 
suggested as default (Phillips & Dudík, 2008), when we compared 
to more simplified functions. Similar results were found by (Elith et 
al., 2011), when comparing models with all features to those using 
only the hinge function, with no differences in the predictive ability 
of either model were found. For the β, values ranged from 1 to 2 
among the 18 best models. This corresponds with the optimal range 
obtained by Radosavljevic and Anderson (2014).

5  | CONCLUSION

The outcomes suggest that we may be able to fit a robust habi‐
tat suitability model by developing a collaborative model‐building 
process. The combinations of statistical techniques with expert 
knowledge were decisive in the selection of predictors. The PCA 
despite being powerful should be complemented by ecological 
knowledge. By involving experts actively, we were also able to 
better define the addressed ecological and methodological ques‐
tions, as well as to evaluate our results with their feedback. Other 
positive strategy for the construction of a reliable model was the 

application of spatial filtering that helped us identify the minimum 
distance between presence points. Fine‐tuning of model param‐
eters also allowed us to understand their effects in the model 
quality. At last, combining qualitative and quantitative methodolo‐
gies, we could identify spatial variations between models, evaluate 
metrics efficiency and the model accuracy.

The best model showed that 2.3 million km2 of the Amazon re‐
gion is potentially suitable for B. excelsa based on the existence of 
appropriate environmental conditions. Topographic and soil vari‐
ables were the predictors with the highest contribution to the model, 
expressing that geomorphology and soil physic are more important 
than soil chemistry and climate to explain species occurrence in the 
adopted scale (extension and grain size). It is also crucial to stress 
that the real habitat occupied by this species is smaller than 32% 
of the Amazon, mainly due to other ecological and anthropogenic 
factors, generally unknown or rarely monitored, such as predation, 
pollination, natural dispersal limitation, genetic variation, fragmen‐
tation, among others.

Our model can efficiently assist new site selections for planting; 
however, aggregation with additional information to reach planting 
success is strongly suggested, such as proximities with conserved 
forest fragments to allow pollination process; planting mixed with 
other species to facilitate the bee's flight up to the Amazon‐nut 
flowers; make seeds selection to ensure healthy individuals with 
high fruit productivity; and conduct management and forestry treat‐
ments. The generated model can also be used as basis for modeling 
studies considering future scenarios for climate change and to sup‐
port conservation practices. We recommended that other studies 
be developed in a small scale, constantly including decision‐makers 
in the processes.

ACKNOWLEDG MENTS

The authors would like to thank: The University of Sao Paulo for 
encouraging this research; the Sao Paulo Research Foundation for fi‐
nancial support; the University of Montreal for welcoming a Brazilian 
PhD student in 2017 (financial support FAPESP‐2016/16718‐6); the 
Embrapa Amapá and the researchers of MAPCAST project for shar‐
ing data and hosting Expert Panel in 2016; all researchers that shared 
their database and kindly participated in this research. We also thank 
prof. Dra. Katia Ferraz and Dr. Milton Ribeiro for fundamental sup‐
port on principles of modeling; and prof. Dr. Simone Sartorio for her 
statistical advice.

CONFLIC T OF INTERE S T

None declared.

AUTHORS CONTRIBUTION

Dr. TOURNE is the first author of this manuscript. She imple‐
mented the research design, analysis, results interpretation dur‐
ing her thesis, and wrote this manuscript. Dr. BALLESTER was 



14  |     TOURNE et al.

Daiana's advisor during her PhD and contributed to this manu‐
script by advising, suggestion, technical support on geoanalysis 
and modeling, and manuscript writing. Dr. JAMES was Daiana's 
supervisor during her PhD and also contributed by advising on 
modeling and statistical analysis to fit models and manuscript re‐
viewing. Dr. MARTORANO is an expert on modeling of climatic 
variables. She advised Daiana on variables selection, PCA analy‐
sis interpretation and helps to codesign a framework to improve 
Amazon‐nut habitat modeling, and manuscript reviewing. Dr. 
GUEDES is an expert on Amazon‐nut ecology. He shared his oc‐
currence database and advised on research design, soil variables 
analysis and results interpretation found for this species, and 
manuscript reviewing. Dr. THOMAS is an expert on Amazon‐nut 
ecology and modeling. He shared his occurrence database and 
contributed by reviewing the used methodological steps and re‐
sults interpretation found for this species.

DATA AVAIL ABILIT Y S TATEMENT

Amazon‐nut occurrence location presented here were collected 
from various data sources. Only Amazon‐nut occurrence data rare‐
fied at a minimum distance at 10  km (557 points) from collectors 
and research projects have been made available to respect property 
rights; 10 km being the best distance to reduce bias for this data‐
base. It is listed in Table S1.3.

ORCID

Daiana C. M. Tourne   https://orcid.org/0000-0002-0083-2179 

Maria V. R. Ballester   https://orcid.org/0000-0003-2567-6747 

Patrick M. A. James   https://orcid.org/0000-0001-7639-7217 

Lucieta G. Martorano   https://orcid.org/0000-0003-3893-3781 

Marcelino Carneiro Guedes   https://orcid.
org/0000-0003-2702-5614 

Evert Thomas   https://orcid.org/0000-0002-7838-6228 

R E FE R E N C E S

Addison, P. F. E., Rumpff, L., Bau, S. S., Carey, J. M., Chee, Y. E., Jarrad, 
F. C., … Burgman, M. A. (2013). Practical solutions for making mod‐
els indispensable in conservation decision‐making. Diversity and 
Distributions, 19(5–6), 490–502. https​://doi.org/10.1111/ddi.12054​

Albernaz, A., & Avila‐Pires, T. C. S. (2009). Espécies ameaçadas de extinção e 
áreas críticas para a biodiversidade no Pará. Museu Paraense Emílio Goeldi 
and Conservation …, 54. Retrieved from http://schol​ar.google.com/
schol​ar?hl=en&btnG=Searc​h&q=intit​le:Esp?cies+amea?adas+de+ex‐
tin​??o+e+?reas+cr?ticas​+para+a+Biodi​versi​dade+no+Par?#0

Bertwell, T. D., Kainer, K. A., Cropper, W. P., Staudhammer, C. L., & de 
Oliveira Wadt, L. H. (2017). Are Brazil nut populations threatened 
by fruit harvest? Biotropica, 50(1), 50–59. https​://doi.org/10.1111/
btp.12505​

Boria, R. A., Olson, L. E., Goodman, S. M., & Anderson, R. P. (2014). Spatial 
filtering to reduce sampling bias can improve the performance of 

ecological niche models. Ecological Modelling, 275, 73–77. https​://doi.
org/10.1016/j.ecolm​odel.2013.12.012

Bradie, J., & Leung, B. (2017). A quantitative synthesis of the importance 
of variables used in MaxEnt species distribution models. Journal of 
Biogeography, 44(6), 1344–1361. https​://doi.org/10.1111/jbi.12894​

Brown, J. L. (2014). SDMtoolbox: A python‐based GIS toolkit for land‐
scape genetic, biogeographic and species distribution model anal‐
yses. Methods in Ecology and Evolution, 5(7), 694–700. https​://doi.
org/10.1111/2041-210X.12200​

Burnham, K. P., & Anderson, D. R. (2002). Model selection and multi‐
model inference: A practical information‐theoretic approach (2nd ed.). 
Ecological Modelling (Vol. 172). New York, NY: Springer. https​://doi.
org/10.1016/j.ecolm​odel.2003.11.004

Calixto‐Pérez, E., Alarcón‐Guerrero, J., Ramos‐Fernández, G., Dias, P. A. 
D., Rangel‐Negrín, A., Améndola‐Pimenta, M., … Martínez‐Meyer, E. 
(2018). Integrating expert knowledge and ecological niche models to 
estimate Mexican primates' distribution. Primates, (Rapoport, 1982), 
1–17. https​://doi.org/10.1007/s10329-018-0673-8

Cardoso, B. R., Duarte, G. B. S., Reis, B. Z., & Cozzolino, S. M. F. (2017). 
Brazil nuts: Nutritional composition, health benefits and safety as‐
pects. Food Research International, 100(March), 9–18. https​://doi.
org/10.1016/j.foodr​es.2017.08.036

Costa, M. G., Tonini, H., & Filho, P. M. (2017). Atributos do Solo relaciona‐
dos com a Produção da Castanheira‐do‐Brasil (Bertholletia excelsa). 
Soil Attributes Related with Production of Brazil Nut Tree, 8087, 1–10.

da Silva, K. E., Martins, S. V., Ribeiro, C. A. A. S., Santos, N. T., de Azevedo, 
C. P., de Almeida Matos, F. D., & do Amaral, I. L. (2011). Floristic 
composition and similarity of 15 hectares in central Amazon Brazil, 
Revista de Biologia Tropical, 59(4), 1927–1938.

Dormann, C. F., Elith, J., Bacher, S., Buchmann, C., Carl, G., Carré, G., … 
Lautenbach, S. (2013). Collinearity: A review of methods to deal with 
it and a simulation study evaluating their performance. Ecography, 
36(1), 27–46. https​://doi.org/10.1111/j.1600-0587.2012.07348.x

Elith, J., Phillips, S. J., Hastie, T., Dudík, M., Chee, Y. E., & Yates, 
C. J. (2011). A statistical explanation of MaxEnt for ecolo‐
gists. Diversity and Distributions, 17(1), 43–57. https​://doi.
org/10.1111/j.1472-4642.2010.00725.x

Everitt, B., & Dunn, G. (2001). Multivariate. John Wiley & Sons Ltd. 
Retrieved from http://onlin​elibr​ary.wiley.com/book/10.1002/97811​
18887​486?campa​ign=IPBin​donesia

Fauset, S., Johnson, M. O., Gloor, M., Baker, T. R., Monteagudo, M. 
A., Brienen, R. J. W., … Phillips, O. L. (2015). Hyperdominance in 
Amazonian forest carbon cycling. Nature Communications, 6, 1–9. 
https​://doi.org/10.1038/ncomm​s7857​

Fick, S. E., & Hijmans, R. J. (2017). WorldClim 2: new 1‐km spatial reso‐
lution climate surfaces for global land areas. International Journal of 
Climatology, 37(12), 4302–4315. https​://doi.org/10.1002/joc.5086

Fielding, A. H., & Bell, J. F. (1997). A review of methods for the assess‐
ment of prediction errors in conservation presence / absence models. 
Environmental Conservation, 24(1), 38–49. https​://doi.org/10.1017/
S0376​89299​7000088

Figueiredo, F. O. G., Zuquim, G., Tuomisto, H., Moulatlet, G. M., Balslev, 
H., & Costa, F. R. C. (2017). Beyond climate control on species range: 
The importance of soil data to predict distribution of Amazonian 
plant species. Journal of Biogeography, 45(1), 190–200. https​://doi.
org/10.1111/jbi.13104​

Fourcade, Y., Engler, J. O., Rödder, D., Secondi, J., & Brooks, T. (2014). 
Mapping species distributions with MAXENT using a geographically 
biased sample of presence data: A performance assessment of meth‐
ods for correcting sampling bias. PLoS ONE, 9(5), e97122. https​://doi.
org/10.1371/journ​al.pone.0097122

Franklin, J. (2010). Mapping species distributions. Spatial inference and 
prediction. Ecology Biodiversity and Conservation, 53(9), 340. https​://
doi.org/10.1017/CBO97​81107​415324.004

https://orcid.org/0000-0002-0083-2179
https://orcid.org/0000-0002-0083-2179
https://orcid.org/0000-0003-2567-6747
https://orcid.org/0000-0003-2567-6747
https://orcid.org/0000-0001-7639-7217
https://orcid.org/0000-0001-7639-7217
https://orcid.org/0000-0003-3893-3781
https://orcid.org/0000-0003-3893-3781
https://orcid.org/0000-0003-2702-5614
https://orcid.org/0000-0003-2702-5614
https://orcid.org/0000-0003-2702-5614
https://orcid.org/0000-0002-7838-6228
https://orcid.org/0000-0002-7838-6228
https://doi.org/10.1111/ddi.12054
http://scholar.google.com/scholar?hl=en&btnG=Search&q=intitle:Esp?cies+amea?adas+de+extin??o+e+?reas+cr?ticas+para+a+Biodiversidade+no+Par?#0
http://scholar.google.com/scholar?hl=en&btnG=Search&q=intitle:Esp?cies+amea?adas+de+extin??o+e+?reas+cr?ticas+para+a+Biodiversidade+no+Par?#0
http://scholar.google.com/scholar?hl=en&btnG=Search&q=intitle:Esp?cies+amea?adas+de+extin??o+e+?reas+cr?ticas+para+a+Biodiversidade+no+Par?#0
https://doi.org/10.1111/btp.12505
https://doi.org/10.1111/btp.12505
https://doi.org/10.1016/j.ecolmodel.2013.12.012
https://doi.org/10.1016/j.ecolmodel.2013.12.012
https://doi.org/10.1111/jbi.12894
https://doi.org/10.1111/2041-210X.12200
https://doi.org/10.1111/2041-210X.12200
https://doi.org/10.1016/j.ecolmodel.2003.11.004
https://doi.org/10.1016/j.ecolmodel.2003.11.004
https://doi.org/10.1007/s10329-018-0673-8
https://doi.org/10.1016/j.foodres.2017.08.036
https://doi.org/10.1016/j.foodres.2017.08.036
https://doi.org/10.1111/j.1600-0587.2012.07348.x
https://doi.org/10.1111/j.1472-4642.2010.00725.x
https://doi.org/10.1111/j.1472-4642.2010.00725.x
http://onlinelibrary.wiley.com/book/10.1002/9781118887486?campaign=IPBindonesia
http://onlinelibrary.wiley.com/book/10.1002/9781118887486?campaign=IPBindonesia
https://doi.org/10.1038/ncomms7857
https://doi.org/10.1002/joc.5086
https://doi.org/10.1017/S0376892997000088
https://doi.org/10.1017/S0376892997000088
https://doi.org/10.1111/jbi.13104
https://doi.org/10.1111/jbi.13104
https://doi.org/10.1371/journal.pone.0097122
https://doi.org/10.1371/journal.pone.0097122
https://doi.org/10.1017/CBO9781107415324.004
https://doi.org/10.1017/CBO9781107415324.004


     |  15TOURNE et al.

Franklin, J., Serra‐Diaz, J. M., Syphard, A. D., & Regan, H. M. (2017). 
Big data for forecasting the impacts of global change on plant com‐
munities. Global Ecology and Biogeography, 26(1), 6–17. https​://doi.
org/10.1111/geb.12501​

Galipaud, M., Gillingham, M. A. F., David, M., & Dechaume‐Moncharmont, 
F. X. (2014). Ecologists overestimate the importance of predic‐
tor variables in model averaging: A plea for cautious interpreta‐
tions. Methods in Ecology and Evolution, 5(10), 983–991. https​://doi.
org/10.1111/2041-210X.12251​

Gardner, T. A., Barlow, J., Chazdon, R., Robert, M., & Harvey, C. A.. 
(2009). Prospects for tropical forest biodiversity in a human‐
modified world. Ecology Letters, 12(6), 561–582. https​://doi.
org/10.1111/j.1461-0248.2009.01294.x

Graves, S., Piepho, H.‐P., Sundar, L., Maintainer, D.‐R., & Selzer, L. 
(2015). Package “multcompView” visualizations of paired comparisons. 
R Package. Retrieved from http://CRAN.R-Proje​ct.Org/Packa​ge=‐
multc​ompView

Guariguata, M. R., Cronkleton, P., Duchelle, A. E., & Zuidema, P. A. 
(2017). Revisiting the ‘cornerstone of Amazonian conservation': A 
socioecological assessment of Brazil nut exploitation. Biodiversity 
and Conservation, 26(9), 2007–2027. https​://doi.org/10.1007/
s10531-017-1355-3

Guerreiro, Q. L. M., Júnior, R. C., dos Santos, G., Ruivo, M. L., Beldini, 
T., Carvalho, E. J. M., … Santos, P. R. (2017). Spatial variability of 
soil physical and chemical aspects in a Brazil nut tree stand in the 
Brazilian Amazon. African Journal of Agricultural Research, 12(4), 237–
250. https​://doi.org/10.5897/AJAR2​016.11766​

Guisan, A., & Thuiller, W. (2005). Predicting species distribution: Offering 
more than simple habitat models. Ecology Letters, 8(9), 993–1009. 
https​://doi.org/10.1111/j.1461-0248.2005.00792.x

Haugaasen, J. M. T., Haugaasen, T., Peres, C. A., Gribel, R., & Wegge, 
P. (2012). Fruit removal and natural seed dispersal of the Brazil nut 
tree (Bertholletia excelsa) in Central Amazonia, Brazil. Biotropica, 44, 
205–210. 

Hengl, T., de Jesus, J. M., MacMillan, R. A., Batjes, N. H., Heuvelink, G. B. 
M., Ribeiro, E., … Gonzalez, M. R. (2014). SoilGrids1km ‐ Global soil 
information based on automated mapping. PLoS ONE, 9(8), e105992. 
https​://doi.org/10.1371/journ​al.pone.0105992

Hijmans, R. J., Cameron, S. E., Parra, J. L., Jones, P. G., & Jarvis, A. (2005). 
Very high resolution interpolated climate surfaces for global land 
areas. International Journal of Climatology, 25(15), 1965–1978. https​
://doi.org/10.1002/joc.1276

Hijmans, R. J., Phillips, S., Leathwick, J. R., & Elith, J. (2011). Package 
‘dismo’. Cran, 55. https​://doi.org/10.1016/j.jhydr​ol.2011.07.022

Horbe, A. M. C., & Da Costa, M. L. (2005). Lateritic crusts and related 
soils in eastern Brazilian Amazonia. Geoderma, 126(3–4), 225–239. 
https​://doi.org/10.1016/j.geode​rma.2004.09.011

James, P. M. A., Robert, L. E., Wotton, B. M., Martell, D. L., & Fleming, 
R. A. (2017). Lagged cumulative spruce budworm defoliation affects 
the risk of fire ignition in Ontario, Canada. Ecological Applications, 
27(2), 532–544. https​://doi.org/10.1002/eap.1463

Janekovi, F., & Novak, T. (2012). PCA – A powerful method for analyze 
ecological niches. Principal Component Analysis ‐ Multidisciplinary 
Applications, https​://doi.org/10.5772/38538​

Jiménez‐valverde, A. (2012). Insights into the area under the receiver 
operating characteristic curve (AUC) as a discrimination measure 
in species distribution modelling. Global Ecology and Biogeography, 
21(4), 498–507. https​://doi.org/10.1111/j.1466-8238.2011.00683.x

Jolliffe, I. T. (1972). Discarding variables in a principal component dis‐
carding variables in a principal component analysis. I: Artificial data. 
Journal of the Royal Statistical Society. Series C (Applied Statistics), 
21(2), 160–173.

Jones, M. C., Dye, S. R., Pinnegar, J. K., Warren, R., & Cheung, W. W. 
L. (2012). Modelling commercial fish distributions: Prediction and 

assessment using different approaches. Ecological Modelling, 225, 
133–145. https​://doi.org/10.1016/j.ecolm​odel.2011.11.003

Kainer, K. A., Wadt, L. H. O., & Staudhammer, C. L. (2007). Explaining vari‐
ation in Brazil nut fruit production. Forest Ecology and Management, 
250(3), 244–255. https​://doi.org/10.1016/j.foreco.2007.05.024

Kassambara, A., & Mundt, F. (2017). Package ‘factoextra’ R topics 
documented.

Kohavi, R. (1995). A study of cross‐validation and bootstrap for accu‐
racy estimation and model selection. Appears in the International 
Joint Conference on Articial Intelligence (IJCAI), 5, 1–7. https​://doi.
org/10.1067/mod.2000.109031

Kramer‐Schadt, S., Niedballa, J., Pilgrim, J. D., Schröder, B., Lindenborn, 
J., Reinfelder, V., … Wilting, A. (2013). The importance of correcting 
for sampling bias in MaxEnt species distribution models. Diversity 
and Distributions, 19(11), 1366–1379. https​://doi.org/10.1111/
ddi.12096​

Kuhnert, P. M., Martin, T. G., & Griffiths, S. P. (2010). A guide to eliciting and 
using expert knowledge in Bayesian ecological models. Ecology Letters, 
13(7), 900–914. https​://doi.org/10.1111/j.1461-0248.2010.01477.x

Legendre, P., & Legendre, L. (2012). Numerical ecology, 3rd ed. (Vol. 24). 
Amsterdam, The Netherlands: Elsevier Science BV.

Liu, C., White, M., & Newell, G. (2013). Selecting thresholds for the pre‐
diction of species occurrence with presence‐only data. Journal of 
Biogeography, 40(4), 778–789. https​://doi.org/10.1111/jbi.12058​

Lobo, J. M., Jiménez‐valverde, A., & Real, R. (2008). AUC: A mislead‐
ing measure of the performance of predictive distribution mod‐
els. Global Ecology and Biogeography, 17(2), 145–151. https​://doi.
org/10.1111/j.1466-8238.2007.00358.x

Mcbride, M. F., & Burgman, M. A. (2012). Expert knowledge and its applica‐
tion in landscape ecology. https​://doi.org/10.1007/978-1-4614-1034-8

Morales, N. S., Fernández, I. C., & Baca‐González, V. (2017). MaxEnt's 
parameter configuration and small samples: Are we paying attention 
to recommendations? A systematic review. PeerJ, 5, e3093. https​://
doi.org/10.7717/peerj.3093

Müller, C. H. (1995). A cultura da castanha‐do‐brasil.
Muscarella, R., Galante, P. J., Soley‐Guardia, M., Boria, R. A., Kass, 

J. M., Uriarte, M., & Anderson, R. P. (2014). ENMeval: An R pack‐
age for conducting spatially independent evaluations and estimat‐
ing optimal model complexity for Maxent ecological niche models. 
Methods in Ecology and Evolution, 5(11), 1198–1205. https​://doi.
org/10.1111/2041-210X.12261​

Nunes, F., Soares‐Filho, B., Giudice, R., Rodrigues, H., Bowman, M., 
Silvestrini, R., & Mendoza, E. (2012). Economic benefits of forest 
conservation: Assessing the potential rents from Brazil nut con‐
cessions in Madre de Dios, Peru, to channel REDD+ investments. 
Environmental Conservation, 39(2), 132–143. https​://doi.org/10.1017/
S0376​89291​1000671

Oliveira, U., Soares‐Filho, B. S., Paglia, A. P., Brescovit, A. D., deCarvalho, 
C. J. B., Silva, D. P., … Santos, A. J. (2017). Biodiversity conserva‐
tion gaps in the Brazilian protected areas. Scientific Reports, 7(1), 1–9. 
https​://doi.org/10.1038/s41598-017-08707-2

Pelletier, J. D., Broxton, P. D., Hazenberg, P., Zeng, X., Troch, P. A., Niu, 
G.‐Y., … Gochis, D. (2016). A gridded global data set of soil, intact 
regolith, and sedimentary deposit thicknesses for regional and global 
land surfacemodeling. Journal of Advances in Modeling Earth Systems, 
6, 41–65. https​://doi.org/10.1002/2013M​S0002​82.Received

Perera, A. H., Drew, C. A., & Johnson, C. J. (2012). Expert knowledge and 
its application in landscape ecology.

Phillips, S. J., Anderson, R. P., Dudík, M., Schapire, R. E., & Blair, M. E. 
(2017). Opening the black box: An open‐source release of Maxent. 
Ecography, 40(7), 887–893. https​://doi.org/10.1111/ecog.03049​

Phillips, S. J., Anderson, R. P., & Schapire, R. E. (2006). Maximum entropy 
modeling of species geographic distributions. Ecological Modelling, 
190, 231–259. https​://doi.org/10.1016/j.ecolm​odel.2005.03.026

https://doi.org/10.1111/geb.12501
https://doi.org/10.1111/geb.12501
https://doi.org/10.1111/2041-210X.12251
https://doi.org/10.1111/2041-210X.12251
https://doi.org/10.1111/j.1461-0248.2009.01294.x
https://doi.org/10.1111/j.1461-0248.2009.01294.x
http://CRAN.R-Project.Org/Package=multcompView
http://CRAN.R-Project.Org/Package=multcompView
https://doi.org/10.1007/s10531-017-1355-3
https://doi.org/10.1007/s10531-017-1355-3
https://doi.org/10.5897/AJAR2016.11766
https://doi.org/10.1111/j.1461-0248.2005.00792.x
https://doi.org/10.1371/journal.pone.0105992
https://doi.org/10.1002/joc.1276
https://doi.org/10.1002/joc.1276
https://doi.org/10.1016/j.jhydrol.2011.07.022
https://doi.org/10.1016/j.geoderma.2004.09.011
https://doi.org/10.1002/eap.1463
https://doi.org/10.5772/38538
https://doi.org/10.1111/j.1466-8238.2011.00683.x
https://doi.org/10.1016/j.ecolmodel.2011.11.003
https://doi.org/10.1016/j.foreco.2007.05.024
https://doi.org/10.1067/mod.2000.109031
https://doi.org/10.1067/mod.2000.109031
https://doi.org/10.1111/ddi.12096
https://doi.org/10.1111/ddi.12096
https://doi.org/10.1111/j.1461-0248.2010.01477.x
https://doi.org/10.1111/jbi.12058
https://doi.org/10.1111/j.1466-8238.2007.00358.x
https://doi.org/10.1111/j.1466-8238.2007.00358.x
https://doi.org/10.1007/978-1-4614-1034-8
https://doi.org/10.7717/peerj.3093
https://doi.org/10.7717/peerj.3093
https://doi.org/10.1111/2041-210X.12261
https://doi.org/10.1111/2041-210X.12261
https://doi.org/10.1017/S0376892911000671
https://doi.org/10.1017/S0376892911000671
https://doi.org/10.1038/s41598-017-08707-2
https://doi.org/10.1002/2013MS000282.Received
https://doi.org/10.1111/ecog.03049
https://doi.org/10.1016/j.ecolmodel.2005.03.026


16  |     TOURNE et al.

Phillips, S. J., & Dudík, M. (2008). Modeling of species distribution with 
Maxent: new extensions and a comprehensive evalutation. Ecograpy, 
31, 161–175. https​://doi.org/10.1111/j.2007.0906-7590.05203.x

Porfirio, L. L., Harris, R. M. B., Lefroy, E. C., Hugh, S., Gould, S. F., Lee, 
G., … Mackey, B. (2014). Improving the use of species distribution 
models in conservation planning and management under climate 
change. PLoS ONE, 9(11), e113749. https​://doi.org/10.1371/journ​
al.pone.0113749

Radosavljevic, A., & Anderson, R. P. (2014). Making better Maxent mod‐
els of species distributions: Complexity, overfitting and evaluation. 
Journal of Biogeography, 41(4), 629–643. https​://doi.org/10.1111/
jbi.12227​

Roosevelt, A. C., Lima da Costa, M., Lopes Machado, C., Michab, M., 
Mercier, N., Valladas, H., … Schick, K. (1996). Paleoindian cave dwell‐
ers in the Amazon: The peopling of the Americas. Science, 272(5260), 
373–384. https​://doi.org/10.1126/scien​ce.272.5260.373

Salomão, R. P. (2009). Densidade, estrutura e distribuição espacial de 
castanheira‐do‐brasil (Bertholletia excelsa H. & B.) em dois platôs de 
floresta ombrófila densa na Amazônia setentrional brasileira. Boletim 
do Museu Paraense Emílio Goeldi, 4(1), 11–25.

Scoles, R., Canto, M. S., Almeida, R. G., & Vieira, D. P. (2016). Sobrevivência 
e frutificação de Bertholletia excelsa Bonpl. em áreas Desmatadas 
em Oriximiná, Pará. Floresta E Ambiente, 23(4), 555–564. https​://doi.
org/10.1590/2179-8087.132015

Stolar, J., & Nielsen, S. E. (2014). Accounting for spatially biased sampling 
effort in presence‐only species distribution modelling. Diversity and 
Distributions, 21(5), 595–608. https​://doi.org/10.1111/ddi.12279​

Sujii, P. S., Martins, K., Wadt, L. H. D. O., Azevedo, V. C. R., & Solferini, V. 
N. (2015). Genetic structure of Bertholletia excelsa populations from 
the Amazon at different spatial scales. Conservation Genetics, 16(4), 
955–964. https​://doi.org/10.1007/s10592-015-0714-4

ter Steege, H., Pitman, N. C. A., Sabatier, D., Baraloto, C., Salomao, R. 
P., Guevara, J. E., … Silman, M. R. (2013). Hyperdominance in the 
Amazonian tree flora. Science, 342(6156), 1243092. https​://doi.
org/10.1126/scien​ce.1243092

Thomas, E., Alcázar, C. C., Loo, J., & Kindt, R. (2014). The distribution of 
the Brazil nut (Bertholletia excelsa) through time: From range con‐
traction in glacial refugia, over human‐mediated expansion, to an‐
thropogenic climate change. Bol do Mus Para Emílio Goeldi Ciências 
Nat, 6713(2), 267–291.

Thomas, E., Alcázar Caicedo, C., Mcmichael, C. H., Corvera, R., & Loo, J. 
(2015). Uncovering spatial patterns in the natural and human history 

of Brazil nut (Bertholletia excelsa) across the Amazon Basin. Journal of 
Biogeography, 42(8), 1367–1382. https​://doi.org/10.1111/jbi.12540​

Thomas, E., Valdivia, J., Alcázar Caicedo, C., Quaedvlieg, J., Wadt, L. 
H. O., & Corvera, R. (2017). NTFP harvesters as citizen scientists: 
Validating traditional and crowdsourced knowledge on seed pro‐
duction of Brazil nut trees in the Peruvian Amazon. PLoS ONE, 12(8), 
e0183743. https​://doi.org/10.1371/journ​al.pone.0183743

Ullah, M. I., & Aslam, M. (2017). Package ‘mctest’, 1–13.
Vaughan, I. P., & Ormerod, S. J. (2005). Increasing the value of principal 

components analysis for simplifying ecological data: A case study 
with rivers and river birds. Journal of Applied Ecology, 42(3), 487–497. 
https​://doi.org/10.1111/j.1365-2664.2005.01038.x

Wadt, L. H. O., Kainer, K. A., & Gomes‐Silva, D. A. P. (2005). Population 
structure and nut yield of a Bertholletia excelsa stand in Southwestern 
Amazonia. Forest Ecology and Management, 211(3), 371–384. https​://
doi.org/10.1016/j.foreco.2005.02.061

Warren, D. L., Glor, R. E., & Turelli, M. (2008). Environmental niche 
equivalency versus conservatism: Quantitative approaches 
to niche evolution. Evolution, 62(11), 2868–2883. https​://doi.
org/10.1111/j.1558-5646.2008.00482.x

Zomer, R. J., Trabucco, A., Straaten, O. V., & Bossio, D. A. (2006). Carbon, 
Land and Water: A Global Analysis of the Hydrologic Dimensions 
of Climate Change Mitigation through Afforestation/Reforestation. 
(International Water Management Institute P O Box 2075, Ed.). 
Colombo, Sri Lanka.

SUPPORTING INFORMATION

Additional supporting information may be found online in the 
Supporting Information section.  

How to cite this article: Tourne DCM, Ballester MVR, James 
PMA, Martorano LG, Guedes MC, Thomas E. Strategies to 
optimize modeling habitat suitability of Bertholletia excelsa in 
the Pan‐Amazonia. Ecol Evol. 2019;00:1–16. https​://doi.
org/10.1002/ece3.5726

https://doi.org/10.1111/j.2007.0906-7590.05203.x
https://doi.org/10.1371/journal.pone.0113749
https://doi.org/10.1371/journal.pone.0113749
https://doi.org/10.1111/jbi.12227
https://doi.org/10.1111/jbi.12227
https://doi.org/10.1126/science.272.5260.373
https://doi.org/10.1590/2179-8087.132015
https://doi.org/10.1590/2179-8087.132015
https://doi.org/10.1111/ddi.12279
https://doi.org/10.1007/s10592-015-0714-4
https://doi.org/10.1126/science.1243092
https://doi.org/10.1126/science.1243092
https://doi.org/10.1111/jbi.12540
https://doi.org/10.1371/journal.pone.0183743
https://doi.org/10.1111/j.1365-2664.2005.01038.x
https://doi.org/10.1016/j.foreco.2005.02.061
https://doi.org/10.1016/j.foreco.2005.02.061
https://doi.org/10.1111/j.1558-5646.2008.00482.x
https://doi.org/10.1111/j.1558-5646.2008.00482.x
https://doi.org/10.1002/ece3.5726
https://doi.org/10.1002/ece3.5726

