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Appendix 1 

 

Methods 

Occurrence information 

The IUCN range maps were used as a source of information on the climatic preferences of 

the species. To do so, we randomly chose points within the territory attributed to each species 

distribution. These points represent the environmental conditions that the species supposedly 

experience in field, however they do not represent true presences. Using data derived from 

range maps to calibrate species distribution models is, at least, tricky. Ideally, the “gold-

standard level”  of response variable is a comprehensive, non-autocorrelated, well-designed 

occurrence sample, that is spatial and environmentally representative of the regions a species 

occupies (Araújo et al. 2019). That scenario is yet to be achieved in most studies for tropical 

regions. In the Amazon, enormous extensions of primary tropical forests and road access 

constraints create geographic bias on occurrence records for most species (Vale and Jenkins 

2012). In that case, the existence of large areas emptied of records does not necessarily mean 

species absence (Pimm et al. 2010, Vale and Jenkins 2012). Those sampling biases may 

instead create false relations between habitat suitability and environmental variables due to 

lack of field samples.  

 

That “golden” level of occurrence sampling will, therefore, probably be met only for well-

known and/or widely distributed species, if so. In addition, IUCN range maps for Amazon 

primates are usually good representations of the species ranges, in comparison to other 

Amazon taxonomic groups, due to the vicariant role of rivers in defining the borders of 



several primate species distribution (Boubli et al. 2015). Furthermore, models calibrated with 

IUCN range maps provide similar predictions of potential distribution to those SDMs using 

point-record data, at least in the case of Amazon primates (Sales et al. 2017). Therefore, 

results obtained using such datasets should be used with caution in biodiversity assessments 

aimed at guiding environmental policy (Araújo et al. 2019). However, these maps can 

provide an initial understanding of habitat preferences, to be later improved with data 

refinement (Lemes et al. 2011, Loyola et al. 2012, Faleiro et al. 2013). 

 

The number of points used to characterize the current distribution of the primate species was 

proportional to its known range size. To find the range size of each primate species, we 

rasterized the IUCN range maps, so that range size was measured in number of raster cells 

of 0.1 degrees of lat/long, which roughly equals 10km² at the Equator line. Although all 

points within a species’ range may contain environmental conditions likely to be experienced 

by species, using an excessive number of points to calibrate the species distribution models 

generates overfitted models and is likely to extrapolate the environmental niche of the 

species. Therefore, after running tests for a subset of species, we decided to calibrate species 

distribution models with 12.5% of the number of cells, chosen at random, for species whose 

range size was larger than 1000 cells (51 species). For species with range size between 501 

and 1000 points (10 species), we chose 25% of the number of cells. For species with ranges 

between 101 and 500 points (13 species), we randomly sampled 50% of their number of cells. 

At last, for species whose range size was smaller than 100 points (seven species), all cells of 

the rasterized polygons were used to characterize their current geographical distribution. 

 



Climate data 

We obtained climate information for the current and future time-periods from the Data 

Distribution Centre of the 5th Assessment of the Intergovernmental Panel on Climate Change 

(IPCC-5, www.ipcc-data.org). Although raw climate data was downloaded, these variables 

may not be appropriate to represent the environmental variables that mostly affect species 

survival and persistence in the wild. These raw data were, then, re-scaled to the resolution of 

0.1 degrees of lat/long, and transformed into bioclimatic variables, which are derived from 

the monthly temperature and rainfall values. Bioclimatic predictors were calculated for both 

the present-time (representative of years 1960-1990) and future-time (representative of years 

2020, 2030, …, 2050). We used function biovars from R package dismo (Hijmans et al. 

2013), with averages of surface air temperature and precipitation as inputs, to calculate 

bioclimatic variables. Bioclimatic variables are composed of 19 predictors, derived from the 

raw data, representing annual trends, seasonality, and extreme environmental factors and are 

often used in species’ distribution modeling (Hijmans et al. 2005). These variables 

encompass a wide range of environmental conditions that species probably experience in the 

field and were used to characterize the climatic niche of species (described below). 

 

Climate scenarios rely on prospects of anthropogenic emission rates of greenhouse gases, 

especially CO2 (IPCC 2014a). Temperature and precipitation values are then predicted 

according to different emission scenarios. Here, we considered two scenarios (representative 

concentration pathways rcp45 and rcp85), which are the most extreme expectations of 

greenhouse gases emission rates considered in AR5. The rcp45 is considered a mitigation 

scenario, and rcp85 is baseline “business as usual” scenario without additional efforts to 



restrain emissions (IPCC 2014b). There are several climate forecasts with global information. 

However, all models produce some geographical or environmental bias,  according to the 

spatial region (Knutti et al. 2008). Here, we considered the HadGEM2-ES (HE) model, the 

CMIP5 climate forecast with least biased estimates of current temperature and precipitation 

for the Amazon, in the Northern region of South America (Sierra et al. 2015) (Fig. S1).  

 

We reduced the dimensionality of bioclimate predictors with a Principal Component 

Analysis - PCA, to avoid collinearity issues and overfitting of species’ distribution models, 

due to the excessive number of variables. The PCA extracts dominant patterns in a group of 

predictor variables to later calibrate the model (Reimann et al. 2011). Designed to summarize 

predictors information into eigenvectors, the PCA removes issues of multicollinearity among 

model predictors, because PC eigenvectors are orthogonal. We used the eigenvector scores 

that captured 95% of bioclimate information, thus not the original variables, used to calibrate 

the species’ distribution models in this work. Then, we projected the climate information 

referred to the future onto the basis coordinates (linear combination) of the PCA, to respect 

the original eigenvectors rotation.  

 

 

 

 

 

 

 



Figure A1  Expected change in annual mean temperature at the Amazon. Mitigation and 

Business-as-usual (B.A.U.) scenarios reflect different expectations of the trajectories of 

greenhouse gas emission rates. The Mitigation scenario is a stringent expectation based on 

reductions of global consumption and hard environmental policy. The B.A.U. is a business-

as-usual scenario taken from the historical rates of increase in greenhouse gas emissions. 

Colors indicate the magnitude of increase in annual mean temperature, measured in Celsius 

degrees. 

 

 

 

 

 

 

 

 

 

 



Figure A2  Deforestation scenarios used in this work, originally calculated in Soares-

Filho (2006). Deforestation models included prospects of human development and road 

paving, considering Mitigation and a Business-as-usual (B.A.U.) policy scenarios, and were 

used here as constraints to primate dispersal in face of climate change.

 

 

 

 

 

 

 

 

 

 

 

 



Figure A3 Expected richness of Amazon primates from species distribution models 

projected onto scenarios of climate change and deforestation for year 2050. Climate-only1 

and Climate.Deforestation1 indicate a mitigation scenario. Climate-only2 and 

Climate.Deforestation2 are predictions for a business-as-usual scenario of human 

development, greenhouse gas emissions and road paving. 

 

 

 

 

 

 

 

 



Figure A4  Range dynamics expected as result of climate change and deforestation for 

Amazon primates. Different colors indicate different expected patterns of range shift. Color 

dark blue indicates potential distribution in the present (Left upper panel, containing the 

species’ scientific name). In subsequent panels, dark blue indicates climate refugia, i.e. 

regions that are suitable in the present and will remain suitable in the future (year 2050). 

Climatic bridges are not shown. Purple indicates potential migration, or the zones that will 

become suitable in the future and are within reach of species’ dispersal. Fuchsia color 

indicates dispersal limitation, or the areas that will become suitable in the future but are not 

accessible due to geographical barriers (rivers and/or deforested areas). Yellow indicates 

local extinction, or the areas with non-analogue climate conditions in the future. From left to 

right, panels indicate, respectively: potential distribution for the present-time (species’ 

binomial), range dynamics in a mitigation scenario of climate-change (Mit_Clim), range 

dynamics in a mitigation scenario of climate-change and deforestation (Mit_Desm_Clim), 

range dynamics in a Business-as-usual scenario of climate-change (BAU_Clim), and range 

dynamics in a Business-as-usual scenario of climate-change and deforestation 

(BAU_Desm_Clim). 

 









































 

 

 

 

 

 

 

 

 

 

 

 

 



Figure A5 Expected range shift in relation to initial range size. Trend line was estimated 

using loess regression and smoothing. Species with smaller range sizes are expected to 

undergo larger variation (positive or negative) in in range sizes, in the Anthropocene.  
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Figure A6  Expected range shift, in percent variation of number of suitable cells, of 

Amazon primates, under different scenarios of climate change. Colors indicate primate 

family (Aotidae, Atelidae, Callithrichidae, Cebidae, Pitheciidae). Bars above the zero y axis 

indicate range expansion, while bars below it mean range shrink. Mitigation and B.A.U. are 

scenarios of human development and projected impacts on climate and deforestation.  
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Table A1 Estimates of range shift as response to climate change and deforestation, considering different scenarios of dispersal limitation. 
Numbers indicate % variation in range size (comparing the number of suitable cells in the present and future time), positive values indicate range 
expansion while negative values, range shrink. The Universal dispersal scenario allowed species to occupy all suitable and non-barrier cells. The 
Limited dispersal scenario prevented dispersal across river cells. The Anthropocene scenario prevented dispersal through river and deforested cells. 
The No dispersal scenario did not allow colonization of cells outside the current geographical borders of species ranges.  

 

Species Mitigation  Business-as-usual 
 Unlimited Limited Anthropocene No disp  Unlimited Limited Anthropocene No disp 

Alouatta discolor -49.84 -65.40 -82.25 -99.65  -56.06 -100.00 -100.00 -100.00 
Alouatta nigerrima -1.62 -100.00 -100.00 -100.00  -87.18 -100.00 -100.00 -100.00 
Alouatta sara 45.97 45.68 6.48 -66.99  250.02 246.92 157.05 -76.50 
Aotus azarae 47.52 33.01 5.92 -63.82  57.86 53.27 -23.51 -69.41 
Aotus miconax 86.33 84.83 56.74 -98.50  91.01 84.83 61.80 -34.08 
Aotus nancymaae -15.59 -36.57 -42.77 -99.74  13.72 7.39 -11.57 -99.97 
Aotus nigriceps 99.87 90.51 33.53 -64.40  103.78 92.82 13.50 -75.17 
Aotus vociferans 37.08 18.93 -6.11 -49.39  4.96 -5.92 -15.92 -41.22 
Ateles belzebuth 190.92 129.27 104.59 -79.54  60.18 44.86 17.16 -100.00 
Ateles chamek 36.38 33.45 11.74 -54.05  50.97 48.58 9.90 -62.79 
Ateles marginatus 40.58 27.23 -17.75 -95.20  -19.29 -24.85 -100.00 -100.00 
Ateles paniscus 69.95 69.33 3.02 -82.32  70.39 69.97 -46.99 -95.13 
Cacajao calvus 61.72 40.91 31.31 -100.00  185.21 -100.00 -100.00 -100.00 
Cacajao hosomi 206.85 97.72 62.39 -85.06  9.84 -100.00 -100.00 -100.00 
Callibella humilis -100.00 -100.00 -100.00 -100.00  -100.00 -100.00 -100.00 -100.00 
Callimico goeldii 38.95 31.76 1.72 -81.10  77.27 55.57 -23.83 -96.84 
Cebuella pygmaea 25.61 21.02 4.44 -53.71  25.21 24.91 3.59 -62.71 
Cebus albifrons 65.82 61.33 18.20 -91.39  71.39 11.30 -18.85 -99.58 
Cebus kaapori -68.71 -69.23 -93.67 -100.00  -17.91 -56.43 -89.92 -99.74 
Cheracebus lucifer 47.25 38.70 31.45 -81.40  45.39 44.20 41.97 -57.77 



Cheracebus medemi 1003.07 919.02 833.13 -100.00  203.68 -87.12 -100.00 -100.00 
Cheracebus purinus 170.44 167.18 166.04 -86.56  26.79 20.85 10.02 -94.22 
Cheracebus regulus 3.62 -100.00 -100.00 -100.00  -5.21 -11.85 -17.00 -98.90 
Cheracebus torquatus -56.61 -100.00 -100.00 -100.00  -83.83 -100.00 -100.00 -100.00 
Chiropotes albinasus -28.45 -52.69 -76.94 -99.12  4.48 -4.23 -58.65 -99.51 
Chiropotes satanas 6.97 3.30 -39.17 -99.01  8.95 8.95 -78.30 -99.95 
Chiropotes utahickae 32.29 26.33 -14.56 -87.96  32.68 16.18 -61.48 -97.87 
Lagothrix cana 152.07 151.63 114.06 -58.61  169.04 168.84 76.01 -72.43 
Lagothrix flavicauda 357.56 217.34 168.63 -89.67  205.90 57.93 -32.84 -94.10 
Lagothrix lagotricha 36.85 16.98 7.22 -65.67  1.30 -3.32 -12.30 -75.51 
Lagothrix poeppigii -1.18 -7.11 -22.12 -99.58  -0.80 -13.36 -21.90 -95.97 
Mico acariensis 0.93 -100.00 -100.00 -100.00  25.70 -100.00 -100.00 -100.00 
Mico argentatus 53.97 -100.00 -100.00 -100.00  43.39 -100.00 -100.00 -100.00 
Mico chrysoleucos 225.26 -100.00 -100.00 -100.00  147.40 -100.00 -100.00 -100.00 
Mico emiliae 295.93 292.57 203.67 -99.04  540.97 525.40 324.28 -99.04 
Mico humeralifer -68.86 -100.00 -100.00 -100.00  -98.75 -100.00 -100.00 -100.00 
Mico intermedius 60.00 -100.00 -100.00 -100.00  320.54 -100.00 -100.00 -100.00 
Mico leucippe -83.08 -100.00 -100.00 -100.00  -46.15 -100.00 -100.00 -100.00 
Mico marcai 298.55 -100.00 -100.00 -100.00  110.14 -100.00 -100.00 -100.00 
Mico mauesi -97.96 -100.00 -100.00 -100.00  -100.00 -100.00 -100.00 -100.00 
Mico melanurus 20.14 20.14 -20.49 -100.00  -98.59 -100.00 -100.00 -100.00 
Mico nigriceps 373.91 -100.00 -100.00 -100.00  -23.55 -100.00 -100.00 -100.00 
Mico rondoni 287.10 186.22 -100.00 -100.00  -75.09 -100.00 -100.00 -100.00 
Mico saterei -91.54 -100.00 -100.00 -100.00  -14.43 -100.00 -100.00 -100.00 
Pithecia aequatorialis 320.99 -100.00 -100.00 -100.00  245.19 -100.00 -100.00 -100.00 
Pithecia albicans 246.14 244.74 244.74 -100.00  -9.12 -30.35 -45.61 -100.00 
Pithecia pithecia 140.12 139.24 45.15 -77.96  185.72 185.54 -29.33 -97.08 
Plecturocebus aureipalatii -38.05 -100.00 -100.00 -100.00  345.85 65.85 -100.00 -100.00 
Plecturocebus baptista -94.74 -100.00 -100.00 -100.00  141.58 -100.00 -100.00 -100.00 



Plecturocebus bernhardi 76.81 -100.00 -100.00 -100.00  47.79 -100.00 -100.00 -100.00 
Plecturocebus brunneus 63.85 -6.53 -74.26 -99.61  43.96 21.41 -62.38 -100.00 
Plecturocebus caligatus -68.92 -100.00 -100.00 -100.00  -68.92 -100.00 -100.00 -100.00 
Plecturocebus caquetensis 6440.00 6055.00 -100.00 -100.00  1700.00 -100.00 -100.00 -100.00 
Plecturocebus cinerascens 119.58 50.35 -44.26 -100.00  226.26 170.11 -70.69 -97.42 
Plecturocebus cupreus -16.44 -17.27 -19.91 -92.41  -10.94 -13.83 -32.91 -88.96 
Plecturocebus discolor 164.62 -100.00 -100.00 -100.00  75.01 -100.00 -100.00 -100.00 
Plecturocebus donacophilus 130.62 99.54 4.76 -82.04  46.97 39.14 18.65 -87.57 
Plecturocebus dubius 112.72 110.34 96.82 -100.00  152.78 100.99 -99.60 -100.00 
Plecturocebus hoffmannsi -63.92 -100.00 -100.00 -100.00  -100.00 -100.00 -100.00 -100.00 
Plecturocebus modestus 251.28 -100.00 -100.00 -100.00  -25.64 -100.00 -100.00 -100.00 
Plecturocebus moloch -0.36 -12.92 -34.41 -76.96  43.06 34.50 -31.88 -92.58 
Plecturocebus oenanthe 21.00 -100.00 -100.00 -100.00  -36.00 -100.00 -100.00 -100.00 
Plecturocebus stephennashi 416.17 -100.00 -100.00 -100.00  -97.03 -100.00 -100.00 -100.00 
Saguinus bicolor -98.96 -100.00 -100.00 -100.00  -100.00 -100.00 -100.00 -100.00 
Saguinus fuscicollis 71.43 44.28 30.95 -50.36  69.55 61.88 22.86 -59.61 
Saguinus imperator -9.99 -9.99 -49.68 -97.46  83.40 14.43 -93.71 -98.63 
Saguinus inustus 26.01 -8.67 -15.30 -81.05  -6.28 -16.60 -32.96 -98.56 
Saguinus labiatus 415.22 365.68 211.83 -98.52  371.34 363.33 -2.00 -99.13 
Saguinus martinsi 858.99 769.38 255.90 -58.15  1158.71 1154.21 56.18 -80.90 
Saguinus melanoleucus 51.87 -100.00 -100.00 -100.00  186.31 -100.00 -100.00 -100.00 
Saguinus midas 10.64 9.61 -31.28 -95.69  28.16 27.77 -57.73 -98.15 
Saguinus mystax 5.58 4.83 1.27 -85.42  5.37 2.80 -15.65 -77.04 
Saguinus niger 63.71 51.06 3.28 -87.37  114.71 104.29 -21.01 -98.64 
Saguinus nigricollis 237.35 200.45 178.37 -72.46  65.83 27.26 9.64 -96.77 
Saguinus tripartitus 999.59 -100.00 -100.00 -100.00  226.56 -100.00 -100.00 -100.00 
Saimiri boliviensis 35.97 27.76 17.29 -58.33  96.85 90.99 44.86 -66.68 
Saimiri sciureus 57.02 43.36 15.95 -50.73  64.38 62.62 -1.06 -70.25 
Saimiri ustus 62.01 49.34 7.17 -94.00  18.92 10.48 -40.15 -97.72 



Saimiri vanzolinii -72.73 -100.00 -100.00 -100.00  -100.00 -100.00 -100.00 -100.00 
Sapajus apella 65.94 62.55 26.84 -40.59  73.77 68.85 -13.38 -61.52 
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Install and load the following packages

# Principal Component Analysis
install.packages('raster')
install.packages('rgdal')
install.packages('maptools')
install.packages('raster')
install.packages('rgdal')
install.packages('letsR')
install.packages('dismo')
install.packages('rJava')
install.packages('ENMeval')
install.packages('MigClim')

library(raster)
library(maptools)
library(raster)
library(rgdal)
library(letsR)
library(dismo)
library(rJava)
library(ENMeval)
library(MigClim)

Principal Component Analysis

### Predictors
var <- list.files(pattern = ".tif$")
var <- stack(var)
data.frame <- rasterToPoints(var)

### Coordinates
pca.raw <- data.frame[, -c(1:2)]
pca.raw <- na.omit(pca.raw)

### Scale transform
data.scaled <-
data.frame(apply(pca.raw, 2, scale)) ### standardize variables

### PCA
data.pca <- prcomp(data.scaled,retx=TRUE)

### Percent explained variation

1



n.eixos<-length(summary(data.pca)$importance[3,])
cumulat.var<-summary(data.pca)$importance[3,]

var.95<-cumulat.var<=0.95

### Load scores
eixos<-as.data.frame(data.pca$x)
eixos.95<-eixos[,var.95]==T
eixos.95.var<-eixos[,1:ncol(eixos.95)]

eixos.xy<-cbind(data.frame[,(1:2)],eixos.95.var)

### Project to future

### Future
var_fut <- list.files(pattern = ".tif$")
var_fut <- stack(var_fut)
data.frame_fut <- rasterToPoints(var_fut)

pca.raw_fut <- data.frame_fut[, -c(1:2)]
pca.raw_fut <- na.omit(pca.raw_fut)

### Scale transform
data_fut <- data.frame(apply(pca.raw_fut, 2, scale))
pred.futuro <- predict(data.pca, data_fut, retx = TRUE)
pred.futuro <- pred.futuro[, 1:ncol(eixos.95)]
eixos.xy_fut <- cbind(data.frame_fut[, (1:2)], pred.futuro)

Species Distribution modelling

#### Species names
sp_name

### SpatialPoints object with primate occurrences derived from IUCN range maps
prim_clean_spatial

### Climate data

# Present
files.pres <- read.table("eixos_atual.txt", h = T)
gridded(files.pres) <- ~ x + y

envs.pres <- stack(files.pres)

for (i in 1:length (sp_names)){

spi <- sp_names[[i]]
sp <- prim_clean_spatial[prim_clean_spatial$variable == spi, ]

# Sample environmental preferrences

2



if (length(sp) < 100) {
x = 1
}

if (length(sp) > 100) {
x = 0.5
}

if (length(sp) > 500) {
x = 0.25
}

if (length(sp) > 1000) {
x = 0.125
}

spSample <- sample(1:length(sp), replace = F, size = round(x * length(sp)))

occs.sp <- SpatialPoints(sp[spSample , c("Longitude.x.", "Latitude.y.")])

# Get species-specific bounding box

bb <- bbox(occs.sp)

bb.buf <- extent(bb[1] - 10, bb[3] + 10, bb[2] - 10, bb[4] + 10)

envs.backg <- crop(envs.pres, bb.buf)

bg <- randomPoints(envs.backg[[1]], n = 10000)
bg <- as.data.frame(bg)

blocks <- get.block(occs.sp, bg)

# SDM
eval1 <- ENMevaluate(

occs.sp,
envs.backg,
bg,
method = 'block',
RMvalues = c(0.5, 1, 1.5, 2),
fc = c ("LQ", "LQH", "LQHP", "LQHPT"),
algorithm = "maxent.jar",
parallel = TRUE,
rasterPreds = TRUE
)

aicmod <- which(eval1@results$AICc == min(na.exclude(eval1@results$AICc)))

aic.pred <- eval1@predictions[[aicmod[[1]]]]

pred.vals <- extract(aic.pred, eval1@occ.pts)

3



n10 <- ceiling(length(pred.vals) * 0.10)

or.10.threshold <- aic.pred > sort(pred.vals)[n10]

writeRaster(
aic.pred,
paste(spi, "_cont_Pres.asc", sep = ""),
format = "ascii",
overwrite = T
)

writeRaster(
or.10.threshold,
paste(spi, "_bin_Pres.asc", sep = ""),
format = "ascii",
overwrite = T
)

# Future climate example
files1 <- read.table("2050_eixos_HE_26.txt", h = T)
gridded(files1) <- ~ x + y

env.future1 <- stack(files1)

env.future1 <- crop(env.future1, bb.buf)

future.pred1 <-
predict(model = eval1@models[[aicmod[1]]],
object = env.future1,
args = "outputformat=raw")

or.10.threshold1 <- future.pred1 > sort(pred.vals)[n10]

writeRaster(
future.pred1,
paste(spi, "_cont_HE_26.asc", sep = ""),
format = "ascii",
overwrite = T
)
writeRaster(
or.10.threshold1,
paste(spi, "_bin_HE_26.asc", sep = ""),
format = "ascii",
overwrite = T
)

}

Dispersal constraints

### Rivers
rios <- raster("Rios.asc")
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### Large species
a <- grep(pattern = "Ateles" , lista)
b <- grep(pattern = "Lagothrix", lista)

gd <- c(a, b)

sp.gd <- lista[gd]

for (i in 1: length(sp.gd)) {

# Kernel
# Dispersal velocity (km/yr)
k <- lista_disp[lista_disp$sp == sp.gd[i], 2]

# Dispersal in 10 years (0.1º = 10km2)
k <- floor(k * 10)

# Distance-decay probability
ke <- seq(from = 1,
to = 0.05,
length.out = (k + 1))

# Initial Distribution - iniDist
aa <- paste0(sp.gd[i], "_Pres.asc")

tmp <- raster(aa)
iniDist <- tmp
iniDist[is.na(iniDist)] <- 0

# Also get coordinates
iniDist <- as.data.frame(iniDist, xy = T)

# Habitat Suitability maps - hsMap
maps <- list.files(pattern = sp.gd[i])

#### hsMaps
b <- grep("Mit", maps)

hsMap <- stack(maps[b])
hsMap[is.na(hsMap)] <- 0
# Does not get coordinates
hsMap <- as.data.frame(hsMap)

e <- extent(tmp)
rios.r <- crop(rios, e)
# Sp-specific extent
rios.r[is.na(rios.r)] <- 0
rios.r <- as.data.frame(rios.r)

### Dispersal
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MigClim.migrate(iniDist = iniDist, # Initial distribution
hsMap = hsMap, # Habitat suitability maps

# Threshold for conversion continuous --> binary (example)
rcThreshold = 0.5,
envChgSteps = ncol(hsMap), # Environmental change steps
dispSteps = 50, # Dispersal steps
dispKernel= ke, # Dispersal kernel
overWrite = T,
barrier = rios.r, # Barrier
barrierType = "weak", # Barrier strength (large

# species, weak barrier)
replicateNb=100, # Replicates
testMode=FALSE,
fullOutput=T, keepTempFiles=FALSE)

# Get results
resultados <-

read.table("MigClimTest_summary.txt",
h = T,
stringsAsFactors = FALSE)
resultados[1, "simulName"] <- paste0(sp.gd[i], "Mit")
tabela.resultados_clim <-
rbind (tabela.resultados_clim, resultados)

# Reclassify rasters
distr.sp <- raster("MigClimTest_raster.asc")

m <- c(2, 29999, 2,
29999, 30000, 3)
rclmat <- matrix(m, ncol = 3, byrow = TRUE)
rc <- reclassify(distr.sp, rclmat)

s <- calc(
rc,
fun = function(x) {
x[x < 0] <- 4
return(x)
}
)

writeRaster(s,
paste0(sp.gd[i], "Mit", ".asc", sep = " "),
format = "ascii",
overwrite = T)

}

# Final map with 4 categories
# 0 : always insuitable
# 1 : always suitable
# 2 : migration potentiak - became suitable and is accessible
# 3 : dispersal limitation - became suitable but it inaccessible
# 4 : non-analog - became unsuitable
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