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1. Protected area data 39 

Included protected areas (PAs) are part of countries’ state-managed systems, which are: 40 

Sistema Nacional de Áreas Protegidas (SNAP, Bolivia), Sistema Nacional de Áreas 41 

Naturales Protegidas por el Estado (SINANPE, Peru), Patrimonio de Áreas Naturales del 42 

Estado (PANE, Ecuador), Sistema Nacional de Áreas Protegidas (SINAP, Colombia) and 43 

Instituto Nacional de Parques (INPARQUES, Venezuela). We downloaded data for each 44 

country in shapefile format. Find the complete list in Appendix B. 45 

We have not included area categories that do not imply operative management conservation 46 

management. In the case of Peru, we did not include Zonas Reservadas (Reserved Zones) in 47 

the analyses because these areas, have not yet being declared as formal conservation areas. 48 

In the case of Venezuelan Tepuis National Monuments, we only considered their Zonas de 49 

Protección Integral (ZPI; Protection Integral Zones). These are defined as areas above 800 50 

m.a.s.l., located within larger "polygonal" areas [1]. Polygonal areas have a characteristic 51 

square or rectangular shape that does not follow the natural limits of geographies. We only 52 

included ZPI because these are the areas where restrictive activities and the extraction of 53 

biological resources is not permitted [1]. 54 

We also note that the protected areas considered here for Venezuela result in an extent that 55 

differs substantially from some estimations, such as the reporting from ProtectedPlanet.net 56 

(56.8% of terrestrial coverage, accessed Nov 2020). Indeed, mismatches such as ours are 57 

considerable and common in the literature on the total area protected in Venezuela [2]. The 58 

reason behind these mismatches is that many estimations include areas within the Áreas Bajo 59 

Régimen de Administración Especial  (ABRAE) system when calculating the area under 60 

protection. ABRAE is a system that includes all protected areas in INPARQUE among other 61 

areas. In fact, most ABRAE areas have been matched to IUCN categories of protected-area 62 

management and are included in the World Database of Protected Areas 63 

(ProtectedPlanet.net) dataset for Venezuela. Nonetheless, ABRAE includes many areas that 64 

do not include biodiversity conservation among its objectives. Instead, they range from 65 

regulating forestry and agricultural land to reserving areas suitable for the construction of 66 

dams [2]. 67 

  68 
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2. Species data 69 

2.1. Lists of species 70 

Lists of species were obtained for the five countries from these sources: amphibians from 71 

Amphibian species of the world [3], birds from the South American Classification 72 

Committee (SACC)[4], mammals from the IUCN Red List database of species [5], reptiles 73 

from The Reptile-Database [6], and plants from the Botanical Information and Ecology 74 

Network (BIEN 3.4) [7, 8]. We followed the taxonomy in those references.  75 

We did not analyze flying mammals or rodents from the Critecidae family because 76 

we were not able to compile a comprehensive, spatially balanced and taxonomically robust 77 

occurrence database for the five countries. Species threat status was obtained from the IUCN 78 

Red List of threatened species [9]. The plant species list was inspected for introduced and 79 

cultivated species with the ‘taxize’ and ‘originr’ R packages [10, 11]. Species tagged as 80 

cultivated, introduced or invasive in the study area in any of the databases were removed. 81 

 82 

2.2. Species occurrence data 83 

Species occurrences were downloaded from a wide range of sources. A large proportion was 84 

obtained from online open-access data-portals such as the Botanical Information and Ecology 85 

Network for plants (BIEN 3+ database; http://bien.nceas.ucsb.edu/bien/biendata/bien-3/), the 86 

Global Environmental Information Facility (GBIF; http://www.gbif.org/), Sistema de 87 

Información sobre Biodiversidad de Colombia (SIB Colombia; 88 

https://www.sibcolombia.net/), eBIRD (Cornell Lab of Ornithology; http://ebird.org), 89 

VertNet (http://www.vertnet.org), the Mammal Networked Information system (MANIS; 90 

http://manisnet.org/), IABIN (http://www.oas.org/en/sedi/dsd/iabin/), and SpeciesLink 91 

(http://splink.cria.org.br). A list of institutions that contributed through these data portals can 92 

be found at Appendix D.  93 

Downloaded GBIF data DOIs:  94 

doi.org/10.15468/dl.s0hqv2; doi.org/10.15468/dl.rpidwc; doi.org/10.15468/dl.slyjxf; 95 

doi.org/10.15468/dl.y8hlqe; doi.org/10.15468/dl.ihf1fd; doi.org/10.15468/dl.e7ym01; 96 

doi.org/10.15468/dl.i9vhxq; doi.org/10.15468/dl.d1j5hq.    97 

doi.org/10.15468/dl.s0hqv2
doi.org/10.15468/dl.rpidwc
doi.org/10.15468/dl.slyjxf
doi.org/10.15468/dl.y8hlqe
doi.org/10.15468/dl.ihf1fd
doi.org/10.15468/dl.e7ym01
doi.org/10.15468/dl.i9vhxq
doi.org/10.15468/dl.d1j5hq
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In addition, we obtained occurrences from private databases and natural science 98 

museums. The databases included the Bolivian large and medium-size mammals database 99 

[12], Registro Nacional de Colecciones Biológicas of Venezuela (RECOB, Venezuela, 100 

www.diversidadbiologica.minamb.gob.ve/recob.php; Institutions sharing data in RECOB 101 

are also listed in Appendix D), and Biomap (Colombia, http://www.biomap.net). The 102 

following museums contributed species records from their database: Museo de Zoología de 103 

la Universidad Tecnológica Indoamérica (MZUTI, Quito, Ecuador), colección de anfibios y 104 

reptiles del Museo de Historia Natural La Salle (MHNLS, Caracas, Venezuela), Fundación 105 

William H. Phelps (www.fundacionwhphelps.org; Caracas, Venezuela), Field Museum’s 106 

Rapid Biological Inventories (Chicago, USA), the William E. Duellman field series [13], 107 

Universidad de Antioquia (Medellín, Colombia), Centro Geoespacial para la Biodiversidad 108 

at Museo de Historia Natural Noel Kempff Mercado (http://www.museonoelkempff.org/cgb; 109 

Santa Cruz, Bolivia), and Museo Nacional de Ciencias Naturales (MNCN; Madrid, Spain). 110 

The following experts shared additional occurrences: Christian Devenish, Stefan Löthers, 111 

Jörn Köhler, José Manuel Padial, Dirk Embert, Jaime Culebras, Mariana Delgado, Juan 112 

Manuel Carvajalino Fernández, Jesús N. Pinto-Ledezma, Elkin Noguera, Héctor Ramírez, 113 

Jetzabel Gross, Oscar Quiroga, Ana M. Umaña, Juanita Saldana and Mauricio Álvarez. 114 

Additional records were taken from different scientific publications, books and NGO reports 115 

(citations in Appendix D).  116 

Occurrences with coordinates were obtained for the bounding-box delimited by -82/-117 

55 degrees of longitude and -25/13 degrees of latitude (therefore, including records in the 118 

neighbor countries Panama, Guyana and Brazil, a procedure intended at sampling better the 119 

environmental niche of the species and at not biasing models at the borders of the study area, 120 

following recommendations for species distribution modeling [14]). Data from online 121 

databases and museums were only used when coordinates were provided and there were no 122 

known coordinate issues reported. In the case of species records taken from bibliography, 123 

coordinates were sometimes obtained using the Geonames resolver (www.geonames.org) for 124 

localities described in detail, or extracted from the published map when coordinates were not 125 

provided.  126 

All records were carefully checked following automated processes, and suspicious 127 

occurrences were removed. The automated processes to identify problematic occurrences 128 
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included, where possible, the spatial cross-validation of recorded first and second-level 129 

administrative information with administrative maps; occurrences with a mismatch greater 130 

than 0.15 degrees (~30 km at the equator) were removed. We also excluded records identified 131 

as invalid, with plain zero coordinates, or in a buffer of 0.15 degrees diameter around country 132 

and province centroids, following Maldonado et al. [15]. In addition, vertebrate data was 133 

manually checked for errors. As part of this manual process, occurrences were compared to 134 

IUCN ranges [16, 17], and suspicious records in disagreement with reported ranges were 135 

sometimes deleted following expert criteria. 136 

The curated database included data for 68,617 species, from which 50,100 species 137 

were not included in the analyses because they had a number of records insufficient for 138 

modeling (see below). 139 

 140 

2.3. Biases and known problems of occurrence data 141 

Natural history collections and databases of species occurrences are prone to temporal and 142 

spatial biases and errors [18]. These issues are also present in the tropical Andes region, with 143 

some regions substantially less sampled than others, such as remote parts of the Amazon and 144 

Andean foothills (Figure A.1) [19]. In this context, further sampling efforts are critically 145 

needed in the tropical Andean countries to reduce the geographic and taxonomic bias of 146 

species records that could lead in the future to more refined results than those obtained here. 147 

Regarding errors in geo-referencing, the automated verification and depuration 148 

processes, combined with manual verification of vertebrate data, do not replace fully manual 149 

verification by specialists. However, the methods followed were able to detect a large number 150 

of problematic records and led to substantial improvement of the quality of the database, and 151 

can be considered best practice taking into account the spatial scale of our analysis and the 152 

large number of species evaluated.  153 

 154 
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 155 

Figure A.1: Number of species occurrences used to build species distribution models. The 156 

numbers refer to unique occurrences kept after the validation process, counted in a grid of 157 

0.6 decimal degree resolution. Notice that occurrences were not restricted to the five 158 

countries evaluated. Figure created in R v4.0.0 (https://cran.r-project.org/). 159 
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3. Species distribution models 161 

3.1. Modeling techniques 162 

Species occurrences were used to map species bioclimatic niches [20]. Species distribution 163 

models (SDMs) were produced using the package BIOMOD2 [21] in R [22] as ensembles of 164 

three different techniques: Maxent [23], Random Forest [24] and Boosted Regression Trees 165 

[25]. Models were built using bioclimatic variables from Worldclim 1.4 as ecological 166 

predictors [26]. We did not consider variables "mean temperature of wettest quarter" (bio 8), 167 

"mean temperature of driest quarter" (bio 9), "precipitation of warmest quarter" (bio 18), and 168 

"precipitation of coldest quarter" (bio 19), because they display unrealistic patterns over the 169 

study area (Fig. A.2) [27]. These variables display an abrupt variation of temperature and 170 

precipitation at some sections of the tropical Andes, which contrasts with the smooth 171 

variation that naturally describe these variables that is the result of combining, by definition, 172 

temperature and precipitation data. To avoid multicollinearity, we conducted a Pearson 173 

correlation analysis to remove variables with a coefficient greater than 0.8. From each pair 174 

of correlated variables, we kept the variable that was potentially more relevant to characterize 175 

species macroclimatic niches. This left a set of 5 variables that was used to build the models: 176 

"mean diurnal range" (bio 2), "temperature seasonality" (bio 4), "maximum temperature of 177 

the warmest month" (bio 5), "annual precipitation" (bio 12) and "precipitation of the driest 178 

month" (bio 14). Models were produced using environmental raster data with a resolution of 179 

0.04167 degrees (~5 km at the equator).  180 
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 181 

Figure A.2: Unrealistic patterns in bioclimatic variables over the tropical Andean 182 

countries. The pattern is found in the four variables that, by definition, combine 183 

temperature and precipitation data, because months or quarters with maximum or minimum 184 

values may vary between one pixel and its neighbors. It is characterized by drastic shifts in 185 

the variable value from some pixels over its neighbors, resulting in "waves" or "hard 186 

borders" that do not correspond with the smoother natural variation of these variables over 187 

landscapes. The pattern is more visible in bio 18 and bio 19, but notice the absence of a 188 

natural gradient in the green regions to the South in bio 8 and bio 9. Figure created in R 189 

v4.0.0 (https://cran.r-project.org/). 190 

 191 

We used 10,000 points as background data in the modeling process [28]. To avoid 192 

overfitting, we used a bias grid (i.e., a raster layer containing a geographic bias comparable 193 

to that present in species occurrences) to sample background points. This has been shown to 194 
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offset the bias in occurrences, and thus render model outputs less affected by bias sampling 195 

[29]. In tropical regions, species occurrences are typically recorded more often in accessible 196 

areas near towns, roads or rivers [30]. Therefore, we used the human footprint raster layer 197 

[31] as a bias grid to sample background points [32]. The human footprint maps eight human 198 

pressures on the environment, including human population density, night-time lights, roads, 199 

railways, and navigable rivers [31]. To illustrate the relationship between the human footprint 200 

and sampling bias, Figure A.3 compares the number of occurrences points in a 25 km2 grid 201 

and the human footprint layer, showing a visible correspondence. 202 

 203 

Figure A.3: Number of total occurrences (log) in the study area (left, 25km2 grid) and human 204 

footprint index (right). Figure created in R v4.0.0 (https://cran.r-project.org/). 205 

 206 

Most species' bioclimatic niches were modelled using regular ensemble SDMs 207 

(11,116 spp) with 25 or more occurrences [33]. However, with the objective of maximizing 208 

the inclusion of small-ranged, rare, and threatened species, typically with few species 209 

records, and often occurring at very close localities, some species (5394 spp, ~33 %) with 210 

restricted range (extent of occurrence ≤ 500 km2, calculated from our species records) and 211 

few occurrences (9-25 records) were modelled using the alternative technique of Ensembles 212 

of Small Models (ESM) [34]. ESMs are ensembles of bivariate models built with all pair-213 
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combination of the ecological predictors, and are more robust than regular SDMs when 214 

modelling small-ranged species with few occurrences [34]. Species with an insufficient 215 

number of occurrences to build SDM or ESM were not analyzed (n = 50,100). Exceptionally, 216 

ESMs were built with 0.008333 degree-resolution bioclimatic variables (~1 km at the 217 

equator) when the usual resolution did not allow maintaining the minimum number of unique 218 

records (577 spp, ~3 %). In these cases, the resulting maps were resampled at the 0.04167 219 

degree-resolution. Adopting these alternative methods made possible the inclusion of species 220 

that are often in great need of conservation action. 221 

Ensemble models were calculated using the proportional weighted means of 222 

probabilities option, where the contribution of each individual technique is proportional to 223 

its predictive accuracy. The performance of the models was assessed by randomly splitting 224 

data into 10 folds, and for each, using a random 70 % split dataset to calibrate the models 225 

and the remaining 30 % dataset to evaluate their predictive accuracy. Only individual models 226 

performing better than AUC > 0.8 and TSS > 0.7 were used to build each species ensemble 227 

model.  228 

Lastly, ensemble models with evaluation metrics poorer than AUC < 0.8 and 229 

TSS < 0.7 were discarded [35].  230 

 231 

3.2. Refining species distribution models 232 

As an additional precautionary measure, we modified SDMs and ESMs to restrict predictions 233 

to areas geographically close to observed occurrences following the methods described in 234 

Thornhill et al. [36]. We adapted the parameters used to build the distance decay function to 235 

the characteristics of our study area (larger and usually with fewer occurrences per species) 236 

by using a sigma value of 500 km. We chose this value after calibration using values between 237 

50 km and 5000 km. Five hundred km was considered the most suitable choice, especially 238 

because it was able to correct maps of species that are restricted to one slope of the Andean 239 

range (western or eastern), but typically have areas projected as suitable on the opposite slope 240 

where similar climatic conditions exist.  241 

The incorporation of these model modifications has the potential to eliminate some 242 

areas where species are actually present (which can result in some underestimation of the 243 
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network performance). However, conservative approaches such as this are preferred in 244 

conservation research, where it is crucial to minimize false positive errors (e.g. considering 245 

that species are present in regions where they are not), which are especially harmful for 246 

conservation planning [37, 38].  247 

 248 

3.3. Future scenarios 249 

Future projections of species bioclimatic niches for year 2070 were built for two climate 250 

change scenarios from the IPCC fifth Assessment Report. Scenarios from this assessment are 251 

called representative concentration pathways (RCP) and correspond to specific pathways of 252 

accumulation of radiative forcing [39]. We evaluated RCP 4.5, a scenario of intermediate 253 

mitigation of greenhouse gases emissions in which there is a projected increase in average 254 

temperatures of 1.7 – 3.2C by 2100, and RCP 8.5, a business-as-usual high emissions 255 

scenario with a larger projected increase of 3.2 – 5.4C [40, 39]. Projections were calculated 256 

by averaging estimates from two global circulation models (GCMs): the Hadley Global 257 

Environment Model 2 (HadGEM2-ES) and the new Max Planck Institute Earth System 258 

Model (MPI-ESM-LR). 259 

 260 

3.4. Dispersal restrictions in future scenarios 261 

We applied restrictions to species dispersal in future scenarios. Maximum dispersal distances 262 

were different for the different taxa to acknowledge variability in their dispersal ability. For 263 

mammals, annual dispersal was calculated for each species as a function of their body mass 264 

and their feeding habit following equations in Schloss et al. [41]. Dispersal distances for 265 

projections in climate change scenarios have been less studied in other taxa, forcing us to use 266 

simpler rules. In the case of birds, we permitted a dispersal of 3 km/yr [42]. For plants, we 267 

allowed a dispersion of 1 km/yr [43]. We also used a 1 km/yr annual dispersal distance for 268 

amphibians and reptiles, taxa with restricted dispersal ability [44]. Each species SDMs or 269 

ESMs projections were truncated at the permitted dispersal distance. 270 
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 Considering restrictions to species dispersal based on thresholds defined for each 271 

taxonomic group is not ideal but was preferred over unrealistic unlimited dispersal as a 272 

conservative approach. 273 

 274 

3.5. Known limitations of species distribution models 275 

As any model, SDMs are a simplification of the real world [14]. There are several 276 

uncertainties involving the projection of current and future distributions of species, involving 277 

biases in occurrence data and issues with downscaled environmental data, modelling 278 

techniques and projecting distributions in space and time [45, 14]. These uncertainties have 279 

been discussed elsewhere, and are addressed to some extent here [45, 46, 47].  280 

 In this context, it is possible that some of the biases in the occurrence data and 281 

environmental variables has been transferred to distribution models (but see above for 282 

mitigation). There are known problems in the region regarding Worldclim bioclimatic 283 

variables that arise from extrapolating across a restricted number of meteorological stations 284 

[48]. However, we have followed best practices at all steps of the modeling process in order 285 

to minimize the effect of these issues on our data, including: reduction of collinearity in 286 

environmental predictors, use of ensembles of three modeling techniques, ESMs, replication 287 

of bias in background data, use of two GCMs, distance corrections of models, and the 288 

inclusion of restrictions to dispersal. Moreover, despite these weaknesses, SDMs have 289 

potentially less commission errors (i.e. are predicted as occupied by the species where it is 290 

actually absent) than other distribution data, such as species ranges, and are therefore more 291 

suitable for a more conservative approach to conservation evaluations [49], especially in the 292 

case of tropical regions [50]. In the context of conservation, reducing false positives is 293 

important because they can lead to wasted surveillance effort, or concentration of 294 

management effort in inappropriate areas [51].  295 

In summary, although issues with species distribution models are necessary to 296 

acknowledge, their characteristics have made them become an increasingly important tool in 297 

ecology and conservation biology [14]. When used with caution [38], they have great 298 

potential to biodiversity and conservation studies, especially at regions with poor species 299 

data, such as tropical Andes [49].  300 
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4. Set of analyzed species 301 
 302 
Table A1. Number of species by taxonomic group and threat category [9] included in the 303 
analysis. 304 
 305 
Taxa Species CR EN VU NT DD LC NE 

Aves 
1810 12 55 95 119 2 1368 159 

Mammalia 
197 7 11 20 10 19 127 3 

Amphibia 
699 28 79 72 48 58 375 39 

Reptilia 
452 1 3 8 7 5 94 334 

Plants 
13,352 8 98 306 175 18 290 12,457 

Bryophytes 596 0 0 0 0 0 1 595 

Ferns and allies 902 0 2 8 4 0 7 881 

Flowering plants 11,836 8 95 295 169 18 271 10,980 

Gymnosperms  18 0 1 3 2 0 11   1 

Total 16,510 56 246 501 359 102 2254 12,993 

CR: Critically endangered; EN: Endangered; VU: Vulnerable; NT: Near Threatened; DD: 306 
Data Deficient; LC: Least Concern; NE: Not Evaluated 307 
 308 
   309 



 14 

5. Randomization analysis – Expanded details 310 

5.1. Framework and algorithm description 311 

We produced eight randomization tests, one for each of the evaluated periods (1937-1945, 312 

1946-1955, 1956-1965, 1966-1975, 1976-1985, 1986-1995, 1996-2005, and 2006-2015). For 313 

each test, we created 100 alternative random networks (hereafter, ‘random (PA) networks’), 314 

in which a randomization algorithm was used to find an alternative random location for each 315 

PA declared during the period. 316 

Our randomization algorithm  was inspired by Model II in Rodrigues et al. [52] and is 317 

equivalent to the algorithm used in Vos & Cumming [53]. It was implemented in R [22] and 318 

uses the function 'elide' from the 'maptools' library [54]. Specifically, the algorithm repeats 319 

the following routine for each PA declared in a given evaluated period: 320 

1. It finds a new random location for the PA polygon by (1) selecting a new random point 321 

within the limits of the study area, which is used as the new centroid for the polygon, (2) 322 

rotating PA polygon by a value between 0º and 364º, and (3) randomly choosing to flip the 323 

polygon and use its mirror image or not. 324 

2. It evaluates whether random new locations meet three constraints: they do not overlap with 325 

(1) the polygons of PAs declared in previous decades (at their actual location), with (2) 326 

polygons of PA from the same decade already randomized by the algorithm at a previous 327 

step, or with (3) the external border of the study area (without considering countries' internal 328 

frontiers).  329 
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3. A new random location for a PA is accepted if the three constraints are met, and the 330 

algorithm repeats the process for the next PA. If a random location is not accepted, the 331 

algorithm repeats (1) and (2) until an accepted location is found before moving to the next 332 

PA. 333 

Figure A.4: Randomization analysis Framework. Maps show existing and newly declared 334 

PAs in the eight evaluated periods (left column: 1937-1945, 1946-1955, 1956-1965, 1966-335 

1975; right column: 1976-1985, 1986-1995, 1996-2005, 2006-2015). Within each decade-336 

period, the left-hand map (PAs) shows the actual location of PAs and the following maps 337 

show the first three random networks (r1, r2 and r3) resulting from applying the algorithm. 338 

Random networks are formed by existing PAs (yellow) at their actual location, and PAs 339 

declared during the decade (green) at random positions. Figure created in R v4.0.0 340 

(https://cran.r-project.org/). 341 
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5.2. Framework results 342 

Each random network produced is formed by the same catalogue of individual PA polygons 343 

than actual PA networks, and thus they preserve a few important properties: they have the 344 

same (1) total surface-area protected, (2) number of PA units, and (3) distribution of PA sizes 345 

(Fig. A.4). Other PA network properties such as PA shape and perimeter are also preserved. 346 

These PA properties are known to influence PA performance [55] and management cost [56, 347 

57]. For instance, large PAs tend to have reduced management costs because they require 348 

patrolling a smaller perimeter due to a reduced perimeter/area ratio [55]. 349 

Constraints used to ensure constant area protected and distributions of PA size and number 350 

resulted in a semi-random selection of land across 100 repetitions considering a 1km grid 351 

(Fig. A.5). Pixels in the grid that are distant from the study area border and previously 352 

existing PAs tend to have large selection frequencies because the random placement of both 353 

large and small PA polygons is likely to be accepted due to non-overlaps. In contrast, areas 354 

near the study-area boundary and previously existing PAs can only accommodate small PAs 355 

without incurring in non-allowed overlaps, and thus these areas tend to result in smaller 356 

selection frequency.  357 

 358 
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 359 

Figure A.5: Selection frequency across random networks and evaluated periods. The color 360 

scale shows selection frequency on a 1km grid across the 100 random networks in each 361 

randomization test, with darker blue indicating cells with higher selection. PAs declared in 362 

periods older than the period under evaluation (black) maintain their actual location. Figure 363 

created in R v4.0.0 (https://cran.r-project.org/). 364 

 365 

Heterogeneous selection frequency is, however, an expected outcome of the randomization 366 

approach, and it is coherent with real-world situations. Decision-makers will only have the 367 

option to introduce small new PAs in regions where only small patches of unprotected 368 

landscape remain available for selection. Contrastingly, they may have the choice of creating 369 

either one large PA or several small PAs in the case of large regions without previously 370 

existing PAs. However, there are differences with real-world scenarios because our 371 
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framework does not allow for PA polygons to adapt their shapes to fit other PAs or study 372 

area borders naturally, which may prevent some network configurations. Future 373 

randomization algorithms may explore making PA shapes adaptable to other reserves and 374 

political or natural borders.  375 

 376 

5.3. Sensitivity analysis 377 

We tested the sensitivity of the randomization analysis by considering a range of species 378 

representation targets. Specifically, we explored the following cases which present variations 379 

of representation targets:  380 

- Targets scaled by species’ range size: based on the same method described for the 381 

main analysis, in which species’ targets are log-linearly scaled between an upper and 382 

lower thresholds of range size. We assessed the following variations of targets: (1) 383 

lower overall targets, with values scaled between 70% of distributions of species with 384 

a modelled range of 1000 km2 or smaller and 10% for those with ranges of 55,000 385 

km2 or larger; (2) higher targets, especially for range-restricted species, with values 386 

scaled between 100% for species with a modelled range of 500 km2 or smaller and 387 

20% for those with ranges of 100,000 km2 or larger. 388 

- Fixed targets for all species: based on a method where the same target is used for all 389 

species. We assessed the following fixed values (3) 10% of species modelled range; 390 

(4) 17%; (5) 20%; (6) 30%; (7) 40%. The 17% representation target was included 391 

because this value is frequently used in the literature due its connection to the PA-392 

network ecological representativeness Aichi Biodiversity Target 11 [58]. 393 

We found that the main result is robust to target setting variations. Most variations rendered 394 

results equivalent to those presented in the main results (variations 1, and 4-6), in which the 395 

observed representation performance was not significantly larger than that of random 396 

networks for old decades but becomes significantly larger in recent decades of PA expansion 397 

(since 1976-1985 or 1986-1995).  398 
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Some variations did not show the same trend of better performance than random networks in 399 

recent decades (variations 2, 3 and 7). These variations are characterized by representation 400 

targets that are either very small or vary high compared with the targets used in the main 401 

analysis. When targets are set too small (variation 1), most species meet their representation 402 

target by 1975-1995, which results in a minimal number of species left to be included in later 403 

decades. Similarly, setting too high targets (variations 2 and 7) builds a scenario where 404 

random and existing PAs are not able to fulfill the targets.  405 

  406 
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6. Patterns of under-represented species with decadal PA expansions  407 

To aid the interpretation of the randomization analysis results, we produced maps showing 408 

PAs declared each decade overlaid with the richness of under-represented species (i.e., those 409 

with a representation target that is not met by PA coverage). We created the richness maps 410 

by counting the number of species not meeting their representation target in the PA network 411 

composed by areas from older decades, averaged by ecoregion to enhance contrast [59]. 412 

Results are provided for all species (Fig. A.6), threatened species (Fig. A.7), and separated 413 

taxa (Fig. A.8 to A.16). 414 

In general, we found that efficient PAs representing species (i.e., more efficient than expected 415 

at random) were seen for decades where PA expansions concentrated over ecoregions with a 416 

high richness of under-represented species, such as low elevations in the Amazon and 417 

Andean foothills (i.e., the last decade). 418 

  419 
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 420 
Figure A.6. Location of PAs declared each decade (outlined in white) over richness of under-represented species (i.e., number of 421 
species per ecoregion not meeting target in the PA network previous to expansion) for all species. Figure created in R v4.0.0 422 
(https://cran.r-project.org/). 423 

Under-represented 
species 
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 424 

 425 

Figure A.7. Location of PAs declared each decade (outlined in white) over richness of under-represented threatened species. Figure 426 
created in R v4.0.0 (https://cran.r-project.org/).  427 
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 428 

 429 

Figure A.8. Location of PAs declared each decade (outlined in white) over richness of under-represented species for birds. Figure 430 
created in R v4.0.0 (https://cran.r-project.org/).  431 
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 432 
 433 
Figure A.9. Location of PAs declared each decade (outlined in white) over richness of under-represented species for mammals. 434 
Figure created in R v4.0.0 (https://cran.r-project.org/).  435 
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 436 
 437 
Figure A.10. Location of PAs declared each decade (outlined in white) over richness of under-represented species for amphibians. 438 
Figure created in R v4.0.0 (https://cran.r-project.org/).  439 
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 440 
 441 
Figure A.11. Location of PAs declared each decade (outlined in white) over richness of under-represented species for reptiles. Figure 442 
created in R v4.0.0 (https://cran.r-project.org/).  443 
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 444 
 445 
Figure A.12. Location of PAs declared each decade over richness of under-represented species for plants (including gymnosperms, 446 
flowering plants, bryophytes, ferns and allies). Figure created in R v4.0.0 (https://cran.r-project.org/). 447 
  448 
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 449 
 450 
Figure A.13. Location of PAs declared each decade (outlined in white) over richness of under-represented species for gymnosperms. 451 
Figure created in R v4.0.0 (https://cran.r-project.org/).  452 
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 453 
 454 
Figure A.14. Location of PAs declared each decade (outlined in white) over richness of under-represented species for flowering 455 
plants. Figure created in R v4.0.0 (https://cran.r-project.org/). 456 
  457 
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 458 
 459 
Figure A.15. Location of PAs declared each decade (outlined in white) over richness of under-represented species for bryophytes. 460 
Figure created in R v4.0.0 (https://cran.r-project.org/). 461 
 462 
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 463 
 464 
Figure A.16. Location of PAs declared each decade (outlined in white) over richness of under-represented species for ferns and allies. 465 
Figure created in R v4.0.0 (https://cran.r-project.org/). 466 
  467 
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