
Niche centrality and human influence predict rangewide variation in population 1 

abundance of a widespread mammal: the collared peccary (Pecari tajacu) 2 

P. G. Martínez-Gutiérrez1*, E. Martínez-Meyer2, F. Palomares1, N. Fernández1,3 3 

1 Department of Conservation Biology, Estación Biológica de Doñana (CSIC), Américo 4 

Vespucio, S/N, Isla de la Cartuja, 41092, Seville, Spain. 5 

2 Department of Zoology, Instituto de Biología, Universidad Nacional Autónoma de México, 6 

Ciudad Universitaria, Mexico City, 04510, Mexico. 7 

3 German Centre for Integrative Biodiversity Research (iDiv) Halle-Jena-Leipzig, Deutscher 8 

Platz 5e, 04103 Leipzig, Germany. 9 

 10 

E-mails of the authors: Patricia G. Martínez-Gutiérrez pgmtzgtz@gmail.com, Martínez-11 

Meyer emm@ib.unam.mx, F. Palomares ffpaloma@ebd.csic.es, N. Fernández 12 

nestor@ebd.csic.es 13 

*Correspondence: Patricia G. Martínez-Gutiérrez 14 

Running-title: Predicting rangewide population abundance 15 

Keywords 16 

abundance prediction, distribution range, ecological niche modeling, human 17 

influence index, range centroid, spatial abundance patterns. 18 

Abstract: 300 words 19 

Main body: 5212 words 20 

Number of references: 94 21 



 22 

ABSTRACT 23 

Aim 1) To evaluate whether geographic variation in population abundance of a 24 

widespread mammal (Pecari tajacu) is related to its location with respect to the centroid of 25 

its ecological niche, or to the centroid of its geographic range. 2) To assess whether the 26 

abundance-niche centrality relationship defines the maximum expected abundance at any 27 

location, rather than the realized abundance. 3) To test whether including human impacts 28 

improves the abundance-niche centrality relationship, and therefore the prediction of 29 

geographic variation in population abundance.  30 

Location The Americas. 31 

Methods We modeled the ecological niche of the species using occurrence and 32 

environmental data, and created spatial models of distance to the niche centroid (DNC) 33 

and to the geographic centroid (DGC). We tested the relationships between population 34 

abundance and DNC and between abundance and DGC. We evaluated whether the rate 35 

of change in the abundance–DNC relationship was steeper near the upper boundary of 36 

quantile regressions. We tested whether the human influence index (HII) contributed to 37 

improve niche-based predictions of population abundance. Finally, we generated broad-38 

scale predictions of collared peccary population abundances. 39 

Results We found a negative relationship between abundance and DNC and a non-40 

significant relationship between abundance and DGC. The abundance–DNC relationship 41 

was wedge-shaped, steeper in the upper quantile boundary than in the median. HII also 42 

had a negative effect on abundance. The model including DNC and HII was best 43 

supported for predicting the median abundance, while DNC alone was the best to predict 44 

the upper boundary of population abundances.  45 



Main Conclusions Population abundances are associated to the structure of the 46 

ecological niche, especially the maximum abundance expected in an area. Thus the DNC 47 

approach can be useful in obtaining a spatial approximation of potential abundance 48 

patterns at biogeographic extents. To achieve a better prediction of realized abundances it 49 

is critical to consider the human influence.  50 

 51 

INTRODUCTION 52 

Geographic patterns in population abundance are the result of interactions between 53 

species and the different environmental characteristics—biotic and abiotic—that they 54 

experience across their ranges. Understanding these patterns has important practical 55 

conservation implications, such as for identifying critical habitats to protect threatened 56 

species, setting priority areas for protection, forecasting future changes, and for managing 57 

conflicts between humans and wildlife (e.g. Rodríguez et al. 2007, Franklin 2010, Guisan 58 

et al. 2013, Miller 2015). Understanding geographic patterns of abundance is also 59 

important for determining which environmental factors may potentially limit species’ 60 

populations, since spatial variation in abundance may reflect the extent to which local 61 

conditions meet species’ niche requirements (Brown et al. 1995). However, the availability 62 

of abundance data required to address these questions is poor for most species, and 63 

shows strong geographic and taxonomic biases (Newbold 2010). Population data are 64 

especially limited for tropical areas, as compared to higher latitudes (Collen et al. 2008), 65 

and availability is also related to characteristics such as rarity, detectability, or popular 66 

appeal. This lack of abundance data challenges assessments of species’ responses to 67 

anthropogenic threats, as well as evaluating the effectiveness of conservation efforts.  68 

Spatial modeling of abundance derived from distribution models could offer a 69 

practical solution to this problem in theory requiring only occurrence and environmental 70 

covariates as inputs (Peterson et al. 2011). In this regard, different hypotheses have been 71 



proposed to describe relationships between species’ distributions and geographic 72 

variations in abundance. Brown (1984) proposed that the uneven distribution of population 73 

abundances follows a centrality pattern across distribution ranges with abundance greatest 74 

towards the geographic center of each species’ range and declining towards the edges. 75 

This hypothesis implies that the geometry of species’ distributions informs about 76 

environmental conditions affecting population processes. However, questions were raised 77 

about the universality of this relationship in a meta-analysis that included plants, birds, 78 

mammals, fish, and invertebrates, showing that only 39% of 145 separate tests actually 79 

followed that pattern (Sagarin & Gaines 2002).  80 

A recent alternative hypothesis has emerged, proposing that geographic patterns of 81 

abundance are mostly the spatial reflection of the internal structure of the Hutchinsonian 82 

ecological niche of species (Martínez-Meyer et al. 2013). This hypothesis proposes that 83 

local population abundances are determined by the position in the multivariate cloud of the 84 

ecological niche, with higher abundances expected to occur towards the center of the 85 

niche, as defined by environmental conditions (Maguire 1973). This hypothesis has been 86 

supported by a series of empirical studies showing inverse relationships between 87 

population abundance and distance to the ecological niche centroids (DNCs); (Yañez-88 

Arenas et al. 2012, Martínez-Meyer et al. 2013, Jiménez-Cervantes 2015, Ureta et al. 89 

2016, Ureña-Aranda et al. 2015). They assume that this association is defined by a multi-90 

dimensional central-tendency relationship between abundance and environmental 91 

determinants. However, the DNC predictions based on environmental data might inform 92 

about potential abundances expected at each location instead of realized abundances; 93 

even assuming that a relevant subset of environmental limiting factors can be identified 94 

and quantified to define the niche, other environmental, ecological, and demographic 95 

factors may impose additional constraints on population abundances (Cade et al. 1999, 96 



Cade & Noon 2003). Therefore, a wedge-shaped relationship might be expected in which, 97 

both low and high abundances would be found towards the niche centroid (i.e. highest 98 

suitability), whereas marginal niche regions (i.e. lowest suitability) would be characterized 99 

only by low abundances (VanDerWal et al. 2009, Januchowski-Hartley et al. 2011, Tôrres 100 

et al. 2012, Thuiller et al. 2014, Carrascal et al. 2015). An important example of such a 101 

variable would be the effects of human influence on abundances. In this context, we are 102 

considering the negative effects of human influence, those that may limit population 103 

abundance below its potential according to the environmental suitability of the site, e.g. 104 

hunting, pest control, poaching. Nonetheless, the effects could also be positive or null, 105 

depending on the tolerance of the species, the level of human pressures, and the human 106 

attitudes towards wildlife. Wedge-shaped relationships can be analyzed through quantile 107 

regression (Koenker & Bassett 1978), which is a method for estimating functional 108 

relationships between variables at any portion of the probability distribution (Cade & Noon 109 

2003). 110 

Here, we analyzed broad-scale patterns in population abundance in relation to the 111 

niche-centrality hypothesis in the context of different levels of human influence, using the 112 

collared peccary (Pecari tajacu) as a model species. The collared peccary is a broadly-113 

distributed mammal in America that can be found in diverse habitats, from tropical forests 114 

to deserts (Gongora et al. 2011), therefore covering a wide range of climatic conditions 115 

and intensities of human pressure. It is also an important species for conservation, since it 116 

is a key prey species for the largest carnivore predators of the continent (Martínez-117 

Gutiérrez et al. 2015); at the same time, it suffers from the pressure of over-hunting in 118 

some areas due to its importance as a source of hides (animal skin treated for human use) 119 

and protein (Gongora et al. 2011). In this study, first, we tested the hypothesis that the 120 

position of species’ populations in relation to the niche centroid describes abundances 121 



better than the position in relation to the geographic centroid. Second, we tested the 122 

hypothesis that the abundance-niche centrality relationship defines the maximum expected 123 

abundance at any location, rather than the realized abundance owing to the unmeasured 124 

factors. Third, we evaluated whether accounting for human influence as well as DNC 125 

explains geographic variation in population abundance better than DNC alone. At last, we 126 

generated a spatial predictive map of population abundance across the species range. 127 

 128 

METHODS 129 

Species data 130 

We compiled occurrence data for the collared peccary from the following digital public 131 

databases: VertNet beta (http://portal.vertnet.org/search), UNIBIO (http://unibio.unam.mx/), 132 

REMIB (http://www.conabio.gob.mx/remib/doctos/remib_esp.html), SpeciesLink 133 

(http://splink.cria.org.br), ArctosDatabase 134 

(http://arctos.database.museum/SpecimenSearch.cfm), Global Biodiversity Information 135 

Facility (http://www.gbif.org/), and Mammal Species of the World, Smithsonian Institution 136 

(http://collections.nmnh.si.edu/search/mammals/). We reviewed the geographic 137 

coordinates of each observation based on the descriptions of localities in the original 138 

databases, and only used observations from the period 1940-2013, which resulted in 402 139 

occurrence records. We also included 86 locations of density observations (see below) as 140 

known occurrences (from the period 1980-2015). Finally, we translated point data into a 141 

grid of 0.02° spatial resolution (approx. 2 km in the study region), resulting in 453 unique 142 

grid cells known to hold collared peccary, see Table S1 (in Supporting Information), and 143 

Fig. 1. This size is roughly comparable to the average home range size of herds of the 144 

collared peccary (mean = 1.5 km2; range = 0.24 - 8.00 km2; Gongora et al. 2011).  145 



We collected population abundance data from across the species’ range by 146 

systematically searching publications in research journals and theses, using the 147 

bibliographic databases Scopus (https://www.scopus.com/), Google Scholar 148 

(https://scholar.google.com/) and Web of Science (http://www.webofknowledge.com) using 149 

different combinations of the terms Pecari tajacu, density, abundance, densidad. From 150 

each publication we georeferenced the study location(s) and recorded population density 151 

estimates (ind/km2), or calculated them from available data. As a result we compiled 86 152 

density records corresponding to 81 unique grid cells, although we decided to use only 75 153 

density estimates based on observations along line transects —the method most 154 

commonly employed—, so we could reduce the potential bias associated to the use of 155 

different sampling techniques. For grid cells with more than one density estimate we 156 

calculated the mean value resulting in a total of 72 unique grid cells of 0.02° spatial 157 

resolution (see Table S2, and Appendix S1).  158 

Environmental variables 159 

To characterize the species’ niche, we selected 13 environmental variables: 9 bioclimatic, 160 

3 topographic and one of primary productivity. Climate variables were drawn from the 161 

WorldClim database, version 1.4, which provides monthly average information for the 162 

period 1950-2000 at spatial resolution of 30’’ (approx. 1 km) (Hijmans et al. 2005). 163 

Bioclimatic variables included isothermality, temperature annual range, mean temperature 164 

of warmest quarter, mean temperature of coldest quarter, precipitation of wettest month, 165 

precipitation seasonality, precipitation of driest quarter, precipitation of warmest quarter, 166 

and precipitation of coldest quarter. We did not use the other 10 bioclimatic layers from 167 

WorldClim to characterize the species niche owing to high correlation with all the selected 168 

variables (at least one Pearson’s r > 0.85; e.g. Booth et al. 1994, Elith et al. 2006, Elith et 169 

al. 2010). Topographic variables included elevation, aspect, and slope, all calculated from 170 



the digital elevation model of the shuttle radar topography mission (STRM), also at a 171 

spatial resolution of 30’’ (Farr et al. 2007). Mean annual net primary production was 172 

calculated from the Global Production Efficiency Model product, derived from the 173 

Advanced Very High Resolution Radiometer for the period 1981-2000 at a spatial 174 

resolution of 8 km (Prince and Goward 1995, Prince & Small 2003). Finally, all layers were 175 

resampled to a grid size of 0.02° resolution, which is roughly comparable to the average 176 

home range size of herds of the collared peccary (see above in species data), and allowed 177 

computational tractability. 178 

Human impact  179 

For analyzing human impacts on landscapes, we used the Global Human Influence Index 180 

(HII) dataset of the Last of the Wild Project, version 2 (WCS et al. 2005). This dataset 181 

integrates information from eight layers related to human population densities, land use, 182 

infrastructure, and human access. As with previous layers, we resampled the data to 183 

match the 0.02° grid resolution.  184 

Ecological niche modeling   185 

We modeled the ecological niche of the collared peccary by using three algorithms: GARP, 186 

Maxent, BIOCLIM, and an ensemble approach of model consensus. We selected these 187 

algorithms because all of them are designed for predicting species’ distributions when 188 

presence-only data are available. We evaluated the performance of all models, and 189 

retained the best model for posterior analyses. We specifically used the following protocol: 190 

1) We delimited the study area by generating a 100-km buffer around the 191 

distributional range of the collared peccary based on the IUCN distribution map (IUCN 192 

2011) and around observations from the present study that fell outside the IUCN 193 

distribution map. We took the union of these two layers to generate the study area (see 194 



Fig. 1). We assumed that this area reflects the geographic region that has been accessible 195 

to the species over relevant time periods (M in the BAM framework; Peterson et al. 2011).  196 

2) We randomly chose 20% of the 453 unique occurrences of collared peccary and 197 

left them aside for model evaluations. Thus, we used the remaining 363 occurrences and 198 

the environmental values (see the section environmental variables) correspondent to the 199 

extent of the study area for models development. 200 

3) We modeled the ecological niche of the collared peccary using GARP (Genetic 201 

Algorithm for Rule-set Production; e.g. Kumara & Suganthasakthivel 2011, Sobek-Swant 202 

et al. 2012, Peterson et al. 2014, Gentry et al. 2016), a machine-learning algorithm that 203 

works in an artificial-intelligence framework. GARP detects nonrandom relationships 204 

between species’ occurrences and pseudo-absences in relation to environmental 205 

variables. Model results can be projected into geographic space to generate potential 206 

distribution maps (Stockwell & Noble 1992, Stockwell & Peters 1999). GARP uses 4 207 

methods to calculate species-environment relationships and generate prediction rules. 208 

These rules result from an iterative process of rule construction and evaluation, in which 209 

each prediction is used to improve the next iteration (Stockwell & Noble 1992, Stockwell & 210 

Peters 1999). Models were fit using Desktop GARP v.1.1.6 (Scachetti-Pereira 2002).  211 

We iteratively fitted 100 GARP models through randomly splitting the sample into 212 

two subsets: 80% of occurrences (i.e. 290) for calibrating the model, and the remaining 213 

20% (i.e. 73) for testing the model. In each iteration, GARP produces a binary model and 214 

compares it with test observations. We retained the 20 models with the lowest omission 215 

error according to these tests, and then reduced this set to the 10 models closest to the 216 

median predicted area (Anderson et al. 2003). In this way, we ruled out potentially 217 

overfitting models and models that present overly large predicted areas (Pearson et al. 218 



2007). The predictions of the 10 binary models were summed to produce a final 219 

consensus model with values ranging between 0 and 10.  220 

4) We modeled the ecological niche of the collared peccary using Maxent 221 

(Maximum entropy; e.g. Lee et al. 2012, McClellan et al. 2014, Trainor et al. 2014), a 222 

machine-learning method that estimates a probability distribution for species’ occurrences 223 

by finding the distribution of maximum entropy (that which is closest to uniform), subject to 224 

constraints defined by the environmental parameters input into the model (Phillips et al. 225 

2006). Models were fitted through the software Maximum Entropy Species Distribution 226 

Modeling v.3.3.3k (Phillips & Dudík 2008), using the ‘crossvalidate‘ method of data 227 

partitioning, which consisted in using 80% (i.e. 290) of the presence records as training 228 

data and the remaining 20% (i.e. 73) for evaluation in five replicates. Maxent’s cumulative 229 

output (mean of the 5 replicates), and default settings for features, regularization multiplier, 230 

and number of background points were utilized.  231 

5) We modeled the ecological niche of the collared peccary using BIOCLIM (Nix, 232 

1986; e.g. Hijmans et al. 2006, Rödder et al. 2009, Simões-Gomes et al. 2017), which 233 

computes the similarity of a location by comparing the values of environmental variables at 234 

any location to a percentile distribution of the values at known locations of occurrence 235 

(Hijmans et al. 2017). The closer to the 50th percentile, the more suitable the location is 236 

(Rödder et al. 2009). We fit the models in R (R Core Team 2014) by using the dismo 237 

package (Hijmans et al. 2017); in this implementation percentile scores are between 0 and 238 

1. We built 5 model replicates by randomly choosing the 80% (i.e. 290) of the occurrences 239 

without replacement. Then we took the five BIOCLIM outputs and calculated the mean. 240 

6) To transform the models into discrete binary maps of presence/absence it is 241 

necessary to select a threshold. For this purpose, we first defined a user-selected 242 

parameter E, which refers to the amount of error associated with the presence localities, 243 

we set E = 5%, since there could be some error associated to our dataset. Next, we 244 



identified the lowest predicted value associated with any one of the presence records (i.e. 245 

lowest presence threshold ‘LPT’, Pearson et al. 2007). We then set our threshold at LPT-E 246 

(i.e. from the distribution of predicted values associated with presence records, we 247 

eliminated the lowest 5% and set our threshold at the remaining lowest value). 248 

Additionally, we built a binary map of presence/absence through an ensemble 249 

approach of model consensus, i.e. we consider as presence the grid cells where all the 3 250 

models coincided in their presence prediction. 251 

7) We evaluated the performance of the models by three different methods using 252 

an independent data set of occurrences for model evaluation (see point 2):  a) an omission 253 

error test, which examines the percentage of test occurrences predicted absent by the 254 

niche models (Saupe et al. 2011); b) the binomial cumulative probability, a test that 255 

incorporate dimensions of correct prediction of both presences (based on success in 256 

predicting independent test data) and absences (based on proportion of the area predicted 257 

present, which is taken as the probability of a success) (Williams & Peterson 2009, De 258 

Meyer et al. 2010); and c) the partial Receiver Operating Characteristic (partial ROC; 259 

Peterson et al. 2008, Costa et al. 2009, Saupe et al. 2011). The area under the curve 260 

(AUC) in ROC analyses is a threshold-independent measure of model performance as 261 

compared to null expectations. By implementing a threshold on the 1-omission error (y) 262 

axis, calculation of partial ROC is restricted to the region of high model sensitivity (low 263 

omission error). To compare model ROC AUC ratios with null expectations, the dataset 264 

was bootstrapped 500 times taking the 50% of the data with replacement, and setting the 265 

omission error at 5%. Then, using a wilcox test, we tested the null hypothesis that the 266 

difference between AUC ratios from model prediction and AUC ratios at random is ≤ 0. We 267 

used the Barve (2008) Visual Basic routine to calculate AUC ratios.  268 

Geographic variation in local population abundance  269 



To obtain the geographic centroid, we calculated the geometric center of the polygon that 270 

represented the geographic distribution of the species according to the map of potential 271 

distribution. For this purpose, we used the feature to point tool of ARC/INFO ver.10.1. 272 

(ESRI 2011), which calculates the centroid of a polygon using a center of gravity (center of 273 

mass)-based algorithm. Then we calculated the geographic distance (km) from each of the 274 

density observation sites to the geographic centroid. We tested the relationship between 275 

local population densities and distance to the geographic centroid (DGC) using a 276 

generalized least squares regression analysis (GLS) with a power variance function 277 

structure (Pinheiro & Bates 2000) to model variance heterogeneity.  278 

Following Martínez-Meyer et al. (2013), the niche centroid is calculated in 279 

“environmental space”, and it represents the multidimensional point where all the 280 

environmental variables used to model the niche of the species reach their mean. 281 

Therefore, to obtain the spatial model of DNC we first extracted the values of the 13 282 

environmental characteristics of each grid cell with a presence prediction according to the 283 

binary distribution map, which represents a list of all unique environmental combinations 284 

along the geographic distribution of the species. To allow direct comparisons among the 285 

13 dimensions of the ecological niche we convert them to a common scale with mean = 0 286 

and standard deviation = 1 by a standardization procedure. In this way, the 287 

multidimensional niche centroid is actually the point in which the value of all variables is 0. 288 

Finally, we calculated multidimensional Euclidean distance from each grid cell with a 289 

presence prediction to the niche centroid as follows: 290 

 291 

DNC = Σ μ 	 	 2 292 



where DNC = distance to the niche centroid,	μ 	= mean of variable j (standardized value = 293 

0), and  = value of the variable j in grid cell i. 294 

We represented DNC in a raster map, and rescaled the values between 0 and 1, 295 

with 0 representing the shortest distance to the niche centroid and 1 the largest distance to 296 

this centroid. We analyzed relationships between DNC and the 72 local population 297 

densities of collared peccary using a GLS with power variance-function structure (Pinheiro 298 

& Bates 2000). In addition, we evaluated whether the rate of change in local abundance 299 

was steeper near the upper boundary of the conditional distribution using quantile 300 

regression analyses (Koenker & Bassett 1978). Quantile regression is a method for 301 

estimating functional relationships between variables at any portion of the probability 302 

distribution of the relationship between the response and the predictor, instead of only in 303 

the mean response (Cade & Noon 2003). The significance of the regression at each 304 

quantile was assessed by constructing confidence intervals through a Huber sandwich 305 

estimate of the covariance (Koenker & Machado 1999). We evaluated the 50th and 90th 306 

percentiles representing the central response in population abundance and the upper limit 307 

of abundance, respectively. We compared the results using an ANOVA test of equality of 308 

slopes (Koenker 2005).  309 

We tested effects of the human influence on the population-abundance niche-310 

centrality relationship with two different analyses. First, we tested whether the deviation in 311 

the observed abundance from the abundance predicted by the quantile regression models 312 

could be explained by the human influence index (HII). For this purpose, we fit a linear 313 

regression model with the residuals of the quantile regressions as the response variable 314 

and the HII as predictor (i.e. one model for the 50th and one for the 90th percentile). 315 

Second, we evaluated a quantile regression model including both DNC and HII. To 316 

compare the relative contributions of the two factors, we standardized the variables to 317 



convert them to a common scale with mean = 0 and standard deviation = 1. Then, we 318 

selected the best model at each quantile between three competing models: a model with 319 

DNC exclusively; a model including DNC and HII; and a null model of no effect. Model 320 

selection was performed calculating the Akaike Information Criterion (AIC) and Akaike 321 

weights (wi) (Burnham & Anderson 2002). Finally, we used the coefficients of the best 322 

model selected for each quantile to generate spatial predictions of local abundances. We 323 

only extrapolated spatial predictions for the observed rank of abundance. 324 

All the analyses were conducted in R (R Core Team 2014), using the package 325 

spTimer (Bakar & Sahu 2012) to obtain the distance to the geographic centroid; the 326 

package nlme for estimation of generalized least square linear models (Pinheiro & Bates 327 

2000); and the quantreg package for quantile regressions (Koenker 2015). 328 

 329 

RESULTS 330 

Ecological niche modeling 331 

Results from the evaluation analyses showed that GARP presented the lowest percentage 332 

of omission error. The binomial test showed that models predictions were better than 333 

expectations under random models. In contrast, according to the partial ROC, the AUC 334 

ratios were no better than null expectations for BIOCLIM. The mean partial ROC AUC ratio 335 

across the replicates was highest for GARP, followed by Maxent (Table 1). Therefore, we 336 

retained the GARP binary model for the abundance analyses. Our results are consistent 337 

with other studies in which GARP performance was similar or better than other algorithms 338 

(Peterson et al. 2008, Costa et al. 2009, De Meyer et al. 2010, Saupe et al. 2011, Gómez-339 

Ruiz & Lacher 2017, Montenegro et al. 2017). The threshold value of consensus to 340 

produce the GARP binary model of presence/absence was = 7 (of the 10 best subset of 341 



models). The resulting potential distributional area (from the southern USA to Argentina) is 342 

shown in Fig. 1, as well as the spatial model of DNC. 343 

Binary maps of presence/absence obtained from Maxent and BIOCLIM, and the 344 

ensemble of consensus between algorithms, are shown in Figs. S1, S2, and S3, 345 

respectively. Results of analyses based on Maxent predictions instead of GARP are 346 

shown in Appendix S2, Tables S3, S4, and S5. 347 

Geographic variation in local population abundance  348 

The GLS model showed that the local population abundance was significantly negatively 349 

associated with DNC (regression coefficient = -31.54  6.93 SE; P = 0), (Fig. 2). The 350 

alternative model, relating population abundance to DGC, was not supported (regression 351 

coefficient = -0.0006  0.0003 SE; P = 0.08; AIC = 356.46 vs. 388.04, respectively). 352 

Quantile regression analyses indicated a stronger relationship between abundance 353 

and DNC for the 90th percentile (quantile regression coefficient = -55.18  17.10 SE; P < 354 

0.01) than for the 50th percentile (quantile regression coefficient = -26.20  6.55 SE; P < 355 

0.001), (Fig. 2). These results suggest that local population abundances were lower at 356 

longer distances to the niche centroid, and that this effect was stronger at the upper limit of 357 

the abundance distribution. Nonetheless, the difference between the slopes wasn’t 358 

significant according to ANOVA test of equality of slopes (F1, 143 = 3.21, P = 0.08).  359 

We found that the residuals of the 0.50 and 0.90 quantile regressions based on 360 

DNC were significantly and negatively associated with HII (regression coefficient for 361 

quantile 0.50 = -0.08  0.03 SE; P = 0.02; regression coefficient for quantile 0.90 = -0.09  362 

0.03 SE; P = 0.01), (Fig. 3). This result indicates that lower population abundances than 363 

expected from the DNC model are associated with higher human influence. Quantile 364 

regression analyses also showed negative effects of HII on population abundance, 365 



although it was significant only for the 0.50 quantile (Table 2). However, the ANOVA test of 366 

equality of slopes showed that the difference between the slopes wasn’t significant (F 2, 142 367 

= 1.71, P = 0.18). The effect of DNC was comparatively stronger than the effect of HII at 368 

both percentiles (Table 2). Model selection results between all models tested are shown in 369 

Table 3: for the 50th percentile, the best model included both DNC and HII as predictors; 370 

while for the 90th percentile, the best model considered only DNC. Based on these results, 371 

we built spatial models of expected abundances for the 50th and 90th percentile, which 372 

ranked 0.0004 - 6.59 ind/km2 for the 50th, and up to 11.60 ind/km2 for the 90th percentile 373 

(Figs. 4 and 5, respectively). 374 

 375 

DISCUSSION 376 

We investigated range-wide spatial patterns in population abundance in relation to 377 

the niche centrality hypothesis and human influence using as a case study a broadly-378 

distributed prey mammal of high conservation and societal importance. Specifically, we 379 

assessed whether the distance to the niche centroid (DNC) could predict geographic 380 

patterns of population abundance of the collared peccary. Further, we tested the 381 

relationship between abundance and distance to the geographic centroid (DGC), and we 382 

evaluated whether abundance predictions from DNC were improved by including effects of 383 

the human influence. The latter test was particularly important since population abundance 384 

of many species is affected by humans, and yet this influence has been often overlooked 385 

in broad-scale studies of the relationship between species abundances and ecological 386 

niches. 387 

We found a significant, negative relationship between local population abundance 388 

and DNC. In contrast, the relationship between population abundance and DGC was not 389 

significant. These two results support the hypotheses that spatial patterns in local 390 



abundance are associated with the environmental structure of the Hutchinsonian niche 391 

(Yañez-Arenas et al. 2012, Martínez-Meyer et al. 2013, Jiménez-Cervantes 2015, Ureña-392 

Aranda et al. 2015, Ureta et al. 2016), but not to the geographic position in relation to the 393 

species distribution (Yañez-Arenas et al. 2012, Martínez-Meyer et al. 2013). Nonetheless, 394 

our analyses point out additional characteristics of this relationship with the following 395 

important implications for the niche modeling of spatial patterns in population abundance.  396 

First, variability in local population abundances increases with the proximity to the 397 

niche centroid, indicating that abundance is limited by the set of environmental variables 398 

used to determine the ecological niche (climatic, topographic, and primary productivity), 399 

but it can be modified and reduced by other factors not considered at the first place.  400 

Second, the influence of human activities decreases abundance below values 401 

predicted under the niche centrality hypothesis. Negative effects of human impact on 402 

abundances of wildlife species are widely documented (e.g. Brashares et al. 2001, Peres 403 

2001, Barlow & Peres 2006, Aquino et al. 2007, Peres & Palacios 2007, Fahring & 404 

Rytwinski 2009, Urquiza-Haas et al. 2011, Gutzwiller et al. 2015), and therefore should be 405 

taken into account to depict broad-scale spatial patterns. In the case of the collared 406 

peccary, population abundances are affected by hunting (Peres 1996, Altrichter 2005, 407 

Peres & Nascimento 2006, De Azevedo & Conforti 2008, Flesher & Laufer 2013, Suarez et 408 

al. 2013) and habitat degradation (Peres et al. 2003, De Azevedo & Conforti 2008, Parry et 409 

al. 2009, Suarez et al. 2013). In this regard, the global human influence index used in this 410 

study turned out to be a useful proxy for human threats. 411 

Model selection results showed that although maximum abundance is driven 412 

primarily by the environmental dimensions, median abundance is better explained by 413 

models also considering the human pressure. Thus, our results point out the need to 414 

include other variables that may be limiting populations below their potential in order to 415 



improve the accuracy of abundance predictions. Otherwise, predictions based on the DNC 416 

model seem to provide information about the carrying capacity rather than actual 417 

abundance patterns. However, to include such variables as predictors in the niche 418 

modeling process itself (rather than in post hoc processing steps) might be not feasible 419 

because it could reduce sample size, since occurrence records must correspond 420 

temporally to predictor data sets (Peterson et al. 2011), and data available for these kind 421 

of predictors (e.g. the human influence index) usually correspond to a narrow period of 422 

time. Further, including such information separately in exploratory models allows explicit 423 

assessment of human impacts as a separate factor that may or may not be significant.  424 

Some limitations of the DNC approach are that it assumes centrality and 425 

unimodality in the distribution of abundance in relation to environmental variables, and that 426 

it doesn’t capture the population fluctuations in time (Yañez-Arenas et al. 2012). Its 427 

performance in predicting patterns of abundance is affected by sampling bias in the 428 

occurrence data, and sample size; therefore, the accuracy of the predictions will depend 429 

on the quantity and quality of the data used (Yañez-Arenas et al. 2014). Additionally, the 430 

strength of the relationship between DNC and abundance decreases when dispersal 431 

capacity is high, because the species could move to sites with lower suitability (i.e. further 432 

away from the niche centroid) and therefore increase its abundance in those sites (Osorio-433 

Olvera et al. 2016). Finally, any representation of the ecological niche may be only partial, 434 

since in most instances it is very difficult to consider all the axes of the multidimensional 435 

niche (Yañez-Arenas et al. 2014). Other approaches (different from the DNC) that have 436 

tested the relationship between abundance and environmental suitability values from niche 437 

models (e.g. Nielsen et al. 2005, VanDerWal et al. 2009, Tôrres et al. 2012, Weber & 438 

Grelle 2012, Gutiérrez et al. 2013, Bean et al. 2014, Thuiller et al. 2014, Carrascal 2015, 439 

Weber et al. 2016) have reported a wide range of results, from strong to non-significant 440 

relationships. Among these studies, Weber et al. (2016), performed a meta-analysis in 441 



which they found that Ecological Niche Models that used other environmental variables 442 

(including disturbance variables) in combination to climate, generated environmental 443 

suitability values that exhibited higher correlation with abundance than models generated 444 

using only climatic variables, which supports our findings. 445 

We conclude that the species abundance is related to the structure of the 446 

Hutchinsonian niche (here defined in a reduced set of environmental dimensions), in 447 

particular the maximum abundance expected in an area. Therefore, the DNC approach 448 

can be useful in obtaining a spatial approximation of the potential abundance patterns at 449 

biogeographic scales. However, to achieve a better spatial approximation of realized 450 

abundances it is important to take into account effects of human impact. DNC abundance 451 

estimates can be generated from public databases, its calculation is simple, it is effective 452 

for large regions, and it is based on ecological foundations; as such, our findings are 453 

particularly relevant in planning conservation strategies and setting public policies for 454 

species with geographic ranges for which only occurrence data are available. 455 
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TABLES 848 

Table 1 Results obtained in the analyses used to evaluate the distribution models of 849 

Pecari tajacu. 850 



The partial ROC can’t be calculated for the Ensemble approach that we used, since is not 851 
applicable to a binary model.   852 

Aproach Omission test  Binomial test   partial ROC 

   %   P  mean AUC ratio P 

Maxent   15.56   < 0.000001   1.1  0.043 

GARP   2.22  < 0.000001   1.23  0.042 

BIOCLIM  5.56  < 0.000001   1.02  0.472 

Ensemble  17.78  < 0.000001   -----  -----  



Table 2 Quantile regression model results for the effects of distance to niche centroid 853 

(DNC) and the human influence index (HII), on the median (0.50 quantile) and upper limit 854 

(0.90 quantile) of abundance of Pecari tajacu (ind/km2). The standardized coefficients 855 

(Stand. Coeff.) are also shown to compare the two predictors. 856 

   857 

Quantile (τ) Predictor Coefficient SE  P  Stand. Coeff. 

0.50  DNC  -23.30  6.67  < 0.001  -1.03 

  HII  -0.09  0.02  < 0.001  -0.97 

0.90  DNC  -54.82  18.23  < 0.01  -2.43 

  HII  -0.01  0.11  0.96  -0.06 



Table 3 Model selection between quantile regression models (Akaike Information Criterion 858 

- AIC, and the Akaike weights - wi) on the median (0.50 quantile) and upper limit (0.90 859 

quantile) of abundance of Pecari tajacu (ind/km2). Y ~ 1 = null model of no effect. Y ~ DNC 860 

= Pecari tajacu abundances as a function of distance to the niche centroid. Y ~ DNC + HII 861 

= Pecari tajacu abundances as a function of distance to the niche centroid and the human 862 

influence index. The best model for each quantile according to the Akaike weights is 863 

indicated in bold. 864 

    Quantile (τ) 0.50   Quantile (τ) 0.90 865 

Model    AIC  wi   AIC  wi 866 

Y ~ 1      376  0.00   432  0.01 867 

Y ~ DNC   368  0.04   423  0.72 868 

Y ~ DNC + HII   362  0.96   425  0.28 869 

  870 



FIGURE LEGENDS 871 

Figure 1 Model of the ecological niche of Pecari tajacu representing the distance to the 872 

niche centroid (DNC), with values from 0 (green) to 1 (red).  Absence prediction is 873 

represented in gray. Black points represent 453 occurrence data (one per grid cell), from 874 

which 72 (white points) were associated to an abundance record of the species (ind/km2). 875 

White star represents the geographic centroid. Coordinate system: World Mollweide, 876 

Projection: Mollweide, Datum: WGS1984. 877 

Figure 2 Relationship between local population abundance of Pecari tajacu and niche 878 

centrality (from 0 = nearest from niche centroid to 1 = farthest from niche centroid). Gray 879 

lines represent the quantile regressions for the 90th (upper line) and 50th percentiles. The 880 

dashed line represents the linear regression (GLS) with power variance function structure.  881 

Figure 3 Regression of the human influence index on the residuals obtained from the 882 

relationship between local population abundance of Pecari tajacu (ind/km2) and distance to 883 

the niche centroid. The upper line represents the regression on the residuals of the 0.50 884 

quantile regression (white dots) and the lower line is the regression on the residuals of the 885 

0.90 quantile regression (gray dots).  886 

Figure 4. Abundance prediction of Pecari tajacu along its potential geographic range 887 

based on the effect of distance to the niche centroid and the human influence index on the 888 

observed median density (50th percentile). We only extrapolated spatial predictions for the 889 

observed rank of abundances, therefore in gray we represent areas with an abundance 890 

prediction below the minimum observed. Coordinate system: World Mollweide, Projection: 891 

Mollweide, Datum: WGS1984. 892 

Figure 5. Abundance prediction of Pecari tajacu along its potential geographic range 893 

based on the effect of distance to the niche centroid on the observed carrying capacity 894 



(90th percentile). We only extrapolated spatial predictions for the observed rank of 895 

abundances, therefore in gray we represent areas with an abundance prediction below the 896 

minimum observed; and in purple areas with an abundance prediction above the maximum 897 

observed. Coordinate system: World Mollweide, Projection: Mollweide, Datum: WGS1984. 898 
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