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ABSTRACT

Aim The method used to generate hypotheses about species distributions, in
addition to spatial scale, may affect the biodiversity patterns that are then observed.
We compared the performance of range maps and MaxEnt species distribution
models at different spatial resolutions by examining the degree of similarity
between predicted species richness and composition against observed values from
well-surveyed cells (WSCs).

Location Mexico.

Methods We estimated amphibian richness distributions at five spatial resolu-
tions (from 0.083° to 2°) by overlaying 370 individual range maps or MaxEnt
predictions, comparing the similarity of the spatial patterns and correlating pre-
dicted values with the observed values for WSCs. Additionally, we looked at species
composition and assessed commission and omission errors associated with each
method.

Results MaxEnt predictions reveal greater geographic differences in richness
between species rich and species poor regions than the range maps did at the five
resolutions assessed. Correlations between species richness values estimated by
either of the two procedures and the observed values from the WSCs increased with
decreasing resolution. The slopes of the regressions between the predicted and
observed values indicate that MaxEnt overpredicts observed species richness at all
of the resolutions used, while range maps underpredict them, except at the finest
resolution. Prediction errors did not vary significantly between methods at any
resolution and tended to decrease with decreasing resolution. The accuracy of both
procedures was clearly different when commission and omission errors were exam-
ined separately.

Main conclusions Despite the congruent increase in the geographic richness
patterns obtained from both procedures as resolution decreases, the maps created
with these methods cannot be used interchangeably because of notable differences
in the species compositions they report.
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INTRODUCTION

Studies of the geographic distribution of species diversity on a

broad scale are essential tasks in ecology, macroecology and

biogeography. However, it is not easy to assess biodiversity pat-

terns in regions where collecting efforts are limited, particularly

where biodiversity is high (Soberón, 1999). Given the incom-

plete information about species geographic distributions, two

main approaches are used to generate hypotheses on the spatial

distribution of species diversity: range maps and species
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distribution models (SDMs). Overlaying species range maps has

been the traditional and most commonly used approach

(McPherson & Jetz, 2007; Hawkins et al., 2008; Hortal, 2008). A

range map represents the extent of occurrence of the species,

and is defined as ‘the area contained within the shortest con-

tinuous imaginary boundary which can be drawn to encompass

all the known, inferred or projected sites of present occurrence

of a taxon, excluding cases of vagrancy’ (IUCN, 2001).

Commonly, range maps are drawn by experts who use the

original records as their source of information as well as their

own knowledge to establish the boundaries, shape and size of a

species’ distribution (Gaston, 1996; Brown & Lomolino, 1998).

Geographic representations generated by this procedure gener-

ally overestimate real occupancy (Graham & Hijmans, 2006; Jetz

et al., 2008) since they fill the internal unoccupied areas in the

species’ distribution area that might be caused by unfavourable

habitat conditions or the metapopulation dynamics of the

species itself (Pulliam, 2000; see Fig. 1). At the lowest resolution,

each of the individuals of a species occupies a unique site at the

same time so the distributions of presence–absence or abun-

dance are interchangeable. Tracking the location of these indi-

viduals over time would produce a geographic representation of

which of the gaps within the distribution area would diminish

over time. Thus, range maps can be considered spatial approxi-

mations of an unachievable reality that are highly dependent on

the spatial and temporal scale being used; representations that

mainly delimit the approximate location of the known distribu-

tion without considering the habitat, demographic or the biotic

factors responsible for the occurrence of a species within the

area favourable for their distribution (see Fig. 1).

SDMs are being applied increasingly to generate predictions

about the geographic distribution of species using the available

species presence information and environmental variables as

predictors (Franklin, 2009). As reliable absence information is

frequently lacking, modellers primarily make use of the available

easy-to-use techniques that, like MaxEnt, have been recom-

mended in comparative studies (Elith et al., 2006) and only

require information on species presence. Although we recognize

that without absence data it is impossible to know if the predic-

tions represent the realized distribution area (Jiménez-Valverde

et al., 2008, 2011), we apply this modelling technique in order to

show the reliability of the predictions obtained with it and

compare them with those obtained using classical range maps.

Several authors have indicated that the conclusions of studies

based on species richness values, both to estimate spatial distri-

bution and the relationship between distribution and different

variables, may depend on the type of data and the resolution

used for the analysis (Hurlbert & White, 2005; Graham &

Hijmans, 2006; Hurlbert & Jetz, 2007; McPherson & Jetz, 2007).

However, the evaluation of species richness maps generated by

different methods is hindered by our lack of knowledge about

the real distribution of species (Graham & Hijmans, 2006). In

vagrants

distance

Negative biotic
interactions

Metapopulation dynamics and unfavourable habitats

generally favourable but uncolonized regions

Figure 1 Schematic representation of the distribution of a species modified from Gorodkov (1986a,b) and Gaston (2003). Light grey areas
represent the sites where the species is present and darker areas are regions that are environmentally favourable but uninhabited owing to
dispersal limitations or biological interactions. The occupied area may include inhabited sites both under suitable and unsuitable
environmental conditions, and the unoccupied area may include environmentally suitable sites. Expert maps tend to exclude these
unoccupied but suitable sites as well as those beyond the line of periodic extinction. Generally, species distribution models are unable to
predict the environmentally favourable but unoccupied sites because their accurate prediction requires reliable information about species
absence and predictors that are able to account for the effects of these limiting factors (Lobo et al., 2010). See Jiménez-Valverde et al. (2011)
for an explanation of the relation between this distribution representation and niche concept.
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order to address this, we examine the relative performance of

range maps drawn by experts and SDM maps at different reso-

lutions by assessing the concordance between predicted species

richness and composition against observed real values previ-

ously obtained for each resolution.

METHODS

Range maps

We obtained digital range maps for 363 of the 370 amphibian

species native to Mexico from the Global Amphibian Assess-

ment database (IUCN et al., 2006). The range maps for the other

seven species (Craugastor galacticorhinus, Eleutherodactylus

planirostris, Incilius campbelli, Plectrohyla miahuatlanensis,

Ptychohyla macrotympanum, Pseudoeurycea orchileucos and

Pseudoeurycea orchimelas) were digitized using information

from Mendelson (1997), Duellman (2001), Brodie et al. (2002),

Canseco-Márquez & Smith (2004), Meik et al. (2006) and Frost

(2008). All 370 vector format maps were converted to raster

format using a resolution of 0.083° (i.e. grid cells of 5′ or c. 10 ¥
10 km) with the IDRISI Kilimanjaro GIS software (Clark Labs

Idrisi Kilimanjaro, 2004), and subsequently overlapped to gen-

erate a representation of the distribution of species richness in

Mexico (24,997 grid cells).

Species distribution models

We obtained georeferenced data for the 370 amphibian species

from three different databases: the National Commission of

Biodiversity (CONABIO, see Appendix S1 in Supporting

Information for the sources of the data), HerpNet (http://

www.herpnet.org) and GBIF (http://www.gbif.org). The data set

was taxonomically standardized following Frost (2008) and the

records for each species double-checked using spreadsheets and

GIS to detect duplicates, possible errors in georeferencing and in

species nomenclature. The final version of this database com-

prised 66,113 presence-only records.

Individual SDMs were built for each of the native amphibian

species of Mexico with MaxEnt, a machine learning method that

uses environmental variables to predict habitat suitability for a

particular species by assessing different combinations of vari-

ables and their interactions (see Phillips et al., 2006, Phillips &

Dudík, 2008, and Elith et al., 2011, for a detailed explanation of

the method). MaxEnt was selected for its apparent compara-

tively high performance relative to other modelling methods

(Elith et al., 2006) and because this technique is now almost

considered a standard procedure. SDMs for 348 of the 370

species were generated using the default options in MaxEnt

software version 2.3 (Phillips et al., 2006) by relating observed

presence data to the 19 bioclimatic variables obtained from the

WorldClim database version 1.3 (Hijmans et al., 2005). The

resolution of the climate layers and the species data was the same

as that used for the range maps (0.083° grid cells). The remain-

ing 22 species were not modelled using MaxEnt because, being

microendemics, they occurred in only one grid cell. We assumed

that these species are only present in the cells where they were

recorded and mapped them manually as such. The 370 maps

were subsequently exported to obtain a matrix of suitability

values for each species in every one of the 24,997 cells that cover

the whole of Mexico. Cumulative output values are used to

estimate the relative suitability for each species of each grid cell.

As suitability values range from 0 to 100, it is necessary to set a

threshold for converting each of the continuous species maps

into binary ones (presence/absence) to then be able to overlap all

the individual models and derive a representation of species

richness. We used 21 thresholds from 1 to 100 at intervals of five

to obtain the respective presence–absence maps for each species.

Thus, we assumed presence in the cells with suitability scores

equal to or greater than 1, 5, 10, . . . , 95, 100. After overlapping

all the individual models according to the threshold used, we

obtained 21 possible scenarios of modelled species richness dis-

tributions (see Pineda & Lobo, 2009, for a detailed explanation

of the method). From these, we selected the one whose values

were best correlated with those of the 118 well-surveyed cells

(WSCs; see below) of the c. 100 km2 previously identified using

species accumulation curves and nonparametric estimators

(Colwell & Coddington, 1994) applied to all of the occurrence

data obtained from all data sources (CONABIO, HerpNet and

GBIF; see below).

Data analysis

A modelling-then-aggregating procedure was applied in order

to take advantage of the species data at the best available reso-

lution. Species richness and composition data for each 0.083°

grid cell were rescaled to coarser resolutions of 0.25°, 0.5°, 1° and

2° by aggregating 9, 36, 144 and 576 contiguous grid cells: 3021

cells cover the whole country at a resolution of 0.25°, 785 cells at

a resolution of 0.5°, 218 grid cells at 1° and 67 cells at 2°, result-

ing in amphibian data for five different resolutions (from 0.083°

to 2°) in grid cells of approximately 100 km2 to 40,000 km2. A

species was considered to be present in the grid cell of a coarser

resolution if it was present in any of its constituent cells.

We assessed the relative accuracy of the species richness rep-

resentations obtained from range maps and SDMs by compar-

ing their predictions with the observed values for WSCs

estimated at each of the five resolutions. The WSCs were iden-

tified using three different yet complementary methods (Colwell

& Coddington, 1994): (1) nonparametric estimators based on

the number of rare species (Chao 2 and Jackknife 1); (2) the final

slope of the accumulation function describing the cumulative

rise in the number of species as the sampling effort increases

(Hortal & Lobo, 2005); and (3) the number of species predicted

at the 95% upper confidence interval of the accumulation curves

produced with the Mao Tau analytical function (Mao et al.,

2005). Mao Tau, Chao 2 and Jackknife 1 species richness esti-

mates were obtained with estimates 7.5 (Colwell, 2005). For

these three estimates, the number of database records was used

as a surrogate for sampling effort (Hortal & Lobo, 2005; Lobo,

2008). We considered a cell to be well surveyed if it had both a

completeness value (the ratio of the observed number of species

Performance of range maps and species distribution models
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to the ‘true’ number of species) higher than 75% and a final

slope of less than 0.1 (see Hortal & Lobo, 2005). Completeness

was calculated by relating the maximum species richness value

predicted by any of the three estimators (considered the ‘true’

number of species) to observed richness (observed/predicted

¥100). These calculations indicated that 118 grid cells can be

considered as well surveyed at a resolution of 0.083°, 28 cells at

0.25°, 23 at 0.5°, 23 cells at 1° and 17 grid cells at a resolution of

2° (see Appendix S2).

The species richness values obtained from range maps and

SDMs were correlated (using the Spearman rank correlation

coefficient) with observed richness values for the grid cells iden-

tified as well surveyed at each of the five resolutions. Addition-

ally, the slopes and the intercepts of the regressions between the

predicted and observed values were used to estimate how well

each method performed. Finally, we also measured the predic-

tion error (|observed - predicted|/observed ¥ 100), as well as the

number of omission and commission errors.

RESULTS

At all five resolutions the species richness representations

derived from MaxEnt have a more contrasting pattern across the

country than those generated with range maps (Fig. 2). Low

numbers of species characterized most of the northern region of

the country and richness tended to increase in the south-east in

the mountainous regions. Values of variance for species richness

obtained from MaxEnt were always higher than those derived

from range maps (Table 1). Furthermore, the mean species rich-

ness per cell derived from MaxEnt was significantly lower when

the resolution was finest (0.083°), similar to values obtained

with range maps at a resolution of 0.25°, but significantly higher

at the coarsest resolutions analyzed (0.5°, 1° and 2°) (Table 1).

Correlations between the species richness values estimated

with MaxEnt or range maps and the observed species richness

values from WSCs increased with decreasing resolution (Fig. 3).

Spearman rank correlation values between species richness

derived from MaxEnt and observed species richness increased

from 0.873 at a resolution of 0.083° to 0.966 at 2°. Correlation

values between observed and derived species richness from

range maps increased from 0.696 at a resolution of 0.083° to

0.969 at 2° (Fig. 3). From resolutions of 0.5° to 2°, correlations

between estimated and observed species richness values were

high and similar for both methods, while at the finest resolu-

tions (0.083° and 0.25°) correlations were higher for species

richness values derived from MaxEnt (Fig. 3).

The slopes of the linear regressions between the predicted

species richness values and observed species richness in WSCs

differed between the two methods (the ancova results were

always statistically significant; P < 0.001), and were constantly

lower for species richness derived from MaxEnt (Fig. 3). At all

resolutions the slopes of the relationship between the richness

predicted by MaxEnt and the observed richness were signifi-

cantly lower than unity (slope value � 95% confidence interval:

0.083° = 0.777 � 0.084; 0.25° = 0.790 � 0.144; 0.5° = 0.632 �

0.137; 1° = 0.680 � 0.093; 2° = 0.750 � 0.069) indicating that the

MaxEnt results tend to overpredict species richness in the cells

that are richest in species (Fig. 3). In contrast, the slopes between

estimated species richness from range maps and observed values

increased with the resolution used from a value not statistically

different from unity (1.015 � 0.217) at the 0.083° resolution to

values that were significantly higher than unity at the other

resolutions (0.25° = 1.480 � 0.330; 0.5° = 1.741 � 0.176; 1° =
1.444 � 0.214; 2° = 1.278 � 0.103). This shows that this method

underpredicts the species richness of the richest cells at most of

the resolutions. The intercepts of these linear regressions (a

measure of the capacity to accurately predict species-poor cells)

are only significantly different from zero for range map predic-

tions at 0.5° and 1° (-11.833 � 6.391 and -6.947 � 5.751),

showing that the richness of poor cells is generally underpre-

dicted at coarse resolutions (Fig. 3).

Prediction errors did not vary significantly between MaxEnt

and range map predictions at any resolution, but tended to

decrease with decreasing resolution (Table 1). MaxEnt predic-

tion errors vary from 34 � 6% (mean � 95% confidence inter-

val) at a resolution of 0.083 to 19 � 10% at 2°, while range map

prediction errors ranged from 43 � 8% at the finest resolution

to 19 � 10% at the coarsest resolution (Table 1). However, the

accuracy of the two procedures is clearly different when we

consider the errors of commission and omission separately.

MaxEnt predictions produce omission errors that are relatively

constant and moderately low across all resolutions (between

16% and 19%) with regards to range maps, although the differ-

ence between the two methods decreases at the coarsest resolu-

tions (Table 1). Commission errors did not differ statistically

between the methods at intermediate resolutions (0.25°, 0.5°

and 1°), but MaxEnt produces significantly fewer commission

errors than range maps do at the finest resolution (0.083°) and

significantly more at the coarsest resolution (2°; see Table 1).

DISCUSSION

Species richness predictions derived from MaxEnt seem to

provide geographic representations where the differences

between species-rich and species-poor regions are better illus-

trated than those derived from range maps (see also McPherson

& Jetz, 2007). Other studies have revealed that species richness

predictions based on SDMs generally produce higher species

richness values than those based on range maps (Graham &

Hijmans, 2006). Our study corroborates those findings, and

shows that while MaxEnt always overpredicts the species rich-

ness of rich cells, it also provides relatively accurate values for

species-poor cells. In contrast, range maps provide significantly

lower local species richness values than MaxEnt does at all of the

resolutions used, underpredicting richness for both the richest

cells and also the poor ones at coarse resolutions. Thus, the

uninterrupted distribution areas derived from range maps and

the concomitant increase in local species richness at finer reso-

lutions (Hurlbert & White, 2005; Hurlbert & Jetz, 2007) may

provide more accurate predictions in the richest localities than

SDMs do. However, when cell size increases and resolution

decreases, the species richness values derived from the overlay of
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Figure 2 Spatial patterns of amphibian species richness in Mexico at five different spatial resolutions resulting from the overlay of
individual MaxEnt predictions (left) or range maps drawn by experts (right).

Performance of range maps and species distribution models
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individual species distribution models are considerably greater

while those derived from range maps are significantly lower: at a

resolution of 2° the mean species richness in the cells is almost a

40% higher than when range maps are used. This leads us to ask,

what are the real capacities of these two different methods for

estimating species richness patterns at different resolutions?

The main novelty of our approach lies in our examination of

the relative performance of these two methods for identifying

species richness patterns against the biological information for a

set of cells with reliable inventories. In the context of the species

richness information for these WSCs, the accuracy of the two

methods seems to change as resolution decreases. At the finer

resolutions, the predictions of MaxEnt are superior, prediction

errors are low in species rich cells and negligible in species poor

cells. When cell size is large, the species richness predictions

made by the two methods are equally correlated with the

observed values, and have similar levels of prediction errors.

However, MaxEnt clearly overpredicts the species richest cells at

all the resolutions used in this study and the key characteristic of

range map predictions at coarse resolutions is that species rich-

ness is underpredicted for both the richest and the poorest cells.

Supplementary information on the relative performance of

these two methods is revealed when the composition in these

WSCs is taken into account (Table 1). MaxEnt incorrectly pre-

dicts 16–19% of presences of a cell as absences, regardless of the

resolution, while under the best circumstances range map pre-

dictions erroneously define as absences almost 30% of cell pres-

ences. However, although MaxEnt predictions seem to be more

accurate at the finest resolution, they also seem to produce an

elevated rate of commission error (Table 1). The predictions of

range maps are more accurate at the coarsest resolution we

analysed because, on average, the rate of commission error is

only 12%, while the rate of omission error is 29%. It is impor-

tant to mention that our ‘observed’ values are generated from

inventories that are not necessarily 100% complete. A portion of

the commission errors detected could therefore result from this,

suggesting that false presences derived from both approaches

could in reality be slightly lower (see Pineda & Lobo, 2009, for a

description of the spatial structure of these errors).

Overpredictions and errors of commission seem to be char-

acteristic of SDMs (Stockwell & Peterson, 2002; Brotons et al.,

2004; Stockman et al., 2006). Previous studies indicate that

MaxEnt output models clearly overpredict species richness and

change species composition (Graham & Hijmans, 2006; Pineda

& Lobo, 2009; Aranda & Lobo, 2011). In our opinion, this draw-

back may be extended to any modelling technique in which

predictions are based on presence-only data and climate predic-

tors. Both the type of distribution data used and the predictors

or modelling technique have a notable effect on the capacity of

representing the potential or the realized distribution of species

(Soberón & Peterson, 2005; Chefaoui & Lobo, 2008; Jiménez-

Valverde et al., 2008; Lobo et al., 2008; Lobo et al., 2010). The

potential distribution of a species (i.e. the places that are envi-

ronmentally suitable to maintain its populations) can be con-

sidered a geographic projection of the niche conditions, but this

niche cannot be derived from the occupied area because realized

distributions may not be able to capture the species’ entire envi-

ronmental potential (Jiménez-Valverde et al., 2011) due to the

role played by biotic interactions and dispersal limitations. For

the realized distribution, obtaining reliable estimates requires

the incorporation of explanatory variables capable of represent-

ing the factors that constrain the potential distribution of

species, along with reliable absence data well distributed across

the spatial and environmental gradient of the territory being

studied in order to represent the effects of these non-

environmental or limiting factors (see Lobo et al., 2010, and

references therein). In the specific case of amphibians, the pre-

diction of the realized distributions should take into account

Table 1 Mean predicted species richness, variance, mean prediction error, mean omission and commission errors (�95% confidence
interval) for MaxEnt (species distribution models) and range maps for amphibian species in Mexico at five different spatial resolutions.
As prediction errors follow a negative exponential function, confidence intervals for mean values were calculated according to the
recommendations of Zar (1999). Mean richness and variance were calculated using data from all Mexican cells. Prediction errors were
calculated as (|observed – predicted|)/observed ¥ 100), with observed species richness values obtained from previously identified
well-surveyed grid cells (WSCs).

Resolution WSCs Mean richness Variance Prediction error Omission error Commission error

MaxEnt

0.083° 118 6.2 � 0.1 23.7 34.0 � 6.2 17.1 � 3.1 46.4 � 8.5

0.25° 28 10.8 � 0.3 77.2 28.6 � 11.3 16.6 � 6.6 38.0 � 15.0

0.5° 23 15.9 � 0.9 194.6 27.2 � 12.1 19.2 � 8.5 42.7 � 18.9

1° 23 24.1 � 3.0 505.8 25.5 � 11.3 15.7 � 7.0 40.1 � 17.8

2° 17 37.1 � 9.0 1398.7 18.9 � 10.1 18.0 � 9.5 34.3 � 18.2

Range maps

0.083° 118 10.3 � 0.1 16.0 42.8 � 7.9 45.9 � 8.4 70.6 � 12.9

0.25° 28 11.5 � 0.2 25.5 28.4 � 11.2 37.5 � 14.8 40.5 � 16.0

0.5° 23 13.8 � 0.5 47.5 19.1 � 8.5 34.7 � 15.4 31.6 � 14.0

1° 23 18.3 � 1.5 125.0 19.0 � 8.4 27.5 � 12.2 24.1 � 10.7

2° 17 26.6 � 5.1 427.5 19.3 � 10.3 29.8 � 15.8 11.8 � 6.3
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differences in their dispersal ability as well as historical and

geographic factors – factors that could exclude a species from a

climatically suitable locality, and thus minimize or even elimi-

nate commission errors (Pulliam, 2000; Soberón & Peterson,

2005). Thus, MaxEnt predictions may not be able to provide

accurate species richness maps at any resolution (Pineda &

Lobo, 2009; Aranda & Lobo, 2011). Our results demonstrate that

the rate of error in predicting species composition in each cell

may be so great as to invalidate the usefulness of the resulting

representation (see Pineda & Lobo, 2009). Confidence in these

methods should be based on a careful examination – both taxo-

nomic and spatial – of model errors. Previous results show that

any particular set of species is consistently poorly predicted

since around 50% of all the species seem to be erroneously

included or excluded in a quarter of the cells in which they have

been recorded (Pineda & Lobo, 2009; Aranda & Lobo, 2011).

Furthermore, these same studies highlight the spatial and envi-

ronmental structure of these prediction errors, because they are

partially dependent on certain conditions and locations (see also

Hortal et al., 2008). A procedure of trimming each species dis-

tribution model in consultation with experts before overlaying

predicted distributions as performed by Flores-Villela and

Ochoa-Ochoa in Koleff et al. (2008), though subjective, could

reduce the occurrence of errors. Fortunately, there is a strong

correlation between the observed and predicted values. Thus,

although the composition of each cell is highly biased, the

general picture of species richness produced seems to be rela-

tively satisfactory. This interesting result suggests that this kind

of model output should be used with caution but that, at least in

this case, the picture of relative species richness provided by the

sum of these individual models can be trusted.

At coarser resolutions, neither the range maps nor MaxEnt

seem to offer reliable results. Although there appears to be less

contrast between range map predictions, species richness maps

derived from MaxEnt clearly overpredict the richest zones, while

the range maps underpredict them, which coincides with find-

ings in McPherson & Jetz (2007). MaxEnt estimated around 180

species, while range maps estimated 110 species in a cell at a 2°

50
°

70
°

y = 1.015x - 0.751

20

25

30

35

40

45

50
0.083°

y = 1.479x - 5.881

30

40

50

60

70
0.25°

rs = 0.756rs = 0.696

ne
ss

y = 0.777x + 0.717

0

5

10

15

0 5 10 15 20 25 30 35 40 45 50

rs = 0.873
y = 0.789x + 1.816

0

10

20

0 10 20 30 40 50 60 70

rs = 0.887

110
0 5°

120
1°

ed
sp

ec
ie

sr
ic

hn
y = 1.741x - 11.832

40

50

60

70

80

90

100 0.5
rs = 0.939

y = 1.444x - 6.946

40

50

60

70

80

90

100

110 1

rs = 0.927
O

bs
er

ve

y = 0.631x + 5.489

0

10

20

30

0 10 20 30 40 50 60 70 80 90 100 110

rs = 0.948

y = 0.680x + 3.897

0

10

20

30

40

0 10 20 30 40 50 60 70 80 90 100 110 120

rs = 0.937

180

200
2°

y = 1.278x - 1.417

60

80

100

120

140

160

180

rs = 0.969

MaxEnt

Range maps

y = 0.750x + 4.634

0

20

40

60

0 20 40 60 80 100 120 140 160 180 200

rs = 0.966

Predicted species richness

Figure 3 Relationship between observed
species richness in well-surveyed cells and
predicted species richness based on the
overlay of individual MaxEnt species
distribution models (open circles) and
range maps drawn by experts (black
circles) at five different spatial
resolutions. Solid lines represent the
linear regression; the values of the
Spearman rank correlation (rs) are given,
as are the linear regression equations
derived from MaxEnt (right) and range
maps (left).

Performance of range maps and species distribution models

Global Ecology and Biogeography, 21, 935–944, © 2012 Blackwell Publishing Ltd 941



resolution that is known to contain 149 amphibian species (with

87% of inventory completeness). The overprediction of the

MaxEnt results seems to be related to the high commission error

produced by this method; many absent species would be erro-

neously considered as present in the richest zones and this dis-

torts the true species richness pattern and the relationships of

species with environmental variables (see McPherson & Jetz,

2007).

Paradoxically, the overestimation of the area of occupancy by

range maps (Hurlbert & White, 2005; Hurlbert & Jetz, 2007; Jetz

et al., 2008) is capable of providing relatively accurate predic-

tions in our case. This overestimation may depend on the

method used to delineate species range limits (Habib et al.,

2003), but commonly the extent of occurrence is larger than the

true area of occupancy and the porosity of the ranges (areas

within range not occupied by the species) is not drawn (Hurl-

bert & White, 2005). At coarser resolutions range map predic-

tions always underestimate the species richness of the richest

cells. For range maps this underprediction is expected to be

related to the large number of omission errors generated by this

procedure at coarser resolutions. Some species are erroneously

considered to be absent, probably because range maps tend to

not only eliminate the presence of vagrants but also to draw

strict and tight distribution limits. As Graham & Hijmans

(2006) state, expert maps probably do not exactly delineate his-

torical species ranges; they exclude climatically suitable areas

that are currently uninhabited owing to land use or habitat

characteristics. They found a large number of distribution

records outside the range maps drawn by experts for 112 of the

128 herptile species that occur in California. We detected point

occurrences outside the range maps for 317 of the 370 amphib-

ian species that occur in Mexico, a proportion similar (86%) to

that reported by Graham & Hijmans (2006). Furthermore, the

median proportion of occurrences outside the range maps was

38%, with a greater proportion of occurrences outside of the

range maps for species with restricted ranges (frequently distrib-

uted in mountainous Neotropical environments). If range maps

exclude a significant proportion of occurrences and are then

overlapped, we would expect species richness to be underesti-

mated by the models that are produced using this method. Fre-

quently, range maps are created to provide an overview of the

whole extent of species distributions, rather than accurate por-

traits. The problem arises when they are used for a purpose

other than that for which they were created (Hortal, 2008) and

without taking into account the appropriate resolution for the

analysis. Additionally, in regions where sampling effort is insuf-

ficient, range maps may be less accurate because the data quality

is lower than it is in better explored regions. In the latter, the cell

at which the map is more accurate decreases in size, as Hurlbert

& Jetz (2007) found for birds in southern Africa and Australia.

These authors reported that at resolutions of less than 2° range

maps overestimate the area of occupancy of individual species

and mischaracterize geographic patterns of species richness. For

herptiles and mammals in Europe, Hawkins et al. (2008) found

that at a resolution of 100 km (c. 1°) richness estimates based on

range maps seem to be robust.

The results obtained are affected by the procedure used to

select the threshold to convert the continuous values of favour-

ability variables into binary ones, but this threshold cannot be

selected when the data only incorporate partial information on

species presences but no information on species absences. In our

approach we selected 21 uniform thresholds for all the species

included, but previous results show that the selection of indi-

vidual thresholds aimed at minimizing omission errors (Pineda

& Lobo, 2009) or at guaranteeing that all presences are predicted

as suitable (Aranda & Lobo, 2011) is not capable of providing

better species richness representations. In fact, the threshold

cannot be adequately selected unless there is a reliable estimate

of the prevalence of the species (Jiménez-Valverde & Lobo,

2007). To be successful, any prediction requires a reliable sample

capable of representing, as well as possible, the full spectrum of

conditions of the variable under consideration. For species dis-

tribution, such a sample would inevitably provide information

on presence and absence, and thus an estimate of species preva-

lence. Thus, the fact that it is impossible to select the most

appropriate threshold for each species is the consequence of

producing species distributions predictions without reliable

information.

Our results also show that although there is increasing con-

gruence between richness patterns created with MaxEnt and

those derived from range maps with decreasing spatial resolu-

tion, the maps created with such methods cannot be used inter-

changeably because the production of false positives and false

negatives differs notably at all the spatial resolutions we studied.

Inferences based on the analysis of a richness pattern created

using either method could differ, leading to confusion in eco-

logical or biogeographical studies. Although the maps derived

from both methods at the coarsest scale have the same average

prediction error, one tends to overpredict richness and the other

one to underpredict it. This seems to be related to the propor-

tion of omission and commission errors generated by each

method. Thus, the decision to use one approach or the other to

estimate patterns of species diversity should be made based on

the advantages and disadvantages of each method and the

purpose of the study. A high number of commission errors in an

estimated species diversity pattern leads to inflated species rich-

ness values per site or cell, and this overprediction is inevitably

expected to cause an increase in the nestedness and a decrease in

the turnover components (sensu Baselga, 2010) of composi-

tional differences between local assemblages (see Hurlbert &

White, 2005; Graham & Hijmans, 2006; Hurlbert & Jetz, 2007).

On the other hand, a high number of omission errors would

lead to underestimation of species richness at the site or cell

level, and would increase turnover and decrease the nestedness

components of beta diversity values. Further studies are needed

to examine the relationships between commission and omission

errors and the compositional differences that result from using

SDMs and range maps.

Our results suggest that neither of the two methods provides

accurate results that are free from error. The selection of one

approach or the other, as well as the spatial resolution for esti-

mating species diversity patterns, will depend on the scope of

E. Pineda and J. M. Lobo
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the study, and should always take into account that species rich-

ness patterns must be evaluated before using them in order to

identify the measure of error or uncertainty associated with the

method.
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