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Abstract Ecological niche modeling (ENM) has become an important tool in conservation biology. Despite its recent success, several basic issues related to algorithm performance are still being debated. We assess the ability of two of the most popular
algorithms, GARP and Maxent, to predict distributions when sampling is geographically
biased. We use an extensive data set collected in the Brazilian Cerrado, a biodiversity
hotspot in South America. We found that both algorithms give richness predictions that are
very similar to other traditionally used richness estimators. Also, both algorithms correctly
predicted the presence of most species collected during fieldwork, and failed to predict
species collected only in very few cases (usually species with very few known localities,
i.e., \5). We also found that Maxent tends to be more sensitive to sampling bias than
GARP. However, Maxent performs better when sampling is poor (e.g., low number of data
points). Our results indicates that ENM, even when provided with limited and geographically biased localities, is a very useful technique to estimate richness and composition of
unsampled areas. We conclude that data generated by ENM maximize the utility of
existing biodiversity data, providing a very useful first evaluation. However, for reliable
conservation decisions ENM data must be followed by well-designed field inventories,
especially for the detection of restricted range, rare species.
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Introduction
Sound conservation strategies depend heavily on biodiversity information, especially
species distributions. However, knowledge about biodiversity remains incomplete, particularly in the highly speciose Tropics, where many species remain formally undescribed
(Linnean shortfall) and poorly understood in terms of their geographical distribution
(Wallacean shortfall) (Lomolino 2004; Whittaker et al. 2005). As a result, biodiversity
databases, although extremely useful, may suffer strong limitations even for groups and/or
regions that have been well studied (Soberón et al. 2000; Hortal et al. 2007; Soberón et al.
2007). Recently a new methodological approach, ecological niche modeling (ENM), has
emerged as a powerful tool to reconstruct or predict species distributions. The method uses
geo-referenced known occurrence points of the species under study that are linked with
abiotic and/or biotic variables from each point locality. A particular algorithm processes
information and then a predicted ‘niche’ envelope in which the species is likely to occur is
produced (see Elith et al. 2006 for a review of the methods).
Ecological niche modeling has been applied in conservation biology to identify areas
with high species richness (Garcia 2006; Costa et al. 2007), sample for rare species (Guisan
et al. 2006), predict effects of climate change on species’ distributions (Araújo and Rahbek
2006; Hijmans and Graham 2006), and assess potential invasion and proliferation of exotic
species (Peterson and Vieglais 2001). Despite the recent growth and diversity of studies
that apply ENM to address conservation and/or evolutionary questions, several basic issues
related to the performance of the algorithms remain unsettled. Among the most important
issues is how the accuracy of ENM is influenced by factors such as sample size (Stockwell
and Peterson 2002; Hernandez et al. 2006), spatial scale (Lassueur et al. 2006; Guisan et al.
2007a; Trivedi et al. 2008), the nature of the environmental data set (Parra et al. 2004;
Peterson and Nakazawa 2008), species traits (Poyry et al. 2008), biotic interactions (Araújo
and Luoto 2007; Heikkinen et al. 2007), and finally, which particular algorithm is being
used (Segurado and Araújo 2004; Elith et al. 2006).
Another important issue is how ENM models are influenced by geographical bias in the
sampling points used to train the models. For example, a previous study found that the
frequency of plant observations near roads was greater than that expected from a spatially
random distribution, such that predictive maps based on near-road observations were less
accurate than those based on observations corrected for roadside bias (Kadmon et al.
2004). On a larger spatial scale, Loiselle et al. (2008) found that although localities based
on herbarium collections did not represent well the entire climatic gradient in which most
species occur, this existing climatic bias did not greatly affect distribution predictions
when compared with an unbiased data set. Therefore, determining how well ENM is able
to reconstruct the entire distribution of a species when input data comes from only a biased
subset of the whole species range is a crucial matter to establish ENM utility as a conservation tool.
We use two of the most commonly used ENM algorithms (GARP and Maxent) to
predict the distribution of squamate reptiles (lizards, snakes, and amphisbaenians) in the
Brazilian Cerrado, one of the 34 world biodiversity hotspots (Myers 2003; Mittermeier
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et al. 2005), a region for which a strong sampling bias exists (Costa et al. 2007). We tested
the performance of these two methods by first predicting species richness and composition
of an unsampled area of conservation interest using ENM, and then conducting field
surveys to determine actual species richness and composition. The poorly sampled region
lies near the northern edge of the Cerrado region. We identify both limitations and
strengths of ENM as a tool in conservation planning and biodiversity studies.

Methods
Ecological niche modeling
We used GARP and Maxent to model the distributions of all known (at the time of
analysis) squamate species occurring in the Cerrado, a total of 237 species based on an
extensive existing database. We used only species for which at least one data point existed
within the Cerrado region. For species whose distributions spanned multiple biomes, we
also included data points outside of the Cerrado, because characteristics of these points can
help identify suitable regions for species occurrence within Cerrado. Locality data for each
species were collected from museums, literature (only taxonomic revisions or voucher
based lists), and previous fieldwork (see Costa et al. 2007; Nogueira et al. 2009). All
museum specimen records were checked for accurate taxonomy and the most precise
locality information, a critical need, as museum data can be error-prone. Thus, we did not
include in our analyses records obtained in electronic databases, that often include
unchecked, raw museum data. Locality data varied between 3 and 256 (mean = 35.58,
standard deviation = 39.32) unique point localities per species. The dataset contains a
clear geographical sampling bias; most records come from the central and southeastern
portion of the Cerrado, where the majority of research institutions are located, and very few
inventories have been made in the Northern parts of the Cerrado region (Fig. 1).
We used the implementation of GARP provided by the software OpenModeller. The
algorithm divides occurrence points into training and extrinsic test data. The extrinsic test
dataset is divided evenly into true training data (for model rule development) and intrinsic
test data (for model rule evaluation and refinement). Models are based on presence-only
data, with absence information included via random sampling of 1,250 pseudo-absence
points from the set of pixels at which the individual species were not collected. The
algorithm works in an iterative process of rule selection, testing, and incorporation or
rejection. More details on algorithm function are provided by Stockwell and Noble (1992).
We used the default parameters of the OpenModeller version of GARP with the best subset
selection option (optimum models considering omission/commission relationships; see
Anderson et al. 2003).
Maxent fits a probability distribution for species occurrence to the set of pixels across
the region of interest. The algorithm is based on the principle that, given the appropriate
constraints, the best explanation to unknown phenomena will maximize the entropy of the
probability distribution. For ecological niche modeling, these constraints derive from the
values of those pixels at which the species has been detected. More details on Maxent
function are provided by Phillips et al. (2004, 2006). We used the default parameters for
Maxent v.3.2.1, which were adjusted based on a recent comprehensive evaluation (Phillips
and Dudik 2008). The output format for Maxent and GARP are raster grids with values
ranging from 0–1 for Maxent and 0–100 for GARP. To transform the models into discrete
presence or absence, selection of a threshold is necessary. To select an appropriate
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Fig. 1 Map of the study area and sampling profile for the dataset for the Brazilian Cerrado Squamates. On
the upper figure, gray shade corresponds to the limits of the Cerrado region. In detail, the state of Maranhão
where PNCM (limits are shown in black) is located. On the lower figure, Kernel density function was
applied using all sampling points to create a smooth tapered surface. Darker regions indicate higher density
of sampling points (more records are available on those regions). Star symbol represent the location of our
field site in the northern portion of Cerrado

threshold we first defined a user-selected parameter E, which refers to the amount of error
associated with the presence localities dataset (see Peterson et al. 2008 for details).
Although we checked specimens identities from the collection databases, we georeferenced
most of the localities ourselves based on localities descriptions from the museum records.
Therefore, there could be some error associated with our dataset, so we set E to 5%. Next,
we determined the lowest predicted value associated with any one of the observed presence
records [i.e., lowest presence threshold ‘LPT’ (Pearson et al. 2007)]. We then set our
threshold at LPT–E (i.e., from the distribution of predicted values associated with presence
records, we eliminated the lowest 5% and set our threshold at the remaining lowest value).
For both GARP and Maxent, we used environmental variables from the Worldclim
project (Hijmans et al. 2005) and a Normalized Difference Vegetation Index layer (NDVI),
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based on the average values of satellite images from the end of the dry season and the end
of the wet season. We constructed a correlation matrix among all variables and selected for
the modeling only variables that were not highly correlated (r [ 0.9). After applying this
criterion, we used the following environmental variables: altitude, annual precipitation,
isothermality, maximum temperature of warmest month, mean diurnal range, mean temperature of warmest quarter, mean temperature of wettest quarter, minimum temperature of
coldest month, precipitation of coldest quarter, precipitation of driest month, precipitation
of warmest quarter, precipitation of wettest month, precipitation seasonality, temperature
annual range, temperature seasonality, and NDVI. All variables were at 1 km resolution.
Model evaluations
To statistically evaluate model performance we used a recently proposed modification of
the area under the curve—AUC on receiver operating characteristic—ROC, named the
partial ROC approach (Peterson et al. 2008). ROC analysis is a method designed to
evaluate the specificity (absence of commission error) and sensitivity (absence of omission
error) of a diagnostic test (Zweig and Campbell 1993; Fielding and Bell 1997). The AUC
provides a threshold-independent measure of model performance as compared with that of
null expectations (Fielding and Bell 1997), and is the most commonly used statistic to
evaluate ENM performance (Elith et al. 2006; Guisan et al. 2007b; Peterson et al. 2007).
The partial ROC procedure is particularly suitable for our situation because we are comparing the performance of methods that do not provide predictions across the same
spectrum of proportional areas in the study area. Partial AUC values are presented as a
ratio between the AUC (with modified x-axis, from traditional applications) and the null
expectation of AUC (which unlike traditional ROC approaches is not equal 0.5, and is
variable). For a detailed account of the partial ROC approach please refer to Peterson et al.
(2008).
After constructing niche models and calculating the partial ROC statistics, we tested
performance of ENM in predicting species diversity and distributions by surveying a
remote and previously unsampled area. This allowed us to evaluate the effect of sampling
bias on the ability of ENM to project distributions into unsampled regions, and to determine whether GARP and/or Maxent are differentially affected by sampling bias. Using this
approach, several scenarios are possible. First, when sampling points are concentrated in a
subset of the species range, ENM is (a) capable of predicting the species occurrence or (b)
not able to predict the occurrence of the species in the unsampled region outside of the
major concentration of sampling (Fig. 2a, b). Second, when the sampling points are more
dispersed throughout a species’ range, ENM is (c) capable of predicting the species
occurrence or (d) not able to predict the species occurrence (Fig. 2c, d) in the area.
Study area and field sampling
We chose a study site located within the northern portion of the Cerrado region in the
‘‘Parque Nacional da Chapada das Mesas’’ (PNCM—7°100 S, 47°90 W), a recently created
160,000 ha conservation unit in the Brazilian state of Maranhão (Fig. 1). This area is ideal
for evaluating sampling bias in ENM because it is relatively undisturbed, poorly sampled,
and a recent niche modeling exercise predicted high squamate species diversity there
(Costa et al. 2007).
We collected squamates from November 30th to December 17th 2007, using 48 arrays
of pitfall traps and 24 arrays of funnel traps resulting in 5,184 trap*days. Traps were
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Fig. 2 Diagram representing different possible scenarios for ENM in different biased sampling scenarios.
Circles represent known occurrence localities, dashed line represents area being surveyed, and gray area
represents the predicted distribution of the species based on ENM. See text for details

divided among six sampling points, which were located inside PNCM and were chosen in
order to sample the full range of landscape and vegetation cover variation within PNCM.
Each array of pitfall traps consisted of four 35 l buckets arranged in a Y-shape (one at the
center and one on each of the three ends). Buckets were 5 m from each other, and 50 cm
high plastic fences (bottom edge buried) spanned the distance between buckets. The funnel
trap arrays consisted of a single 5 m long, 50 cm high plastic fence with a pair of funnel
traps at each end (one on each side). Arrays were spaced approximately 20 m apart. All
traps were checked daily. All specimens collected were deposited at the Coleção Herpetológica da Universidade de Brası́lia (CHUNB). In addition to our trapping methods, we
collected animals by hand, noose, or using a shotgun during haphazard searches of various
habitats within PNCM. We also routinely drove roads both during the day and night for
snakes in the process of crossing or that had been killed by vehicles. Road collecting is a
common and effective survey method for snakes (Sullivan 1981).
To estimate species richness of the region based on our sampling, we produced a species
accumulation curve using the software EstimateS v.8 (Colwell 2005). EstimateS randomizes
the sampling order to generate smooth species accumulation curves and species richness
estimators. Resulting values are numbers of species expected based on empirical data
(Colwell et al. 2004). We used the average of several richness estimators provided by the
software (ACE, ICE, Chao1, Chao2, Jack 1, Jack 2, Bootstrap, MMruns, Cole) to estimate
species richness based on the sampling (Chazdon et al. 1998; Chao et al. 2000), and performed
10,000 randomizations without replacement. In addition, we fitted our data to three different
accumulation curve mathematical models, Clench, Logarithmic, and Exponential. Model
fitting was performed using methods and software described by Dı́az-Francés and Soberón
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(2005). The model providing the best fit can then be used to estimate the asymptote (i.e., total
species richness) of the species accumulation curve.
Statistical analysis
We used the statistical package R (R Development Core Team 2008) to perform a twosample test for equality of proportions with continuity correction to determine whether a
difference exists in the proportion of species successfully predicted between GARP and
Maxent. We also developed a multiple logistic regression model to explore different
factors that may influence the probability of GARP and Maxent to successfully predict
species occurrence in our study site. The dependent variable was the prediction success
(0 = fail, 1 = success), and our independent variables were: 1—nearest neighbor index,
calculated based on the average distance of each point to its nearest point. Low values of
the index indicate a distribution more clumped than expected by chance whereas high
values indicate a more dispersed distribution; 2—number of locality points used in the
modeling exercise; and 3—distance from the nearest locality point to PNCM. We ran the
regression with all species (N = 48) and also, to investigate the influence of species with
low number of sampling points, we ran the regression using only species with more than 15
known locality points (N = 42).
For both methods, a species was considered present in PNCM if any pixel of the final
predicted distribution map (see above for details on how we obtained the final presence/
absence maps) for that species lied within the PNCM limits (Fig. 1). Because we cannot
distinguish between species that do not occur in the region from species that do occur but
were not collected because of sampling deficiency, we restricted our evaluations only to
species collected during the field survey. One species (Amphisbaena sp.) was removed
from all analyses due to taxonomic uncertainties. Calculations of the nearest neighbor
index and distance to the nearest point were performed in ArcGIS 9.2. The multiple logistic
regression was performed in R (R Development Core Team 2008).

Results
We collected a total of 49 species of squamates in PNCM (Table 1). Our accumulation
curve analysis indicated that our sampling efforts were far from stabilizing and the true
richness of squamates in the region may be over 70 species (Fig. 3). The average of
richness estimators provided by EstimateS was 73.35 species and the logarithmic model
produced the best fit. Usually, when this model produces the best fit it is because the
sample area is too large and/or the taxa are poorly known (Soberón and Llorente 1993).
Such results are well known for Neotropical squamates, which require long-term fieldwork
for sampling to stabilize (Duellman 1978), often because of snake species that are rare or
difficult to sample.
GARP predicted 72 species within PNCM; we collected 43. The method failed to
predict the presence of five species collected in our survey. Maxent predicted 74 species
within PNCM and, among those, we collected 39. Maxent failed to predict the presence of
nine species we collected in our fieldwork (Table 1). In addition, there was no difference in
the ratio between predicted and surveyed species between GARP and Maxent (v2 = 0.47,
P = 0.49). Maxent models had higher Partial AUC values (GARP x ¼ 1:41  0:20;
median = 1.37; Maxent x ¼ 1:59  0:12; median = 1.60; F = 26.73, P \ 0.01; all partial
AUC values are in Table 1).
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Table 1 Species collected in the survey of PNCM
Species

Number of points

Ameiva ameiva

Garp

Maxent

249

1 (1.10)

1 (1.25)

Amphisbaena alba

41

1 (1.61)

1 (1.59)

Anolis chrysolepis

46

1 (1.30)

0 (1.43)

3

0 (1.40)

0 (1.99)

Apostolepis cearensis
A. polylepis

3

0 (1.29)

0 (1.99)

111

1 (1.22)

1 (1.63)

15

1 (1.27)

1 (1.83)

112

1 (1.42)

0 (1.70)

Chironius exoletus

21

1 (1.38)

1 (1.55)

C. flavolineatus

38

1 (1.33)

1 (1.51)

4

0 (1.25)

0 (1.95)

Colobosaura modesta

44

1 (1.58)

1 (1.67)

Corallus hortulanus

16

1 (1.49)

1 (1.78)

Drymarchon corais

55

1 (1.40)

1 (1.50)

Epicrates cenchria

103

1 (1.26)

1 (1.54)

36

1 (1.37)

1 (1.63)

110

1 (1.13)

1 (1.40)

27

1 (1.64)

1 (1.60)

100

1 (1.13)

1 (1.48)

Imantodes cenchoa

24

1 (1.35)

1 (1.49)

Kentropyx calcarata

85

1 (1.21)

1 (1.52)

5

0 (1.0)

1 (1.93)

Boa constrictor
Bothrops lutzi
B. moojeni

Cnemidophorus mumbuca

Gymnodactylus carvalhoi
Hemidactylus mabouia
Hydrodynastes bicinctus
Iguana iguana

Leptotyphlops brasiliensis
Liophis almadensis
L. poecilogyrus
L. reginae
Liotyphlops ternetzii
Mabuya heathi

70

1 (1.35)

1 (1.52)

185

1 (1.30)

1 (1.66)

82

1 (1.44)

1 (1.60)

9

0 (1.19)

0 (1.75)

54

1 (1.46)

0 (1.64)

Mabuya nigropunctata

132

1 (1.20)

1 (1.42)

Mastigodryas bifossatus

104

1 (1.38)

1 (1.63)

50

1 (1.40)

0 (1.72)

9

1 (1.58)

0 (1.86)

Micrablepharus maximiliani
Micrurus brasiliensis
Oxyrhopus trigeminus

111

1 (1.77)

1 (1.61)

Philodryas nattereri

94

1 (1.38)

1 (1.65)

P. olfersi

90

1 (1.27)

1 (1.56)

Phimophis guerini

38

1 (1.91)

1 (1.62)

9

1 (1.98)

1 (1.76)

Pseudoboa neuwiedii

24

1 (1.53)

1 (1.61)

P. nigra

60

1 (1.41)

1 (1.56)

Psomophis joberti

46

1 (1.87)

1 (1.66)

Sibynomorphus mikanii

97

1 (1.52)

1 (1.71)

Spilotes pullatus

67

1 (1.28)

1 (1.52)

Tantilla melanocephala

37

1 (1.25)

1 (1.49)

Thamnodynastes hypoconia

21

1 (1.51)

1 (1.81)

P. iglesiasi
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Table 1 continued
Species

Number of points

Garp

Maxent

Tropidurus oreadicus

50

1 (1.30)

1 (1.56)

Tupinambis merianae

66

1 (1.30)

1 (1.44)

T. teguixin

48

1 (1.29)

1 (1.41)

Typhlops brongersmianus

24

1 (1.63)

1 (1.68)

136

1 (1.22)

1 (1.62)

Waglerophis merremi

Number of points used to train the model, GARP and Maxent predictions (0 = did not predict, 1 = predict
to occur at PCNM). Results of the partial ROC analysis for both methods are shown within parenthesis
(mean across 200 bootstrap replicates)
Amphisbaena sp. was collected but not used in the analysis due to taxonomic uncertainties

Species Observed

60
50
40
30
20

Empirical Data
Logarithmic
Clench
Exponential

10
10

20

30

40

Sampling Effort (Days)
Fig. 3 Results of the accumulation curve analysis. Open circles represent mean values from 10,000
randomizations without replacement of the original matrix

GARP predicted four species we collected in the area that Maxent failed to predict.
Among those, three species followed the pattern described in Fig. 2a, where the known
sampled localities were concentrated in the central part of the Cerrado. None or very few
known localities were in the northern part of the Cerrado where PNCM is located. We
illustrate three of those cases in Fig. 4a, b, and d. The remaining species follow a pattern
similar to the one described in Fig. 2c, where sampling is more spread throughout the
Cerrado and PNCM was surrounded by a few known sampled localities. We illustrate this
case in Fig. 4c.
Maxent successfully predicted one species in PNCM that GARP failed to predict
(Leptotyphlops brasiliensis Fig. 5a); this species had low numbers of known localities
(\10 know localities). Both methods successfully predicted 38 species and failed to predict
four species we actually collected in the area. With the exception of Liotyphlops ternetzii
(Fig. 5c), all other species that both methods failed to predict were likely affected by the
very low numbers of known localities available for the modeling (\5 know localities, i.e.,
Apostolepis polylepis Fig. 5b).
The multiple logistic regression results show that GARP models were not significantly
influenced by any of the independent variables in the regression model. The same result
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Fig. 4 Example of ENM results where GARP successfully predicted the species to occur in PNCM whereas
Maxent failed. Circles represents known occurrence localities, blue represents GARP predictions, green
Maxent predictions, and red the coincidence of both methods. a Bothrops moojeni, b Mabuya heathi,
c Micrablepharus maximiliani, d Micrurus brasiliensis. (Color figure online)
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Fig. 5 ENM results where Maxent successfully predicted the species to occur in PNCM whereas GARP
failed, a Leptotyphlops brasiliensis, and examples where both GARP and Maxent failed to predict species
occurrence b Apostolepis polylepis, c Liotyphlops ternetzii

was found when species with few numbers of known locality points were removed from
the analysis (Table 2). Maxent predictions were influenced by the degree of dispersal of
sampled points when regression was performed with all species. After eliminating species
with few known localities, predictions were influenced only by the distance to the nearest
point (Table 2).

Discussion
Based on the accumulation curve analysis, both ENM methods accurately estimated species richness. The richness estimators and accumulation curve predicted that richness for
the region should be around 73 species, a rather conservative estimate considering other
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Table 2 Results of multiple logistic regression to model the effects of: degree of dispersal of sampled
points (nearest neighbor); distance from the closest point (DNP); and number of points used in the modeling,
on the ability of GARP and Maxent to successfully predict species occurrence in PNCM (0 = fail,
1 = success)
Predictor

b

SE b

Wald’s z

P

eb (odds ratio)

NA

GARP
Intercept

-45.38/26.57

6963.19/5.28 9 105

-0.01/&0

0.99/&1

Number of points

27.89/&0

2185.36/1.53 9 103

0.01/&0

0.99/&1

1.31 9 1012/1

R_Stat

-140.07/&0

12216.71/4.25 9 105

-0.01/&0

0.99/&1

&0/1

DNP

0.15/&0

16.33/608.6

0.01/&0

0.99/&1

1.16/1

Maxent
Intercept

-0.29/-14.98

2.26/8.50

-0.13/-1.76

0.90/0.08

NA

Number of Points

0.02/0.04

0.02/0.03

1.52/1.54

0.13/0.12

1.02/1.04

R_Stat

2.24/14.91

1.80/7.59

1.24/1.97

0.21/0.049*

9.33/3 9 106

DNP

-0.01/-0.002 \0.01/0.01

-2.11/-0.31

0.04*/0.76

0.99/1

Results after slash are from regression after eliminating species with known locality points lower than 15.
Degrees of freedom is equal to 1 in all cases, and sample sizes are 48 and 42. b are the individual regression
coefficients, which were tested using Wald’s z statistic. eb is the odds ratio, which is the predicted change in
odds for a unit increase in the corresponding independent variable. Odds ratios \1 correspond to decreases
and odds ratios more than 1.0 correspond to increases in odds. Odds ratios close to 1.0 indicate that unit
changes in that independent variable do not affect the dependent variable
* Result is significant at 0.05 significance level

well-sampled Cerrado localities (Colli et al. 2002; França and Araújo 2007; Valdujo et al.
2009). Therefore, our results indicate that predictions from ENM, even when generated by
limited and geographically biased dataset, can be a helpful resource to estimate species
richness of unsampled regions. This result confirms recent successful applications of ENM
in conservation (Domı́nguez-Domı́nguez et al. 2006; Garcia 2006; Pawar et al. 2007). It is
important to note that, although our input data set is geographically biased towards
localities near the major institutions, it still includes point locality information for all 237
species of squamates known to occur in the Cerrado. Therefore, it is possible that a more
severe lack of information or stronger bias could generate different results. Thus, although
the Cerrado has been traditionally considered one of the most poorly sampled regions in
the Neotropics (Colli et al. 2002), an extensive and careful revision and compilation of
voucher records in natural history collections and field samplings, coupled with ENM
techniques, are now providing new insights on species richness and composition, highlighting the importance of not neglecting available species occurrence information (see
discussions in Brooks et al. 2004). Although limited, current knowledge on species distributions must be viewed as the major source of data for illuminating conservation
assessments, especially in remote, poorly sampled and highly threatened tropical regions.
Overall, there was no statistical difference on the proportion of correct predictions for
PNCM by GARP and Maxent. However, Maxent models produced higher partial AUC
values, and GARP predicted more species that were collected on our study area. Two
alternative hypotheses may explain why GARP better predict species occurrence in PCNM
despite having lower partial AUC models. First, Maxent generally produce better models
than GARP, but our approach of evaluating the presence of species in a specific region
does not characterize well the performance of models in their entire distribution. In this
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scenario, GARP might be overpredicting. For example, consider a model predicting species X to occur in all the Cerrado. It might have a low partial AUC, but will certainly cover
the PNCM.
Second, the partial AUC statistics does not provide the best possible evaluation of the
models. A lot more data and analyses would be necessary to assess the first hypothesis.
However, previous studies have provided support for the second (Raes and ter Steege
2007; Lobo et al. 2008). Some recent work shows that reliance on AUC as the only
estimate of model success needs to be re-examined (Austin 2007). Either way, better
methods to statistically evaluate ENM models are likely to be a major topic of future
research (Raes and ter Steege 2007; Lobo et al. 2008; Peterson et al. 2008).
In some cases, even when most of the known locality points were far away from PNCM,
GARP was able to correctly predict species occurrence. This ability of GARP may be
desirable in different applications of ENM, including the discovery of new populations and/
or species. For example, in Madagascar, field survey of areas with similar sampling characteristics lead researchers to the discovery of several undescribed species of chameleons
(Raxworthy et al. 2003). In our system, we discovered no obvious undescribed closelyrelated species; nevertheless, future genetic and/or morphological studies may reveal hidden
diversity because populations of some species appear to be separated by areas where
environmental conditions are predicted to be unsuitable. Recent studies in other Cerrado
areas are revealing new squamate species, including some which may present restricted
ranges, and from poorly studied taxa (Nogueira and Rodrigues 2006; Rodrigues et al. 2007,
2008; Colli et al. 2009). Because these species may show high endemism and restricted
ranges, they are of special concern for conservation. Modeling of closely related species
may help to identify regions where these species occur, providing useful and unavailable
information on biogeographical patterns in the Cerrado.
The ability to project distributions in areas distant from known localities may also be
useful in ecosystems such as the Cerrado, where species’ range extensions of several
hundreds of kilometers are commonly recorded (e.g., Strüssmann and Carvalho 1998;
Nogueira 2001; Filho and Montigelli 2006; Freitas et al. 2007; Silveira 2007). This may
also be important in other uses of ENM. For some applications of ENM in ecology and
evolutionary biology, precisely reconstructing species’ distributions is not expected or
desired; rather, ENM is used to estimate a map of the environmental space in which the
species is likely to occur. In these cases, contrasting where the species is predicted to occur
with where the species does occur can provide insights into interesting biogeographical or
ecological factors shaping the species’ distribution (Anderson et al. 2002; Costa et al.
2008). A method that is too sensitive to sampling bias will be less useful to address such
questions. Therefore, the major challenge for ENM is to be able to distinguish models that
predict the distribution of the species into areas that are not inhabited (or not sampled) but
hold good ecological conditions versus models that predict the species to occur in habitats
that in fact are not suitable (Peterson 2006; Peterson et al. 2008).
The multiple logistic regression models showed no effect of any variable on GARP
ability to successfully predict species’ distribution. However, the degree of dispersal of
sampled points and the nearest point influenced Maxent. This suggests that, as long as a
known locality exists close to the region, the algorithm will successfully predict species’
presence even if the distribution of points is clustered. This result also suggests that GARP
has a better ability to reconstruct species distribution provided only with a subset of the
species known distribution. A recent study found similar results by manipulating a species
localities dataset (Peterson et al. 2007).
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We found that Maxent produced better estimates of species’ distributions than GARP
when few localities are used in modeling. This result agrees with a recent study using
geckos in Madagascar, which showed Maxent performing better than GARP when sample
size was smaller than 10 points (Pearson et al. 2007), and highlights the importance of
complementing niche models with detailed and well-designed field inventories. Improving
the understanding of distribution patterns for rare or restricted-range species is a major
challenge for biogeography and conservation, as these species are dually important: narrow
endemics are intrinsically vulnerable to human impact (due to localized ranges, see Eken
et al. 2004) and represent the single best indicators of areas of endemism and geographically unique allopatric speciation processes (see discussions in Raxworthy et al. 2007).
The Cerrado is a global biodiversity ‘‘hotspot’’ as defined by species richness, endemism, and human threats (Myers et al. 2000; Mittermeier et al. 2005). The region is being
destroyed at a high rate, with 55% of its original vegetation already removed (Machado
et al. 2004; Klink and Machado 2005). Given the urgency to conserve habitats and species,
time to conduct adequate surveys of the entire region is not available. In such a scenario,
ENM may prove to be a useful tool in conservation planning. Our results indicate that the
use of maps provided by ENM may help to estimate species diversity, even when a
geographical bias exists in the dataset used to generate the models. Still, we believe that
ENM can be a useful tool to provide a big picture to guide survey efforts but may not be
sufficient to justify management decisions and the fine-scale design of protected area
systems. As in most of the Neotropical region, conservation opportunities lie in remote and
generally poorly sampled regions. Data generated by ENM can maximize the utility of
existing biodiversity data, providing a very useful first evaluation. However, for reliable
conservation decisions ENM data must be followed by well-designed field inventories,
especially for the detection of restricted range, rare species.
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