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Predicting spatial and temporal effects of climate change on the
South American lizard genus 7eius (Squamata: Teiidae)
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Ignacio Minoli'*, Pier Cacciali®>***, Mariana Morando', Luciano Javier Avila!

Abstract. The consequences of past or future climate change have been studied in many physical and biological systems, and
their effects could change the ecology and spatial distribution of suitable areas for a wide variety of organisms. We analyzed
the environmental and geographic space of the current suitable area projecting these conditions into Mid-Holocene and 2050
RCP8.5 scenarios to quantify whether climate change would affect the distribution and size of environmental and geographic
space for lizard species of the genus 7eius. The potentially suitable geographic area for the Mid-Holocene was found to be
smaller than today for 7. oculatus (—29.55%) and for T. teyou (—6.82%), but for T. suquiensis it was inferred as a larger
suitable area (+26%). For the future scenario all species showed a decrease in the potentially suitable area compared to the
present (T. oculatus = — 9.30%, T. teyou = — 0.79%, T. suquiensis = — 37.58%). The PCA axes that in the environmental
space showed a higher contribution for PC1-2 in Mid-Holocene and Present were mostly related to temperature and for PC3
with altitude variables, for the 2050 scenario were temperature for PC1, precipitation for PC2 and altitude-temperature for
PC3. The current Teius’ potentially suitable geographic space results versus the other temporal forecasts, showed specific
differences in magnitude changes. This work illustrates how ectothermic organisms might have to face major changes in their
environmental and geographic space as a consequence of the effect of climate changes.

Keywords: 2050 scenario, climate, Mid-Holocene, niche modeling, present, reptiles.

Introduction 2005) for a species includes a region with a suit-

. . able set of abiotic factors (A) and this represents
The ecological niche concept has long been

considered to be an important factor determin-
ing a species’ distribution range and was de-
fined as a set of environmental conditions that
maintain each taxon within a certain geographic
range, modulated by physiological restrictions
under which they can prosper (Grinnell, 1917;

the geographic expression of the fundamental
niche (FN), a region with appropriate biotic in-
teractions (B), a region “accessible” to coloniza-
tion (M) and a region equivalent to the distri-
bution of the species (P) which is the intersec-
tion of the three identified regions (P = A N

James et al., 1984). Numerous works studied
this concept in recent decades from the theoret-
ical point of view (Soberén and Peterson, 2005;
Peterson et al., 2011) and in general they agree
that it includes certain components and they are
commonly summarized in the BAM diagram.
The BAM framework (Soberén and Peterson,
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B N M). The niche concept is commonly sep-
arated into two major classes: Grinnellian and
Eltonian niches. The Grinnellian niche (Grin-
nell, 1917; Austin, 2002; Soberén, 2007) is de-
fined mainly by abiotic and non-interactive vari-
ables, while biotic interactions and resources
define the Eltonian niche (Elton, 1927; Vander-
meer, 1972; Leibold, 1995). Usually, these con-
cepts and theoretical frameworks are not taken
into account by researchers that model species’
niches (Townsend Peterson and Soberén, 2012).

In the past decades, a large number of sci-
entists estimated spatial distributions by cal-
culating and quantifying “environmental” or
“ecological” niches (Colwell and Rangel, 2009;
Soberén and Nakamura, 2009), mostly through
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mechanistic and correlative models. The analy-
sis of the niche through mechanistic models al-
lows to evaluate a physiological limitation and
to project it into the geographic space (Sinervo
et al., 2010), while the correlative models per-
form correlations between several variables and
the distribution of the studied organism (Owens
et al., 2013). Both types of models have advan-
tages and disadvantages, but correlative mod-
els can analyze habitat suitability considering
several environmental variables together. Habi-
tat suitability modeling can be subjected to spa-
tial analysis such as area calculation (Di Marco
et al., 2016), importance of variables in the geo-
graphic distribution (Marino et al., 2011) and in-
teraction of the variables with each other (Hirzel
and Le Lay, 2008).

The study of present habitat suitability is an
effective method to infer the spatial interactions
and shifts of organisms with past and future
climate changes (Peterson et al., 2011). Niche
modeling analysis is frequently used in research
dealing with species distribution to assess ge-
ographic ranges within different evolution sce-
narios (Wiens and Graham, 2005; Warren, Glor
and Turelli, 2008); as a tool for biodiversity
conservation (Hortal et al., 2015; Jones et al.,
2016; Tulloch et al., 2016), or to predict distri-
butions under diverse climate scenarios events
(Barrows, 2011; Anderson, 2013). Given the
evidence of impact of climate change on bio-
diversity and on the fate of species’ survivor-
ship, there was an eruption of papers focused on
this topic, and many scientists made simulation
models and predictions based on the climate
shift scenarios (e.g., Cane, 2005; Parker, 2010).
Several resources, software and algorithms were
produced in the last two decades to perform
modeling and simulations (Thuiller et al., 2009;
Di Cola et al., 2017) using climatic layers (e.g.,
Lima-Ribeiro et al., 2015) to assess the effect of

climate change on species’ distribution.
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The abiotic factors can determine regional
and local patterns by which communities of or-
ganisms are assembled, and the resulting de-
gree of similarity or difference between local-
ities with similar environments (Chase, 2003).
Studies on changes of the potential suitable abi-
otic area for a species have been mostly focused
on the geographic space and to a lesser extent
in the environmental space (Soberén and Naka-
mura, 2009; Owens et al., 2013). Ectothermic
organisms, and particularly reptiles are suscep-
tible to climate changes (Sinervo et al., 2010;
Bohm et al., 2016). Lizards are an optimal study
object to test climate change effects, since this
group of ectotherm organisms is highly suscep-
tible to climate change (Kubisch et al., 2015) or
habitat destruction, because of their reproduc-
tive strategies and low dispersal capacity (Za-
jitschek, Zajitschek and Clobert, 2012). There-
fore, the analysis of displacement and contrac-
tion of the appropriate climatic-environmental
areas for lizard species with little physiological
adaptability is a major research goal (Huey et
al., 2012; Ceia-Hasse et al., 2014).

In this study, we evaluated the potential
effects of climate shifts projected for Mid-
Holocene and 2050, in the lizard genus Teius
using ecological niche modeling (ENM; sensu
Townsend Peterson and Soberén, 2012), consid-
ering the two aspects of Hutchinson’s duality:
geographic and environmental spaces (sensu,
Soberén and Nakamura, 2009). The geographic
projection of present modeled distributions cou-
pled with comparisons with ~6000 years ago
conditions versus a future medium-term model
of 35 years, could provide solid evidence of
the niche’s shift magnitude in asymmetric time
ranges modulated by climate change. The ob-
jectives of this study for these taxa were
i) to analyze and quantify the current avail-
able area with habitat suitability models, and as-
sess potential spatial changes projecting these
conditions onto two temporal scenarios: Mid-
Holocene (~6000 years ago) and the 8.5 Rep-
resentative Concentration Pathway greenhouse
gas concentration (RCP8.5) for 2050; and ii) to
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evaluate changes in the environmental space
through n-dimensional hypervolume analysis
for the three species, the overall genus, and the
three scenarios.

Materials and methods
Studied species and localities data

The genus Teius includes three species that geographically
range from 40° S in Argentina to Uruguay, Paraguay, and
the southeastern region of Brazil and Bolivia at 16°40'S
(Cacciali et al., 2016a,b). These species are relatively large
and robust (~144 mm snout-vent), diurnal, carnivorous and
oviparous (Cei, 1993). Within this genus, T oculatus and T.
teyou present a wide distribution in different environments
in Argentina, Uruguay, Paraguay and Brazil (Cacciali et
al., 2016a). Teius suquiensis has a restricted distribution in
central Argentina that partially overlaps with the other two
taxa (Cabrera and Monguillot, 2007).

We used 1037 georeferenced presence records (7. ocula-
tus = 581; T. suquiensis = 52; T. teyou = 404) from 675
localities. Collection acronyms (Supplementary table S1)
used throughout the ms, voucher specimens and detailed
localities are according to Cacciali et al. (2016a). Species
sampling, observations and collecting events tend to be clus-
tered around accessible areas and roads. This may over-
estimate modeling results by including localities that are
not spatially independent and do not present environmental
variation between them (Dormann et al., 2012). For records
with no exact or available geographic locations, we only in-
corporated them when it was possible to assign approximate
coordinates according to the detailed descriptions of loca-
tions as they appear in the museums records and literature.

Climate and environmental data

We modeled habitat suitability for each species through a
subset of variables selected from the 19 bio-climatic vari-
ables for current conditions (~1950-2000) and included an
altitude variable from the data base WorldClim 1.4 — Global
Climate (http://www.worldclim.org). We projected current
modeled conditions to BCC-CSMI1-1 bioclimatic layers
(PMIP2, 2009) for the Mid-Holocene scenario (~6000
years ago) and ACCESS1-0 CMIP5 (2015) layers for mod-
eling 2050 scenarios with RCP8.5 concentrations. The lay-
ers for these temporal scenarios were downscaled and cali-
brated (bias corrected) by their authors through a database
using WorldClim 1.4 as baseline ‘current’ climate (World-
Clim — Global Climate Data, 2015). All used layers had a
resolution of 30 arc-seconds (~1 kmz). The Intergovern-
mental Panel on Climate Change (IPCC) performs simu-
lations of the climate system response to increasing levels
of greenhouse gases based on different assumptions about
the size of the projected population, technological devel-
opments and socio-economic trends. The RCP8.5 scenarios
projected relatively large changes based on the most recent
observations, which suggested that climate change would be
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more severe than expected (Meehl et al., 2007; Rahmstorf et
al., 2007; Smith et al., 2009).

We estimated the accessible area (M; sensu Barve et al.,
2011) considering ecological traits, environmental features
and potential historical distribution to generate an extent
for each taxon. We initially considered the ecoregions as
M, but many presence records were located on the edge of
these regions, hence we defined M as a minimum convex
polygon with an additional spatial buffer of 200 km for
each species (following the procedures of Barve et al.,
2011; Cooper and Soberdén, 2017). Then, we used these
extent sizes to clip the environmental layers and generated
5000 random points for each species, and we extracted the
pixel values for each bio-climatic variable from these points
to use them to create a subset of variables. In order to
obtain a representation of both types of climatic variables
(Barbet-Massin and Jetz, 2014), we divided them into two
groups: 1- precipitation and 2- temperature. We evaluated
the number of variables to use implementing an initial
Jackknife test (Pearson et al., 2006). Then, for each variable
group we performed a Spearman correlation test (threshold
selected >0.75) to avoid collinearity (Debandi et al., 2012;
Dormann et al., 2013; Kershaw et al., 2013) and additionally
a selection criterion with biological significance for the
studied species (Rissler and Apodaca, 2007; Debandi et al.,
2012; Cacciali et al., 2016a) related to the active months
period. We performed all correlation analysis with Ggally
1.0.1 R package (Schloerke et al., 2016).

Ecological niche models (ENM)

We generated correlative models of ENM using MaxEnt
(3.3.3k version; Phillips, Anderson and Schapire, 2006;
Phillips and Dudik, 2008; Elith et al., 2011; Merow, Smith
and Silander, 2013, 2016) algorithm, which seeks maximum
entropy density through a robust estimation requiring only
presence records and has been shown to produce reliable re-
sults even with a low number of localities (Pearson et al.,
2007; van Proosdij et al., 2016). With this software, we cal-
culated the relationship between the current known distribu-
tion of each species and environmental variables, and pro-
jected them into the past and future scenarios. We ran Max-
Ent using the selected subset for each species of bio-climatic
and altitude variables with the default configurations, except
for: 10 replicates, 1000 Maximum iterations, “10 percentile
training presence logistic threshold” as selected threshold
for each average model.

We evaluated the ENMs performance with true skill
statistic (TSS) for model’s replicates (Allouche, Tsoar and
Kadmon, 2006; Lobo, Jiménez-Valverde and Real, 2008)
and Area Under the Receiver Operator Curve (further ab-
breviated to AUC; Phillips, Anderson and Schapire, 2006;
Elith et al., 2011) for the averaged models. TSS takes into
account both omission and commission errors and success
as a result of random guessing, hence this evaluation model
is not affected by prevalence and also is not affected by
the size of the validation set (Allouche, Tsoar and Kadmon,
2006). The TSS values range from —1 to +1, where +1
indicates perfect agreement and values of zero or less indi-
cate a performance no better than random (Allouche, Tsoar
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and Kadmon, 2006). We considered these values as TSS
model performance indicators: < 0.05 — 0.05 no agreement,
0.06 — 0.39 = poor, 0.40 — 0.55 = fair, 0.56 — 0.70 = good,
0.71 — 0.85 = very good, 0.86 — 0.99 = excellent, 0.99 —
1 = perfect (following Monserud and Leemans, 1992). The
AUC is a measure of rank-correlation and high AUC val-
ues indicates that sites with high predicted suitability values
tend to be areas of known presence and locations, whereas
a model with lower prediction values tend to be areas where
the species is not known to be present (absent or a random
point). A value of 0.5 for AUC means that the model is as
good as a random guess. We considered AUC range values
to interpret model performance sensu Aratjo et al. (2005):
excellent >0.90; good >0.80; fair >0.70; poor >0.60; fail
<0.50. Finally, we created binary maps based on the se-
lected threshold on the current average models and pro-
jected them to onto the Mid-Holocene and 2050 RCP8.5
scenarios.

Geographic space, spatial analyses and potential effects on
adequate areas

We used the suitable habitat from the average output mod-
els to quantify the area for each species and scenario. From
these surfaces, we calculated impact metric to estimate spe-
cific distribution changes of predicted suitable areas and the
exposure to climate change per species and for the overall
genus. We analyzed the relative exposure to climate change
(Recc) between the current surface models (Cm) versus past
(Pm) and future models (Fm) as: Recc = (Pm * 100 / Cm) —
100 and Recc = (Fm * 100 / Cm) — 100 respectively. Thus,
high negative relative exposure values indicate that a species
decreases the suitable area in that scenario, whereas higher
positive values indicate an increase of the suitable area. The
estimation and comparison of areas to estimate changes in
the different modeling scenarios is a widely implemented
method in ENM (e.g., Nori et al., 2013; Nori, Carrasco and
Leynaud, 2014; Bonino et al., 2015; Rubio-Salcedo et al.,
2016). This might be interpreted as a rigid and conserva-
tive estimate of changes from the predicted suitable areas,
given that we did not consider areas of recolonization after a
potential disappearance of suitable environment. Consider-
ing that there is almost no published literature on the spatial
ecology of these species, our analyzes were based on the as-
sumption that none of these lizards would be able to disperse
to new potentially suitable areas within the time period of
the model. These kind of assumptions are commonly asso-
ciated with forecasting modeling niche techniques (Aradjo
and Pearson, 2005; Elith and Leathwick, 2009).

We performed all spatial analyses and maps with “raster
2.5-2” (Hijmans, 2017), “maptools 0.8-39” (Bivand and
Lewin-Koh, 2018), “sp 1.2-2” (Pebesma and Bivand, 2005),
“rgdal 1.1-7” (Bivand, Keitt and Rowlingson, 2018), “geo-
sphere 1.5-1” (Hijmans, 2015), and “rgeos 0.3-17” (Bivand
and Rundel, 2018) R packages.

Environmental space and n-dimensional hypervolumes

We evaluated changes in the environmental space for each
of the species considering visualization results and metrics
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between the n-dimensional hypervolumes obtained from the
geographic suitable outcome area for each of the model’s
scenarios. The environmental space state is a complex sys-
tem that involves interactions for more than two variables
and can be described as a n-dimensional cloud of points or
a n-dimensional hypervolume (Soberén, Osorio-Olvera and
Peterson, 2017). If these environmental space conditions are
disturbed, this might lead to changes in the values of these
variables and, as a result, to a different n-dimensional hy-
pervolume; hence the comparison of two or more hyper-
volumes could provide an assessment of the magnitude of
changes that the ecosystem suffered, such as shifts from the
initial state (Blonder et al., 2014). In order to do this, we fol-
lowed the “framework to study ecosystem stability in face of
environmental changes using n-dimensional hypervolumes”
(sensu, Barros et al., 2016). Within this framework, we cal-
culated three metrics to made hypervolumes comparisons:
1 — the proportion of overlap between pre and post perturba-
tion hypervolumes will reflect overall differences between
the two corresponding states, 2 — the distance between the
centroids of the pre and post perturbation hypervolumes will
reflect how much mean values of the ecosystem components
have departed from their pre perturbation levels (changes in
mean values) and 3 — the contribution of the variables to
each retained component.

To accomplish these analyses, we randomly sampled
points (= number of localities * 10) from each of the
species’ suitable area, and we used these random points to
extract the information from the sum of the individual layers
employed in MaxEnt for each taxon. Then, all this environ-
mental information for each species was compiled and we
performed a Principal Component Analysis (PCA) per sce-
nario, to quantify the ecological multivariate space from the
variables that determine the geographic models, and explore
how these spaces interacted among the three taxa through
time. To improve the visualization of the points, we incorpo-
rated gridded ellipses including 95% of the observations for
each factor level. We used “The Scree Test” and “Proportion
of Variance Accounted For” criteria and components that
explain a minimum of ~10% of the variation (O’Rourke
and Hatcher, 2013), to decide how many PCA axes we had
to consider for this analysis. For these given dimensions,
we evaluated the variables’ contributions with the func-
tion “fviz_contrib”. This function calculates any row/col-
umn with a contribution above the reference threshold, un-
der which it could be considered as an important variable in
contributing to the n-dimensions taken into account (Kas-
sambara and Mundt, 2017). We compared the hypervolumes
implementing the algorithm “hypervolume_distance” which
calculates the Euclidean distance between two hypervol-
umes centroids (Blonder, 2015). This algorithm calculates
the distance between two hypervolumes either defined as the
Euclidean distance between centroids or as the minimum
Euclidean distance between the random points comprising
either hypervolume (sensu Blonder, 2015).

We performed all environmental space analyses with
“FactoMineR 1.34” (L&, Josse, and Husson, 2008), “fac-
toextra 1.0.4.999” (Kassambara and Mundt, 2017), “hyper-
volume 1.4.1” (Blonder, 2015), “car 2.1-4” (Fox and Weis-
berg, 2011), “ade4 1.7-5” (Dray and Dufour, 2007), and “rgl
0.96.0” (Adler and Murdoch, 2017) R packages.



Niche modeling and climate change in Teius

Results

ENM, spatial analyses and potential temporal
shifts in suitable areas

Considering the bio-climatic correlation analy-
sis outcome, we selected altitude and these envi-
ronmental variables for each species: Teius oc-
ulatus: biol (annual mean temperature), bio3
(Isothermality = (bio2 / bio7 * 100), bio5
(maximum temperature of warmest month),
bio7 (temperature annual range = bio5-bio6),
bio9 (mean temperature of driest quarter), biol7
(precipitation of driest quarter), biol8 (pre-
cipitation of warmest quarter); 7. suquiensis:
bio2 (mean diurnal range = (mean of monthly
(maximum temp — minimum temp)), bio3,
bio4 (temperature seasonality = (standard de-
viation * 100)), bio5, bio6 (minimum tem-
perature of coldest month), biol5 (precipita-
tion of seasonality = (coefficient of varia-
tion)), biol8; T. teyou: bio2, bio3, bio4, bio3,
biol5, biol7, biol8. The replicates performance
through TSS indicated models fitted above
“fair” or “good”, with relatively high values
for most of the replicates in the three species
(supplementary material fig. S1). The average
test AUC for replicate runs for Teius oculatus
was 0.763 (£0.028 SD), 0.922 (+0.043 SD)
for T. suquiensis, and 0.797 (£0.028 SD) for T
teyou.

The suitable climate area in Present sce-
nario was 748,911.98 km? for Teius ocula-
tus, 104,209.16 km? for T. suquiensis and
926,690.31 km? for T. teyou (fig. 1). The Recc
for T. oculatus Mid-Holocene scenario suitable
area showed a reduction of 29.55% and 9.30%
for 2050 RCP8.5 (fig. 1); but T. teyou Recc pre-
sented a moderate decrease in both past and fu-
ture scenarios with a reduction of 6.82% and
0.79% respectively (table 1, fig. 1). The Mid-
Holocene models Recc for T. suquiensis in-
dicated a 26% higher suitable area than the
Present scenario and a reduction of 37.58% for
2050 RCP8.5 (table 1, fig. 1). All species did not
show future considerable differences in changes
of latitude or longitude (fig. 1). The relative ex-
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posure to climate change (Recc) for different
scenarios and suitable area shifts for Teius are
detailed in table 1.

Environmental space

We observed changes in the environmental
space for all the studied species. Principal com-
ponent analysis indicated that most of the hy-
pervolume variation could be explained by the
first three components for the 3 studied scenar-
ios. The first three axes accounted for all scenar-
i0s a variance over 86% of the variation for each
temporal scenario (table 2). The variables that
most contributed in Mid-Holocene and Present
were BIO6, BIO7 and BIO 4 for PC1; BIO17,
BIOI, BIO15 and BIOS5 for PC2; and BIO3,
BIOS, and altitude for PC3. For the 2050 sce-
nario the variables with higher contribution for
PC1 were BIO7, BIO9, BI04, BIO6; for PC2
BIO, BIO17, BIO15; and altitude, BIO5 for
PC3 (fig. 2). The hypervolume distances from
the Present scenario to the Mid-Holocene were
67.80 for T. oculatus, 95.67 for T. teyou, and
275.57 for T. suquiensis. The hypervolume dis-
tances from the Present scenario to the 2050
were 309.10 for T. oculatus, 442.67 for T. teyou,
and 248.07 for T. suquiensis. These changes
in the ellipses for each of the analyzed an-
gles (fig. 3) were moderate between the Mid-
Holocene and the Present scenario. On the other
hand, the ellipses of the Present and 2050 sce-
narios showed considerable changes between
them, especially for T. teyou and T. suquiensis
(fig. 3).

Discussion

We found strong support for Grinnellian niche
shifts in the past and future scenarios for Teius
species. The geographic space from an ENM
does not exclusively rely on abiotic variables
and, on the contrary there are several fac-
tors that determine it (Peterson et al., 2005;
Soberén and Peterson, 2005). Despite this,
the Grinnellian niche is a good approach to
study the relationship between climatic changes
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Holocene T. oculatus Holocene T. suquiensis Holocene T. teyou Holocene all Teius

z

. .r‘
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0 200400 km 0 200400 km

Present all Teius

Present T. suquiensis

0 200400 km

2050 T. suquiensis 2050 all Teius

Figure 1. Area models for suitability habitat from the averaged replications output. Teius oculatus in blue, T. suquiensis in
red, T. teyou in green and all the genus. Projection: WGS84, coordinate system: EPSG 4326. Crosses represent localities from
each species.

Table 1. Spatial analysis performed on output models for each time scenario. References: % relative exposure to climate
change (Recc) from present area.

Area (kmz)

Scenarios Teius % T. oculatus % T. suquiensis % T. teyou %

Mid-Holocene  1,7174,23.23  —12.48 748,911.98  —29.55 104,209.16 26.00 926,690.31 —6.82
Present 1,962,427.11 - 1,063,106.79 - 82,708.09 - 994,568.05 -
2050 1,892,090.42 —3.58 964,195.47 —9.30 51,624.04 —37.58 986,697.77 —0.79
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Holocene scenario - contribution of variables to PC-1-2-3

Contributions (%) Contributions (%)

Contributions (%)

Figure 2. Barplot of variables contribution for the multivariate environmental space. Reference: dashed line corresponds to
the expected value if the contribution where uniform between the considered dimensions.

Table 2. Principal Component Analysis of the environmen-
tal space for each temporal scenario.

Axis Eigenvalue Variance % Cumulative Variance %
Holocene

PC1 5.62 46.80 46.80
PC2 3.62 30.20 77.00
PC3 1.11 9.21 86.21
Present

PC1 6.10 50.84 50.84
PC2 3.16 26.34 77.18
PC3 1.24 10.36 87.55
Future

PC1 6.13 51.07 51.07
PC2 3.19 26.59 77.66
PC3 1.15 9.56 87.23

and areas suitable for the species’ presence
without introducing biases of non-climatic as-
pects (Larson, Olden and Usio, 2010; Chal-
ghaf et al., 2016). Our results, in congru-
ence with other published works related to

climate change in lizards (Ballesteros-Barrera,
Martinez-Meyer and Gadsden, 2007; Kaliont-
zopoulou et al., 2008; Winck, Almeida-Santos
and Rocha, 2014) and amphibians (Lemes,
Melo and Loyola, 2014; Zank et al., 2014; Vas-
concelos and Do Nascimento, 2016), showed a
general tendency toward smaller potentially ad-
equate habitat in the past scenario (Fontanella
et al., 2012; Sillero and Carretero, 2013; Breit-
man et al., 2015) and also a reduction in a span
of decades to the future (Aradjo, Thuiller and
Pearson, 2006; Bonino et al., 2015; Minoli and
Avila, 2017).

Although the studied genus inhabits environ-
ments from a wide geographic space, our find-
ings supported the hypothesis that the suitable
area changes as the result of exposure to cli-
mate change (Vera-Escalona et al., 2012; Minoli
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Mid-Holocene Present Future

Conp,1 Conp.1

Conp.1

A -
Conp.3 Conp.3
Conp.1 Conp.1 . Conp.1
B
Conp.3 Conp.3 Conp,3
Conp,1
Conp.2 Conp.2 Conp.2
Conp. 1 Conp.1 Conp.t

D

Conp.2 Conp.2 Conp.2

Figure 3. Changes of the environmental space in a multivariate context from the Teius studied scenarios. References:
(A) environmental space in a 0° degree view; (B) environmental space in a 37° degree view; (C) environmental space in

a 74° degree view; (D) environmental space in a 111° degree view. Colors: blue: T. oculatus; green: T. teyou and red: T.
suquiensis.
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and Avila, 2017). Comparing the spatial fore-
casts among the studied species, T. teyou and T.
oculatus showed less reduction of their potential
future area than T. suquiensis, which presented
high Recc values resulting in a major reduction
of the potential future area. In addition, these
findings support the theoretical framework that
states that each species has its own niche area
(Medina, Ponssa and Ardoz, 2016) and magni-
tude of response to potential changes in their
Grinnellian niche (Colwell and Rangel, 2009;
Soberén and Nakamura, 2009). Although the
differences between results may be due to pos-
sible sampling bias (Syfert, Smith and Coomes,
2013), we tried to diminish this geographic bias
by using different information sources to in-
clude all the available locations for the genus.

Spatial barriers in reptiles (Sahlean et al.,
2014) and potential changes in the distribution
of suitable areas and their inter-species over-
laps (Barbosa et al., 2012), have been exten-
sively documented and related to hypotheses
about hybridization events as a consequence
of this phenomenon (Ahmadzadeh et al., 2013;
Engler et al., 2013). The most important find-
ing in the geographic context, was the change
in the potential suitable habitat for 7. suquien-
sis, which currently has a broader distribu-
tion range that the one projected in the fu-
ture, and smaller than the past. This partheno-
genetic species showed significant changes in
both geographically and ecological space with
a noticeable tendency towards the reduction
of adequate area through temporal scenarios
(fig. 1, supplementary material figs. S2, S3 and
S4). Our results support that this species showed
the greatest decrease of potentially suitable ar-
eas for the future, and even the suitable northern
area for the present model would disappear in
the future scenario.

The unisexual species could have a hybrid
and recent origin, perhaps within ten thou-
sands of years (Moritz et al., 1992). The ma-
jority of unisexual taxa are expected to have
shorter persistence than sexual ones, and they
usually colonize and occupy ecotone habitats
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faster than their sexually reproducing relatives
(Pough et al., 2015). Considering that multiple
factors (e.g., anthropic changes, such as oil ex-
traction, cultivated soils, dams, desertification)
could play a decisive role increasing the effects
of potential contractions of the species’ suitable
areas (Bastos, Aratjo and Silva, 2005; Nori et
al., 2013), new field surveys are needed in this
species’ geographic range, which is inferred as
lost in the 2050 scenarios.

The limited knowledge on the Zeius’ species
dispersion or fossil records combined with the
great fragmentation and degradation of their en-
vironments (Pelegrin et al., 2009, 2013; Pele-
grin and Bucher, 2012), lead us to think that
some of the suitable climate spaces predicted in
our results for temporal scenarios remain may
not be occupied (Aratdjo and New, 2007; Col-
well and Rangel, 2009). Despite this, past or fu-
ture impacts of climate change remain uncertain
due the effects of biotic and abiotic interactions,
and uncertain dispersal events (Townsend Peter-
son, Papes and Soberén, 2016), the robustness
of the models presented here were supported
by the definition of the segment (i.e., Grinnel-
lian) of the studied niche (Soberdn, Osorio-
Olvera and Peterson, 2017). The use of open
algorithms should contribute to future improve-
ments in their calculations (Phillips et al., 2017).
ENM generation can undergo future changes or
improvements in several ways, such as descrip-
tion of new species (Romero et al., 2014), eval-
uation of hybrid zones (Engler et al., 2013), new
data with absences (Brotons et al., 2004) and/or
new biotic information (Tanner et al., 2017).
The limitations of not using biotic and disper-
sion variables in our models might be mitigated
and still provide accurate forecasts of changes
in suitable geographic and climate spaces, with
more dense sampling of species presence, as
well as better methods. Both will improve the
certainty of model predictions of the segmented
(Grinellian) niche (Radosavljevic and Ander-
son, 2014).

In the last two decades several authors have
done review works of ENM concepts (Soberén
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and Nakamura, 2009; Mclnerny and Etienne,
2012a,b,c; Rangel and Loyola, 2012; Townsend
Peterson and Soberdén, 2012), listing advan-
tages and disadvantages of correlative, mech-
anistic and process-oriented models (Rangel
and Loyola, 2012). Moreover, some authors
propose blurry boundaries among these ap-
proaches (Dormann et al., 2012), and consider
that these three approaches overlap and inter-
connect (e.g., correlational niche estimates be-
ing used in process-oriented approaches). The
main advantage of using correlative models that
we implemented here, is that they analyze a
wider range of dimensions that define the niche
of the study object (not just one variable; as
usual in mechanistic models), but the biggest
disadvantage is that they are not able to evaluate
physiological thresholds as mechanistic mod-
els (Townsend Peterson, Papes and Soberén,
2016). Until present, there have been numer-
ous publications that use ENM as a tool to pre-
dict temporal changes in the distribution of suit-
able environments in the geographic space and
projected them onto other scenarios (Schwartz,
2012; Lemes, Melo and Loyola, 2014; Ruete
and Leynaud, 2015; Allen and Lendemer, 2016;
Jones et al., 2016). However, the future chal-
lenge in these studies should be to perform
methods or analyses with very detailed explana-
tions in order to be repeatable in both geograph-
ical and ecological space to also obtain quanti-
fied results on how and how much the climate
change affects species’ distribution.

The information provided in this work high-
lights the importance of potential distribution in
the geographic and ecological space as tools to
better understand the processes linked to recent
species contractions and expansions at the re-
gional and local context. The information pro-
vided here also allows adding testable data for
the use of some species as proxies for climatic
changes in the past and in the future. Moreover,
understanding the processes that are behind this
kind of phenomenon in such a wide area of
South America is essential to understand biota
changes through time in this subcontinent.

1. Minoli et al.

Acknowledgements. We thank C.H.F. Perez, J. Grummer,
M. Femenias, J. Villamil Lamas, N. Frutos, N. Feltrin, F.
Werneck, A. Camargo, L. Belver, J.C. Acosta, D.R. Perez,
R. Martori, F. Palacios, L. Acker for help in field trips. We
thank S.I. Tiranti who donated some Teius samples from
NE Argentina. We thank A. Lira-Noriega for collaborating
in our methodological decisions and J.W. Sites, Jr. for
reviewing this manuscript. This research did not receive
any specific grant from funding agencies in the public,
commercial, or not-for-profit sectors.

References

Adler, D., Murdoch, D. (2017): rgl: 3D Visualization Using
OpenGL.

Ahmadzadeh, F., Flecks, M., Carretero, M.A., Mozaf-
fari, O., Bohme, W., Harris, D.J., Freitas, S., Rodder,
D. (2013): Cryptic speciation patterns in Iranian rock
lizards uncovered by integrative taxonomy. PLoS ONE
8: e80563.

Allen, J.L., Lendemer, J.C. (2016): Climate change impacts
on endemic, high-elevation lichens in a biodiversity
hotspot. Biodivers Conserv 25: 555-568.

Allouche, O., Tsoar, A., Kadmon, R. (2006): Assessing
the accuracy of species distribution models: prevalence,
kappa and the true skill statistic (TSS). J. Appl. Ecol. 43:
1223-1232.

Anderson, R.P. (2013): A framework for using niche models
to estimate impacts of climate change on species distri-
butions. Ann. N.Y. Acad. Sci. 1297: 8-28.

Aratijo, M.B., New, M. (2007): Ensemble forecasting of
species distributions. Trends Ecol. Evol. 22: 42-47.

Aratijo, M.B., Pearson, R.G. (2005): Equilibrium of species’
distributions with climate. Ecography 28: 693-695.

Aratjo, M.B., Pearson, R.G., Thuiller, W., Erhard, M.
(2005): Validation of species-climate impact models un-
der climate change. Global Change Biol. 11: 1504-1513.

Aratjo, M.B., Thuiller, W., Pearson, R.G. (2006): Climate
warming and the decline of amphibians and reptiles in
Europe. J. Biogeogr. 33: 1712-1728.

Austin, M.P. (2002): Spatial prediction of species distribu-
tion: an interface between ecological theory and statisti-
cal modelling. Ecol. Model. 157: 101-118.

Ballesteros-Barrera, C., Martinez-Meyer, E., Gadsden, H.
(2007): Effects of land-cover transformation and climate
change on the distribution of two microendemic lizards,
genus Uma, of northern México. J. Herpetol. 41: 733-
740.

Barbet-Massin, M., Jetz, W. (2014): A 40-year, continent-
wide, multispecies assessment of relevant climate pre-
dictors for species distribution modelling. Diversity Dis-
trib. 20: 1285-1295.

Barbosa, A.M., Sillero, N., Martinez-Freiria, F., Real, R.
(2012): Ecological niche models in Mediterranean her-
petology: past, present, and future. In: Ecological Mod-
eling, p. 173-204. Zhang, W.-J., Ed., Nova Science Pub-
lishers, Hauppauge, N.Y.



Niche modeling and climate change in Teius

Barros, C., Thuiller, W., Georges, D., Boulangeat, I.,
Miinkemiiller, T. (2016): N-dimensional hypervolumes
to study stability of complex ecosystems. Ecol Lett 19:
729-742.

Barrows, C.W. (2011): Sensitivity to climate change for two
reptiles at the Mojave-Sonoran Desert interface. J. Arid
Environ. 75: 629-635.

Barve, N., Barve, V., Jiménez-Valverde, A., Lira-Noriega,
A., Mabher, S.P., Peterson, A.T., Soberdn, J., Villalobos,
F. (2011): The crucial role of the accessible area in eco-
logical niche modeling and species distribution model-
ing. Ecol. Model. 222: 1810-1819.

Bivand, R., Keitt, T., Rowlingson, B. (2018): rgdal: bindings
for the geospatial data abstraction library. R package
version 1.3-3.

Bivand, R., Lewin-Koh, N. (2018): maptools: tools for
reading and handling spatial objects. R package version
0.9-2.

Bivand, R., Rundel, C. (2018): rgeos: interface to geome-
try engine — open source (GEOS). R package version
0.3-28.

Blonder, B. (2015): hypervolume: high-Dimensional Kernel
Density Estimation and Geometry Operations.

Blonder, B., Lamanna, C., Violle, C., Enquist, B.J. (2014):
The n-dimensional hypervolume. Glob. Ecol. Biogeogr.
23: 595-609.

Bohm, M., Cook, D., Ma, H., Davidson, A.D., Garcia,
A., Tapley, B., Pearce-Kelly, P., Carr, J. (2016): Hot
and bothered: using trait-based approaches to assess
climate change vulnerability in reptiles. Biol Conserv.
204: 32-41.

Bonino, M.F,, Azécar, D.L.M., i, J.A.S., Cruz, EB. (2015):
Climate change and lizards: changing species’ geo-
graphic ranges in Patagonia. Reg Environ Change 15:
1121-1132.

Breitman, ML.F., Bonino, M.E., Sites, J.W., Avila, L.J.,
Morando, M. (2015): Morphological variation, niche di-
vergence, and phylogeography of lizards of the Liolae-
mus lineomaculatus section (Liolaemini) from southern
Patagonia. Herpetol Monogr. 29: 65-88.

Brotons, L., Thuiller, W., Aratdjo, M.B., Hirzel, A.H. (2004):
Presence-absence versus presence-only modelling meth-
ods for predicting bird habitat suitability. Ecography 27:
437-448.

Cabrera, M.R., Monguillot, J.C. (2007): Reptilia, Squamata,
Teiidae, Teius suquiensis: new evidence of recent expan-
sion of this parthenogenetic lizard? Check List 3: 180-
184.

Cacciali, P., Morando, M., Kohler, G., Avila, L. (2016a):
On the distribution of the genus Zeius Merrem, 1820
(Reptilia: Squamata: Teiidae). Zootaxa 4136: 491-514.

Cacciali, P., Scott, N.J., Aquino Ortiz, A.L., Fitzgerald,
L.A., Smith, P. (2016b): The reptiles of Paraguay: litera-
ture, distribution, and an annotated taxonomic checklist.
Special Publication of the Museum of Southwestern Bi-
ology 1-373.

Cane, M.A. (2005): The evolution of El Nifio, past and
future. Earth Planet. Sci. Lett. 230: 227-240.

Cei, J.M. (1993): Reptiles del Nordeste y Este de la Ar-
gentina. Herpetofauna de las Selvas Subtropicales, Puna
y Pampas. Museo Regionale di Scienze Naturali, Torino.

323

Ceia-Hasse, A., Sinervo, B., Vicente, L., Pereira, H.M.
(2014): Integrating ecophysiological models into species
distribution projections of European reptile range shifts
in response to climate change. Ecography 37: 1-10.

Chalghaf, B., Chlif, S., Mayala, B., Ghawar, W., Bettaieb,
J., Harrabi, M., Benie, G.B., Michael, E., Salah, A.B.
(2016): Ecological niche modeling for the prediction of
the geographic distribution of cutaneous leishmaniasis
in Tunisia. Am J Trop Med Hyg 94: 844-851.

Chase, J.M. (2003): Community assembly: when should
history matter? Oecologia 136: 489-498.

CMIP5 (2015): CMIP5 Coupled Model Intercomparison
Project.

Colwell, R.K., Rangel, T.F. (2009): Hutchinson’s duality:
the once and future niche. PNAS 106: 19651-19658.
Cooper, J.C., Soberén, J. (2017): Creating individual acces-
sible area hypotheses improves stacked species distribu-
tion model performance. Global Ecology and Biogeog-

raphy 27: 156-165.

de M. Bastos, E.G., de Aratjo, A.F.B., da Silva, H.R.
(2005): Records of the rattlesnakes Crotalus durissus
terrificus (Laurenti) (Serpentes, Viperidae) in the State
of Rio de Janeiro, Brazil: a possible case of invasion
facilitated by deforestation. Rev. Bras. Zool. 22: 812-
815.

Debandi, G., Corbalan, V., Scolaro, J.A., Roig-Juifient, S.A.
(2012): Predicting the environmental niche of the genus
Phymaturus: are palluma and patagonicus groups eco-
logically differentiated? Austral Ecol. 37: 392-400.

Di Cola, V., Broennimann, O., Petitpierre, B., Breiner, F.T.,
D’Amen, M., Randin, C., Engler, R., Pottier, J., Pio,
D., Dubuis, A., Pellissier, L., Mateo, R.G., Hordijk, W.,
Salamin, N., Guisan, A. (2017): ecospat: an R package to
support spatial analyses and modeling of species niches
and distributions. Ecography 40: 1-14.

Di Marco, M., Watson, J.E.M., Possingham, H.P., Venter, O.
(2016): Limitations and trade-offs in the use of species
distribution maps for protected area planning. J Appl
Ecol 54: 402-411.

Dormann, C.E, Elith, J., Bacher, S., Buchmann, C., Carl,
G., Carré, G., Marquéz, J.R.G., Gruber, B., Lafour-
cade, B., Leitdo, P.J., Miinkemiiller, T., McClean, C.,
Osborne, P.E., Reineking, B., Schroder, B., Skidmore,
AK., Zurell, D., Lautenbach, S. (2013): Collinearity:
a review of methods to deal with it and a simula-
tion study evaluating their performance. Ecography 36:
27-46.

Dormann, C.F, Schymanski, S.J., Cabral, J., Chuine, I.,
Graham, C., Hartig, F., Kearney, M., Morin, X., Romer-
mann, C., Schroder, B., Singer, A. (2012): Correlation
and process in species distribution models: bridging a
dichotomy. J. Biogeogr. 39: 2119-2131.

Dray, S., Dufour, A.B. (2007): The ade4 package: imple-
menting the duality diagram for ecologists. J Stat Softw.
22: 1-20.

Elith, J., Leathwick, J.R. (2009): Species distribution mod-
els: ecological explanation and prediction across space
and time. Annu Rev Ecol Evol Syst. 40: 677-697.

Elith, J., Phillips, S.J., Hastie, T., Dudik, M., Chee, Y.E.,
Yates, C.J. (2011): A statistical explanation of MaxEnt
for ecologists. Divers. Distrib. 17: 43-57.



324

Elton, C.S. (1927): Animal Ecology. Macmillan Co, New
York.

Engler, J.O., Rodder, D, Elle, O., Hochkirch, A., Secondi, J.
(2013): Species distribution models contribute to deter-
mine the effect of climate and interspecific interactions
in moving hybrid zones. J. Evol. Biol. 26: 2487-2496.

Fontanella, FM., Feltrin, N., Avila, L.J., Sites, J.W.,
Morando, M. (2012): Early stages of divergence: phy-
logeography, climate modeling, and morphological dif-
ferentiation in the South American lizard Liolaemus
petrophilus (Squamata: Liolaemidae). Ecol Evol. 2: 792-
808.

Fox, J., Weisberg, S. (2011): An R Companion to Applied
Regression. Sage, Thousand Oaks CA.

Grinnell, J. (1917): The niche-relationships of the California
thrasher. The Auk 34: 427-433.

Hijmans, R.J. (2015): geosphere: spherical trigonometry.
R package version 1.5-7.

Hijmans, R.J. (2017): raster: geographic data analysis and
modeling. R package version 2.6-7.

Hirzel, A.H., Le Lay, G. (2008): Habitat suitability mod-
elling and niche theory. J. Appl. Ecol. 45: 1372-1381.
Hortal, J., Bello, F. de, Diniz-Filho, J.A.F., Lewinsohn,
T.M., Lobo, J.M., Ladle, R.J. (2015): Seven shortfalls
that beset large-scale knowledge of biodiversity. Annu

Rev Ecol Evol Syst. 46: 523-549.

Huey, R.B., Kearney, M.R., Krockenberger, A., Holtum,
J.LAM.,, Jess, M., Williams, S.E. (2012): Predicting or-
ganismal vulnerability to climate warming: roles of be-
haviour, physiology and adaptation. Philos. Trans. R.
Soc. Lond., B, Biol. Sci. 367: 1665-1679.

James, F.C., Johnston, R.F., Wamer, N.O., Niemi, G.J.,
Boecklen, W.J. (1984): The grinnellian niche of the
wood thrush. Am. Nat. 124: 17-47.

Jones, K.R., Watson, J.E.M., Possingham, H.P., Klein, C.J.
(2016): Incorporating climate change into spatial con-
servation prioritisation: a review. Biol. Conserv. 194:
121-130.

Kaliontzopoulou, A., Brito, J.C., Carretero, M.A., Larbes,
S., Harris, D.J. (2008): Modelling the partially unknown
distribution of wall lizards (Podarcis) in North Africa:
ecological affinities, potential areas of occurrence, and
methodological constraints. Can. J. Zool. 86: 992-1001.

Kassambara, A., Mundt, F. (2017): factoextra: extract and
Visualize the Results of Multivariate Data Analyses.
R package version 1.0.4.999.

Kershaw, F., Waller, T., Micucci, P., Draque, J., Barros, M.,
Buongermini, E., Pearson, R.G., Mendez, M. (2013):
Informing conservation units: barriers to dispersal for
the yellow anaconda. Divers. Distrib. 19: 1164-1174.

Kubisch, E.L., Corbaldn, V., Ibargiiengoytia, N.R., Sinervo,
B. (2015): Local extinction risk by global warming of
three species of lizards from Patagonia. Can J. Zool.

Larson, E.R., Olden, J.D., Usio, N. (2010): Decoupled
conservatism of Grinnellian and Eltonian niches in an
invasive arthropod. Ecosphere 1: 1-13.

L&, S., Josse, J., Husson, F. (2008): FactoMineR: an R pack-
age for multivariate analysis. J Stat Softw. 25: 1-18.
Leibold, M.A. (1995): The niche concept revisited: mech-
anistic models and community context. Ecology 76:

1371-1382.

1. Minoli et al.

Lemes, P., Melo, A.S., Loyola, R.D. (2014): Climate change
threatens protected areas of the Atlantic forest. Biodivers
Conserv 23: 357-368.

Lima-Ribeiro, M.S., Varela, S., Gonzalez-Hernandez, J.,
Oliveira, G. de, Diniz-Filho, J.A.F., Terribile, L.C.
(2015): EcoClimate: a database of climate data from
multiple models for past, present, and future for macroe-
cologists and biogeographers. Biodiversity Informatics
10: 1-21.

Lobo, J.M., Jiménez-Valverde, A., Real, R. (2008): AUC:
a misleading measure of the performance of predictive
distribution models. Global Ecol Biogeogr. 17: 145-151.

Marino, J., Bennett, M., Cossios, D., Iriarte, A., Lucherini,
M., Pliscoff, P., Sillero-Zubiri, C., Villalba, L., Walker,
S. (2011): Bioclimatic constraints to Andean cat distri-
bution: a modelling application for rare species. Divers.
Distrib. 17: 311-322.

Mclnerny, G.J., Etienne, R.S. (2012a): Ditch the niche —
is the niche a useful concept in ecology or species
distribution modelling? J. Biogeogr. 39: 2096-2102.

Mclnerny, G.J., Etienne, R.S. (2012b): Pitch the niche — tak-
ing responsibility for the concepts we use in ecology and
species distribution modelling. J. Biogeogr. 39: 2112-
2118.

Mclnerny, G.J., Etienne, R.S. (2012c): Stitch the niche —
a practical philosophy and visual schematic for the niche
concept. J. Biogeogr. 39: 2103-2111.

Medina, R.G., Ponssa, M.L., Ardoz, E. (2016): Environmen-
tal, land cover and land use constraints on the distribu-
tional patterns of anurans: Leptodacylus species (Anura,
Leptodactylidae) from Dry Chaco. Peer] 4: €2605.

Meehl, G.A., Stocker, T.F., Collins, W.D., Friedlingstein,
P, Gaye, A.T., Gregory, J.M., Kitoh, A., Knutti, R.,
Murphy, J.M., Noda, A., Raper, S.C.B., Watterson, 1.G.,
Weaver, A.J. (2007): Regional climate projections. In:
Climate Change 2007: the Physical Science Basis. Con-
tribution of Working Group i to the Fourth Assess-
ment Report of the Intergovernmental Panel on Climate
Change, p. 748-846. Solomon, S., Qin, D., Manning,
M., Chen, Z., Marquis, M., Averyt, K.B., Tignor, M.,
Miller, H.L., Eds, Cambridge University Press, Cam-
bridge, United Kingdom and New York, NY, USA.

Merow, C., Smith, M.J., Silander, J.A. (2013): A practi-
cal guide to MaxEnt for modeling species’ distributions:
what it does, and why inputs and settings matter. Ecog-
raphy 36: 1058-1069.

Minoli, I., Avila, L.J. (2017): Conservation assessments
in climate change scenarios: spatial perspectives for
present and future in two Pristidactylus (Squamata:
Leiosauridae) lizards from Argentina. Zootaxa 4237: 91-
111.

Monserud, R.A., Leemans, R. (1992): Comparing global
vegetation maps with the Kappa statistic. Ecol Modell.
62: 275-293.

Moritz, C., Uzzell, T., Spolsky, C., Hotz, H., Darevsky, 1.,
Kupriyanova, L., Danielyan, F. (1992): The material an-
cestry and approximate age of parthenogenetic species
of Caucasian rock lizards (Lacerta: Lacertidae). Genet-
ica 87: 53-62.



Niche modeling and climate change in Teius

Nori, J., Carrasco, P.A., Leynaud, G.C. (2014): Venomous
snakes and climate change: ophidism as a dynamic
problem. Clim Change 122: 67-80.

Nori, J., Lescano, J.N., Illoldi-Rangel, P., Frutos, N., Cabr-
era, M.R., Leynaud, G.C. (2013): The conflict between
agricultural expansion and priority conservation areas:
making the right decisions before it is too late. Biol Con-
serv. 159: 507-513.

O’Rourke, N., Hatcher, L. (2013): A Step-by-Step Ap-
proach to Using SAS for Factor Analysis and Structural
Equation Modeling. SAS Institute, Cary, North Carolina,
USA.

Owens, H.L., Campbell, L.P., Dornak, L.L., Saupe, E.E.,
Barve, N., Soberén, J., Ingenloff, K., Lira-Noriega, A.,
Hensz, C.M., Myers, C.E., Peterson, A.T. (2013): Con-
straints on interpretation of ecological niche models by
limited environmental ranges on calibration areas. Ecol
Modell. 263: 10-18.

Parker, W.S. (2010): Predicting weather and climate: uncer-
tainty, ensembles and probability. Studies in history and
philosophy of science part B: Studies in History and Phi-
losophy of Modern Physics 41: 263-272.

Pearson, R.G., Raxworthy, C.J., Nakamura, M., Townsend
Peterson, A. (2007): Predicting species distributions
from small numbers of occurrence records: a test case
using cryptic geckos in Madagascar. J. Biogeogr. 34:
102-117.

Pearson, R.G., Thuiller, W., Araijo, M.B., Martinez-Meyer,
E., Brotons, L., McClean, C., Miles, L., Segurado, P,
Dawson, T.P., Lees, D.C. (2006): Model-based uncer-
tainty in species range prediction. J. Biogeogr. 33: 1704-
1711.

Pebesma, E., Bivand, R. (2005): sp: classes and methods for
spatial data in R.

Pelegrin, N., Bucher, E.H. (2012): Effects of habitat degra-
dation on the lizard assemblage in the Arid Chaco, cen-
tral Argentina. J. Arid Environ. 79: 13-19.

Pelegrin, N., Chani, J.M., Echevarria, A.L., Bucher, E.H.
(2009): Effects of forest degradation on abundance
and microhabitat selection by ground dwelling Chaco
lizards. Amphibia-Reptilia 30: 265-271.

Pelegrin, N., Chani, J.M., Echevarria, A.L., Bucher, E.H.
(2013): Habitat degradation may affect niche segrega-
tion patterns in lizards. Acta Oecol. 51: 82-87.

Peterson, A.T., Sober6n, J., Pearson, R.G., Anderson,
R.P., Martinez-Meyer, E., Nakamura, M., Aratijo, M.B.
(2011): Ecological Niches and Geographic Distribu-
tions. Princeton University Press, United Kingdom.

Peterson, A.T., Tian, H., Martinez-Meyer, E., Sober6n, J.,
Sanchez-Cordero, V., Weaver, A.J. (2005): Modeling
distributional shifts of individual species and biomes. In:
Climate Change and Biodiversity, p. 211-231. Lovejoy,
T.E., Hannah, L., Eds, Yale University Press, New Halen
& London, UK.

Phillips, S.J., Anderson, R.P., Dudik, M., Schapire, R.E.,
Blair, M.E. (2017): Opening the black box: an open-
source release of Maxent. Ecography 40: 887-893.

Phillips, S.J., Anderson, R.P., Schapire, R.E. (2006): Max-
imum entropy modeling of species geographic distribu-
tions. Ecol Modell. 190: 231-259.

325

Phillips, S.J., Dudik, M. (2008): Modeling of species distri-
butions with Maxent: new extensions and a comprehen-
sive evaluation. Ecography 31: 161-175.

Phillips, S.J., Dudik, M., Schapire, R.E. (2016): Maxent
software and datasets. 3.3.3k version.

PMIP2 (2009): Paleoclimate Modelling Intercomparison
Project Phase II.

Pough, FH., Andrews, R.M., Crump, M.L., Savitzky, A.H.,
Wells, K.D., Brandley, M.C. (2015): Herpetology. Sun-
derland, Massachusetts, USA, Sinauer Associates is an
imprint of Oxford University Press.

Radosavljevic, A., Anderson, R.P. (2014): Making bet-
ter Maxent models of species distributions: complexity,
overfitting and evaluation. J. Biogeogr. 41: 629-643.

Rahmstorf, S., Cazenave, A., Church, J.A., Hansen, J.E.,
Keeling, R.F., Parker, D.E., Somerville, R.C.J. (2007):
Recent climate observations compared to projections.
Science 316: 709.

Rangel, T.F., Loyola, R.D. (2012): Labeling ecological
niche models. Nat Conservacao 10: 119-126.

Rissler, L.J., Apodaca, J. (2007): Adding more ecology into
species delimitation: ecological niche models and phylo-
geography help define cryptic species in the black sala-
mander (Aneides flavipunctatus). Syst. Biol. 56: 924-
942.

Romero, D., Olivero, J., Marquez, A.L., Bdez, J.C., Real, R.
(2014): Uncertainty in distribution forecasts caused by
taxonomic ambiguity under climate change scenarios:
a case study with two newt species in mainland Spain.
Journal of Biogeography 41: 111-121.

Rubio-Salcedo, M., Psomas, A., Prieto, M., Zimmermann,
N.E., Martinez, I. (2016): Case study of the implications
of climate change for lichen diversity and distributions.
Biodivers Conserv: 1-21.

Ruete, A., Leynaud, G.C. (2015): Identification of limit-
ing climatic and geographical variables for the distribu-
tion of the tortoise Chelonoidis chilensis (Testudinidae):
a baseline for conservation actions. PeerJ 3: €1298.

Sahlean, T.C., Gherghel, 1., Papes, M., Strugariu, A., Zam-
firescu, $.R. (2014): Refining climate change projections
for organisms with low dispersal abilities: a case study
of the caspian whip snake. PLOS ONE 9: €91994.

Schloerke, B., Crowley, J., Cook, D., Briatte, F., Marbach,
M., Thoen, E., Elberg, A. (2016): GGally: extension to
ggplot2.

Schwartz, M.W. (2012): Using niche models with climate
projections to inform conservation management deci-
sions. Biol Conserv. 155: 149-156.

Sillero, N., Carretero, M.A. (2013): Modelling the past and
future distribution of contracting species. The Iberian
lizard Podarcis carbonelli (Squamata: Lacertidae) as a
case study. Zool. Anz. 252: 289-298.

Sinervo, B., Méndez de la Cruz, F., Miles, D.B., Heulin,
B., Bastiaans, E., Villagran Santa Cruz, M., Lara Re-
sendiz, R., Martinez Méndez, N., Calderén Espinosa,
M.L., Meza Lazaro, R.N., Gadsden, H., Avila, L.J.,
Morando, M., De la Riva, L.J., Sepiilveda, P.V., Rocha,
C.E.D., Ibarguengoytia, N., Puntriano, C.A., Massot, M.,
Lepetz, V., Oksanen, T.A., Chapple, D.G., Bauer, A.M.,
Branch, W.R., Clobert, J., Sites, J.W. (2010): Erosion of
lizard diversity by climate change and altered thermal
niches. Science 328: 894-899.



326

Smith, J.B., Schneider, S.H., Oppenheimer, M., Yohe, G.W.,
Hare, W., Mastrandrea, M.D., Patwardhan, A., Burton,
1., Corfee-Morlot, J., Magadza, C.H. (2009): Assessing
dangerous climate change through an update of the inter-
governmental panel on climate change (IPCC) “reasons
for concern”. Proc. Natl. Acad. Sci. U.S.A. 106: 4133-
4137.

Soberén, J. (2007): Grinnellian and Eltonian niches and
geographic distributions of species. Ecol. Lett. 10: 1115-

1123.

Soberén, J., Nakamura, M. (2009): Niches and distribu-
tional areas: concepts, methods, and assumptions. PNAS
106: 19644-19650.

Sober6n, J., Osorio-Olvera, L., Peterson, T. (2017): Difer-
encias conceptuales entre modelacion de nichos y mod-
elacion de dreas de distribucion. Rev Mex Biodivers. 88:
437-441.

Soberdn, J., Peterson, A.T. (2005): Interpretation of models
of fundamental ecological niches and species’ distribu-
tional areas. Biodiversity Informatics 2: 1-10.

Syfert, M.M., Smith, M.J., Coomes, D.A. (2013): The ef-
fects of sampling bias and model complexity on the
predictive performance of MaxEnt species distribution
models. PLOS ONE 8: e55158.

Tanner, E.P., Papes, M., Elmore, R.D., Fuhlendorf, S.D.,
Davis, C.A. (2017): Incorporating abundance informa-
tion and guiding variable selection for climate-based
ensemble forecasting of species’ distributional shifts.
PLOS ONE 12: e0184316.

Thuiller, W., Lafourcade, B., Engler, R., Aradjo, M.B.
(2009): BIOMOD - a platform for ensemble forecasting
of species distributions. Ecography 32: 369-373.

Townsend Peterson, A., Papes, M., Soberén, J. (2016):
Mechanistic and correlative models of ecological niches.
European Journal of Ecology 1: 28-38.

Townsend Peterson, A., Soberén, J. (2012): Species distri-
bution modeling and ecological niche modeling: getting
the concepts right. Nat Conservacao 10: 102-107.

Tulloch, A.LT., Sutcliffe, P., Naujokaitis-Lewis, 1., Tingley,
R., Brotons, L., Ferraz, KM.PM.B., Possingham, H.,
Guisan, A., Rhodes, J.R. (2016): Conservation planners
tend to ignore improved accuracy of modelled species
distributions to focus on multiple threats and ecological
processes. Biol Conserv. 199: 157-171.

1. Minoli et al.

van Proosdij, A.S.J., Sosef, M.S.M., Wieringa, J.J., Raes, N.
(2016): Minimum required number of specimen records
to develop accurate species distribution models. Ecogra-
phy 39: 542-552.

Vandermeer, J. (1972): Niche theory. Annu Rev Ecol Syst.
3:107-132.

Vasconcelos, T.S., Do Nascimento, B.T.M. (2016): Potential
climate-driven impacts on the distribution of generalist
treefrogs in South America. Herpetologica 72: 23-31.

Vera-Escalona, 1., D’Elia, G., Gouin, N., Fontanella, FM.,
Muiiéz-Mendoza, C., Sites Jr, J.W., Victoriano, P.F.
(2012): Lizards on ice: evidence for multiple refugia in
Liolaemus pictus (Liolaemidae) during the last glacial
maximum in the southern Andean beech forests. PLoS
ONE 7: e48358.

Warren, D.L., Glor, R.E., Turelli, M. (2008): Environmental
niche equivalency versus conservatism: quantitative ap-
proaches to niche evolution. Evolution 62: 2868-2883.

Wiens, J.J., Graham, C.H. (2005): Niche conservatism:
integrating evolution, ecology, and conservation biology.
Annu Rev Ecol Evol Syst. 36: 519-539.

Winck, G., Almeida-Santos, P., Rocha, C. (2014): Potential
distribution of the endangered endemic lizard Liolaemus
lutzae Mertens, 1938 (Liolaemidae): are there other
suitable areas for a geographically restricted species?
Braz. J. Biol. 74: 338-348.

WorldClim - Global Climate Data (2015):
30-seconds | WorldClim — Global Climate Data.

Zajitschek, S.R., Zajitschek, F., Clobert, J. (2012): The
importance of habitat resistance for movement decisions
in the common lizard, Lacerta vivipara. BMC Ecology
12: 1-9.

Zank, C., Becker, F.G., Abadie, M., Baldo, D., Maneyro,
R., Borges-Martins, M. (2014): Climate change and
the distribution of Neotropical red-bellied toads
(Melanophryniscus, Anura, Amphibia): how to priori-
tize species and populations? PLoS ONE 9: €94625.

CMIP5

Submitted: May 23, 2018. Final revision received:
December 10, 2018. Accepted: December 11, 2018.
Associate Editor: Raffael Ernst.



