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With some 400 known species, the lizard genus Anolis is one of the most species-rich groups of terrestrial vertebrates in
the world. Widely distributed, they occur throughout Central and South America, the West Indies, and the southeastern
United States. Although anoles have emerged as paradigmatic species in ecology and evolution, relatively little research
has addressed the effects of climate change on their distributions. Over the past 40 years, Puerto Rico has experienced
steady increases in ambient temperature with mean maximum temperatures rising by as much as 28C. Using
distribution data from the Puerto Rico Gap Analysis, WorldClim bioclimatic variables, and MaxEnt niche modeling
software, we projected potential changes in the distribution of ten species of Puerto Rican anoles for 2050 and 2070. All
of our models used either the HadGEM2-AO or the MRI-CGCM3 Global Climate Model, each paired with the IPCC’s
Representative Concentration Pathways (RCPs). RCP4.5 was chosen as it represents a scenario in which greenhouse gas
concentrations rise in the Earth’s atmosphere until the year 2040 and then begin to decline. RCP8.5 was chosen as it
represents a likely scenario of continued high greenhouse gas emissions through 2100 and acts as the IPCC’s worst-case
scenario of warming. Under HadGEM2-AO RCP8.5 for 2050, Anolis krugi, A. evermanni, and A. gundlachi are the most
negatively impacted species, while for MRI-CGCM3 RCP8.5 for 2050, the most negatively impacted species are A. cuvieri,
A. gundlachi, and A. evermanni. The models also predict mean reductions in most suitable habitat across all ten species of
Anolis, ranging from –29.4% by 2050 to –39.6% by 2070 under HadGEM2-AO RCP8.5, and from –10.6% by 2050 to
�28.5% by 2070 under MRI-CGCM3 RCP8.5. Our study provides insights into the potential impact of continued climate
change on Puerto Rican anoles, and most likely other West Indian species of Anolis, and has important implications for
future conservation efforts.

A
S one of the greatest threats to biodiversity the Earth
has experienced, climate change is impacting species’
distributions, behavior, and physiology, and it is

accelerating extinction rates worldwide (Tewksbury et al.,
2008; Brodie et al., 2012; Alamgir et al., 2015; Lister and
Garcia, 2018). The past three decades have each been
successively warmer than any preceding decade since 1850,
and from 1880–2012 global surface temperature rose 0.858C
(IPCC, 2014). While it is clear that the severity of climate
change is increasing, there is less certainty regarding which
preventative measures should be taken to combat biodiver-
sity loss. For many years, climate change was thought to be a
problem for the future, with researchers left scrambling for
solutions as biodiversity losses accelerated (McCarty, 2001).
As climate change continues to create new challenges for
ecologists and conservation biologists, it is increasingly
important to gain a deeper understanding of future changes
in temperature and precipitation and their impact on the
distribution, abundance, and diversity of the Earth’s biota.

Species distribution models (SDMs) have become a central
methodology in this effort, as well as the related formulation
of conservation and species protection plans (Zhang et al.,
2012; Alamgir et al., 2015; Wright et al., 2016). Utilizing
SDMs, researchers can predict potential changes in species’
distributions with respect to a variety of environmental
variables such as precipitation, temperature, elevation, and
land cover. Although criticized for inconsistencies, SDMs
provide foundational information necessary for ecologists to
understand the future impacts of climate change at scales
ranging from individual organisms to entire ecosystems
(Yukimoto et al., 2012; Chen et al., 2015; Wright et al., 2016).

A number of theoretical and empirical studies indicate that
ectotherms should be particularly vulnerable to climate
change (Tewksbury et al., 2008; Huey et al., 2009, 2010;
Sinervo et al., 2010). Although the rates of warming in the
tropics are predicted to be low compared to higher latitudes,

Huey et al. (2009) pointed out that ectotherm response to
warming is contingent on optimal performance temperature
with respect to operative temperature, not merely the degree
of temperature change. In keeping with this insight, Tewks-
bury et al. (2008) determined that tropical ectotherms living
in regions of little to no seasonal change often have narrower
thermal tolerances than their higher latitude counterparts
and therefore are more vulnerable to potential fluctuations in
climate. As one example, 58% of Mexican lizards in Sceloporus
may be extinct by 2080, most likely due to the inability of
these lizards to adapt quickly enough to match their thermal
limits to the accelerating pace of climate warming (Sinervo et
al., 2010).

Anolis is a strikingly diverse genus (~400 species), and it is
also exceptionally widespread, being found throughout
Central and South America, the Caribbean, and southeastern
North America (Nicholson et al., 2012). Anoles are keystone
species in many island ecosystems because of their extremely
high population densities and consequent impact on food
webs (Reagan and Waide, 1996). Given these characteristics,
it is not surprising that anoles have served as model
organisms across a broad range of ecological and evolution-
ary studies (Losos, 2009). Although the thermal biology of
anoles has been studied extensively (Huey and Webster,
1975, 1976; Hertz, 1992; Huey et al., 2009), comparatively
little is known about possible climate driven distributional
changes and the impact these changes may have on future
extinction rates. Here we generate some of the first species
distribution models for West Indian anoles, an important
step towards formulating effective conservation strategies for
anoles as well as other lizard species.

MATERIALS AND METHODS

Species data.—Occurrence data were obtained from range
maps constructed by the Puerto Rico Gap Analysis Project
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(Gould et al., 2011) on ten species of Puerto Rican anoles:
Anolis cooki, A. cristatellus, A. cuvieri, A. evermanni, A.
gundlachi, A. krugi, A. occultus, A. poncensis, A. pulchellus,
and A. stratulus. The Puerto Rico Gap Analysis Project created
land-cover maps using satellite images taken between 1999–
2003 to create range maps for the Puerto Rican anoles, with
final maps completed in 2006. The Puerto Rico Gap Analysis
specifically highlights appropriate uses for their range maps,
which includes the modeling of species distribution scenar-
ios. The Project employed data on the probability of species’
occurrences, actual occurrence data taken from published
peer-reviewed literature, unpublished data sets, expert opin-
ions, and museum records, and predicted occurrence based
on a species’ life history, habitat preference, and associated
range (Gould et al., 2011).

Study site.—Like other Greater Antillean species of Anolis,
Puerto Rican anoles utilize different niches that differ
primarily with respect to perch site, insolation, and arthro-
pod prey, and can be classified as belonging to one of the six
canonical ecomorphs of Anolis (Losos, 2009). Collectively,
they also occupy a diverse set of habitats, ranging from the
dry forests of southwestern Puerto Rico to the tropical
rainforest in the mountainous northeast of the island. To
better understand predicted distributional changes for a
given species, we incorporated information from the Hol-
dridge Ecological Lifezones (HELZ) map for Puerto Rico (Fig.
1). The HELZ map is specifically included so that readers can
better understand which life zone(s) each species of Anolis
inhabits within the context of its geographic range on Puerto
Rico.

Model selection.—The current range of each species was first
modeled using the WorldClim (Version 1.4, CMIP5) 19
bioclimatic variables (8 precipitation, 11 temperature),
monthly total precipitation, and maximum temperature
(Tmax) at 30 s (1 km) spatial resolution, for comparison with
the 2050 and 2070 future projections. For our analyses of
future scenarios, we chose the IPCC’s representative concen-
tration pathways (RCPs) RCP4.5 and RCP8.5. RCP4.5
assumes a peak in greenhouse gas emissions in 2040 followed

by decline, while RCP8.5 acts as the worst-case scenario and
is based on an increase in greenhouse gas emissions through
the end of the 21st century. The two RCP scenarios were
incorporated into separate models for regional climate
change in Puerto Rico up to 2050 and 2070 using the
downscaled HadGEM2-AO and the MRI-CGCM3 global
climate models (GCMs). We therefore generated models for
each species under the following scenarios: Current, HadG-
EM2-AO RCP4.5 2050, HadGEM2-AO RCP8.5 2050, HadG-
EM2-AO RCP4.5 2070, HadGEM2-AO RCP8.5 2070, MRI-
CGCM3 RCP4.5 2050, MRI-CGCM3 RCP8.5 2050, MRI-
CGCM3 RCP4.5 2070, and MRI-CGCM3 RCP8.5 2070. These
analyses resulted in a total of 80 futuristic distribution
models. All models employed a 30 s (1 km) spatial resolution,
provided by WorldClim (Version 1.4, CMIP5). Although
WorldClim data on precipitation and maximum temperature
(Tmax) were initially combined with the 19 bioclimatic
variables and modeled using both GCMs under RCP4.5 and
RCP8.5 for the years 2050 and 2070, our models’ AUC values
decreased following the addition of the Tmax and precipita-
tion variables. Therefore, these two layers were removed from
final models. We selected the HadGEM2-AO GCM as one of
the two GCMs for this study because of this model’s wide
array of configurations. These include atmospheric, oceanic,
and sea-ice components, well-resolved stratosphere and
aerosol concentrations, and improved modeling of tropical
environments over previous versions (HadGEM2 Develop-
ment Team, 2011). To compare results with HadGEM2-AO,
we selected MRI-CGCM3, developed by the Meteorological
Research Institute (MRI), which similarly couples atmo-
sphere-ocean dynamics and includes aerosol, ocean-ice, and
atmosphere-land components.

File preparation.—WorldClim 1.4 files for the 19 bioclimatic
(BioClim) variables were downloaded as BIL image (.bil) files
then converted to ASCII format for use in MaxEnt and cut to
fit the geographic extent of the study area which includes all
of Puerto Rico. DIVA-GIS was used to both clip and convert
the BIL image files to ASCII. This process resulted in 19
current data files ready for processing in MaxEnt. The
WorldClim 1.4 future climate files, for both HadGEM2-AO
2050 and 2070, and MRI-CGCM3 2050 and 2070, under
both RCP4.5 and RCP8.5, were downloaded as TIFF files and
cut to match the study area. QGIS (version 2.18.9; QGIS
Development Team, 2018) was used to clip and convert these
TIFF files, resulting in 152 MaxEnt suitable files (19 files for
each of the eight scenarios).

Modeling and analyzing species distributional shifts.—The
IPCC’s RCP4.5 and RCP8.5 scenarios, the 19 BioClim
variables, and MaxEnt (ver. 3.4.1; Phillips et al., 2018), were
used to generate current and projected suitable habitat, as
well as predicted habitat loss, for the ten Puerto Rican species
of Anolis for 2050 and 2070. The MaxEnt maps of predicted
distributions utilize a color spectrum ranging from deep blue,
representing unsuitable habitat, to deep reds and yellows,
representing the most suitable habitat for a given species
(Phillips, 2017). Additionally, shades of green on a MaxEnt
map represent habitat where a specific species may be able to
survive, but the environment would not be its preferred or
most suitable habitat. To quantify projected range shifts, the
number of pixels of each color used in a given MaxEnt map
was determined. To do this, the number of individual colors
was reduced from 451 to 16 using Corel PaintShop Pro
(version X9). The number of pixels corresponding to each of

Fig. 1. Holdridge Ecological Lifezones (HELZ) for Puerto Rico—HELZ
data were from the United States Forest Service, urban areas data were
from the Puerto Rico Gap Analysis 2004, and weather station data were
from the NOAA Historical Climate Network, although weather station
data were not specifically used in this study. Figure taken from Torres-
Valcárcel et al. (2014) under CC BY 3.0.
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the 16 colors was then assessed using QGIS. The habitats
considered ‘most suitable’ for each species were those
mapped by the four warmest colors of the 16-color palette.
To ensure that this approach was successful for predicting
most suitable habitat, the maps were examined for where the
majority of occurrence points (.70%) were located on each
map of Puerto Rico and these points were confirmed to align
with the four warmest colors in the 16-color spectrum. Based
on this classification, we quantified the percent of Puerto
Rico’s area that is most suitable for each of the ten species of
Anolis in the years 2050 and 2070. Percent reduction of most
suitable habitat was quantified as the percent loss in the total
area of the four warmest colors. These values were also
converted to km2. Additionally, MaxEnt automatically
generates a table in its output file that lists the percent
contribution of each variable used in the simulation, and
these data are reported on in the Results section. IBM SPSS
Statistics (version 24.0, IBM) was used to conduct the
statistical analyses discussed below.

RESULTS

Across all ten species of Puerto Rican anoles, under
HadGEM2-AO RCP8.5, the average most suitable habitat
area is predicted to decrease –29.4% (1,627.6 km2) by 2050,
and –39.6% (2,220.3 km2) by 2070 (Fig. 2). Although there is
a predicted reduction in most suitable habitat for eight of the
ten species, A. cooki and A. stratulus are expected to
experience an expansion in most suitable habitat area by
2050, increasing their current distributional limits by 17.3%
(263.2 km2) and 28.3% (738.5 km2), respectively (Fig. 2).
However, by 2070, only A. cooki continues to benefit from
the projected change in climate, expanding its most suitable
habitat area by 35.1% (532.4 km2) compared to its current
range. The three most negatively impacted species under
HadGEM2-AO RCP8.5 for 2050 are A. evermanni, A. gundlachi,
and A. krugi, while for 2070 the three most negatively
impacted species are A. cristatellus, A. evermanni, and A.

gundlachi. Consistently, A. evermanni and A. gundlachi are
among the three most negatively impacted species for both
2050 and 2070. Additionally, A. gundlachi shifts from being
the third most negatively impacted species in 2050, with a
reduction in most suitable habitat area of –53.1% (3,166.4
km2), to the most negatively impacted species in 2070, with a
–71.1% (4,242.7 km2) forecasted reduction in most suitable
habitat area.

Similar to A. evermanni and A. gundlachi, A. cristatellus is
expected to face substantial reductions in its most suitable
habitat area, with a predicted decrease of –37% (3,091.5 km2)
of its current habitat by 2050 and of –59.9% (4,997.6 km2) of
its current habitat by 2070. The variables that had the
greatest contribution to the models, and therefore acted as
the strongest predictors of distributional change across all ten
species, were average temperature of the driest quarter of the
year (BIO9), maximum temperature of the coldest month
(BIO6), and precipitation during the wettest quarter of the
year (BIO16; Table 1). For a complete list of the WorldClim
bioclimatic variables (BIO1–BIO19) used in the analyses, see
Figure S1 in the Supplemental Material (see Data Accessibil-
ity). The AUC, or area under the curve, across all ten species
for both HadGEM2-AO RCP4.5 and RCP8.5 ranged from 0.63
to 0.98, with an average AUC of 0.80, indicating that the
models are rated as good predictors of future habitat shifts. It
is important to note that these AUC values are for presence-
only data, not for presence vs. absence data as the AUC
statistic was originally intended (Yackulic et al., 2013). For
distribution models for the year 2070 for all ten species under

Fig. 2. Percent change (%) in most suitable habitat area under
HadGEM2-AO RCP8.5 for ten species of Puerto Rican lizard in Anolis, for
the years 2050 and 2070.

Table 1. Percent contribution of the strongest predictors of distribution
for ten Puerto Rican lizards in Anolis using MaxEnt niche modeling
software under HadGEM2-AO RCP4.5 and RCP8.5. For a full list of the
WorldClim bioclimatic variables used in analyses, see the Supplemental
Material (see Data Accessibility).

Species
Percent contribution of
strongest predictors (%)

A. cooki BIO18 Precipitation of warmest quarter of year (62)
BIO7 Annual temperature range (BIO5–BIO6) (23)

A. stratulus BIO6 Minimum temperature of coldest month (50)
BIO16 Precipitation of wettest quarter of year (19)

A. poncensis BIO14 Precipitation of driest month (42)
BIO12 Annual precipitation (16)

A. pulchellus BIO7 Annual temperature range (BIO5–BIO6) (23)
BIO14 Precipitation of driest month (15)

A. cuvieri BIO9 Mean temperature of driest quarter of year
(25)

BIO12 Annual precipitation (22)
A. occultus BIO16 Precipitation of wettest quarter of year (40)

BIO13 Precipitation of wettest month (14)
A. cristatellus BIO9 Mean temperature of driest quarter of year

(38)
BIO16 Precipitation of wettest quarter of year (14)

A. krugi BIO17 Precipitation of driest quarter of year (17)
BIO9 Mean temperature of driest quarter of year

(15)
A. evermanni BIO9 Mean temperature of driest quarter of year

(27)
BIO6 Minimum temperature of coldest month (18)

A. gundlachi BIO10 Mean temperature of warmest quarter of
year (26)

BIO9 Mean temperature of driest quarter of year
(22)
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both HadGEM2-AO RCP4.5 and RCP8.5, and under both
MRI-CGCM3 RCP4.5 and RCP8.5, see Figures S2–S11 in the
Supplemental Material (see Data Accessibility).

Global climate models can differ in their predictions as
they place differing weights on included variables, reducing
or increasing their importance. Given this caveat, we used
two different GCMs, the HadGEM2-AO and the MRI-
CGCM3, for comparison. The models exhibited several
differences. The HadGEM2-AO GCM predicted higher Tmax

values but lower precipitation levels than the MRI-CGCM3
model, and there were also differences in precipitation trends
between 2050 and 2070. These differences led to variations as
to which species are predicted to be most negatively
impacted by 2050 and 2070. Under HadGEM2-AO RCP8.5
for 2050, Anolis evermanni, A. gundlachi, and A. krugi are the
most negatively impacted species, while under the MRI-
CGCM3 for 2050, A. krugi benefitted from the forecasted
changes. Along with these differences, HadGEM2-AO RCP8.5
predicted an average overall decrease of –29.4% in most
suitable habitat area across all ten species of Anolis for 2050
and an average overall decrease of –39.6% by 2070, while
MRI-CGCM3 RCP8.5 predicted an average overall decrease of
–10.7% for 2050 and –28.5% for 2070 (Fig. S12, Supplemen-
tal Material; see Data Accessibility). The two models
evidenced similar trends in their predicted net decrease in
most suitable habitat area across the ten Puerto Rican anoles,
although the HadGEM2-AO RCP8.5 had more pessimistic
forecasts overall.

Additionally, both GCMs were used to assess the potential
area of most suitable habitat remaining for Puerto Rican
anoles in 2050 and 2070 under the IPCC’s RCP4.5, which
assumes a peak in greenhouse gas emissions in 2040 followed
by a decline. Under HadGEM2-AO RCP4.5, most suitable
habitat area across all ten species declines by an average of
–38.4% by 2050 and by an average of –31.5% by 2070 (Fig.
S13, Supplemental Material; see Data Accessibility). This
increase in most suitable habitat area between 2050 and 2070
suggests that the increase in most suitable habitat area across
all ten species is correlated with the decline in greenhouse gas
emissions post-2040. Under MRI-CGCM3 RCP4.5, most
suitable habitat area across all ten species declines by
–16.5% by 2050 and also by –16.5% through 2070 (Fig.
S14, Supplemental Material; see Data Accessibility). It is
unclear exactly what factors are responsible for this diver-
gence in trend manifested by RCP4.5.

DISCUSSION

Although A. cooki currently has a limited distribution, it is
well adapted to the hot and dry climatic conditions of the dry
forest Lifezone in southwestern Puerto Rico (Fig. 1) and
would be expected to benefit from the forecasted increases in
temperature and decreases in precipitation in Puerto Rico
over the coming decades (Losos, 2009; Hayhoe, 2013). Our
models show this predicted increase in most suitable habitat
area for A. cooki for both 2050 and 2070 (Fig. 3). Anolis
stratulus is a trunk anole and considered a habitat generalist,
occupying the dry forest Lifezone, as well as wet and moist
forest Lifezones throughout Puerto Rico (Fig. 1). Similar to A.
cooki, our MaxEnt model for A. stratulus predicts increases in
most suitable habitat by 2050 (Supplemental Material; see
Data Accessibility). There is a paucity of information on the
thermal biology of this species, but in the Guanica Dry Forest
in southwest Puerto Rico, A. stratulus is rare and found only
on larger trees that provide shaded microhabitats (pers. obs.).

These preferences may offer insight into why A. stratulus is
expected to expand its habitat area by 2050 before declining
by 2070.

Unlike A. cooki and A. stratulus, A. evermanni and A.
gundlachi are predicted to face substantial reductions in most
suitable habitat for both 2050 and 2070 (Fig. 3). These two
species prefer the subtropical wet and moist forest Lifezones,
as well as the montane rain forests of the El Yunque National
Rainforest in northeastern Puerto Rico (Fig. 1). Both species
are also classified as ‘‘thermal conformers’’ with compara-
tively low optimum body temperatures and upper thermal
maxima (Huey et al., 2009). All of the moist forests that these
two species currently inhabit are expected to become
increasingly dry as ambient temperatures continue to
increase (Hayhoe, 2013).

The most suitable habitat area for A. cristatellus is also
predicted to decrease, despite the species’ current widespread
distribution that covers nearly all of Puerto Rico (Fig. 3) and
all of the Holdridge Lifezones (Fig. 1). Experiments conduct-
ed by Gunderson (2013) indicated that the phenotypic
response of A. cristatellus to changes in hydric conditions
was limited. Gunderson’s study also suggests that tropical
anoles in general may have limited physiological plasticity
with respect to their responses to drying conditions and
desiccation, which would clearly reduce fitness under
projected climate conditions in many parts of Puerto Rico
and the Caribbean. In this regard, we note that all three of
the strongest MaxEnt predictors of A. cristatellus involve
precipitation (BIO9, BIO16, BIO13, Table 1), and in keeping
with Gunderson’s results, it is likely that the forecasted
reduction in precipitation for Puerto Rico (Hayhoe, 2013)
will be a major driver of decreases in suitable habitat area for
A. cristatellus and most likely for other Caribbean anoles as
well.

Although MaxEnt and other species distribution models,
such as Random Forest (RF, Breiman, 2001) and Boosted
Regression Trees (BRT, Elith et al., 2008), are widely utilized,
they have been criticized for several shortcomings. As
pointed out by Buckley (2010), most species distribution
models do not consider physiology or behavior. By pairing a
species’ physiological characteristics (reproduction require-
ments, thermal preferences and tolerances, and metabolic
and evaporative water loss rates) and biotic interactions
(competition and predation) with climatic data on current
habitat (air temperature, precipitation and humidity, and
cloud cover), more precise ecological niche models can be
generated (Huey, 1991; Kearney and Porter, 2004; Wisz et al.,
2012). To address one of these issues, Araújo and Luoto
(2007) tested the null hypotheses that biotic interactions do
not play a significant role in explaining current distributions
or predicting future distributions. Their study rejected both
of these hypotheses and concluded that including biotic
interactions in species distribution models significantly
affects the models’ explanatory and predictive power (Araújo
and Luoto, 2007). Additionally, when Logan et al. (2013)
paired thermal performance curves with high-resolution
temperature distributions for five species of lizards in Anolis
native to the Bay Islands of Honduras, they reached similar
conclusions. The results of their study suggest that low-
resolution temperature data, when not paired with physio-
logical data, may overestimate the vulnerability of many
tropical ectotherms, and consequently result in less accurate
species distribution models (Logan et al., 2013). MaxEnt’s use
of presence-only data sets may also lead to increased
uncertainty in its predictions of changes in distributions
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(Yackulic et al., 2013). Both sampling probability and
detection probability are not accounted for in MaxEnt
models, which may elevate the risk of overpredicting (mostly
on the fringes of distributions) and/or underpredicting a
species’ suitable habitat (Yackulic et al., 2013). In a literature
review of MaxEnt-related papers, Yackulic et al. (2013) found
that 87% of the articles utilized data that may have caused
sample selection bias. Although it is not the case in most
studies, a more structured sampling design can increase the
likelihood that maps generated using MaxEnt will reflect
reality. In general, MaxEnt models can generate somewhat
different results depending on a given researcher’s survey
design.

A number of studies have modeled distribution shifts in
response to climate change for various reptiles (Bombi et al.,
2009; Oraie et al., 2014; Ananjeva et al., 2015). However,
these studies did not quantify the extent of the potential
changes as we have done here, although habitat suitability
models for the Bedriaga Rock Lizard (Archaeolacerta bedriagae)
and the Kelung Cat Snake (Boiga kraepelini) did provide
insight as to which predictors are most important to overall
changes in distribution. The models showed that BIO18
(precipitation of warmest quarter of year), BIO2 (mean
diurnal temperature range), and BIO3 (isothermal parameter)

had the maximum influence on the Kelung Cat Snake’s
predicted distributional shifts, while BIO5 (maximum tem-
perature of warmest month), BIO3 (isothermal parameter),
and BIO15 (precipitation seasonality) had the maximum
contribution to the Bedriaga Rock Lizard’s distributional
shifts (Bombi et al., 2009; Ananjeva et al., 2015).

As climate change intensifies, there is a growing need to
assess the vulnerability of ectotherms to rising ambient
temperatures and shifts in precipitation. If an ectotherm is
unable to adapt to climate change, it will be forced to shift its
distribution, adapt behaviorally, rapidly evolve, or go extinct
(Miles, 1994; Pörtner and Farrell, 2008; Logan et al., 2014).
According to a study assessing the vulnerability of iguanas to
global warming, tropical ectotherms are expected to be
highly vulnerable to increasing temperatures, with species
inhabiting low latitudes and lowlands at greatest risk because
of a tendency towards thermoconformity (Piantoni et al.,
2016). Low-latitude, low-elevation habitats experience little
thermal variation, leading to a dependence of ectotherms on
a thermally stable environment (Huey, 1991). To analyze the
impact of climate change on lowland lizards, Brusch et al.
(2016) measured the critical thermal maxima of ten lizard
species from La Selva, Costa Rica. The study found that four
of the ten species are at serious risk of lowland extirpation

Fig. 3. (A1) Current distribution and (A2) predicted distribution of A. cooki for 2070. (B1) Current distribution and (B2) predicted distribution of A.
cristatellus for 2070. (C1) Current distribution and (C2) predicted distribution of A. evermanni for 2070. (D1) Current distribution and (D2) predicted
distribution of A. gundlachi for 2070. Shades of red and deep yellows represent area that is highly suitable for a given species; greens represent area
where a species may be able to survive; blues represent area that is not suitable for a species. White dots reflect species occurrences. All maps are of
Puerto Rico under HadGEM2-AO RCP8.5.
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and three species may also be at risk under models predicting
the greatest temperature increases. Although lowland and
low-elevation ectotherms are believed to be the most
vulnerable to climate change, several encouraging studies
have shown that ectotherms may be able to adapt to the
forecasted changes (Hertz, 1981; Thorpe et al., 2015; Akashi
et al., 2016).

With respect to anoles, Thorpe et al. (2015) found evidence
that Lesser Antillean anoles developed parallel adaptations to
the extreme climatic conditions present on different Lesser
Antillean islands. These results are indicative of a genus that
may be capable of adapting to climatic variation via natural
selection and suggest that anthropogenic climate change
may not pose the greatest threat to Lesser Antillean anoles
when compared to habitat loss and invasive species.
Additionally, anoles may be able to adapt to distinct thermal
microhabitats, offering insight into how these lizards may
adjust to increasing ambient temperatures (Otero et al., 2015;
Akashi et al., 2016). Akashi et al. (2016) determined that the
Cuban White-Fanned Anole (A. homolechis) is capable of
actively synthesizing protective proteins when exposed to
thermal stress, allowing it to remain active at higher
temperatures. Another species, A. sagrei, displayed enhanced
oxygen transport at higher temperatures, sustaining its
potential to remain active under thermally stressful condi-
tions. These studies offer insight into how anoles may
respond to climate change with both behavioral and genetic
changes.

Overall, there remains a pressing demand for more field
data to inform a deeper understanding of the distributional
shifts, habitat losses, and changes in abundance being
incurred by Puerto Rican and other Caribbean species of
Anolis. In this regard, Lister and Garcia (2018) recently
compared censuses of Anolis conducted in 2011 and 2012
with censuses taken during 1976 and 1977 in the same study
area within Puerto Rico’s Luquillo Rainforest (Lister, 1981)
and found that the density of anoles had decreased
approximately 2.2 fold, from 12,489 to 5,644 anoles per
hectare. Long-term abundance data taken by Pounds et al.
(1999), Whitfield et al. (2007), and Stapley et al. (2015)
indicate that populations of Anolis in other tropical forests
have also declined in parallel with anoles in the Luquillo
forest. Annual rates of decline for eight populations of Anolis,
including Luquillo, ranged from –0.73% to –10.5% per year
with an average of –3.97% per year (Lister and Garcia, 2018).
Lister and Garcia (2018) present data indicating that anoles
and other insectivores in the Luquillo forest are declining as a
direct result of long-term decreases in arthropod prey. The
most likely hypothesis is that these, and other decreases in
global lizard populations, are driven by ongoing climate
change (Gibbons et al., 2000; Sinervo et al., 2010; Lister and
Garcia, 2018). As the ranges of Puerto Rican anoles and other
ectothermic taxa, such as eleutherodactylid frogs (Lips et al.,
2005), contract and shift, current reserve locations will need
to be reassessed and new conservation strategies formulated.
Species distribution models are centrally important tools in
such efforts as they can help determine extinction probabil-
ities (Thomas et al., 2004), inform the optimal placement of
new protected areas (Kremen et al., 2008; Urbina-Cardona
and Flores-Villela, 2010), and minimize biodiversity losses
(Carroll et al., 2010; Corbalán et al., 2011; Franklin, 2013).

While our study is an important step towards understand-
ing climate change impacts on Puerto Rican anoles, our
predictions would be fortified if more data on the physiology,
thermal biology, and abundances of A. cuvieri, A. krugi, A.

occultus, A. poncencis, and A. pulchellus in their natural
habitats were available. A better understanding of potential
climate and human driven changes in habitats across the
Puerto Rican landscape, and the extent to which behavioral,
physiological, and evolutionary changes may allow Puerto
Rican anoles to keep pace with climate change, are also
needed. Additionally, improved sampling methods to allow
for stronger inferences that can adjust for detection proba-
bility would be an important step in improving the accuracy
of our predictions. Hopefully, our initial analysis will spur
similar studies, especially on Cuba, Hispaniola, and Jamaica,
and help inform the location of protected habitats necessary
to sustain communities of Anolis over the coming decades
(Garcia et al., 2014; Porfirio et al., 2014).
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