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Abstract
Using species ranges, in particular those derived from species distribution models (SDM), 
to obtain characteristics of the species’ niche such as temperature tolerances is tempting. 
Over the past decade the literature has seen the increase in the use of SDMs based on 
locality data and spatially explicit datasets (climate, vegetation etc.). Furthermore, sev-
eral studies have explored climatic niche evolution and niche conservatism using tem-
perature and precipitation extracted from the resulting models in a phylogenetic context. 
However, species´ fundamental niches (set of abiotic conditions in which a species can 
live) are often incompletely characterized in SDMs, reconstructed mainly based on spotty 
locality data (about species presence and rarely including absence data). Indeed, a spe-
cies´ realized niche, the actually occupied conditions where a species live, may be a sub-
set of their fundamental niche due to lack of habitat availability, constraints on dispersion, 
and biotic interactions. Here, we produced SDMs for 50 species of neotropical reptiles and 
amphibians and compared extreme temperature estimates extracted from the modelled area 
(model-inferred) with thermo-physiological estimates of critical temperatures (physiology-
inferred). When comparing experimental critical thermal maximum and minimums with 
temperature values extracted from the estimated range, we found a general pattern of maxi-
mum temperatures experienced that are cooler than the species maximum tolerances, and 
minimum temperatures close to or even colder than their minimum tolerances. Character-
izing niche traits from SDMs is dangerous because SDMs are not representing the funda-
mental niche of species as measured with thermal physiology limits and they are also not 
deviating from the fundamental niche in a predictable way.
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Introduction

Over the past decade, there has been increasing development in the field of modeling spe-
cies distributions and ecological niches. These models are usually fit with data on species 
presences (and rarely species absences) and environmental conditions, and an algorithm 
is used to predict the areas or conditions that are suitable for the species (SDM, Peterson 
et al. 2011). Such models can then be projected in time (past or future) and/or space given 
certain assumptions, such as niche conservatism and homogeneous sampling. These mod-
els do not represent either all abiotic conditions in which a species can persist (fundamen-
tal niche) or all conditions in which it lives given biotic constraints (realized niches), but 
rather the potential areas of distribution given the observed presences that are intrinsically 
constrained by biotic, abiotic and, movement factors (Soberón 2007). It is fairly common to 
find studies, however, where results from these SDMs are used as proxies to estimate spe-
cies climatic tolerances and even model these tolerances as evolving characters in phylog-
enies (e.g. Graham et al. 2004; Ahmadzadeh et al. 2016; Almendra et al. 2018).

In 1957, the concept of the n-dimensional niche was introduced (Hutchinson 1957) in 
which the combination of all abiotic requirements for species survival form the fundamen-
tal niche of a species. However, in the geographical realization of this niche, the species 
distribution is limited by dispersal constraints and biotic interactions. This has been repre-
sented as the BAM diagram where species are present at the intersection between suitable 
abiotic (A), biotic (B) and movement (M) conditions (Soberón 2007). Furthermore, it is 
possible that abiotic conditions in a certain area or time frame do not represent a species’ 
entire fundamental niche. Indeed, past or future climates might represent conditions non-
analog to the present conditions (e.g., new temperatures or combinations of temperatures 
and precipitations) that are nonetheless suitable for the species (Williams et al. 2007).

As described above, the individual characteristics of the fundamental niche are intrinsic 
to each species and can thus evolve. Physiology will limit the fundamental niche of a given 
species by determining the environmental limits and optima. Physiological characteristics 
of a species such as maximum and minimum critical temperatures are subject to natural 
selection and can thus evolve, changing a species’ fundamental niche (Angilletta et  al. 
2002). Although fundamental niche evolution will likely lead to realized niche change this 
is not necessarily the case e.g. being tolerant to warmer temperatures does not necessar-
ily lead to expansion into warmer areas. Indeed, niches are often unfilled due to dispersal 
constraints or biotic interactions such as interspecific competition (Pulliam 2000; Ashby 
et al. 2017). Likewise, changes in realized niches do not necessarily reflect changes in the 
fundamental niche, rather, those changes could reflect the filling of a truncated fundamen-
tal niche by relaxation of either dispersal limitations or biotic interactions (Pulliam 2000).

Darwin (1882) postulated that abiotic conditions determine a species’ poleward limit 
and biotic conditions its equatorial limit, a hypothesis that has been broadly studied and 
supported (Louthan et al. 2006; Schemske et al. 2009). According to this hypothesis, real-
ized niches closer to the poles are more likely to be good representations of the fundamen-
tal niche (defined by abiotic conditions) than those in the tropics. However, the tropics 
are extremely heterogeneous, particularly in terms of topography and climate. As elevation 
increases towards mountain peaks, environments become harsher and communities less 
diverse, similar to the effects of latitude increasing towards the poles where organisms are 
more constrained by their physiological limits (Janzen 1967; Ghalambor et al. 2006). Thus, 
we could expect that range limits are better predicted by abiotic constraints at higher eleva-
tions, whereas biotic interactions are better predictors at lower elevations.
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Data on species’ fundamental niches is hard to obtain, even when only a few dimensions 
are explored, as physiological experimentation is often required. One of the most widely 
studied niche axes is thermal physiological tolerance. Thermal tolerance has been studied 
in few taxa, particularly plants and ectotherms (see Sunday et al. 2012; Araújo et al. 2013 
for reviews). Amphibians and reptiles have one the highest number of species with esti-
mated thermo-physiological limits (Sunday et al. 2012; Araújo et al. 2013), derived from 
experimental estimates of their critical maximum and minimum temperatures (CTmax and 
CTmin respectively). Even though critical temperatures do not indicate the optimal temper-
atures for each species, they inform about the boundaries of the fundamental thermal niche, 
or the thermal tolerance zone (the difference between thermal critical maximum and mini-
mum, Gvoždík 2018). In this study, we aimed at determining how well SDMs can predict 
published species’ thermo-physiological tolerances at different elevations and whether their 
predictive ability varies with changes in the scale of the temperature estimates used (either 
macroclimatic: interpolated climatic estimations obtained from WorldClim at a maximum 
resolution of 30 arcsecs, or microclimatic: climatic estimations through biophysical models 
at a spatial resolution of ~ 15 km). To accomplish this, we compared data from the litera-
ture on thermal physiology (CTmax and CTmin) for tropical amphibian and reptile spe-
cies, against the maximum, mean, and minimum temperatures encompassed by their SDMs 
(based on macroclimatic models). We hypothesize that SDMs are not good representations 
of fundamental niches. However, we expect that within species, model-inferred and phys-
iology-inferred critical temperatures would display a stronger association at low altitudes 
(with higher elevational limits set by physiological temperature constraints). On the other 
hand, at high altitudes we expect the association between model-inferred and physiology 
inferred critical temperatures to be weaker (with lower elevational limits set by constrain-
ing biotic interactions). Furthermore, we hypothesize that the model-inferred lower criti-
cal temperatures will be a better approximation to the physiology-inferred CTmin at lower 
elevations where this trait would be limiting distributions. If SDMs in fact do not represent 
the fundamental niche of species and the bias is too large or not in a consistent direction, 
the analyses based on niche traits obtained from SDMs of species may be largely incorrect.

Methods

Experimentally‑derived thermal limits

We focused on neotropical species of frogs and lizards with published information on 
critical temperatures (CTmax, CTmin) by searching the terms “critical temperatures”, 
“CTmin”, “CTmax”, “anuran” “frog” and “lizard” in Google Scholar (2017).

Geographically‑derived thermal limits

We retrieved geographic coordinates for each species that we recovered with thermal 
physiology data from the Global Biodiversity information facility (GBIF 2019) and Vert-
Net (Constable et al. 2010), and removed coordinates without associated museum voucher 
specimens. We then removed extreme localities by comparing the coordinates for each spe-
cies against the species distribution maps available at the IUCN Red List (IUCN 2019) and, 
checking known elevation ranges based on the IUCN Red List information. We tested for 
the effect of elevation on thermophysiology by calculating the correlation of maximum and 



92 Evolutionary Ecology (2020) 34:89–99

1 3

minimum elevation with CTmin and CTmax values from the literature (CTmax–CTmin 
computed based on data from the literature). We calculated the Pearson correlation coef-
ficients for maximum elevation (log-transformed for normality) and the Spearman correla-
tion coefficients for minimum elevation, as data was not normal.

Species distribution models

We constructed species distribution models using the 19 bioclimatic variables available 
in the Worldclim database, which are all derived from long-term weather station averages 
of temperature and precipitation data between 1970 and 2000 (Hijmans et al. 2005). We 
used the algorithm Maxent (Phillips et al. 2004) to fit models, implemented using the R 
package dismo v.1.1.4 (Hijmans et al. 2017). We sampled 10,000 background points from 
species-specific background extents defined by a minimum convex polygon around occur-
rence localities with a buffer of 1 degree (~ 111 km). Since default parameters are known 
to have a tendency to result in overfit models (Radosavljevic and Anderson 2014), we used 
the R package ENMeval v.0.3.0 to tune model settings for each species (Muscarella et al. 
2014). We constructed models with different combinations of feature classes (Linear, Lin-
ear Quadratic, Hinge, Linear Quadratic Hinge, Linear Quadratic Hinge Product and, Lin-
ear Quadratic Hinge Product and Threshold) and regularization multipliers (0.5–4 with 0.5 
increments) and evaluated each using fivefold random cross-validation (Muscarella et al. 
2014). From the resulting models for each species we selected the one with the lowest 
AICc. We projected all models to their species-specific background extents and thresh-
olded them using the 10th percentile training presence threshold (T10, Pearson et al. 2007).

Comparing critical temperatures and niche inferences from SDMs

To contrast the niche inferences from the models against the critical temperatures of each 
species we randomly generated 1000 points within each thresholded species distribution 
model prediction, and extracted from them the values for three bioclimatic variables: the 
annual mean temperature (bio 1) and two extreme temperature variables, the maximum 
temperature of the warmest month (bio 5) and the minimum temperature of the coldest 
month (bio 6). Then, each of these temperature distributions were subtracted from CTmax 
and CTmin for each species. Values closer to 0 indicate that the extreme temperatures 
experienced on that pixel by the SDM of that species are very close to their critical temper-
atures, and values away from 0 indicate that they deviate from these critical temperatures.

Contrasting Worldclim against Microclim

Scale is a fundamental concept when describing the climatic properties of species (Gill-
ingham et  al. 2012; De Frenne et  al. 2013). Even homogeneous landscapes at a macro 
scale could provide a wide variety of microclimates that could restrict or promote the 
existence of species in particular places. The data quality and quantity of openly available 
climate databases is often not spatially homogeneous. Regarding the Worldclim database, 
for example, climatic interpolations are more accurate in regions with higher densities of 
weather stations, and hence regions with lower densities such as the neotropics have less 
accurate interpolations (Fick and Hijmans 2017). Additionally, climatic interpolations 
in topographically heterogeneous regions are less accurate than in more homogeneous 
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regions and many of the species in this study are found in the topographically complex 
Andes mountains. For these reasons, we contrasted our Worldclim results with an inde-
pendent dataset that focuses on microclimatic variation: the Microclim database (Kearney 
et al. 2014).

Microclim uses the microclimate model of the ‘NicheMapR’ biophysical modelling 
package (Kearney and Porter 2017) to generate eight microclimatic variables that describe 
temperatures on the ground, 1 cm above ground level both levels with and without shade. 
We chose these layers as they are often associated with frog and lizard occupancy. We aver-
aged the monthly Microclim dataset to obtain annual data in order to make comparisons 
with the Worldclim annual data. We then contrasted Microclim and the extreme Worldclim 
variables (bio 5 and bio 6) by subtracting these layers from each other after resampling to a 
resolution of 20 sq km, such that values close to 0 indicate a high similarity, and values dif-
ferent from 0 indicate incongruences, between macro- and microclimatic variation.

We mapped the difference between the Microclim and WorldClim datasets in order to 
determine which geographic regions show the highest congruences between both datasets 
(on each pixel). Specifically, we mapped the differences between the maximum tempera-
tures estimated by the Microclim dataset and the WorldClim dataset. For this, we used the 
Microclim estimate for the maximum temperature of the warmest month on the ground and 
with no shade and the WorldClim dataset estimate of maximum temperatures of the warm-
est month (bio 5). Also, we compared the mean temperatures on the ground and with no 
shade in the Microclim dataset versus the annual mean temperature (bio 1) of the World-
Clim dataset. Our objective was to determine how different are maximum and mean tem-
peratures between both datasets in different regions of the continent.

Since it is possible that our results that focus on the interaction between thermal physi-
ology and altitudinal patterns is being affected by the phylogenetic relationships among 
the focal species (Felsenstein 1985), we built a phylogeny with the species included in our 
study and assigned to each terminal the difference between thermal physiology of each 
species and the max or min temperatures extracted from their SDM predictions. We built 
the phylogeny using taxonomy, since many of the species we included do not have DNA 
sequences published, using PhyloT, a phylogenetic tree generator based on NCBI taxon-
omy (https ://phylo t.bioby te.de).

Results

Species distribution models and physiology data

We found thermo-physiological estimates for a total of 37 species of amphibians and 24 
species of reptiles (CTmin missing for 5 species and CTmax missing from 2 species; 
Table S1). We were able to produce species distribution models for 50 of those 61 species 
(31 amphibians and 19 reptiles; Table S1). Models were built based on an average of 67 
occurrence points (after thinning). Models had an average omission rate (ORmin) of 0.077 
(ranging from 0.006 to 0.4) and 0.8 AUC (ranging from 0.56 to 0.97, Supp Table 1).

We found a significant negative correlation between the minimum elevation of a spe-
cies and CTmax (ρ = − 0.44, S = 20,412, P = 0.0029) and a marginally significant corre-
lation with CTmin (ρ = − 0.31, S = 17,282, P = 0.047). We also found a marginally sig-
nificant negative correlation between the maximum elevation of a species and its CTmin 
(P = − 0.29, t = − 1.94, df = 41, P = 0.059). Correlations between thermo-physiological 
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range and elevation were non-significant (for minimum elevation: ρ = − 0.16, S = 14,285, 
P = 0.319 and, for maximum elevation: P = − 0.16, t = 1.07, df = 40, P = 0.2878). A visual 
inspection of the relationship between the tree topology and difference between thermal 
physiology of each species and the max or min temperatures extracted from their SDM 
predictions do not suggest that such difference is influenced by the phylogeny (Fig. S1).

Comparing critical temperatures and niche inferences from SDMs

Model-inferred maximum temperatures of the warmest month averaged 29.78  °C 
(sd = 4.64) and minimum temperatures of the coldest month averaged 15.84 °C (sd = 4.36). 
We found that only seven out of 49 species included in our study had median values for 
the model-inferred maximum temperatures during the warmest months of the year that 
exceeded the physiology-inferred CTmax of the species (Fig. 1); of these, five were in a 
genus of rain frogs, Pristimantis (4/49). Hence, maximum temperatures in most of these 
seven species’ geographical range are above their CTmax. For nine other species, a small 
part of their geographic ranges had model-inferred maximum temperatures above their 
physiology-inferred CTmax. High elevation species displayed the biggest differences 
between model-inferred and physiology-inferred maximum temperatures (with model-
inferred temperatures being lower). For CTmin, we found that the median minimum tem-
peratures in the species ranges were lower than CTmin for only two out of 45 species. 
These two species had by far the highest mean elevations (above 3000 m). We also found 
that for 28 other species, the model-inferred minimum temperatures for a small part of 
their geographic range were lower than CTmin. In Fig. 1, the outliers occupied the lower 
quadrant (y < 0), showing that model-inferred maximum temperatures were lower than 
CTmax and minimum model-inferred temperatures lower than CTmin.

Fig. 1  a Maximum elevation of each species (in meters above sea level). b Minimum elevation of each spe-
cies. c Maximum temperature of the warmest month (inferred from the SDM) minus CTmax (Physiology-
inferred) for each species. Even though the majority of model-inferred maximum temperatures are below 
the physiology-inferred CTmax, many species display modeled-inferred temperatures above the CTmax. d 
Model-inferred minimum temperature of the coldest month minus physiology-inferred CTmin. The major-
ity of species are above the y = 0 line, that is model-inferred minimum temperatures are higher than the 
physiology-inferred lower limit (CTmin) but for many species some localities have lower model-inferred 
temperatures that are below the physiology-inferred limits
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In terms of the annual average temperatures in the species ranges, we found that all spe-
cies are below their CTmax (Fig. 1). However, in terms of proximity to CTmin we found 
more variation, and a few species had mean temperatures below their CTmin in some parts 
of their geographical range. In particular, two species of frogs, Pristimantis uranobates 
(Craugastoridae) and Dendropsophus molitor (Hylidae) had model-inferred temperatures 
below their CTmin in more than half of their geographical ranges.

Contrasting Worldclim against Microclim

We found that Microclim and Worldclim variables were very similar (their difference 
is close to 0) for minimum temperatures in shade and above ground (microclim-bio 6) 
(Fig.  2). However, maximum temperatures with no shade on the ground were different 
between datasets, with a median difference close to 30  °C (Fig.  2). In other words, soil 
microclimates can be very warm when exposed to direct sunlight, and such extremely high 
temperatures are not reflected in the WorldClim dataset. The temperatures without shade 

Fig. 2  Difference between the WorldClim and Microclim datasets. Values closer to 0 indicate smaller dif-
ferences. By far, the most differences between both datasets are in maximum temperatures on the ground 
and no shade, reaching differences of more than 40 °C
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above 1 cm of the ground were also different between Microclim and WorldClim, but with 
less magnitude (with a median of 12 °C).

We found that for maximum temperatures, the larger differences between the microcli-
mates (Microclim dataset) and macroclimates (WorldClim datataset) were focused around 
the lowlands (Fig. S3), such as the Amazon, Cerrado, and Chaco. These large differences 
between both datasets may be caused by the extremely high temperatures reached on the 
ground during sunny days without any shade, which can be as high as 40 °C. These high 
temperatures are not represented in the macroclimatic dataset (WorldClim). High elevation 
areas such as the Andes, however, had less differentiation between micro- and macroscale 
temperatures. For mean temperatures, however, we found overall less differences between 
both datasets, having the highlands with high congruence between both datasets (Fig. S3).

Discussion

Our results show that higher elevations are characterized by lower CTmax and CTmin, 
in other words, species restricted to higher elevations have more tolerance to cold and a 
decreased tolerance to heat. This is consistent with the idea that highland (or high lati-
tude) species were able to colonize those habitats with the evolving of a tolerance to cold 
(Addo-Bediako et al. 2000; Araújo et al. 2013). The thermo-physiological range, however, 
does not seem to vary consistently with elevation. We observed that CTmax values fluctu-
ated around 35 °C, showing very little variation around the mean (CV of 13%), this is also 
consistent with literature suggesting CTmax values are more conserved. CTmin values, in 
contrast, fluctuated around 10 °C, displaying very high variation around the mean (CV of 
46%). This observation was expected, since CTmax has been observed to be conserved 
across taxonomic groups, while CTmin seems to be more plastic across taxonomic groups 
(Addo-Bediako et al. 2000; Araújo et al. 2013; Gunderson and Stillman 2015; Bennett et al. 
2018). Some studies, however, suggests that the high CTmin variation across taxonomic 
groups is due in part to the fact that CTmin does not have a clear definition and is measured 
differently by different studies (Terblanche et al. 2007; Camacho and Rusch 2017).

When comparing experimental CTmax and CTmin with temperature values estimated 
from SDMs we found that across species there is a general pattern of maximum tempera-
tures experienced that are cooler than the species maximum tolerances, and minimum tem-
peratures close to or even colder than their minimum tolerances (Fig. 1). This pattern was 
also observed by Araujo and collaborators (2013), where species are closer to their CTmin 
than their CTmax. In several cases estimates are outside the experimental thermal limits 
and in at least 8 cases this happens in most of the estimated geographical range (especially 
for CTmax). We observed deviations between maximum temperatures and CTmax between 
− 30 and + 10 °C. Using maximum experienced temperatures as a proxy for some thermal 
niche trait would heavily under or overestimate the trait value. This result is in agreement 
with previous results based on temperatures estimated from IUCN range maps where no 
relation between maximum temperature and CTmax was observed (Gouveia et al. 2014). 
Deeply exploring the causes of these temperature deviations is beyond the scope of this 
study, but it could be due to range over estimation of the model or microclimatic buffer-
ing. In either case, basing any studies of niche evolution or adaptation to the temperatures 
obtained from the SDM will lead to misguided conclusions on the thermal preferences 
of these species, i.e. SDM obtained temperatures are not speaking of intrinsic tolerances 
of modelled species. A study using virtual species suggests using climate data extracted 
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from reconstructed niches as traits lead to inflated estimates of niche evolution (Saupe et al. 
2018). It is common to find, however, studies of climatic niche evolution basing their con-
clusions on niche traits obtained from SDMs (e.g. Almendra et al. 2018), distribution poly-
gons (e.g. Castro-Insua et  al. 2018) or even just the presence localities (e.g. Fisher-Reid 
et al. 2012). Even more worrisome is that we do not know whether in any particular case 
this mismatch would be an over or under estimation which could be critical in research 
studies regarding climate change.

We hypothesized that SDM-based extreme temperatures would be better at approximat-
ing physiological limits at low elevations especially for CTmin, however, we found this is 
not the case. Although our results show a general pattern of high elevation species expe-
riencing maximum temperatures further away from their CTmax and lower elevation spe-
cies being closer to their limits in the lowlands deviations are still large (around 10 °C). 
We found that the few species experiencing maximum temperatures above their CTmax 
are mid elevation species (Fig. 1). We did not find that the relationship between minimum 
temperatures experienced and CTmin varied with elevation, which may be related with the 
results of a previous study that showed the north–south hypothesis only applied to reptiles 
and that amphibians behaved the opposite way being limited by abiotic factors at the equa-
torial limit (Cunningham et al. 2015). We did not find obvious differences in the behavior 
of our results between amphibians and reptiles, with both showing a decreased CTmax 
towards the high elevations but when compared to their estimated abiotic conditions not 
enough to be living at the limit.

Even though SDMs seem not to provide an estimate of the fundamental niche, some 
recent work by Jimenez and collaborators (2019) shows a potential solution to approxi-
mate the fundamental niche based on presence data. In the case that a given model does 
approximate the fundamental niche then the results could maybe be used to estimate tem-
perature tolerance traits of species and study the evolution of such traits in a phylogeny. 
Also, we found that maximum temperatures are very different between the Microclim and 
WorldClim datasets. This difference, however, is largely reduced when comparing mean 
temperatures. The WorldClim dataset has a closer match with the Microclim dataset at 
higher elevations. This result suggests that WorldClim layers would be representing more 
accurately the temperatures experienced by the species at the highlands, but not the low-
lands, especially for mean temperatures, despite interpolation errors due to low number of 
climatic stations.

In conclusion, using SDMs to obtain niche traits from species is dangerous because 
SDMs are not representing the fundamental niche of species as measured with ther-
mal physiology limits and they are not deviating from it in a predictable way. Although 
physiological experiments are expensive and time consuming, they still are the best way 
to approximate fundamental niche characteristics. Other possibilities based on correla-
tive modeling still need to be explored including the use of new improved layers based on 
remote sensing and ground data from data-loggers, that might approximate experienced 
climates better. Moreover, natural history factors such as hours of activity might be very 
informative, especially in frogs with nocturnal activity.
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