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Abstract

There is an urgent need for more ecologically realistic models for better predicting

the effects of climate change on species’ potential geographic distributions. Here

we build ecological niche models using MAXENT and test whether selecting predic-

tor variables based on biological knowledge and selecting ecologically realistic

response curves can improve cross-time distributional predictions. We also evaluate

how the method chosen for extrapolation into nonanalog conditions affects the pre-

diction. We do so by estimating the potential distribution of a montane shrew

(Mammalia, Soricidae, Cryptotis mexicanus) at present and the Last Glacial Maximum

(LGM). Because it is tightly associated with cloud forests (with climatically deter-

mined upper and lower limits) whose distributional shifts are well characterized, this

species provides clear expectations of plausible vs. implausible results. Response

curves for the MAXENT model made using variables selected via biological justifica-

tion were ecologically more realistic compared with those of the model made using

many potential predictors. This strategy also led to much more plausible geographic

predictions for upper and lower elevational limits of the species both for the

present and during the LGM. By inspecting the modeled response curves, we also

determined the most appropriate way to extrapolate into nonanalog environments,

a previously overlooked factor in studies involving model transfer. This study

provides intuitive context for recommendations that should promote more realistic

ecological niche models for transfer across space and time.
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1 | INTRODUCTION

Correlative ecological niche models (ENM; or species distribution

models) characterize a species’ environmental associations and esti-

mate its potential geographical distribution (Peterson et al., 2011).

These models can be transferred to estimate potential distributions

in another place or time (i.e., future or past). Model transfer is

increasingly used for forecasting species invasions and distributions

under ongoing anthropogenic climate change, or hindcasting the

impact of past climate change (Alvarado-Serrano & Knowles, 2014;

Broennimann & Guisan, 2008; Elith, Kearney, & Phillips, 2010). Given

the importance of such estimates of species potential distributions

for biodiversity management and conservation as well as ecological

and evolutionary studies, there is an urgent need for more ecologi-

cally realistic and transferable niche models (Moritz & Agudo, 2013;

Owens et al., 2013).
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Intuitively, if an ENM predicts an implausible current potential

distribution, transfer to a different region or time period may lead to

greater errors. Recommendations to yield more realistic and transfer-

able niche models are not new (see Anderson, 2013; Ara�ujo & Peter-

son, 2012; Austin, 2002, 2007; Austin & Van Niel, 2011; Elith &

Leathwick, 2009; R€odder & L€otters, 2010), but they remain rarely

implemented in empirical studies. For example, climatic variable pre-

dictors used to estimate species niches ideally should constitute driv-

ing factors that limit the species’ distribution (Austin, 2007; Jim�enez-

Valverde et al., 2011; Kearney & Porter, 2009; Thuiller, Brotons,

Ara�ujo, & Lavorel, 2004). Nevertheless, a common practice is to

include many plausible predictors (likely correlated with the

unknown drivers), motivated more by the expectation that the algo-

rithm will identify those that are ecologically important than by a

well-founded biological justification. Failure to choose variables most

related to the species’ ecology can lead to implausible predictions of

species responses to climate change (Austin, 2007; Mor�an-Ord�o~nez,

Briscoe, & Wintle, 2017). In addition, besides choosing relevant pre-

dictor variables, there is a need for fitting response curves that are

realistic based on ecological theory (Thuiller et al., 2004). Theory

suggests that response shapes to climatic predictors should be

smooth, unimodal, and roughly bell-shaped, though often skewed

(Austin, 2002, 2007). However, visual inspection of the shape of the

responses fitted by niche models to assess ecological realism is

almost never undertaken.

A third critical reason for erroneous predictions upon model

transfer is inappropriate methods for extrapolation of response

curves into environmental conditions different than those existing in

the region of model calibration (i.e., nonanalog conditions; Fitzpatrick

& Hargrove, 2009). This situation arises when a species’ response

for a given variable is truncated (i.e., the new place or time period

includes environmental conditions that are more extreme than those

available for model calibration) and a prediction in another place or

time is required (Fitzpatrick & Hargrove, 2009; Owens et al., 2013;

Thuiller et al., 2004; Williams & Jackson, 2007). Using MAXENT, one

of the most popular algorithms for niche modeling (Merow, Smith, &

Silander, 2013), researchers have two options for predicting into

nonanalog conditions: (i) allowing the model to estimate the

response without any constraint; or (ii) holding (“clamping”) the

response constant at the modeled suitability value at the point of

truncation (Elith et al., 2010; see also illustrations in Anderson,

2013). Visual inspection of response curves could allow detection of

truncated responses for predictor variables and may prove useful as

a way of choosing the most reasonable method for extrapolation

(Anderson, 2013).

Here we assess how these ideas can influence the generation of

better distributional predictions by estimating the cross-time poten-

tial distribution of a small mammal highly associated with tropical

montane cloud forests. We specifically focus on its current potential

distribution and model transfer into the Last Glacial Maximum

(LGM), when colder and drier conditions existed. Despite the compli-

cations to validate potential distributions, realistic expectations for

this mammal can be made based on its tight habitat affinity, both for

the present and during the LGM, based on paleoecological data.

Most of the issues affecting cross-time transfer of niche models are

also relevant for transferring them across space, broadening the

applicability of this study.

The cloud forest species considered in this study is the Mexican

small-eared shrew (Soricidae, Cryptotis mexicanus) known to inhabit

montane areas in central-eastern Mexico (Figure 1; Guevara, Cervan-

tes, & S�anchez-Cordero, 2015). It is relatively well-sampled and com-

mon through its full geographic range (Gonz�alez-Ruiz, Ram�ırez-

Pulido, & Gual-D�ıaz, 2014; Guevara et al., 2015). Cloud forests in

northern Mesoamerica are associated with very humid areas and are

usually distributed at mid-elevations below the frost line (Jardel-

Pel�aez, Cuevas-Guzm�an, Santiago-P�erez, & Rodr�ıguez-G�omez, 2014).

Consequently, cloud forests species tend to be physiologically con-

strained by cold and heat tolerance, as well as by moisture stress

(Williams-Linera, 2007). Therefore, for such species, we expect that

predictor variables capturing those extreme climatic conditions will

likely be ideal to achieve realistic niche models. This natural history

information leads to the following expectations:

1.1 | Expectation 1

Available information indicates that C. mexicanus currently can inha-

bit areas at middle-to-high elevations (but not extremely high ones)

F IGURE 1 Map showing the occurrence data (black points),
calibration region (buffer around occurrences), and projection region
(full map) used to estimate the cross-time potential distribution of
the Mexican small-eared shrew (Cryptotis mexicanus), in central-
eastern Mexico. Names of main physiographic features mentioned in
the text are included
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if soil moisture is also high (Guevara et al., 2015). On the other

hand, this species cannot inhabit lowlands due to high temperatures.

This means that extremely cold conditions (which also tend to be

dry) and warm ones (even if they are wet) should limit its potential

distribution. Consequently, based on the current distribution of cloud

forests in the region, a realistic niche model for this species in the

present should predict areas above �3200 m and below �500 m

elevation to be unsuitable.

1.2 | Expectation 2

Paleoecological data document that climate during the LGM in this

region was colder and less rainy than today. Relative to present,

temperatures during the LGM may have been 8.5°C degrees lower

at elevations above �3,300 m in northern Mesoamerica, with many

mountains covered by ice caps (Bush et al., 2009). Pollen and char-

coal data for the LGM indicate that the upper limit of cloud forests

was �1,000 m lower than at present (Caballero, Lozano-Garc�ıa,

V�azquez-Selem, & Ortega, 2010; Correa-Metrio et al., 2012). Conse-

quently, a realistic niche model for this species in the present pro-

jected to conditions for the LGM should predict areas above

�2200 m elevation to be unsuitable.

Hence, in this study we test whether more realistic current and

cross-time potential distributional estimates are obtained: (i) using

predictor variables characterizing factors clearly associated with cli-

matic limits to its distribution; and (ii) by selecting ecologically plausi-

ble response curves. In addition, we evaluate whether (iii) the

extrapolation method chosen in MAXENT altered the prediction into

nonanalog conditions.

2 | MATERIALS AND METHODS

2.1 | Input data

We used occurrence data from voucher specimens in natural history

museums, with taxonomic identifications confirmed via morphology

(S�anchez-Cordero & Guevara, 2016; see Table S1). Occurrence locali-

ties from specimen tag data were then thoroughly georeferenced (i.e.,

for those lacking field GPS readings; S�anchez-Cordero & Guevara,

2016). To reduce problems associated with spatial sampling biases

(Boria, Olson, Goodman, & Anderson, 2014; Merow et al., 2013), we

spatially thinned our original dataset consisting of 89 localities using

the spThin package in R (Aiello-Lammens, Boria, Radosavljevic, Vilela,

& Anderson, 2015). Thinning ensures that no two localities were

within 10 km of one another, yielding 44 records in the final dataset.

We ran spThin with 100 iterations, likely to be sufficient to retain the

most localities possible (Aiello-Lammens et al., 2015).

As potential predictors of the species’ niche, we used 19 biocli-

matic variables from the WorldClim dataset (Table 1; see below for

experimental design and selection of a subset of variables). These

have a resolution of ca. 1 km2 at the equator and reflect aspects of

temperature and rainfall, and their seasonality (Hijmans, Cameron,

Parra, Jones, & Jarvis, 2005). We delimited the area to calibrate

models by drawing a 0.5° circular buffer around the localities before

thinning (Figure 1). This region includes environments that are prob-

ably accessible to the species given its dispersal limitations and the

configuration of barriers (Anderson & Raza, 2010; Barve et al.,

2011).

2.2 | Model evaluation and model selection

Given its frequent use to predict cross-time potential distributions,

we built niche models using the presence-background technique

MAXENT 3.3.3k (Phillips, Anderson, & Schapire, 2006). To select

specific model settings approximating optimal levels of complexity,

we made models with a wide variety of different combinations of

feature classes (FC: Linear; Quadratic; Linear and Quadratic; Hinge;

Linear, Quadratic, and Hinge) and regularization multipliers (RM: 1.0–

5.0 with 0.5 intervals). This led to a total of 36 unique combinations

of FCs and RMs. The optimal settings were selected based on the

model with the lowest Akaike Information Criterion corrected for

small sample sizes (AICc, Warren & Seifert, 2011) for all models of

each experiment (see below). Model evaluation was performed in

the ENMeval package in R (Muscarella et al., 2014). We applied a

spatial block approach to data partitioning to yield model evaluation

statistics. Spatial cross-validation is especially important when the

aim is cross-time or cross-space model transfer (Roberts et al.,

2017). We inspected threshold-dependent (omission rate for testing

TABLE 1 Bioclimatic variables from the WorldClim dataset
(Hijmans et al., 2005) commonly used to predict species distributions
using correlative niche models

BIO 01 Annual mean temperature

BIO 02 Mean diurnal range

BIO 03 Isothermality

BI0 04 Temperature seasonality

BIO 05 Maximum temperature of warmest month

BIO 06 Minimum temperature of coldest month

BIO 07 Temperature annual range

BIO 08 Mean temperature of wettest quarter

BIO 09 Mean temperature of driest quarter

BIO 10 Mean temperature of warmest quarter

BIO 11 Mean temperature of coldest quarter

BIO 12 Annual precipitation

BIO 13 Precipitation of wettest month

BIO 14 Precipitation of driest month

BIO 15 Precipitation seasonality (coefficient of variation)

BIO 16 Precipitation of wettest quarter

BIO 17 Precipitation of driest quarter

BIO 18 Precipitation of warmest quarter

BIO 19 Precipitation of coldest quarter

The units for precipitation variables are mm (except for precipitation sea-

sonality, which is the unitless coefficient of variation), whereas those for

temperature variables are °C (except for isothermality, which is a unitless

ratio, and temperature seasonality, which is standard deviation).
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points, or OR10, using a threshold set by the 10% training omission

rate) and threshold-independent (AUC for testing points, or AUCTEST)

evaluation statistics to determine whether those models chosen as

optimal by AICc are also high performing in terms of overfitting and

discrimination, respectively (Anderson & Gonzalez, 2011).

2.3 | Final models and model transfer

Using the maxent.jar software version 3.3.3k, we made final models

using all filtered localities, for the optimal settings identified above.

Final models were projected onto present and LGM conditions for a

bounding box encompassing the central-eastern region of Mexico

(15°350–22°440N, 94°120–102°350W). We did this via the two

extrapolation methods available in MAXENT: unconstrained extrapo-

lation and extrapolation by “clamping.” For the LGM, we employed

estimates from the general circulation model produced by the Com-

munity Climate System Model (CCSM3; Collins et al., 2006), since it

is the one available that appears to best describe the conditions dur-

ing this time in northern Mesoamerica.

To illustrate the suitable areas within our final model predictions,

we divided the continuous prediction into a binary one (suitable vs.

unsuitable) using the lowest presence threshold (LPT) or minimum

training presence threshold of MAXENT, where the training omission

rate is equal to zero (Pearson, Raxworthy, Nakamura, & Peterson,

2007). The LPT sets the threshold at the lowest value of the predic-

tion for any pixel that contains a training locality (Pearson et al.,

2007). Suitability values above the LPT were preserved in the origi-

nal continuous format.

2.4 | Experimental design

We conducted two sets of main experiments, each with two vari-

ants. First, we used the complete set of 19 bioclimatic variables

(Table 1), which is a widely used strategy in current literature. Note,

however, that if the RM is >0, the model may not incorporate the

complete set of input variables, especially after estimating optimal

levels of complexity. Second, we used four predictor variables

selected with biological justification by expert opinion to capture

extreme conditions, and thus more likely represent surrogates for

factors limiting the distribution of the species. These four variables

were: BIO 05, BIO 06, BIO 13, and BIO 14 (Table 1).

Finally, to evaluate the effect of potential artifactual truncation

of response curves because of inadequate background sampling, we

included two variants in our experiments. First, we used 10,000 ran-

domly selected pixels within the study area as background in model

calibration, which is the default and common practice for MAXENT.

Second, we ensured a full representation of environments available

for the species by including all pixels within the delimited study area

(i.e., fully sampled background that contains 135,827 pixels, rather

than that random sample of 10,000 pixels. In summary, we produced

four suites of models: 1a) all 19 bioclimatic variables with either

10,000 random background pixels [BC19rand], or 1b) fully sampled

background [BC19full]; 2a) four expert-selected bioclimatic variables

with 10,000 random background points [BC4rand], or 2b) fully sam-

pled background [BC4full]).

For the two experiments, each with its two variants, we assessed

final models for ecological realism with regard to our two expecta-

tions. We did so in both environmental and geographic spaces by

examining the resulting response curves and geographic predictions,

respectively. For the former, we evaluated ecological realism by visu-

ally inspecting the modeled responses with respect to each environ-

mental variable incorporated in the final model (e.g., smooth and

roughly bell-shaped; Austin, 2002, 2007). These plots also indicate

any environmental truncations in the study area, as well as the shape

of any extrapolated response into nonanalog conditions (via selection

of unconstrained or clamped extrapolation; Phillips et al., 2006; Elith

et al., 2010). Finally, we visually inspected projections of the models

onto the study region mentioned above, at each of the time periods.

3 | RESULTS

3.1 | Model selection and evaluation

Using the AICc to select optimal settings yielded clear trends regarding

FC, RM, and evaluation metrics (Table 2). Using 19 variables, the opti-

mal model settings were the same, irrespective of the background

used to calibrate the models (hinge feature class with a RM of 4.5).

Evaluation statistics were almost identical for both of those models.

Each had the highest AUCTEST values (BC19rand: 0.832, BC19full:

0.834) and one of the lowest OR10s (0.068 for both) among the

respective candidate models. Similarly, when using the four expert-

selected predictor variables, the optimal model settings were also the

same no matter the background used (Linear and Quadratic FC with

RM 1.0). In this case, each AICc-selected model had the lowest aver-

age omission rate (0.023 for both) and one of the highest AUCTEST val-

ues (BC19rand: 0.833, BC19full: 0.831) among the candidates.

3.2 | Examining variables used and response curves

Predictor variables that were included in the final models varied

between the two experiments (Table S2). The BC19 models used

TABLE 2 Evaluation metrics of ecological niche models generated
for the small-eared shrew, Cryptotis mexicanus, in central-eastern
Mexico

Model FC RM AUCTEST OR10 pm

BC19rand H 4.5 0.832 0.068 3

BC19full H 4.5 0.834 0.068 3

BC4rand LQ 1 0.833 0.023 6

BC4rand LQ 1 0.831 0.023 6

FC, feature classes (H = Hinge, L = Linear, Q = Quadratic); RM, regular-

ization multiplier; AUCTEST, the threshold-independent metric based on

predicted values for the test localities; OR10, the threshold-dependent

metric that indicates the proportion of test localities with suitability val-

ues lower than that which excludes the 10% of training localities with

the lowest predicted suitability; pm, number of parameters in the model.
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only three of the 19 variables initially provided: BIO 01, BIO16, and

BIO 19. The BC4 models used all four input variables. Response

curves fitted by BC4 models were more ecologically realistic than

those of the BC19 models (Figure 2). For the BC4 models, response

curves were all smooth and unimodal: bell-shaped for BIO 06 and

BIO 14, whereas skewed for BIO 05 and BIO 13. For the BC19

model, response curves for the three variables incorporated in the

final models resulted in irregularly shaped and more complex ecolog-

ical responses, showing sudden declines.

Importantly, truncation points for the response curves differed

dramatically depending on the environmental background sampling,

and the manner of environmental extrapolation led to key differ-

ences in geographic predictions. The random sample of 10,000 pix-

els, representing 7.3% of the training study area, failed to capture all

environmental conditions available for this species, particularly those

poorly represented in geography at present (e.g., very cold tempera-

tures at the mountaintops; Figure 3). This underrepresentation of

environments resulted in an artifactual truncation of response curves

in the BC19rand and BC4rand models. In contrast for example, the

BC4rand model that predicted the response into nonanalog conditions

without constraints yielded smoother and more realistic response

curves, as opposed to those clamped to the most-extreme value

within the calibration sample.

3.3 | Current potential distributions

The BC19 and BC4 models of C. mexicanus differed substantially in

geographic space, with the BC4 models yielding more ecologically

realistic distributional predictions. In general, BC19 models predicted

a larger and more diffuse potential distribution than the BC4 models

(Figure 4). The BC19 models showed extensive highlands as suitable

for this cloud forest species. The highest suitability scores indicated

for these predictions largely corresponded to mountains; this even

included several mountaintops harboring extremely cold habitats

above 3200 m elevation, such as Citlalt�epetl (i.e., Pico de Orizaba),

which at 5636 m elevation is the highest volcano in Mexico and

F IGURE 2 Response curves for two of
the most important predictor variables for
MAXENT models of the Mexican small-
eared shrew (Cryptotis mexicanus), in
central-eastern Mexico (Table S2).
Response curves correspond to models
built using 19 (a, b) and 4 variables (c, d).
The y-axes show suitability values ranging
from 0.0 (lowest) to 1.0 (highest). The x-
axes for (a) and (b) are temperature in °C,
and those for (b) and (d) are precipitation
in mm
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holds permanent snowcaps. Surprisingly for a cloud forest species,

areas with alpine tundra at Citlalt�epetl were also predicted as suit-

able. The BC19 models also predicted moderately high suitability in

some warm-wet lowland forests located below 500 m elevation.

In contrast, the BC4 models showed substantially greater dis-

crimination (between the lowest and highest suitability values) and a

tighter prediction that was less diffuse in geographic space. Notably,

they indicated lower suitability in the highest alpine forests and ice-

caps near the summit of Citlalt�epetl than the BC19 models. The BC4

models also showed a lower suitability in the lowlands, indicating

barriers to dispersal and population connectivity among highland

areas. In addition, the BC4 models showed greater suitability values

in cloud forest areas, compared with only moderate (never extremely

high) suitability according to BC19 models. In sum, the BC4 models

better fit with Expectation 1, showing more realistic niche models.

The BC4rand showed interesting patterns of variation between

the two methods for extrapolation into nonanalog conditions (Fig-

ure S1). Despite the overall high similarity between both geographic

predictions, a notable difference exists at the summit of Citlalt�epetl.

When clamping was enforced, high suitability was indicated at the

top of Citlalt�epetl, whereas it decreased when the response curve

was extrapolated without constraint. Importantly, the issue about

how to extrapolate into nonanalog conditions in the same time/place

was avoided when the full area was used as background (because by

definition extrapolation was not required within the same study

area/time period).

3.4 | Model transfer into the LGM

When models were projected to the LGM (including extrapolation into

substantially nonanalog conditions), estimates of suitability differed

dramatically between the BC19 and the BC4 models. Again, the BC19

models predicted a considerably larger geographic extent of moder-

ately suitable areas during the LGM than the BC4 models (Figure 5).

Contrary to Expectation 2, many pixels above 2200 m elevation

showed a moderate environmental suitability in the BC19 models.

Most strikingly, they considered as suitable the whole Citlalt�epetl, as

well as another very high peak, Nauhcampat�epetl (i.e., Cofre de Per-

ote; with 4,282 m elevation), even though with colder temperatures

glaciers had descended considerably in elevation at that time.

F IGURE 3 Response curves for the
most important variable in the models (BIO
06, min temperature of coldest month in
�C) based on permutation importance using
four variables (Table S2), and zoom of
background selection for a critical high-
elevation region. Note slight differences in
the shape of the respective response
curves (a and b), depending on the number
and location of pixels selected as
background (c and d, close-up of the
Citlalt�epetl); however, a great difference
exists in the environmental domain
available for model calibration (left portion
of a and b). Panel (a) shows the two
methods for extrapolation into nonanalog
conditions (gray line: clamping; black line:
unconstrained), whereas (b) illustrates how
a full representation of environments
prevented the need for extrapolation (and
hence, any associated complications) when
projecting the model into present
conditions in the study area. Such subtle
differences can lead to much greater
discrepancies in both environmental and
geographic spaces when applied across
space or time (e.g., to the Last Glacial
Maximum)
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In contrast, the BC4 models again led to more realistic inferences

in the highlands, where high (and even moderate) suitability was

assigned exclusively to areas below 2200 m, which matches Expec-

tation 2 (Figure 5). However, this prediction was obtained consis-

tently only when the full background was used for calibration

(BC4full). When we used the 10,000 random pixels (BC4rand), the

geographical prediction above 3200 m depended on the two differ-

ent ways MAXENT deals with nonanalog conditions. Only the pro-

jection built with extrapolation without constraint showed low

environmental suitability at those elevations (like the BC4full),

whereas clamping the response indicated a high (and implausible)

suitability (Figure S1).

4 | DISCUSSION

4.1 | Ecological realism

This study demonstrates the benefit of choosing predictor variables

based on a biological justification of the factors that are likely limit-

ing the distribution of the focal species. These tests show that this

strategy improved the prediction for current upper and lower eleva-

tional limits for a species inhabiting tropical montane cloud forest

and for when the model was transferred to LGM climates (Figures 4

and 5). Unrealistic predictions were produced when we used the full

set of 19 bioclimatic variables, especially at high elevations. Because

the BC19 models integrated only three predictor variables, the

results appear to be due to the nature of bioclimatic variables used

(and/or how they are fitted), rather than to the number of variables

incorporated into the model per se (Table 2).

Whenever available, physiological information from laboratory

experiments should be taken into account for preselecting the vari-

ables used in correlative modeling of ecological niches (Kearney &

Porter, 2009). Unfortunately, without a priori knowledge about the

species’ physiology, choice of variables thought to be causal or

related to limiting factors is complicated (Guisan & Zimmermann,

2000; Petitpierre, Broennimann, Kueffer, Daehler, & Guisan, 2017).

In such cases, investigators could consider natural history informa-

tion about the species to select the most reasonable set of plausible

environmental drivers of its distribution. The use of field notes or

information about habitat affinity of the species can help for

(a) (b)

(c) (d)

F IGURE 4 Current projections of
Maxent models for the small-eared shrew,
Cryptotis mexicanus, in central-eastern
Mexico, using 19 (a) and 4 (c) variables in
the models’ construction. Letters (b) and
(d) correspond to zooms for the
predictions in the highest regions for each
case. Cross-hatch covers the areas above
3200 m, whereas stippling shows areas
below 500 m; both correspond to areas
that should not hold suitable conditions for
the species based on available natural
history information (see Expectation 1 in
main text)
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choosing the most justified predictors. For C. mexicanus, the choice

of predictor variables likely to prove physiologically challenging for

cloud forests species seems to be ecologically well-justified. Our

findings suggest that extreme climatic conditions might limit species

distributions instead of long-term mean climatic conditions (see

Mor�an-Ord�o~nez et al., 2017).

This study also backs up theory indicating the value of models

with ecologically realistic response curves to allow more plausible

and transferable models (Owens et al., 2013). Ecologically implausi-

ble modeled response curves are difficult to interpret and problem-

atic when the model is used to infer environmental correlates of

species distributions (Ara�ujo & Peterson, 2012; Elith & Leathwick,

2009). Here, acceptable evaluation statistics by themselves were

insufficient for obtaining a realistic geographic prediction, and an

inspection of ecological realism by examining responses curves fitted

by the model was also needed to identify a plausible model (Austin,

2007; Thuiller et al., 2004). In addition, MAXENT models given a

large number of arbitrarily selected variables might be good predic-

tors of suitability for the time frame and extent of the study simply

because the algorithm found a good fit, and not because of any rea-

sons that shed light on biological processes.

In addition, for some of the experiments, inspecting the response

curves to detect truncation points for variables included in final

models proved critical to determine the most appropriate way to

extrapolate into nonanalog conditions (i.e., here by clamping or not).

Underrepresentation of suitable environmental conditions (environ-

mental truncation) can be caused by two nonmutually exclusive rea-

sons. First, as presented in the Introduction, it can result from a

limited range of environmental conditions existing in the study

region (i.e., realized environmental space sensu Jackson & Overpeck,

2000). If Citlalt�epetl and other high mountains did not exist in our

study system, we would not have been able to characterize the spe-

cies’ full environmental response to temperature, detecting the

decline in suitability in those coldest regions. In such cases, as has

been noted frequently, it is impossible to characterize full responses

because of the geographic constraint of environments available for

the species (e.g., species with distributions ranging to the top of

mountains).

(a) (b)

(c) (d)

F IGURE 5 Reconstructed potential
distribution during the Last Glacial
Maximum (based on the CCSM scenario)
for the small-eared shrew, Cryptotis
mexicanus, in central-eastern Mexico, using
19 (a) and 4 (c) variables in the models’
construction. Letters (b) and (d) correspond
to zooms for the predictions in the highest
regions for each case. Cross-hatch covers
areas above 2200 m elevation, which
approximates the upper limit of cloud
forests at that time according to
paleoecological information (see
Expectation 2 in main text)
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Second, however, artifactual truncation can result from poor

methodological representation of the environmental background. In

this study, the coldest environments above 4400 m elevation were

not represented in the background when we used 10,000 randomly

selected pixels across the study area, the default implementation of

Maxent (see Figure 3). This situation truncated the response curve

unnecessarily and led to unrealistic geographical predictions for both

the current and past. For the BC4rand, the predictions into the cold-

est conditions varied markedly according to the extrapolation

method chosen, clearly failing to produce a realistic prediction when

clamping was enforced. Detecting and dealing with artifactual trun-

cations has been almost completely ignored in the literature (but see

Owens et al., 2013). To reduce the potential effect of inadequate

representation of the environmental background, we strongly recom-

mend an exhaustive sampling of the environments that are available

for the species in the study area, reducing the chances of this type

of artifactual truncation. With modern computers, we consider this

is quite feasible for species with either localized or regional distribu-

tions like C. mexicanus.

This example also leads to a more nuanced view than that of a

recent proposal regarding the method of extrapolation with respect

to the direction of suitability at the point of truncation. Anderson

(2013) pointed out that the riskiest extrapolations correspond to sit-

uations where the modeled suitability was increasing when trun-

cated. In contrast, response curves truncated when suitability is

decreasing yield lesser risk under extrapolation into nonanalog condi-

tions. Although those tendencies still remain true, this study illus-

trates how the directionality of the response curve at the truncation

point affects decisions regarding the most reasonable method of

environmental extrapolation. For increasing curves, clamping the

response might prove more reasonable than allowing an

unconstrained extrapolation—at least if it is not necessary to extrap-

olate very far into nonanalog conditions; Figure 6a). However, as

illustrated here for decreasing curves, unconstrained extrapolation

likely represents the most reasonable option (Figure 6b).

According to knowledge regarding cloud forests species generally

and C. mexicanus in particular, implausible predictions were produced

when we used the full set of 19 bioclimatic variables, especially at

high elevations. For example, Citlalt�epetl (5,636 m) and Nauhcam-

pat�epetl (4,282 m) received a high environmental suitability estimate

for the current climate, and both volcanoes were still predicted as

highly suitable for the LGM, even though with colder temperatures

glaciers had descended considerably in elevation at that time (Cabal-

lero et al., 2010).

4.2 | Recommendations and future directions

Improved methods to predict cross-time and cross-space potential

distributions is needed in the face of current threats to biodiversity.

As mentioned above, our findings not only apply for cross-time dis-

tributional predictions, either past or future, but also for projections

to other spaces (e.g., studies of biological invasions, including species

associated with zoonotic diseases). Here we emphasize three lessons

to be considered in further studies, at least in studies with explana-

tory goals beyond geographic predictions from the patterns of

observed data (Ara�ujo & Peterson, 2012; Elith & Leathwick, 2009):

(i) to the degree possible, predictor variable selection should be spe-

cies-specific and guided by expert knowledge and biological plausibil-

ity (Austin, 2002, 2007; Austin & Van Niel, 2011; R€odder & L€otters,

2010; Zeng, Low, & Yeo, 2016), (ii) shapes of response curves fitted

by the model should be inspected for ecological realism (Elith et al.,

2010; Guisan & Zimmermann, 2000; Merow et al., 2013), and (iii)

F IGURE 6 Hypothetical univariate response curves illustrating environmental truncations in the study region. Each panel illustrates a
species’ modeled response curve for a given climatic variable (x-axis), plotted against suitability (y-axis; 0–1). Transfer of a niche model to
regions or time periods holding nonanalog conditions (gray area) requires extrapolation in environmental space. Two possibilities for
extrapolation are shown: allowing the model to estimate the response without any constraint (dotted line) vs. “clamped” to the modeled
suitability value at the point of truncation (dashed line). As mentioned in the text and based on the findings of this study, if a response curve
is increasing at the point of truncation, clamping the response might prove more reasonable than allowing an unconstrained extrapolation (a).
However, in cases of decreasing modeled suitability at the truncation point, unconstrained extrapolation likely represents the most reasonable
option (b)
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the methods for extrapolation into nonanalog conditions should be

justified based on the truncation points identified in the response

curves. Hopefully, the literature will soon accumulate a sufficient

number of studies addressing these factors, allowing a synthesis and

production of general recommendations.

Several additional paths should be addressed in future research

in this and other systems. First, a different combination of predictor

variables that are biologically plausible for our study system might

also result in realistic estimations. Novel techniques accounting for

the degree of causality and multicollinearity of different sets of pre-

dictor variables to build niche models should be encouraged (e.g.,

Petitpierre et al., 2017; Zeng et al., 2016). Second, reconstructed

past potential distributions should be considered as hypotheses to

be tested (Collevatti et al., 2013; Moreno-Amat et al., 2015). Current

spatial patterns of genetic diversity and inferences regarding species

demographic history can help test the realism of reconstructed/hy-

pothesized paleodistributions (Carnaval, Hickerson, Haddad, Rodri-

gues, & Moritz, 2009; Ram�ırez-Barahona & Eguiarte, 2014). In

addition to vegetational data from paleoecology (used here), when-

ever available, fossils should also be used to test hypothesized pale-

odistributions (Guralnick & Pearman, 2009; Mart�ınez-Meyer,

Peterson, & Hargrove, 2004). In our example of model transfer into

the LGM, we only used one paleoclimatic scenario CCSM3, but a

variety exist from different climate modeling groups (Varela, Lima-

Ribeiro, & Terribile, 2015). Therefore, tests of paleodistributions

should be conducted including more climatic scenarios to evaluate

the variability and plausibility among them.

Third, the field requires easy to use tools to examine response

curves. R packages or other software with such functionality are

needed to visualize key aspects of response curves, such as artifac-

tual truncation points, and novel environments beyond those points.

Such advancements will allow researchers to decide how to extrapo-

late into nonanalog conditions, and modeling software also should

allow researchers to enforce these decisions separately for each vari-

able, and even for upper vs. lower truncations of a given variable

(not presently possible with MAXENT). Together, these recommen-

dations and future directions should allow for more ecologically real-

istic and useful niche models and better inferences across space and

time, in particular regarding the effects of past and ongoing climate

change on the geographic distributions of species.
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