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a b s t r a c t
The climatic conditions of mountain habitats are greatly inﬂuenced by topography. Large differences
in microclimate occur with small changes in elevation, and this complex interaction is an important
determinant of mountain plant distributions. In spite of this, elevation is not often considered as a relevant
predictor in species distribution models (SDMs) for mountain plants. Here, we evaluated the importance
of including elevation as a predictor in SDMs for mountain plant species. We generated two sets of SDMs
for each of 73 plant species that occur in the Paciﬁc Northwest of North America; one set of models
included elevation as a predictor variable and the other set did not. AUC scores indicated that omitting
elevation as a predictor resulted in a negligible reduction of model performance. However, further analysis
revealed that the omission of elevation resulted in large over-predictions of species’ niche breadths—this
effect was most pronounced for species that occupy the highest elevations. In addition, the inclusion of
elevation as a predictor constrained the effects of other predictors that superﬁcially affected the outcome
of the models generated without elevation. Our results demonstrate that the inclusion of elevation as a
predictor variable improves the quality of SDMs for high-elevation plant species. Because of the negligible
AUC score penalty for over-predicting niche breadth, our results support the notion that AUC scores alone
should not be used as a measure of model quality. More generally, our results illustrate the importance
of selecting biologically relevant predictor variables when constructing SDMs.
© 2015 Elsevier B.V. All rights reserved.

1. Introduction
In response to climate change, mountain plants are expected to
migrate to higher elevations than they currently occupy (Grabherr
et al., 1994; Nilsson and Pitt, 1991). While there is empirical
evidence supporting this prediction (Brusca et al., 2013; Feeley
et al., 2011; Jump et al., 2012), attempts at modelling the response
of mountain plants to warming have had contrasting results,
with some models predicting range expansions (e.g. Gottfried
et al., 1999) and others predicting contractions (e.g. Guisán and
Theurillat, 2000). This inconsistency is likely due to the complex
interactions between the regional macroclimate and the local geophysical factors that structure mountain habitats (Beniston, 2005;
Körner, 2007; Dobrowski, 2011). Such complexity may only be
adequately captured by specialized modelling approaches (Randin
et al., 2009) where both the climatic and geographic attributes of
mountain regions are considered in the modelling procedure.
Species distribution models (SDMs) are widely used inferential tools that use climatic and geographic data associated with a
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species’ natural occurrence records (e.g. herbarium specimens) to
predict its past, current, and future distribution (Elith et al., 2006).
SDMs and their variants have frequently been used to describe and
predict the distributions of mountain plant species (Guisán and
Theurillat, 2000; Guisán et al., 1998; Lassueur et al., 2006; Randin
et al., 2009; Zimmermann and Kienast, 1999). However, the lack of
consideration for the intricacies of mountain habitats in the modelling procedures – especially the choice of predictor variables –
often obscures the ecological value of their ﬁndings. For instance,
nearly all the models generated by Guisán and Theurillat (2000) for
alpine and subalpine plant species were driven primarily by mean
annual temperature, which is often confounded with several other
variables and may be especially problematic along elevation gradients (Vuille and Bradley, 2000). An ideal temperature predictor
would be physiologically relevant (Körner, 2007; Platts et al., 2013).
Randin et al. (2006) included physiologically relevant climatic variables in their models, but they excluded all geographic predictors
with the exception of slope. The authors suggested in hindsight that
their choice of predictors may not have adequately captured the
complexity of the modelled mountain regions, and may be responsible for their generally weak result (Randin et al., 2006). Mountain
niches are inﬂuenced by microtopography; small differences in
microtopography will have signiﬁcant effects on soil temperature,
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2.2. Environmental data

Fig. 1. Map of the study area in northwestern North America and occurrence locations (black points) for all 73 species used in the present study.

freeze-thaw cycles, snow drifting, and wind, all of which affect
mountain niche properties (Gottfried et al., 1999). Thus, geographic
variables likely serve as surrogates for elusive climatic factors. For
this reason, it is crucial to utilize a well-constructed set of predictor variables that are relevant to the biology of species that
occupy unique habitats like those of mountain regions (Elith and
Leathwick, 2009).
Here, we evaluated the importance of elevation as a predictor
variable in SDMs for mountain plant species. We focused on elevation because different microclimates can occur with small changes
in elevation. Furthermore, elevation often connotes local precipitation and temperature features (Austin, 2002; Körner, 2007) and has
long been considered an important determinant of species distributions in mountain habitats (Körner, 2004, 2007). We pursue two
main objectives: ﬁrst, we investigate whether elevation is important for accurately predicting the distributions of mountain plant
species. Second, we explore the consequences of omitting elevation as a predictor variable in SDMs for mountain plants in terms of
both model quality and the ecological relevance of predictors that
inﬂuence the models.
2. Methods
2.1. Occurrence records
We retrieved occurrence records from the Consortium of Paciﬁc
Northwest Herbaria database (www.pnwherbaria.org/) for 73 vascular plant species that occupy mountainous habitats in the Paciﬁc
Northwest of North America (Fig. 1). The species included 56 herbs,
8 graminoids, 5 trees, and 4 shrubs that inhabit a range of elevations
from lowlands through alpine regions (see PANGAEA data package
for species list http://doi.pangaea.de/10.1594/PANGAEA.842513).
We eliminated duplicate occurrences from the herbarium records
and accounted for some potential sampling bias (see Syfert et al.,
2013) by using ENMTools 1.4.3 (Warren et al., 2008) to ensure that
there was a maximum of one occurrence record per 1 km2 grid
cell for each species—this resolution corresponds to the resolution of our environmental data (see Section 2.2). After accounting
for sampling bias, the number of occurrence records for our study
species ranged from 33 to 1052 and their mean elevations ranged
from 683 to 2539 m (Fig. S1). We did not verify the herbarium
collection data ourselves, and as such there may be some errors
associated with the collections that were unaccounted for by our
analyses.

We retrieved data for the 19 BIOCLIM variables, monthly temperature, and elevation from WorldClim (Hijmans et al., 2005). In
addition, we derived 5 geographic variables from a 1 km2 digital
elevation model extracted from the National Geophysical Data Center (www.ngdc.noaa.gov/mgg/topo/globe.html) to supplement the
climate and elevation data. We retrieved potential evapotranspiration (PET) data from the CGIAR Consortium for Spatial Information
(www.cgiar-csi.org) (Trabucco et al., 2008). PET characterizes the
atmospheric demand for water in a habitat. We used the PET data
to calculate annual soil moisture deﬁcit (SMD) for our study area as
the difference between annual PET and annual precipitation. Lastly,
we calculated growing season temperature (GST) for our study area
as the mean of May–August temperatures. All data were at 30 arc
second (∼1 km2 ) resolution.
To improve model interpretability, we screened the environmental variables for correlates (Phillips, 2008) and removed one
variable from each pair with correlation coefﬁcients > |0.7| (see supplemental for the screening procedure; Tables S1 and S2). Overall,
we retained six climatic variables and ﬁve geographic variables. The
climatic variables were: soil moisture deﬁcit (SMD), growing season temperature (GST), mean temperature of the wettest quarter
(TWQ), mean temperature of the driest quarter (TDQ), precipitation
seasonality (PS), and precipitation of the warmest quarter (PWQ).
We retained both GST and TDQ in spite of their correlation (r = 0.78)
because plants actively respond to the growing season conditions,
which are better represented by GST (see Section 3). Furthermore,
MaxEnt is equipped with regularization procedure that to some
degree is capable of diminishing the effect of correlated variables
(Elith et al., 2011). The ﬁve geographic variables were: elevation,
slope, eastness, northness, and topographic position index (TPI).
Eastness and northness are linear components of aspect; eastness
is calculated as the sine of aspect and northness is calculated as
the cosine of aspect. TPI is a measure of surface undulation (see
Weiss, 2001). We performed all data processing (environmental
data extraction, derivation and conversion) using ArcGIS 10.1 (ESRI,
Redlands, CA).

2.3. Model procedure and evaluation
We used MaxEnt 3.3.3k (Phillips and Dudík, 2008) to generate
SDMs for the 73 plant species. MaxEnt requires presence-only data
and has been demonstrated to be more robust than other available modelling algorithms (Hernandez et al., 2006, 2008; Pearson
et al., 2007). MaxEnt computes a species’ probability (from 0 to 1) of
occurrence in a grid cell as a logistic function of the environmental
data associated with that cell. We used cross-validation to generate 10 replicate models for each species: the data were split into k
folds (k = 10) and k—1 folds were used to train the models while 1
fold was used for testing. Cross-validation is spatially robust as it
curtails model over-ﬁtting by randomly selecting the records that
are used to generate each of the 10 replicate models. We used the
average of the 10 replicate models for each species in all subsequent analyses. Because the number of occurrence records ranged
from 33 to 1052, we used the hinge feature for all the species to
facilitate model comparisons. The hinge feature requires a minimum of 15 occurrence records, and generates non-linear models
similar to that of generalized additive models that are easier to
interpret than standard models (Elith et al., 2011). We separately
used the default setting to construct the models and the conclusions
reported here did not change (data not shown). We applied a 10th
percentile training presence threshold, where suitable cells have
suitability scores that are greater than the worst 10% of occurrence
locations. All other settings were default.
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To investigate the importance of elevation as a predictor for
mountain species SDMs, we generated two sets of models. One set
included elevation and all the climatic and geographic variables
mentioned above (hereafter referred to as the +E models), and the
other set included all variables in the +E models except for elevation
(hereafter referred to as the −E models).
We evaluated the models using several metrics. One metric was
the area under the receiver operating characteristic curve (AUC).
We adopted the AUC value interpretation of Swets (1988), where
AUC scores greater than 0.90 are considered to be excellent and AUC
scores between 0.80 and 0.90 are considered to be good. AUC scores
reﬂect the degree to which models predict test occurrences relative to a null model—models that perform just as well as a random
model have an AUC score of 0.5. We used a paired t-test implemented in R v.3.0.2 (R Core Development Team, 2014) to compare
AUC scores for species between the +E and −E models. We further evaluated the importance of the predictors using percentage
contribution (PC), permutation importance (PI), and the results of
jackknife tests. Percent contribution represents the degree to which
individual predictors contributed to the ﬁnal model such that the
percent contributions for all predictors in a model sum to 100%
(Phillips, 2008). Permutation importance measures the change in
model AUC scores when each predictor is randomly permuted—a
large decrease in AUC score indicates that a variable is important.
Jackknife tests track the model performance when models are built
with and without a focal variable. The jackknife tests also allow us
to investigate whether our result is robust to the difference in the
number of predictors used in the +E and −E model sets. We conducted Spearman’s correlation analyses with the ‘Hmisc’ package
for R (Harrell, 2014) to determine how the omission of elevation
affected these metrics in relation to the average elevation of each
species. We also created rules to estimate the importance of each
predictor. We considered a predictor to be highly important if its
PC was at least 20% for at least 30% of the models (the 20–30 rule),
and considered a predictor to be of intermediate importance if its
PC was at least 15% for at least 25% of the models (the 15–25 rule).
To further evaluate how the omission of elevation affected the
models, we generated estimates of niche breadth for both model
sets using ENMTools.Niche breadth is a metric with values ranging
from 0 to 1 that represent the range of environments or resources
a species can inhabit or use and is strongly correlated with species’
geographic range (Slatyer et al., 2013; also see Levins, 1968). We
implemented the ‘B1’ or ‘inverse concentration’ metric in ENMTools. We calculated the ratio between niche breadth estimates for
+E and −E models to determine the degree of difference between
them. To determine if this difference changed with the average
elevation of a species, we performed Spearman’s correlation tests
between niche breadth ratio and the species mean elevations. We
used a ratio rather than the difference because a small absolute difference in niche breadth (e.g. of 0.01 units) is rather irrelevant if
the species’ niche breadth is large (e.g. 0.98 and 0.99), but is very
relevant if the species’ niche breadth is small (e.g. 0.01 and 0.02).

3. Results and discussion
The +E models had slightly better AUC scores than the −E models (paired t-test; t72 = 9.526; p < 0.001). Speciﬁcally, AUC scores
were, on average, 0.006 units higher in the +E models than the
−E models. Relative to the −E models, the +E models had higher
AUC scores for 67 species, identical AUC scores for one species, and
lower AUC scores for ﬁve species. AUC scores for the models ranged
from approximately 0.77 to 0.99 for both −E and +E models, which
indicates that model performance was generally good or excellent (Swets, 1988). Although the average difference in AUC scores
between model sets was statistically signiﬁcant, the magnitude of

the difference suggests that omitting elevation as a predictor has a
negligible effect on AUC scores.
Estimates of species’ niche breadths were, on average, 15.7%
broader in the −E models relative to the +E models (paired t-test;
t72 = –8.972; p < 0.001) (Fig. 2A and B). Of our 73 study species, only
ﬁve had niche breadth ratios under 1, indicating that 68 −E models
were broader than their +E counterparts. The niche breadth ratio
ranged from 0.988 to 2.03. Because the magnitude of AUC scores
did not differ meaningfully between models, this result indicates
that most of the −E models represent over-predictions of the niche
breadth of species and, by association, their geographic ranges.
Over-prediction of a species’ range could negatively impact conservation efforts if funding for conservation were directed toward
regions where a species does not occur (Hof et al., 2012). The
degree of over-prediction (niche breadth ratio) increased as the
average elevation of species increased (Spearman’s  = 0.68, df = 71,
p < 0.001) (Fig. 3A). Because of the negligible penalty in −E model
AUC scores for over-predicting niche breadth, our study provides
further support that AUC may not be a reliable measure of model
performance because it can show a good ﬁt for a poor model (Elith
et al., 2011; Jiménez-Valverde, 2012; Lobo et al., 2008; Smith, 2013).
The observed pattern of over-predictions is likely because MaxEnt estimates a species’ likelihood of occurrence in a grid cell by
comparing the environmental data associated with that cell to
those of its recorded occurrences (Phillips, 2008). Probability of
occurrence in these grid cells is calculated based on their environmental similarity to the known occurrences. If a known occurrence
and a nearby grid cell differ markedly in elevation but not in climatic
features, then the omission of elevation would cause this grid cell
to be ranked as being highly similar to the occurrence. Including
elevation as a predictor where the climate surfaces did not adequately capture the climatic pattern could help constrain model
predictions by reducing artiﬁcially high habitat-suitability scores.
The results of PI and jackknife tests also corroborate the ﬁnding
that omitting elevation reduces the quality of SDMs for highelevation plant species. PI for elevation has strong positive correlation with average elevation (Spearman’s  = 0.68, df = 71, p < 0.001).
According to the jackknife tests, model performance was strongly
positively associated with a species’ average elevation when only
elevation was used as a predictor. Speciﬁcally, the ratio of test gain
for models generated with only elevation to those generated using
all variables was positively correlated with the average elevation of
species (Spearman’s  = 0.88, df = 68, p < 0.001) (Fig. 3B). Jackknife
tests also demonstrated that a reduction in model performance
occurred when elevation was excluded from the +E models. This
was pronounced for high-elevation species, and there was a negative relationship between the ratio of test gain without elevation
and all-variable models and the average elevation of species (Spearman’s  = −0.43, df = 71, p < 0.001). This indicates that low-elevation
SDMs are less negatively affected by the omission of elevation
within the +E model set than are high-elevation species. Together,
these results indicate that our result is robust to the difference in
the number of predictors used in the +E and −E model sets.
The models were driven by different combinations of climatic and geographic predictors across species. In the +E models,
elevation, slope and TWQ met the 15–25 rule (intermediate
contribution), while only elevation met the 20–30 rule (strong contribution). Considering the rules, all other predictors did not make
meaningful contributions. In the −E models, slope, TWQ and, TDQ
met the 15–25 rule while only slope met the 20–30 rule. In the
+E models, the PC of elevation increased with the average elevation of species (Spearman’s  = 0.67, df = 71, p < 0.001) (Fig. 3C). This
indicates that elevation is more relevant to the geographic distribution for high-elevation species than low-elevation species, which
is not surprising. While percentage contribution can be informative, it does not give an indication whether the predictors that had
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Fig. 2. Niche models for (A) Minuartia elegans, a low-elevation plant, and congeneric (B) M. austromontana, a high elevation plant. These examples illustrate the differences
in niche breadth between low and high elevation plant species. In each panel, the −E model is shown on the left and the +E model is shown on the right. For M. elegans, there
is only a small difference in niche breadth between the models (niche breadth ratio = 1.037). For M. austromontana, there is a large difference in niche breadth with the +E
model being much less broad than the −E model (niche breadth ratio = 2.030).

increased contributions in the absence of elevation are competent
surrogates for elevation. However, we can infer that the remaining
predictors did not adequately compensate for the effect of elevation because of the observed niche breadth over-predictions, and
PI and jackknife test results.
We had expected that GST would be an important predictor as
it characterises temperatures that plants actively respond to, and
is generally associated with growth in alpine and other habitats
(Billings and Mooney, 1968; Rammig et al., 2010). Nonetheless,
our ﬁnding is consistent with the ecology of mountain systems.
Mountain temperature patterns are inﬂuenced by snow distribution, duration of snow cover, slope, and wind direction (Jonas et al.,
2008; Litaor et al., 2008). All of these typically interact with solar
radiation to inﬂuence the seasonal energy balance in the mountains
(Uhlmann et al., 2009; López-Moreno et al., 2014). Since snowfall
accounts for the greatest proportion of precipitation in mountain
areas – most of which occurs in the winter (Bartolini et al., 2009)
– it is likely that winter is the wettest quarter for most of our
occurrence locations as only 10% of the records have TWQ values >10 ◦ C. Also, because TDQ for our occurrence locations ranged
from—35.1 ◦ C to 21.8 ◦ C, of which 48% are below 0 ◦ C, TDQ is not
particularly associated with the growing season and starkly contrasts the mean growing season temperature of 6.7 ◦ C reported for
mountain regions (Wang et al., 2013). Along mountain ranges, TDQ
is evidently a cross-seasonal variable. That is, while winter drought
emanating from lack of snow cover and dry winds is quite common in mountain habitats, some mountains experience summer
drought that arises from slope-wind effects (Billings and Mooney,
1968). Combined with the lapse rate (decrease in temperature
with altitude) and nighttime radiative cooling (decline in surface
temperature due to clear skies), sub-zero temperatures are not
uncommon during the growing season at high elevations (Körner,
1999; Jordan and Smith, 1994; Larcher et al., 2010).

Collectively, TWQ and TDQ are likely indicative of or related
to effective stress that is limiting plant distributions in mountain
regions. Indeed, cold temperatures (especially during the growing
season) rather than warm temperatures are known to constrain
metabolic and developmental processes as well as aboveground
productivity through frost damage and nutrient and moisture
immobilization (Bliss, 1962; Billings and Mooney, 1968; Rixen et al.,
2012). Thus, the factors inﬂuencing these processes are likely mediating the reproductive success and distribution of mountain species
(Körner, 1999; Taschler and Neuner, 2004; Hacker et al., 2011).
Slope inﬂuenced the +E and −E model sets differently. Consistent with the ﬁnding of Wang et al. (2013) that slope has no effect
on the tree line in alpine habitats, slope had no noticeable effects
on the models for all of the ﬁve tree species in the +E models (mean
PC = 6.07%). In contrast, slope substantially inﬂuenced the models
for the tree species in the −E models (mean PC = 16.95%). The number of models driven by slope increased in the −E models relative
to the +E models. Speciﬁcally, slope had a PC of over 20% for 39
species in −E model set but only for 21 species in the +E model
set. This pattern supports the earlier ﬁndings that elevation, slope
and aspect can interactively inﬂuence the assessment of species
distributions (Stage and Salas, 2007). Collectively, these results suggest that while slope is an important variable, it may superﬁcially
affect a model when its effect is not constrained by other geographic
variables, such as elevation.
The importance of geographic variables for generating accurate
SDMs has been investigated before, but the ﬁndings have been
inconclusive. For example, Luoto and Heikkinen (2008) observed
that the exclusion of geographic variables in SDMs for butterﬂy species led to a bias in the evaluation of species turnover,
whereas combining climatic and geographic variables improved
the accuracy of the models. In contrast, Hof et al. (2012) found that
including elevation as a predictor did not signiﬁcantly inﬂuence the
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contrast to their conclusions, we found that elevation proved to be
very important for the models of species inhabiting high elevation
habitats.
While MaxEnt distribution models are statistical in nature, the
strength of this approach lies with the incorporation of the spatial
and environmental attributes of the organism with the statistical features. The overwhelming volume of available data (inherent
in climatic and geographic surfaces) and model evaluation procedures that can be implemented in and outside of the MaxEnt
platform contribute to the robustness and reliability of this modelling approach. Therefore, when carefully implemented – giving
adequate consideration to the biology of the organisms whose
distributions are being modelled – statistical models like those produced by MaxEnt can serve the same purpose as a mechanistic
model (Kearney et al., 2010).
In conclusion, our results demonstrate that effective modelling
of species distributions is contingent upon sufﬁcient consideration
being given to the ecological characteristics of species in the modelling procedure (see Hernandez et al., 2006). Including elevation
as a predictor improved the distribution models for high-elevation
plants and generally diminished the superﬁcial effects of other
variables. While elevation alone cannot fully explain species distributions, our results suggest that the integration of elevation
with both geographic and climatic variables yields more accurate
models for high-elevation plants. While elevation may not directly
inﬂuence plant physiology, it is associated with changes in meteorological factors such as atmospheric pressure, solar radiation,
clouds, precipitation and ultraviolet radiation, which are known
to inﬂuence life and are much different in alpine habitats than
in lowland habitats (Körner, 2007). This suggests that elevation
may capture environmental information that may not be readily
captured by the climate data alone. In fact, elevation has been
recognized as the main driver of species persistence in mountain regions (Randin et al., 2009). We therefore recommend that
elevation be considered an essential predictor in future SDMs for
high-elevation plant species. Because we only considered plants,
future research should address whether similar patterns hold true
for high-elevation animals.
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Fig. 3. Relationships between the average elevation for each of the 73 species used
in this study and (A) niche breadth ratio, (B) the ratio of test gain of elevation-only
and all-variables in jackknife tests, and (C) the percent contribution of elevation to
+E niche models. The niche breadths of species in −E models are increasingly broad
reletive to the +E models as the average elevation of species increases. The test gain
ratio indicates that elevation contains more useful information for predicting species
distributions as the average elevation of the species increases. Percent contribution
shows that elevation had a larger inﬂuence on models for high-elevation species
than it did for low-elevation species.

distribution models for 117 plant species – although it did for animals – and therefore concluded that elevation has little effect on
SDMs for plants. Our results inform the disparity between these
ﬁndings: the lack of congruence between these studies is likely
because the former included a wider range of elevations while
the latter only considered species that inhabit relatively low elevations. Consistent with Hof et al. (2012), our results demonstrate
that elevation has little relevance for the models of species inhabiting relatively low (<1500 m) elevations (Fig. 3A and B). However, in
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Supplementary data associated with this article can be found,
in the online version, at http://dx.doi.org/10.1016/j.ecolmodel.
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