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Abstract

Correlative species distribution models have long been the predominant approach to predict species’ range responses

to climate change. Recently, the use of dynamic models is increasingly advocated for because these models better rep-

resent the main processes involved in range shifts and also simulate transient dynamics. A well-known problem with

the application of these models is the lack of data for estimating necessary parameters of demographic and dispersal

processes. However, what has been hardly considered so far is the fact that simulating transient dynamics potentially

implies additional uncertainty arising from our ignorance of short-term climate variability in future climatic trends.

Here, we use endemic mountain plants of Austria as a case study to assess how the integration of decadal variability

in future climate affects outcomes of dynamic range models as compared to projected long-term trends and uncer-

tainty in demographic and dispersal parameters. We do so by contrasting simulations of a so-called hybrid model

run under fluctuating climatic conditions with those based on a linear interpolation of climatic conditions between

current values and those predicted for the end of the 21st century. We find that accounting for short-term climate

variability modifies model results nearly as differences in projected long-term trends and much more than uncer-

tainty in demographic/dispersal parameters. In particular, range loss and extinction rates are much higher when sim-

ulations are run under fluctuating conditions. These results highlight the importance of considering the appropriate

temporal resolution when parameterizing and applying range-dynamic models, and hybrid models in particular. In

case of our endemic mountain plants, we hypothesize that smoothed linear time series deliver more reliable results

because these long-lived species are primarily responsive to long-term climate averages.
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Introduction

Species are expected to adjust their geographic ranges in

response to a warming climate, and the climatic trends

of the recent decades have already triggered shifts in

many species’ distributions (e.g., Chen et al., 2011;

Lenoir & Svenning, 2015). Where physical barriers limit

range adaptations, however, species face a ‘nowhere-to-

go’-situation that could eventually result in significant

losses of regional biodiversity (Burrows et al., 2014).

High-mountain landscapes are typical examples of such

nowhere-to-go situations. Although mountains have

varied shapes, the high elevation parts are usually of

conical shape (Elsen & Tingley, 2015). Upslope move-

ment in pursuit of cool climates hence predictably

results in range loss and increasing fragmentation for

those species already occupying the highest elevations

today and may even lead to ‘mountain-top extinctions’

(Colwell et al., 2008; Gottfried et al., 2012).

Model forecasts have suggested that the magnitude

of such range loss might actually be dramatic (e.g., La

Sorte & Jetz, 2010; Engler et al., 2011). However, most of

these predictions have so far been based on correlative

approaches, which in turn have been criticized for sim-

plifying assumptions and the negligence of important

processes involved in range shifts (Wiens et al., 2009;
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Pereira et al., 2010; Ehrl�en & Morris, 2015; Pacifici et al.,

2015). In the case of plants, for example, the longevity

of most alpine species and the omnipresence of migra-

tion barriers in the island-like landscapes of high alti-

tudes suggest an important role of lag phenomena like

extinction debts (Kuussaari et al., 2009; Dullinger et al.,

2012a) or invasion credits (Jackson & Sax, 2010). Thus,

the demography of populations and the dispersal of

individuals are of evident relevance for assessing both,

transient dynamics during climatic changes and distri-

butions once an equilibrium with potentially stable

new climatic conditions has been reached (Loarie et al.,

2009; Doak & Morris, 2010; Schloss et al., 2012). Differ-

ent models and modeling platforms for integrating

these processes into range shift predictions have

recently been developed (Lurgi et al., 2015), but their

parameterization represents an immanent challenge.

Accurately modeling the dispersal of propagules is a

notoriously difficult task (Nathan, 2006; Cousens et al.,

2010) and the response of demographic rates to envi-

ronmental gradients is documented only for few spe-

cies (Pagel & Schurr, 2012; Thuiller et al., 2014; Ehrl�en

& Morris, 2015). While dynamic models of range shift-

ing species represent the relevant processes more ade-

quately and are hence increasingly advocated

(Fordham et al., 2013; Lurgi et al., 2015), their applica-

tion to a bigger set of species and/or at larger geo-

graphical extents is hence hampered by considerable

parameter uncertainty (Dullinger et al., 2012a; Lehsten

et al., 2014).

Besides lack of information on demographic and

dispersal parameters, which is often considered the

main obstacle to applications of range-dynamic models

in climate impact research (Pacifici et al., 2015), there

are additional, potentially important sources of uncer-

tainty that need to be considered. Besides issues of

model conceptualization and design (Pagel & Schurr,

2012; Wenger et al., 2013; Ehrl�en & Morris, 2015; Lurgi

et al., 2015), the most obvious source of uncertainty is

the missing knowledge of how the climate will actually

develop during the upcoming decades (Ipcc, 2007,

2013, Knutti & Sedl�a�cek, 2013). This ignorance may be

even more relevant for dynamic simulations than it is

for correlative approaches because dynamic simula-

tions are not only driven by changes of the long-term

average climate but also by the trajectory of these

changes over the next decades. To put it another way,

uncertainty about long-term climatic trends is comple-

mented by uncertainty about short-term to midterm

variability (henceforth referred to as short term for

simplicity) of climatic variables, which is particularly

pronounced at local to regional scales (e.g., Watterson

& Whetton, 2011). At such scales, which are the usual

geographical domain of range-dynamic models (e.g.,

Keith et al., 2008; Engler et al., 2009; Fordham et al.,

2013; Meier et al., 2014), short-term variability may

even exceed uncertainty in long-term climatic trends

for much of the current century (Hawkins & Sutton,

2011; Deser et al., 2012). As a consequence, uncertainty

from demographic and dispersal parameters might

have much less severe effects on predictions of range-

dynamic models than uncertainty from climate projec-

tions. Nevertheless, to our knowledge, the relative

impacts of parameter uncertainty and climate projec-

tions, in particular of short-term climate variability on

dynamic range shift simulations, have not been

explicitly evaluated so far.

Here, we assess the impact of three different sources

of uncertainty on predictions from a range-dynamic

model on the fate of endemic mountain plant species of

the European Alps. The endemic mountain biota is par-

ticularly relevant in a climate change context because

they represent a region’s unique contribution to global

biodiversity. Moreover, features such as small-range

size, restriction to peripheral chains of mountain

systems (Tribsch, 2004; Essl et al., 2009), and limited

dispersal abilities (Dullinger et al., 2012b), which char-

acterize many endemics of the Alps, let these species

appear particularly vulnerable to forthcoming climatic

changes (Dirnb€ock et al., 2011). We used CATS (Dullin-

ger et al., 2012a), a spatiotemporal plant spread model,

to simulate range dynamics of 27 range-restricted spe-

cies of the Austrian Alps until the end of the 21st cen-

tury under (i) different projected long-term climatic

trends, (i) different assumptions about species0 demo-

graphic and dispersal parameters, and (iii) with and

without considering short-term climate variability. We

thereby address the following questions: (i) How sensi-

tive are endemic alpine plants to predicted climatic

trends? and (ii) What are the relative effects of the

different sources of uncertainty on model projections?

Materials and methods

Study area

We simulated the range dynamics of mountain species ende-

mic or subendemic (according to the definition in Rabitsch &

Essl, 2009) to the Austrian part of the European Alps which

covers an area of approximately 54 000 km² (46.4–48.3°N lati-

tude, 9.6–16.5°E longitude). Elevation ranges from below

300 m a.s.l. in peripheral valleys to 3797 m a.s.l. at the highest

peak. Climate is temperate humid with annual precipitation

sums from ~700 to ~3000 mm and mean annual temperatures

between �5 and 9 °C. Bedrock substrates have a profound

impact on plant distribution (Ellenberg, 2009) and predomi-

nantly consist of limestone and dolomite in the northern and

southern, and silicate substrates in the central parts of the

Austrian Alps.
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Species selection and occurrence data

We selected 27 nonforest plant species that have a center of

distribution above the tree line (see Table S1) of the Austrian

Alps. Thereby, we excluded taxonomically ambiguous clades

like apomictic Hieracium and Taraxacum. The list comprises

species of calcareous and siliceous substrate preference, inhab-

iting different alpine habitat types (grasslands, rocks, screes,

snowbeds) and of varied distribution patterns (very restricted

local endemics as well as regionally widespread species). It

can hence be considered a representative subset of the ende-

mic mountain flora of Austria.

Modeling framework

CATS (‘Cellular Automaton-Type tool for simulating plant

Spread’; Dullinger et al., 2012a) is a spatially and temporarily

explicit model operating on a two-dimensional grid (of 100 m

mesh size in this case), in which every cell represents an indi-

vidual site. CATS combines simulations of local plant demog-

raphy at each particular site with simulations of wind, exo-

and endozoochoric dispersal processes among sites. Time pro-

ceeds in annual steps. Changes in species’ distribution across

this grid are driven by combining predictions of occurrence

probabilities from correlative species distribution models

(SDMs) for each site and year with subroutines that simulate

the local demography of stage-structured cohorts (seeds, juve-

niles and adults) and processes of stasis and transition within

and among these cohorts (seed bank, germination, juvenile

survival, maturation, fecundity and clonal reproduction; fur-

ther on summarized as demographic rates) on the one hand,

and the spatial allocation of local seed yields on the other

hand. Each process of transition and stasis is stochastically

modified. Range dynamics result from the impact of climate-

driven site suitability changes on the demographic rates and

the resulting growth or decline of populations, eventual

extinction, or dispersal-mediated establishment at hitherto

uncolonized sites.

Data

Species occurrences. Species presence–absence data necessary

for parameterizing SDMs were taken from the Austrian vege-

tation database (Willner et al., 2012), which contains about

45 000 relev�es. From these, we selected 7000 representing non-

forest vegetation of the subalpine and alpine regions. Because

the rarest among our study species were represented by <20
relev�es, we supplemented this data by the presence informa-

tion taken from the sampling sites of demographic rates and

species traits.

Demographic and dispersal parameters. Data on the traits

necessary to model demographic rates and dispersal of the

selected species were only partially available from the litera-

ture. Therefore, we conducted a field campaign to measure

two key demographic rates, flowering frequency and seed

yield rates, as well as several additional propagule traits in the

years 2010 and 2011. For each species, two or three mountain

ranges (depending on the overall distribution of the species

and accessibility) were preselected based on distribution data

from the Central European floristic mapping project (FMCE,

Niklfeld, 1998: the FMCE provides information about the dis-

tribution of the vascular plants in Austria at a resolution of

30 9 50, i.e., ~5.5 9 6.1 km²). Within these mountain ranges, a

total of ten well-developed populations (defined as the indi-

viduals growing within a 100 9 100 m area; minimum dis-

tance between two populations: 500 m) were chosen, and

within these populations, five plots were selected. Plot size

was variable and defined such that five visually distinct indi-

viduals (i.e., from a different genet/clone) of a target species

were included. For these individuals, flowering frequency

was assessed by determining the relationship between the

overall number of ramets and those setting an inflorescence.

Owing to the rarity of most species, the full sampling design

(=250 individuals per species) could not be realized and the

actual number of sampled individuals ranged from 100 to 225

(Fig. S1).

Besides assessing flowering frequency, we counted the

number of seeds produced by one inflorescence using 6–84

individuals per species from different populations. We also

measured the average release height of seeds (6–42 individu-

als) and the height of the surrounding vegetation (24–168 indi-

viduals) in centimeter above ground, which are parameters

necessary for computing wind dispersal kernels. Furthermore,

at least 20 seeds per species were weighed to the nearest

0.1 mg. Their terminal falling velocity was measured with a

custom made velocity meter, a further development of the

apparatus presented by Askew et al. (1997). Falling time of

diaspores was measured between two laser lights after an ini-

tial acceleration phase of ca. 1 m.

Other trait data necessary for parameterizing the demo-

graphic and dispersal models were taken from existing data-

bases or were estimated along credible intervals (Table S1).

Current climatic conditions and bedrock substra-

tes. WorldClim provides long-term monthly averages for pre-

cipitation and minimum, average and maximum temperature,

and in addition, a series of 19 bioclimatic variables directly

derived from the monthly base maps at a resolution of 30 s

(ca. 1 km), which are available at http://www.worldclim.org

(Hijmans et al., 2005). We first downscaled the monthly base

maps to a spatial resolution of 100 m, in order to better repre-

sent the topographic variation of climate in our study area

(see Dullinger et al., 2012a). In a second step, we used these

downscaled temperature and precipitation grids to generate

maps of four bioclimatic variables, which (i) have a known

impact on plant life in mountain environments and (ii)

showed some independent variation across the study area

(Pearson r < |0.75|, cf. Dormann et al., 2013), namely tempera-

ture seasonality (bio4), the minimum temperature of the cold-

est month of the year (bio6), as well as the precipitation

seasonality (bio15) and the precipitation sum of the warmest

quarter (bio18). As many alpine plants are substrate-specific,

we additionally compiled information on bedrock conditions

from a geology map of the Austrian Alps (scale: 1 : 200 000;

Bayer & Pavlik, 2009). Based on this map, we calculated the
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percentage area of calcareous substrates for each 100 9 100 m

site of the study area.

Climate projections. Projections of future climatic conditions

were taken from simulations of the regional climate downscal-

ing experiment ENSEMBLE (http://ensembles-eu.metoffice.-

com/papers.html) which provides regional circulation model

output for Europe for the IPCC4 SRES scenario family (Solo-

mon et al., 2007). Specifically, we used model runs from (i)

The Rossby Centre Regional Atmospheric Climate Model

(RCA3; Kjellstr€om et al., 2005), which was fed by output from

the Community Climate System Model (CCSM3) general cir-

culation model (GCM) for the B2 scenario generated by the

Swedish Meteorological and Hydrological Institute at a resolu-

tion of 50 km, (ii) the climate limited-area modeling commu-

nity (CLM; Hollweg et al., 2008) model, which was fed by

output from the ECHAM5 GCM for the A1B scenario gener-

ated by the Max Planck Institute at a resolution of ca. 35 km,

and (iii) the Hadley Centre Regional Climate Model

(HadRM3.0; Collins et al., 2006), which was fed by output

from the Hadley Centre Coupled Model (HADCM3) GCM for

the A1B scenario with an original resolution of 25 km. Climate

projections derived from these three models are further

referred to as ccsm3/B2, echam5/A1B, hadcm3/A1B, repre-

senting an increase in mean annual near surface temperature

(bio1) in the study region of about 2.6, 4.0, and 5.0 °C, respec-
tively. With this selection, we aimed at evaluating the effects

of climate change projections that differ in severity without

discriminating between the effects of GCMs and greenhouse

gas emission scenarios. All projections provide monthly time

series of temperature and precipitation. Climate projections

were statistically downscaled to a resolution of 100 m by (i)

calculating differences (‘deltas’) in monthly temperature and

precipitation values between hindcasted historical (mean

1950–1999) and forecasted future climatic conditions at the

original spatial resolution, (ii) spatially interpolating these dif-

ferences to a resolution of 100 9 100 m, and (iii) adding these

differences to the downscaled WorldClim maps of the same

climatic variables (Zimmermann et al., 2009; Dullinger et al.,

2012a). We used these downscaled temperature and precipita-

tion projections to calculate the four bioclimatic variables.

Finally, we computed the averages of these four climatic vari-

ables over time at decadal intervals as well for the second half

of the 21st century (2050–2099) representing a centenarian

interval to the current climatic conditions.

Parameterizing SDMs. Species distribution models were

parameterized within the BIOMOD framework (Thuiller et al.,

2009) by correlating species presence–absence data to the

bedrock and the four bioclimatic variables by means of four

modeling techniques: generalized linear models (GLM), gen-

eralized additive models (GAM), boosted regression trees

(GBM), and random forests (RF). To evaluate model quality

for each species and modeling technique, the data were ran-

domly split into one subset for calibrating the models (80%)

and another for evaluating them (remaining 20%) using True

Skill Statistic scores (TSS, Allouche et al., 2006). This process

was repeated 100 times to make sure that the estimated pre-

dictive accuracy was not influenced by the random partition-

ing. Only techniques with a mean TSS ≥0.5 (Table S2) were

used to construct final models, which were calibrated with

100% of the data to avoid loss of information for species repre-

sented by a low number of occurrences only. The probability

of occurrence for each 100 9 100 m site of the study system

under current climatic conditions was then computed as the

mean of projections of the used modeling techniques for each

species (Ara�ujo & New, 2007).

Species distribution model projections and short-term climate

variability determination. Calibrated SDMs were then used

to project occurrence probabilities of each species at each

100 9 100 m site for each decadal average of future biocli-

matic variable values as well as for the average of the second

half of the 21st century. From these projections, the annual

time series of site suitability required by CATS were com-

puted by linear interpolation of projected occurrence probabil-

ities, first, between consecutive decades, and, second, between

current conditions (i.e., means of 1950–1999) and the mean of

the second half of the 21st century (2050–2099). Hence, these

two time series contrast predictions which either account for

short-term climate variability by representing predicted deca-

dal variation, or which smooth climatic fluctuations to a linear

trend. We henceforth call these two alternatives climate pro-

jections with or without short-term climate variability, respec-

tively.

Demographic modeling. Species distribution models and

demographic rates were linked by modeling the latter as sig-

moidal functions of the occurrence probabilities predicted by

the former. We refer to these functions as frate(), where rate

represents any demographic rate. Demographic rates, and

hence frate(), were thereby confined by 0 and a maximum value

derived from our field data or the respective databases (fur-

ther referred to as maximum demographic rate). Furthermore,

the sigmoidal functions frate() were fixed at marginal suitabil-

ity (MS) values (compare Fig. S2). We defined MS separately

for each species as the probability of occurrence that maxi-

mizes the TSS score when used as threshold for translating

probability-scaled predictions of SDMs to binary presence–ab-
sence maps (Liu et al., 2005). The associated values of demo-

graphic rates at MS (i.e., the y-axis values in Fig. S2) were

determined to keep the size of a local population stable (allow-

ing for dispersal-mediated emigration but disregarding immi-

gration). We found these values, separately for each species,

by explorative simulations: a scale factor s of the maximum

rate values was increased in (0, 1] and the local demography

in a single site simulated under the resulting set of maximum

rate 9 s values until the population stabilized. Stability of

population size was defined as fluctuations lower than 10%

within a period of 800 years (after an initial simulation phase

of 200 years). The scale factor s was assumed to be identical

for all demographic rates except for clonal reproduction,

which was set to 1 at MS. The latter ensures clonal growth

only above MS. We note that this setup of parameters implies

that demographic rates respond similar to gradients of envi-

ronmental suitability which is probably not always the case
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(Eckhart et al., 2011; Villellas et al., 2013; Thuiller et al., 2014).

Nevertheless, the approach delivers a set of rate values which,

in combination, have the desired property of fixing the popu-

lation at the lowest possible stable value at MS. The slope

parameter of the logistic functions was set to 15 as this value

produced a reasonable form of the logistic function over a

broad range of MS values (Dullinger et al., 2012a).

Demographic rates do not only depend on environmental

conditions but also on intraspecific competition. We hence

modeled germination, juvenile survival, and clonal reproduc-

tion as density-dependent processes at suitable sites. Density

dependence is commonly achieved by multiplying rates with

(C � N)/C, where N is the current population size and C is

the site’s carrying capacity (see Table S1). This correction for

density dependence causes the function to drop to zero when

N approximates C. To avoid the subsequent collapse of

population sizes, we defined frate_cor() = frate() � N/

C 9 (frate() � frate(MS)), which ensures stable population sizes

at densely populated sites (Fig. S3).

Our definition of frate_cor() causes population size to

decrease at sites with occurrence probabilities smaller than

MS. However, sigmoidal functions asymptotically converge

but never reach zero. To enable local population extinction,

we introduced a further threshold of occurrence probabilities

below which a population is assumed to decline rapidly (i.e.,

to ½ and ¼ for the adult and the juvenile cohort, respectively,

per annual time step). For each species, we defined this

threshold as the lowest occurrence probability that the SDM

predicts for a site currently occupied by the respective species

according to the calibration data.

To account for uncertainty in demographic rates, we

assigned each species two different sets of maximum values

for the persistence of seeds in the soil seed bank, germination

rates, juvenile survival, flowering frequency, seed yield, clonal

reproduction rates, and carrying capacity. The determination

of the alternative maxima for rates measured in the field (see

also Fig. S1) and taken from the literature/databases is

described in Table S1. According to the construction of frate_cor(),

higher maximum rates result in steeper decrease of these rates

at suitability values <MS (see Fig. S2). The ‘high’ set of values

hence defines the species to grow faster under well-suited con-

ditions, but to be more sensitive to deteriorating conditions,

and vice versa for the ‘low’ set of maximum demographic rate

values. Put it another way, the two sets of values imply a

response to environmental stress gradients that corresponds

(in relative terms) either to a more competitive (high values)

or a more stress-tolerant (low values) demographic strategy,

as represented by C- and S-strategists in Grime’s typology

(Grime, 1979). R-strategist were not represented in the set of

study species.

Dispersal modeling. For wind dispersal, we parameterized

the analytical WALD kernel (Katul et al., 2005) based on mea-

sured seed traits and wind speed data from a high-altitude

meteorological station in the Central Alps of Austria (Mt.

Sonnblick, 15-min interval data from the years 2000–2008).
Exo- and endozoochorous kernels were parameterized based

on correlated random walk simulations for the most frequent

mammal dispersal vector in the study area, the chamois (Rupi-

capra rupicapra L.). During these random walk simulations,

10 000 seeds per species were attached to the animals’ fur or

ingested and subsequently dropped or defecated after a time

span corresponding to their surface structures and masses

according to regression functions in R€omermann et al. (2005)

and Moussie (2004). Frequency distributions of the simulated

distances between points of uptake and loss were then used to

construct dispersal kernels. A detailed description of the dis-

persal kernel parameterization procedures can be found in

Dullinger et al. (2012a). Dispersal distances are given in

Table S4.

To account for uncertainties in species-specific dispersal

rates, the proportion of seeds dispersed by the more far-reach-

ing zoochorous kernels was defined either as high (1–5%) or

low (0.1–0.5%), hence setting upper and lower boundaries of a

credible range of the dispersal ability of species.

Simulation set up

To evaluate the relative impact of uncertainties from climate

change predictions and species traits on the range dynamics

simulated by CATS, we ran the model for each species under

each combination of (i) three climate projections, (ii) imple-

mented with or without short-term climate variability, (iii)

two sets of demographic, and (iv) two sets of dispersal param-

eters. To account for stochastic elements in CATS, results from

eight replicated runs were averaged prior to analyses.

All 3 9 2 9 2 9 2 (9 8) simulation runs started from the

same initial current distribution of the respective species. This

current distribution was defined by overlaying SDM projec-

tions under current conditions with species distributions doc-

umented in the FMCE and with CORINE-land cover data

(EEA, 2007). Species were assumed to be present in all

100 9 100 m sites, which were (i) projected to be suitable

under current climatic conditions (i.e., where SDM-predicted

probability values were >MS), (ii) within an FMCE cell where

the species has actually been observed, and (iii) not covered

either by forest or water bodies. Initial population sizes in

these suitable cells were set to half the carrying capacity. To

accommodate these arbitrary population sizes to the actual

local conditions, we started simulations of range dynamics

with a burn-in phase of 25 years run under constant current

climatic conditions. This burn-in phase (which assumes site

suitability corresponding to mean climatic conditions of 1950–

1999) was linked to suitability predictions based on the future

climate projections with or without short-term climate vari-

ability (which started with the year 2020) by linear interpola-

tion.

Analyses

The impact of the different sources of uncertainty on the pre-

dicted range size of the 27 model species was quantified by

regression techniques. Thereby, we used mean range size (i.e.,

the number of occupied cells averaged for the simulation per-

iod 2020–2090) as response and applied a leave-one-out

approach. Based on chi-square tests in analyses of deviance,

© 2016 John Wiley & Sons Ltd, Global Change Biology, 22, 2608–2619
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we compared a (full) model comprising predictor variables for

climate projections (ccsm3/B2, hadcm3/A1B), climate vari-

ability (i.e., values were interpolated between averages at dec-

adal intervals and at the century interval to represent and

ignore short-term variability, respectively), demographic strat-

egy (competitive, stress-tolerant), dispersal ability (low, high)

and all two-way interactions to each of four additional mod-

els, which were fitted by omitting one of these predictors. Cli-

mate projection echam5/A1B was not included in this

analysis to have a balanced design of four predictor variables

each with two states and because CATS simulations under the

A1B scenarios were very similar, irrespective of the underly-

ing GCM. Analogously, we compared the full model with six

models, each omitting one of the two-way interaction terms to

test for significant effects of interactions among the four main

predictors.

Our study design implies multiple simulation runs for each

species precluding linear regression analyses. Consequently, we

performed linear mixed-effects models optimizing the restricted

maximum likelihood criterion. To account for potential depen-

dence among the results of individual model runs, a random-

effects term for each main predictor was estimated for each spe-

cies. As the contribution of each data point to the degrees of free-

dom is still under discussion in such structured data sets, we

used a conservative approach and calculated df for t-tests as

number of observations – number of fixed effects – number of

random effects + number of random terms. As a measure of

model fit, we computed the variance explained by fixed factors

(i.e., R2
marginal) following Nakagawa & Schielzeth (2013).

All statistical analyses were performed in R 2.15.2 (R Devel-

opment Core Team, 2012) using the contributed packages

LME4 (Bates et al., 2013), MUMIN (Barton, 2013) and HDRCDE

(Hyndman et al., 2013).

Results

The quality of calibrated SDMs was generally high for

all species and applied modeling techniques (Table S2).

Mean TSS scores for GLM, GBM, GAM, and RF were

0.76, 0.73, 0.78, and 0.70, respectively.

The major source of uncertainty in projections of

mean range size (i.e., averaged over the years 2020–

2090) of the 27 endemic plant species resulted from cli-

matic conditions with projected long-term climatic

trends being more influential than short-term climate

variability (Table 1). However, the effects of long-term

trends and short-term variability were interacting.

When accounting for short-term climate variability,

mean range sizes averaged over species were 797, 342,

and 257 km² for ccsm3/B2, echam5/A1B, and had-

cm3/A1B, respectively. When disregarding climate

variability, modeled range sizes were about twice as

large for echam5/A1B and hadcm3/A1B, whereas they

were in the same order of magnitude for ccsm3/B2

(Fig. 1).

Our model predicted strong differences in the tempo-

ral trend of range sizes among projected long-term

trends. Under severe climate change (both A1B scenar-

ios), range sizes were projected to decline strongly

when accounting for short-term variability, or moder-

ately otherwise, until 2090 (Fig. 2). As a corollary, about

every second species was projected to go extinct when

short-term variability was accounted for but no single

extinction event was projected without this variability

(Fig. 3). Similarly, the number of species predicted to

lose >80% of their current range was much higher when

short-term climate variability was considered. In con-

trast, under moderate climate change (ccsm3/B2),

mean range sizes were predicted to increase slightly no

matter whether climate variability was considered or

not (Fig. 2) leading to range gains for a substantial

number of species. Maps comparing the distribution of

individual species between projections with or without

short-term climate variability are provided in Fig. S4.

The effects of species0 dispersal ability and demo-

graphic strategy were statistically significant but con-

siderably less strong than those of climatic conditions

(Table 1). Differences between low and high dispersal

abilities of species were most pronounced under

moderate climate change (ccsm3/B2) when short-term

climate variability was accounted for (Fig. 2). When

Table 1 Effect of projected long-term climatic trends (ccsm3/B2, hadcm3/A1B), climate variability (implemented as average of

decadal intervals or the average of a century interval), demographic strategy (‘competitive’ or ‘stress-tolerant’) and dispersal abili-

ties (low, high) on the projected mean range size (averaged for the years 2020–2090) of endemic plant species estimated by means of

linear mixed-effects models. A model consisting of the four main predictors and their two-way interactions (df = 27) was compared

to models lacking one of the four predictors each (df = 18) using a chi-square test in analyses of deviance. Thus, p-values indicate

effects of the missing predictor. R2
marginal and R2

conditional were computed following Nakagawa & Schielzeth (2013) and express the

variance explained by fixed factors and the combined effects of fixed and random factors, respectively

Model parameter AIC Chi² P-value R2
marginal R2

conditional

Climate projection, climate variability, strategy, dispersal 3784.4 0.156 0.984

Climate variability, strategy, dispersal (i.e., no projection) 4631.0 864.6 <0.001 0.047 0.766

Climate projection, strategy, dispersal (i.e., no variability) 4383.9 617.4 <0.001 0.092 0.906

Climate projection, climate variability, strategy (i.e., no dispersal) 3903.6 137.2 <0.001 0.141 0.978

Climate projection, climate variability, dispersal (i.e., no strategy) 3821.9 55.5 <0.001 0.156 0.980
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short-term climate variability was neglected, dispersal

effects were generally stronger and had the same order

of magnitude for all climate projections. Concerning

demographic strategy, pronounced differences between

the ‘competitive’ and ‘stress-tolerant’ parameter set-

tings occurred only under ccsm3/B2. This suggests a

strong dependence of species trait effects on the sever-

ity of climate change, which is reflected by the impor-

tance of interactions between long-term climatic trends

and dispersal as well as between long-term climatic

trends and demographic strategy in the full model (see

Table S3). Differences in species traits had no or only

marginal effects on the number of species projected to

go extinct or losing major parts of their range (Fig. 3).

Discussion

Anthropogenic climate change is assumed to be the

main driver of recent shifts in mountain plant distribu-

tions (Pauli et al., 2007, 2012; Crimmins et al., 2011;

Gottfried et al., 2012). Our results corroborate that the

ranges of endemic mountain plants, which are impor-

tant elements in the flora of many mountains world-

wide (Hobohm, 2014), are indeed sensitive to changes

in climatic conditions. Among the sources of uncer-

tainty in range shift predictions analyzed here, long-

term climatic trends had the most important effect on

simulations from range-dynamic models. This sensitiv-

ity to different climatic trends is not surprising and in

line with predictions of correlative SDMs for mountain

plants (Dirnb€ock et al., 2003; Loarie et al., 2008; Engler

et al., 2011). However, in addition, we found that short-

Fig. 1 Effects of climate variability on simulated range sizes

under three climatic projections (ccsm3/B2, echam5/A1B, had-

cm3/A1B) for 27 endemic plant species of the Austrian Alps in

2090. Values represent the proportional difference between sim-

ulations that either accounted or did not account for short-term

climatic variability (based on averages of decadal intervals).

Fig. 2 Predicted average range size of 27 vascular plant species endemic to Austria during the 21st century based on climate conditions

projected by ccsm3/B2 (left), echam5/A1B (center), and hadcm3/A1B (right). The black and red lines represent predictions assuming

species to have a more ‘competitive’ or more ‘stress-tolerant’ demographic strategy, respectively. Shaded areas illustrate model out-

comes within the extremes of low (dashed) or high (solid) dispersal parameter values. The upper and lower rows represent simulations

run with and without short-term climate variability, respectively. Differences in model predictions for the year 2020 result from a 25-

year model burn-in period.
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term variability of climatic conditions has a similarly

strong effect on the predictions of range-dynamic mod-

els than shifts in long-term climatic averages. Variation

in demographic and dispersal parameters affected

results too, but to a lesser extent than changes in cli-

matic conditions.

Effects of long-term climatic trends

The impact of long-term climatic trends on species

range shifts has so far mostly been assessed by contrast-

ing current distribution patterns with equilibrium dis-

tributions predicted under different future climatic

regimes assumed to be stable, for example, the average

conditions during the last two or three decades of the

21st century (e.g., Engler et al., 2011; Thuiller et al.,

2011). As predictions of climatic conditions for the late

21st century vary substantially among scenarios and

climate models (e.g., Knutti & Sedl�a�cek, 2013), and

dependence of species ranges on climatic conditions is

usually strong, the detected impacts have mostly been

profound. Comparable sensitivity analyses of range-

dynamic models are limited to Conlisk et al. (2013).

Their results differ from ours in that climate scenario

and demographic parameter choice had approximately

equal impact on simulation results. However, Conlisk

et al. (2013) used only one species in their analysis, and

this species is a small-range specialist of a peculiar soil

type and hence probably limited in its distribution

more by substrate availability than by climatic condi-

tions. By contrast, we modeled the distribution of

mountain plants most of which are usually bound to

certain elevation belts because of steep climatic gradi-

ents in mountainous terrain (K€orner, 2007). Increasing

temperatures hence necessarily shift ranges of species

upslope and thus reduce range size, at least for those

already occupying high altitudes (cf. Elsen & Tingley,

2015). In addition, our study species have relatively

small initial ranges, a considerable number of them in

peripheral, isolated parts of the Alps. Distances to

higher, central Alpine mountain ranges are hence too

large to be covered within this century, even when dis-

persal abilities are assumed to be at the upper end of

the plausible range. Consequently, we suppose that the

paramount impact of long-term climatic trends in our

study is due to the mountainous study system and

might be weaker in lowland ecosystems where climatic

gradients are less pronounced (e.g., Buisson et al., 2010).

Effects of short-term climate variability

Our simulations demonstrate that short-term climate

variability, that is, the natural fluctuations overlaying

longer-term trends, adds an important source of vari-

ability to forecasts of biogeographical distributions when

range-dynamic models are used instead of correlative

models. The application of such models hence implies a

trade-off between improved representation of the pro-

cesses driving range shifts and an increased variability

of forecasts stemming from a component of uncertainty,

which is probably irreducible (Deser et al., 2012).

The sensitivity of range-dynamic models to short-

term climate variability likely depends on how climate

variables and the demographic rates that drive local

demography are linked. Here, we represent vital rates

as functions of site suitability; and this suitability is

determined by SDMs which use long-term climatic

averages as predictor variables. Applying these param-

eterizations to predict vital rate under short-term cli-

matic fluctuations hence actually represents a temporal

scale mismatch. Such mismatch could be avoided by

linking presences and absences of species at particular

plots to short-term means of climatic variables preced-

ing the year the plot has been recorded. However, such

a ‘year-of-record-specific’ calculation of climatic vari-

ables for parameterizing SDMs is laborious and rarely

made. Importantly, there seems to be little awareness of

Fig. 3 Endemic plant species projected to go extinct (black), lose

more than 80% of their current range (dark gray), lose at least

some part of their range (light gray) or gain range size (white)

until 2090. The upper and lower rows represent simulations

with and without short-term climate variability, respectively.

‘Competitive’ and ‘stress-tolerant’ refer to the demographic

strategy. Low dispersal and high dispersal indicates the esti-

mated lower and upper boundaries of a credible range of dis-

persal abilities. The left, center, and right bars in each group

represent values obtained under the ccsm3/B2, echam5/A1B,

and hadcm3/A1B climate projections, respectively.
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the effects that this temporal scale mismatch may have

on range-dynamic models: the SDMs used to drive

local population dynamics in hybrid models are com-

monly parameterized using long(er)-term averages of

climatic conditions, but predict changes in spatiotem-

poral suitability patterns at shorter, mostly annual

intervals (e.g., Engler et al., 2009; Dullinger et al., 2012a;

Zurell et al., 2012; Sarmento Cabral et al., 2013). At the

extreme, these annual predictions are not based on

smoothed long(er)-term means of climatic variables, as

in this paper, but on the ‘raw’ annual projections from

climate models. This may actually appear promising

because it potentially improves the representation of

extreme events that can be important determinants of

species ranges (Zimmermann et al., 2009). However, it

maximizes the temporal scale mismatch between

parameterization data and predictions. Proper integra-

tion of annual variability in range-dynamic models

would hence require the establishment of a direct link

between annual climatic conditions and (annual) demo-

graphic rates (Ehrl�en & Morris, 2015) by appropriate

field data. However, even if such data may accumulate

over time for selected species, predictions into the

future will still be problematic as interannual variabil-

ity will remain the most uncertain component of cli-

matic forecasts (Deser et al., 2012).

Besides this temporal scale mismatch, another aspect

of linking climatic conditions to local population perfor-

mance in most range-dynamic models might make the

predictions from these models more sensitive to short-

term climate variability than real populations actually

are: These models assume parallel responses of individ-

ual vital rates like growth or reproduction to climatic

gradients (cf. Ehrl�en & Morris, 2015). In fact, vital rates

may respond idiosyncratically to climatic parameters

and these differences may stabilize population perfor-

mance against variation in climatic conditions until criti-

cal tipping points are reached (Doak & Morris, 2010).

In our simulations, removing short-term variability

from long-term climatic trends reduces predicted range

loss and extinction rates markedly. Besides a better

match of temporal scales between parameterization

and prediction data, an important reason for this result

is probably spatial autocorrelation of climatic condi-

tions, that is, gradual temporal changes of climatic con-

ditions translate into gradual shifts of spatial suitability

patterns, whereas pronounced climate fluctuations may

result in erratic spatial displacement of suitable sites.

Higher spatial coherence, in turn, facilitates adaptations

of species ranges to the moving climatic conditions and

hence decreases projected range loss and extinction

events. Indeed, a more detailed look on the range

dynamics of individual species reveals that many of

those projected to go extinct when short-term climate

variability is considered already do so in the first half

of the 21st century due to a pronounced geographic

shift of projected suitability patterns during the 2030s

and 2040s (data not shown). For the climate of the

upcoming decades, the short-term variability is the

main source of uncertainty in regional-scale climate

projections (Hawkins & Sutton, 2009) and extinctions

hence follow from fluctuations that do not mainly

depend on the chosen climate scenario.

Effects of demographic and dispersal parameters

Compared to climate factors, we found a considerably

lower, but still significant effect of dispersal parameters

on simulation results, which is in accordance with the

well-known importance of seed dispersal kernels on

plant migration rates (e.g., Clark, 1998; Powell & Zim-

mermann, 2004; Nathan et al., 2011; Svenning et al.,

2014). In contrast, the relatively low sensitivity of simu-

lation results to demographic rates is surprising. Con-

sidering the interactions among the different factors

reveals, however, that the importance of local demogra-

phy strongly depends on the severity of long-term cli-

matic trends: Under moderate climate change (ccsm3/

B2), a switch from a ‘competitive’ to a ‘stress-tolerant’

strategy actually has a marked effect on simulation out-

comes, while under severe climate change (both A1B),

the impact of climate overrides any effects of demo-

graphic rates. Two factors probably contribute to this

interaction. First, under moderate climate change, sev-

eral species are able to expand their ranges. Thereby,

the ‘competitive’ strategy is more successful due to the

higher and accelerated reproduction rates under rela-

tively well-suited conditions and the higher seed yield

enhances propagule source strength and hence higher

expansion rates. Second, under severe climate change,

loss of climatically suitable habitat area is so pro-

nounced that populations are declining rapidly even

under the ‘stress-tolerant’ parameter setting. Differ-

ences among strategy types hence vanish, and even dis-

persal parameters have little effect because a retraction

from currently occupied sites predominates over

expansion to new sites.

The fate of endemics

Endemic species are of particular conservation concern.

Therefore, possible effects of climate warming on their

future distributions have been repeatedly studied (e.g.,

Broennimann et al., 2006; Thuiller et al., 2006; Loarie

et al., 2008; Dirnb€ock et al., 2011; Rocha et al., 2014). For

high-mountain species of the European Alps, Dirnb€ock

et al. (2011) published particularly alarming forecasts

with average range loss rates of ~75% even under the
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2616 K. H €ULBER et al.



mildest climate scenario. In comparison, our simula-

tions predict similar loss rates only under severe cli-

mate warming and when short-term climate variability

was considered, and appear, thus, less dramatic. The

discrepancies probably stem from the different meth-

ods applied as well as from the different time horizons

of the two studies. Dirnb€ock et al. (2011) did not model

endemic species distributions directly but based on

their forecasts on the calculated rise of the potential tree

line. They predicted the loss to occur when forests had

reached a new equilibrium with the warmer climate, a

process that will certainly take much longer than the

90 years we have simulated in our current study (Dul-

linger et al., 2004). Contrarily, our simulations disre-

garded range dynamics of other species such as

changes in forest cover or increased competition by

immigration of more competitive lowland species

(Alexander et al., 2015), which may occur due to both

climate and land use changes in the area (Dullinger

et al., 2003). We therefore may underestimate range loss

to a certain degree in our study. This might particularly

be true under moderate climate warming where our

simulations even project an increasing mean range size

of the 27 species by the year 2090.

On the other hand, we suppose that the less dramatic

predictions when disregarding short-term fluctuations

deliver results that are closer to future real dynamics than

those achieved under short-term fluctuations because

most of our study species, and of temperate high-moun-

tain plants in general, are long-lived, slow growing

plants with high persistence abilities (K€orner, 2003). As a

corollary, their occurrence patterns, and hence the defini-

tion of their suitable niches by means of SDMs, will be

responsive to long-term averages of climatic conditions

rather than to the shorter-term fluctuations that have

occurred in the past as they will do in the future. The

appropriate scale of temporal smoothing when creating

time series of future changes in spatial suitability patterns

should hence also focus on such long-term averages.

Perspectives

Biogeographers and conservationists increasingly advo-

cate the use of dynamic models for projecting range

shifts of species (Lurgi et al., 2015). Our results demon-

strate, however, that the improved representation of pro-

cesses in such simulations is associated with additional

sources of uncertainty. Among these, poor knowledge

on demographic and dispersal parameters is important,

but short-term climate variability may have an even

more pronounced effect. A part of this uncertainty is

probably irreducible because natural fluctuations in cli-

matic parameters will never be predictable (Deser et al.,

2012). What can be controlled by modelers, however, is

the way that population dynamics are linked to climatic

gradients. Where SDMs are used to establish this link,

like in hybrid models, care should be taken to guarantee

that the temporal scales of parameterization data and

future projections match. The appropriate temporal scale

for characterizing species’ niches probably depends on

life-history characteristics like lifespan and clonal propa-

gation ability (Eriksson, 2000). In general, this is an

aspect that is rarely considered in the SDM literature but

certainly warrants more attention. For long-lived peren-

nial plants with pronounced clonal propagation, long-

term averages of climatic conditions are probably crucial

for occurrence patterns. Both the parameterization of

SDMs and the prediction of future suitability patterns

that drive range-dynamic models should hence integrate

over appropriate time spans. In case of our endemic

mountain plants, this implies that 21st century range

loss will probably be important under the more pro-

nounced warming scenarios, but that complete extinc-

tion is rather unlikely during the upcoming decades.
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Supporting Information

Additional Supporting Information may be found in the online version of this article:

Figure S1. Demographic rates measured in the field used to compute anemochorous dispersal kernels (a: seed release height) and
to determine species-specific maxima of demographic rates (b: flowering frequency and c: seed yield). Numbers indicate the num-
ber of observed individuals.
Figure S2. Demographic rates of Gentiana froelichii assuming a more ‘competitive’ (red) or more ‘stress-tolerant’ (blue) strategy.
Functions were fixed at marginal suitability – depicted by the vertical black line.
Figure S3. Exemplified dependency of a demographic rate frate_cor (germination, juvenile survival and clonal reproduction rate) on
population density and site suitability. Keeping f at marginal suitability (MS) constant ensures a stable population size.
Figure S4. Predicted future distributions of 27 alpine plant species endemic to the Austrian Alps under three climate scenarios (cc-
sm3/B2, echam5/A1B, hadcm3/A1B). Olive and green sites are predicted to be occupied in 2090 when short-term climate variabil-
ity is considered or not considered, respectively, while sites predicted to be occupied under both time series are given in orange.
The current distribution derived from the Central European floristic mapping project (FMCE) is shown in gray. Values represent
simulation runs for C-strategist setting with high dispersal ability for each species.
Table S1. List of the 27 endemic plant species selected for modelling, their maximum rates assuming a more ‘competitive’ (C) and
more ‘stress-tolerant’ (S) strategy of local demographic rates, and their traits relevant for establishing dispersal kernels. Nomencla-
ture follows Fischer et al. (2008).
Table S2. TSS scores averaged over 100 repetitions for four modelling techniques. Eighty and 20% of data was used for calibration
and evaluation, respectively. Ensemble models were built by excluding modelling techniques with a mean TSS <0.5, which are
given in bold) but using the whole data set.
Table S3. Importance of interactions among climate scenarios, climate variability, demographic strategy and dispersal abilities on
the projected mean range size of endemic plant species estimated using a leave-one-out approach based on linear mixed-effects
models. A model consisting of all the two-way interactions among the four main predictors (df = 27) was compared to models lack-
ing one of the interactions each (df = 26) using a Chi²-test in analyses of deviance. Other details of the model structure are described
in the main text. Thus, P-values indicate the effects of the missing interaction term.
Table S4. Means, 0.99- and 0.999-quantiles (in m) of dispersal kernels used for modelling the migration of species.
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