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Abstract. Climate change has signiﬁcant impacts on species’ distributions and diversity
patterns. Understanding range shifts and changes in richness gradients under climate change is
crucial for conservation. The Tibetan Plateau, home to wild yak, chiru, and kiang, contains a
biome with many endemic ungulates. It is highly sensitive to climate change and a region that
merits particular attention with regard to the impacts of global climate change on its biomes.
Maximum entropy approaches were used to estimate current and future potential
distributions, in response to climate change, for 22 ungulate species. We used three general
circulation (MK3, HADCM3, MIROC3_2-MED) and three emissions scenarios (B1, A1B,
A2) to derive estimated future measurements of 14 environmental variables over three time
periods (2020, 2050, 2080), and then modeled species distributions using these predicted
environmental measurements for each time period under two dispersal hypotheses (full and
zero, respectively). This resulted in a total of 6160 prediction models. We found that these
ungulates, on average, may lose 30–50% of their distributional areas, depending on the
dispersal scenarios. In addition, 55–68% of the ungulate species were predicted to become
locally endangered under the different dispersal assumptions, 23–32% to become locally
critically endangered, and 4–7 endemic species to become globally endangered. Furthermore,
ungulate species ranges may experience average poleward shifts of ;300 km. We also predict
west-to-east reductions in species richness: southeastern mountainous areas currently have the
highest species richness, but are predicted to face the greatest diversity losses, whereas the
northern areas are predicted to see increasing numbers of ungulate species in the 21st century.
Our study indicates much more severe range reductions of ungulates on the Tibetan Plateau
than those anticipated elsewhere in the world, and species richness patterns will change
dramatically with climate change. For conservation, we suggest (1) securing existing protected
areas, and (2) establishing new nature reserves to counterbalance climate change impacts.
Key words: ecological niche models; ensemble forecasting models; environmental suitability; global
climate change; Maxent (maximum entropy); range shifts; species richness patterns; Tibetan Plateau;
ungulates.

biodiversity patterns, and make animals’ geographical
ranges become small and isolated, leading to high risks
of extinction (Wilson et al. 2005). Therefore, understanding and anticipating how species respond to
climate change is crucial for permitting conservationists
to identify and implement appropriate management
strategies under shifting climate regimes (Thuiller 2003).
Forecasting suitable habitat and range shifts for
species under climate change can provide invaluable
reference for conservation planning and the selection of
protected areas (Araújo et al. 2004, Hole et al. 2009). To
this end, ecological niche models, such as bioclimatic
envelope models (e.g., Bioclim), distance-based models
(e.g., Domain and Lives), regression models (e.g.,
GLMs, GAMs, MARS, and BRT), and machinelearning models (e.g., Maxent, and GARP), are now
widely used (Araújo et al. 2004). By relating known
species occurrences and distributions to environmental
variables, using statistical or rule-based methods, these
models offer predictions of current and future potential

INTRODUCTION
Global climate has undergone rapid changes in recent
decades as a consequence of human activities, and
strong evidence indicates that this will continue into the
21st century (Solomon et al. 2007). This process has
already affected a wide array of taxa (Hughes 2000,
McCarty 2001, Walther et al. 2002, 2005), causing
distributional shifts or even extinctions of plant and
animal species and, further, leaving ‘‘ﬁngerprints’’ across
ecosystems and biodiversity (Parmesan and Yohe 2003,
Root et al. 2003). Climate change has been reported to
force animals to move toward higher elevations and
latitudes, and to lead to habitat loss and fragmentation
and range contractions of species (Hickling et al. 2005).
These impacts could alter species distributions and
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ranges of species, and thus are considered to be effective
means by which we could estimate the impacts of climate
change on species distribution patterns (Levinsky et al.
2007). Because some of these modeling techniques
(including GLMs, GAMs, and so forth) need both
presence and absence data to predict spatial distributions but, in most cases, absence points are rarely
available, particularly in the records from natural
history museums, published literature, and survey
reports, their results may be questionable and have
limited value in conservation planning in many situations, especially for the poorly sampled areas (Thuiller
2003, Phillips et al. 2006, Phillips and Dudı́k 2008).
However, several present-only modeling methods (including Bioclim, Domain and Lives, GARP) have
recently been commonly used for capturing species’
niche requirements and predicting suitable habitat.
Because a number of potential pitfalls may affect the
accuracy of these modeling techniques (for example,
they cannot correct spatial bias on occurrence localities
and sampling intensities; they are inefﬁcient in dealing
with data acquired from different sampling methods;
their results are quite sensitive to selection processes of
environmental variables and may obtain irresponsible
outcomes if errors in variable choice and data manipulation are occurred, especially when the environmental
parameters are correlated), present areas predicted by
them are typically larger than the species’ realized
distributions, which could cause misleading on conservation efforts (Phillips et al. 2006).
Maxent is a general-purpose machine-learning method that uses presence-only occurrence data in niche
modeling (Phillips et al. 2006, Phillips and Dudı́k 2008).
According to an assessment among different combinations of environmental variables and their interactions
based on maximum entropy principle, Maxent uses
environmental data and occurrence records to predict
environmental suitability for a particular species (Phillips et al. 2006). By maximizing the entropy of the
probability distribution, it fulﬁlls the constraint that the
expected values of environmental variables under the
estimated distribution match their empirical averages
(Phillips et al. 2006). Thus, the complexity of the
Maxent model can be captured and controlled through
choice of feature classes and regularization of environmental parameters, even though the input data are noisy
and the parameters are more or less correlated (Phillips
et al. 2006). Comparative studies have shown that
Maxent has excellent performance and consistently
outperforms many other methods (such as GLM,
Bioclim, and GARP) in estimating species potential
distributions, particularly when sample sizes are small
(Peterson 2003, Phillips et al. 2006).
The Tibetan Plateau is the highest and most extensive
plateau in the world, with an elevational range from
,1000 m to .8000 m, surrounded by the Earth’s highest
mountains (Liu and Chen 2000). Known as ‘‘the roof of
the world’’ and the water tower of Asia, it has immense
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importance not only to dynamic and thermal processes
of local climate and atmosphere circulation in the
Northern Hemisphere, but also to the ecosystems of
the Asian continent and even the world (Xu et al. 2009).
Because of its high elevation, heterogeneous geography,
and varied climate system, it sustains a distinct biome
with rich biodiversity and numerous endemic species
(Xu et al. 2009), and is a major concern among
biodiversity hotspots (Tang et al. 2006). It carries many
endemic ungulates, including wild yak (Bos mutus),
chiru (Pantholops hodgsonii ), kiang (Equus kiang),
Tibetan gazelle (Procapra picticaudata), and Przewalski’s gazelle (Procapra przewalskii ), which forms a
unique and diverse ungulate diversity on the plateau
(Wu et al. 2007). However, the Tibetan Plateau is very
sensitive to global climate change as a whole (Liu and
Chen 2000), and its annual mean warming is projected
to be 3–58C higher than the average of the Asian land
mass by the 2080s (IPCC 2007). This process will lead to
precipitation change (Solomon et al. 2007), rapid
receding of glaciers, ice, and snow cover (Liu et al.
2006), increasing water shortages, and limited supplies
for runoff of the river regime (Xu et al. 2009). Because
the ungulates show physiological and behavioral adaptations to the Tibetan climate, their habitat, food
supply, and interspeciﬁc relationships obviously could
be inﬂuenced by climatic conditions (McCarty 2001).
Thus, climate change on the Tibetan Plateau may alter
the components of ungulates’ environments, such as the
availability and quality of food or other habitat
resources, and therefore, may dramatically transform
species distribution patterns or even lead to extinctions
of these ungulate species during this century, as these
environmental components are required and critical for
them to persist. In light of insufﬁcient baseline data on
the population dynamics and distributions of these
species (because of limited investigation efforts in the
past), detailed studies and distribution forecasting are
urgently needed; they can provide useful reference for
ungulate conservation in this area, and also shed light on
the future of the entire plateau ecosystem.
Here, we used ecological niche modeling and ensemble forecasting to estimate potential impacts of climate
change on distributions of 22 ungulate species on the
Tibetan Plateau by 2020, 2050, and 2080. To account for
the uncertainty of climate predictions, we integrated
multiple climatic models, emission scenarios (IPCC
2007), and eco-geographic variables (such as temperature, precipitation, topographic conditions, land cover,
and human disturbance). Our aims were (1) to estimate
the current potential distribution of each ungulate
species and examine modiﬁcation of their ranges under
climate change, (2) to visualize changes of species
richness patterns of ungulates under climate change,
and (3) to provide suggestions for ungulate management
and biodiversity conservation. As far as we know, this
study is the ﬁrst to assess likely distributional shifts of
ungulates under climate change on the Tibetan Plateau.
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FIG. 1. Map of the study area on the Tibetan Plateau, showing elevations in gray shading; points indicate occurrence records of
ungulates.

METHODS
Study system
Our study area covered the whole Tibetan Plateau
(26–408 N, 73–1058 E; Fig. 1), covering 2.6 3 106 km2
(Zhang et al. 2002).
Based on IUCN, Conservation International, and
NatureServe (2004), Sheng (2005), and Pan et al. (2007),
32 ungulate species, encompassing six families and 18
genera, occur in the region. Occurrence points for these
species were collected from multiple data sources
associated with surveys by members of the Wildlife
and Behavioral Ecology Group, Institute of Zoology,
Chinese Academy of Sciences, during 1994–2011 (1357
records). We searched occurrence records within the
database of the Convention on International Trade in
Endangered Species of Wild Fauna and Flora (CITES
Management Authority of China 1997) (564 records)
and Global Biodiversity Information Facility (2011)
(153 records) by the scientiﬁc names of the ungulate
species, and also used scientiﬁc names to search for
related scientiﬁc literature and faunistic atlases in
Google Scholar (419 records). Then, locality information from all of the records was extracted and doublechecked using spreadsheets and geographic information

system (GIS) to detect possible georeferencing errors
based on our ﬁeld experience. For all the data sources,
only records with precise geographic coordinates (latitudes and longitudes) were included; in total, 1994
records were included in this study. Based on modeling
accuracy concerns, we excluded species with ,10
occurrence records (Hernandez et al. 2006, Kharouba
and Kerr 2010). To eliminate a potential bias of
clustered occurrences, we removed duplicate records in
the same cell for each species (Hernandez et al. 2006, Hu
et al. 2010). Thus, we analyzed distribution changes of
22 species with 1658 occurrence records (Table 1, Fig. 1;
Appendix B: Figs. B1–B22).
Environmental variable selection
We used 14 environmental variables falling into four
broad groups: climate, habitat, topography, and human
impact (see Table 2 for the data source, and references of
each environmental variable), and all of the variables
were imported into a 1 3 1 km equal-area grid system
(CGIAR International Research Centers [1999], European Commission, Joint Research Centre, Institute for
Environment and Sustainability [2003], Hijmans et al.
[2005], Last of the Wild Data, Version 2 [2005], Hortal et
al. [2008]). To reduce collinearities among the variables
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TABLE 1. Estimates of current range sizes and accuracies of species distribution models of the ungulates on the Tibetan Plateau.
AUC
Common name

Scientiﬁc name

Records

Mean

SD

Current range (103 km2)

Wild yakE
Takin
Eastern roe deer
Thorold’s deerE
Red deer
Sika deer
Sambar
Tufted deer
KiangE
Goitered gazelle
Chinese forest musk deer
Alpine musk deer
Reeves’s muntjac
Chinese goral
Serow
Argali
ChiruE
Tibetan gazelleE
Przewalski’s gazelleE
Bharal
Dwarf bharalE
Wild boar
Mean

Bos mutus
Budorcas taxicolor
Capreolus pygargus
Cervus albirostris
Cervus elaphus
Cervus nippon
Cervus unicolor
Elaphodus cephalophus
Equus kiang
Gazella subgutturosa
Moschus berezovskii
Moschus chrysogaster
Muntiacus reevesi
Naemorhedus caudatus
Naemorhedus sumatraensis
Ovis ammon
Pantholops hodgsonii
Procapra picticaudata
Procapra przewalskii
Pseudois nayaur
Pseudois schaeferi
Sus scrofa

50
73
82
130
113
40
57
52
48
38
58
126
35
67
85
66
127
129
64
120
37
61

0.811
0.891
0.799
0.812
0.777
0.780
0.901
0.891
0.820
0.842
0.941
0.821
0.881
0.911
0.900
0.702
0.867
0.771
0.986
0.756
0.946
0.884
0.850

0.022
0.011
0.018
0.033
0.061
0.023
0.011
0.028
0.037
0.062
0.035
0.03
0.038
0.015
0.009
0.051
0.045
0.051
0.031
0.033
0.020
0.046
0.032

1064.5
313.2
398.1
651.6
533.5
63.9
381.5
510.3
1000.1
351.6
382.4
725.4
42.7
440.4
536.9
1354.2
610.4
927.8
82.5
845.6
248.9
592.5
548.1

Notes: Only species that had more than 10 occurrence points (22 species) were included. All of the results were derived from the
ensemble models. Model accuracy was measured by area under the receiver operating characteristic curve (AUC). The column
‘‘Records’’ shows the number of presence records for each species. Superscript ‘‘E’’ following the common name indicates endemic
species.

TABLE 2. Eco-geographic variables used in species distribution models for ungulates on the
Tibetan Plateau.
Eco-geographic variable

Code

Unit

Climate
Annual mean temperature
Temperature seasonality
Maximum temperature of the warmest month
Minimum temperature of the coldest month
Temperature annual range
Annual precipitation
Precipitation of the wettest month
Precipitation of the driest month
Precipitation seasonality

ANMT
TS
MTWM
MTCM
TEMR
ANPR
PRWM
PRDM
PRS

8C
8C
8C
8C
8C
mm
mm
mm

Habitat
Land cover type

LAC

Topography
Elevation
Slope

ELEV
SLP

Human impact
Human inﬂuence index
Human footprint index

HII
HFP

m
(8)

Notes: Climate variables summarize important energy and water constraints on species’
distributions, using the WorldClim 1.4 database (http://www.worldclim.org/); sources are Hijmans
et al. (2005) and Hortal et al. (2008). Habitat land cover type was determined using the Global
Landcover 2000 database (http://geoserver.isciences.com:8080/geonetwork/srv/en/metadata.
show?id¼55); the source is the European Commission, Joint Research Centre, Institute for
Environment and Sustainability (2003). Topographic variables were calculated from the 1-km2
global digital elevation model (http://srtm.csi.cgiar.org/); sources are CGIAR International
Research Centers (1999) and Hortal et al. (2008). Variables incorporating impacts of human
settlement, land transformation, accessibility, and electrical power infrastructure were from the
SEDAC database (http://sedac.ciesin.columbia.edu/wildareas/); the source is Last of the Wild
Data, Version 2 (2005).
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used for modeling and to avoid ending up with
inappropriately complex models (Warren and Seifert
2011, Shcheglovitova and Anderson 2013, Radosavljevic
and Anderson 2014; S. Kumar et al., unpublished
manuscript; S. Kumar, I. G. Neven, and W. L. Yee,
unpublished manuscript), we calculated pairwise Spearman correlation coefﬁcients between all pairs of
variables, and ﬁltered them based on a jackknife analysis
(Phillips et al. 2006). For any coefﬁcient . 0.70, we
removed the variable with lower value in the regularized
gain and/or the percentage contribution in the pair.
Human footprint index (HFP), slope (SLP), mean
temperature of the coldest month (MTCM), mean
temperature of the warmest month (MTWM), precipitation of the driest month (PRDM), and precipitation of
the wettest month (PRWM) were excluded. That is, for
each species, eight predictors were used for distribution
modeling.
Global change scenarios
To derive future climate projections, we used three
general circulation models (GCMs) to represent lower
(MK3), medium (HADCM3), and higher (MIROC3_2MED) temperature sensitivities (Gonzalez et al. 2010),
and used three special report emissions scenarios (SRES)
to represent lower (B1), medium (A1B), and higher (A2)
greenhouse gas emissions based on the Intergovernmental
Panel on Climate Change (IPCC) Fourth Assessment
Report (IPCC 2007, Gonzalez et al. 2010). We downloaded the monthly climate data for the years 2020, 2050,
and 2080 from IPCC (2007), and from them the
bioclimatic variables described previously were created
using DIVA-GIS Version 7.3.0 (Hijmans et al. 2005). For
each time period, we averaged the nine projections (three
GCMs 3 three SRES) for each bioclimatic variable to
illustrate future temperature and precipitation conditions
in this area. Estimates of future land cover type (LAC),
human footprint index (HFP), and human inﬂuence
index (HII) were not available, as they are likely to be
determined by socioeconomic factors, and any simple
estimation or extrapolation could be misleading (Thuiller
et al. 2006, Hu et al. 2010). Therefore, we assumed that
these factors were constant and used the current data as
their predictions, a decision that, although conservative,
limited any additional uncertainty (Thuiller et al. 2006).
Species distribution modeling and ensemble forecasting
Current and future potential distributions of 22
ungulates on the Tibetan Plateau were estimated using
a maximum entropy approach (Maxent 3.2.1; Phillips et
al. 2006, Phillips and Dudı́k 2008). For each species, we
randomly selected 80% of the occurrence records as
calibration data to generate the model, and the remaining
20% occurrence records were used as test data for model
evaluation. Because our occurrence records were from
several resources and might be not randomly collected,
random selection of background points from the entire
study area could cause sampling bias and lead to
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erroneous models (Graham et al. 2004, Phillips 2008,
Phillips et al. 2009). To avoid spurious predictions, based
on Elith et al. (2010) and Khanum et al. (2013), we
generated a Kernel Density Estimator (KDE) surface to
draw 10 000 random background points for each
ungulate species using Software for Automated Habitat
Modeling (SAHM; Morisette et al. 2013). Because of
variation in numbers of occurrence records available for
species, we used the auto feature function to reduce overﬁtting of the Maxent model (Phillips and Dudı́k 2008).
We selected the logistic output format, with environmental suitability values ranging from 0 (lowest suitability) to
1 (highest suitability) (Phillips and Dudı́k 2008). To
explore the relative importance of each predictive
variable, we performed a jackknife procedure on the
calibration data. Default settings of the software for
regularization multiplier (1), maximum iterations (500),
and convergence threshold (105 ) were used. To evaluate
model accuracy, we evaluated the partial-area receiver
operating characteristic curve (partial-area ROC, admissible error E ¼ 10) and used the area under the curve
(AUC) as a metric for model ﬁt (Peterson et al. 2008). We
ran 10 cross-validation replicates of the model for each
species, and calculated the mean environmental suitability, AUC, and variable importance for the 10 models to
get more robust predictive estimates of environmental
suitability, model performance, and impacts of predictors
(Phillips et al. 2006, Barbet-Massin et al. 2009).
For each species, we had 10 current (10 replicates) and
270 future (10 replicates 3 27 projections, 3 GCMs 3 3
SRES 3 3 time slices) modeled distributions. Thus, 6160
models were developed in our study. As different
projections may cause uncertainty of the predicted
distributions, we used an ensemble approach from
Araújo and New (2007) to obtain a single robust
forecast for each species at each time period. That is,
for a given species and a given time slice, we used the
AUC score as the weighting coefﬁcient for each of the 10
cross-validation distribution models and calculated the
weighted mean distribution of the 10 cross-validation
models as the output of the ensemble forecast (Araújo
and New 2007, Marmion et al. 2009).
In order to transform our ensemble forecasting
models from environmental suitability into presence–
absence distributions, we used the least training presence
thresholding approach, as it was considered to be a
credible and robust approach (Pearson et al. 2007), and
followed the modiﬁcations by Peterson et al. (2008) to
assign the thresholds (admissible error E ¼ 10). We
reduced raw ensemble output to a presence–absence
map for each species by using the mean threshold of the
10 cross-validation models as the cutoff. For all outputs,
areas with suitability values above the mean threshold
were set as ‘‘present’’ and the remainder as ‘‘absent.’’
Spatial analysis of climate change impacts
The current potential ranges and three projections
(years 2020, 2050, and 2080) for each species were
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calculated by counting the number of presence pixels in
the ensemble presence–absence distribution forecasts.
To assess potential impacts of climate change on spatial
pattern of species’ ranges, we quantiﬁed the predicted
current range (CR), potential range loss (RL, current
suitable areas projected to be lost) and potential range
gain (RG, current unsuitable areas projected to become
suitable) by summing the numbers of related pixels, and
calculated the RL and RG rates by dividing them by
CR. Then, we followed Cuesta-Camacho et al. (2006) to
estimate the percentages of range change (RC) and
range turnover (RT) as RC ¼ (RG  RL)/CR and RT ¼
(RG þ RL)/(CR þ RG).
Two simple assumptions can be made concerning the
effects of species’ migration on their distribution
changes: the full-dispersal hypothesis (species have no
constraint on dispersal) and the zero-dispersal hypothesis (species are unable to disperse at all) (Thuiller et al.
2006, Levinsky et al. 2007, Barbet-Massin et al. 2009).
Because migration rates of most species are not fully
understood, and the reality probably falls between these
extremes, we considered both assumptions in this study
(Peterson 2003, Thuiller et al. 2005, Levinsky et al. 2007,
Ogawa-Onishi et al. 2010). However, given that ungulates generally show good migration abilities, the fulldispersal hypothesis is closer to reality (Peterson 2003,
Barbet-Massin et al. 2009).
We extracted the latitudes and longitudes of the
range centroids at different time slices for each species.
As a measure of range shifts and distributional
responses to climate change, we calculated the distances and directions among current and future range
centroids (Peterson 2003, Barbet-Massin et al. 2009,
Hu et al. 2010, Ogawa-Onishi et al. 2010). We also
extracted the midpoints of elevation ranges of the
predicted distributions for each species and measured
their differences among the current prediction and
future projections (years 2020, 2050, and 2080); see
Ogawa-Onishi et al. (2010).
To explore potential effects of climate change on
diversity patterns, we overlaid all of the consensus
presence–absence models for the same time slice, and
measured their spatial variations among the current and
future projections (2020, 2050, and 2080) (Levinsky et
al. 2007, Barbet-Massin et al. 2009).
All statistical analyses were carried out in SAS 9.1
(SAS Institute, Cary, North Carolina, USA) and SPSS
13.0 (SPSS, Chicago, Illinois, USA). The spatial
analyses were done in ArcGIS 9.3 (ESRI, Redland,
California, USA).
RESULTS
Model performance and predictor importance
Across all 22 ungulate species, numbers of occurrence
records available per species ranged from 35 to 130
(Table 1). The partial-area ROC analyses showed an
average AUC value of 0.850 6 0.032 (mean 6 SD) for
the consensus models (Table 1). Mean AUC values of
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the 10 cross-validation models varied among species,
with the highest being 0.986 6 0.031 for Przewalski’s
gazelle (Procapra przewalskii ) and the lowest being
0.702 6 0.051 for argali (Ovis ammon) (Table 1).
Jackknife analysis of consensus models revealed that
annual precipitation (ANPR), annual mean temperature
(ANMT), land cover type (LAC), and temperature
seasonality (TS) were the most important factors in
model development when used in isolation, whereas
elevation (ELEV), human inﬂuence index (HII), and
precipitation seasonality (PRS) made only limited
contributions (Appendix A: Fig. A1; Appendix B: Figs.
B1–B22). The variables that most strongly decreased the
training gain when omitted were annual precipitation
(ANPR), annual mean temperature (ANMT), land
cover type (LAC), and temperature annual range
(TEMR). Omitting elevation (ELEV) or human inﬂuence index (HII) had negligible effects on the training
gain (Appendix A: Fig. A1; Appendix B: Figs. B1–B22).
Current distributions and species richness pattern
Model outputs indicated that the mean area of current
potential distributions of the 22 ungulates on the
Tibetan Plateau was 548 100 6 336 900 km2, mean 6
SD (Table 1; Appendix B: Figs. B1–B22). The range was
largest for Argali, at 1 354 200 km2, and the narrowest
range was that of Reeves’s muntjac, which was only
42 700 km2 (Table 1).
Species richness was higher in the mountainous
southeastern region than in the northern desert. The
number of species per pixel was at the highest of 18, with
an obvious decrease from the southeast to the northwest
(Fig. 2a).
Range shifts and biodiversity changes under climate
change
Our environmental data sets showed an obvious
increase in annual mean temperature between current
and future time periods (current, 0.328 6 6.358C, mean
6 SD; year 2020, 1.648 6 6.368C; year 2050, 3.108 6
6.368C; year 2080, 5.118 6 6.358C; ANOVA F3,4864 ¼
4.51, P ¼ 0.03) (Appendix C: Fig. C1), but with no
obvious changes in annual precipitation (current, 322.82
6 347.61 mm, mean 6 SD; year 2020, 331.30 6 455.95
mm; year 2050, 345.02 6 475.47 mm; year 2080, 367.43
6 509.40 mm; ANOVA F3,4864 ¼ 2.07, P ¼ 0.16)
(Appendix C: Fig. C1). Effects of climate change on
distributions of the ungulates were discernible (Appendix B: Figs. B1–B22). According to our predictions, the
mean percentage of range loss will increase in future
years, to 51.51% 6 29.33% (mean 6 SD) loss by 2020
(for 22 ungulate species, the lowest value is 0.25% and
the highest is 99.32% range loss; data for projection
years are in this format); 56.53% 6 27.70% range loss
(0.44–99.91%) by 2050; and 61.54% 6 26.38% (0.60–
100%) by 2080 (Figs. 3 and 4).
Tremendous differences resulted among predictions
based on the full- and zero-dispersal hypotheses.
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FIG. 2. Predicted species richness (number of species) of ungulates on the Tibetan Plateau under climate change, based on the
full-dispersal hypothesis: (a) current species richness pattern; (b–d) species richness patterns for 2020, 2050, and 2080, respectively.

Assuming no migration limit, the mean range gain of
species may increase in size by 32.87% 6 39.49%, mean
6 SD (0–159.54%), 28.51% 6 40.91% (0–142.77%), and
25.88% 6 39.25% (0–135.36%) by 2020, 2050, and 2080,
respectively (Figs. 3 and 4). When considering both
range loss and gain, most species would see reductions in
distributions, but sambar (Cervus unicolor), Chinese
goral (Naemorhedus caudatus), chiru, Tibetan gazelle,
bharal (Pseudois nayaur), and dwarf bharal (Pseudois
schaeferi ) would expand their ranges (Fig. 5). Overall,
there was a general trend of decrease in climatically
suitable areas, with average range changes of 18.54% 6
63.21% (91.57–144.72%), 29.36% 6 66.56% (97.14–
126.55%), and 38.01% 6 32.20% (95.36–121.05%) for
the three time periods, respectively (Figs. 3 and 5).
Values of range turnover were 64.33% 6 17.79% (28.09–
99.98%), 67.33% 6 20.52% (33.43–100.25%) and 75.26%
6 23.41% (36.36–100%) under the full-dispersal hypothesis (Figs. 3 and 6).
Under the zero-dispersal hypothesis, because the
ungulates could not expand their distributions by
migration (range gain ¼ 0), our predictions showed
much higher species’ range change: 51.51 6 29.33%,
mean 6 SD (99.32% to 0.25%) by 2020, 56.53 6
27.70% (99.91% to 0.44%) by 2050, and 61.54 6
26.38% (100% to 0.60%) by 2080 (Figs. 3 and 5).
Range turnover was 51.51 6 29.33% (0.25–99.32%),
56.53 6 27.70% (0.44–99.91%), and 61.54 6 26.38%
(0.60–100%) (Figs. 3 and 6).

If species do not migrate as climate changes, we
predicted that 15 of the 22 ungulates would lose over
half of their climatically suitable areas on the Tibetan
Plateau, and seven would face particularly severe
(.80%) range loss. Indeed, nearly 68% and 32% of
species would become locally and critically endangered,
respectively, according to the criteria of IUCN (2001).
All endemic ungulates (seven species: wild yak, Thorold’s deer (Cervus albirostris), kiang, chiru, Tibetan
gazelle, Przewalski’s gazelle, and dwarf bharal) would
qualify as globally endangered (as endemic species, their
endangerments in this region are the same thing as
global endangerments) or could even be driven to
extinction. On the other hand, assuming full dispersal,
six species (sambar, Chinese goral, chiru, Tibetan
gazelle, bharal, and dwarf bharal) would expand their
distributions, in two cases dramatically. Of the 22
species, 55% (12 species) and 23% (ﬁve species) would
be locally endangered and critically endangered, respectively, and four endemic species (red deer, Thorold’s
deer, kiang, and Przewalski’s gazelle) would be globally
endangered.
Considering the strong movement ability of ungulates, the full-dispersal models might be more reasonable. Thus, we only carried out the analyses on range
shifts at latitude, longitude, elevational dimensions,
and species richness change under the full-dispersal
hypothesis. The centroids of ranges were predicted to
shift, on average, by 296.1 6 462.1 km (mean 6 SD),

January 2015

CLIMATE CHANGE IMPACTS TIBETAN UNGULATES

31

FIG. 3. Mean percentages of (a) range loss, (b) range gain, (c) range change, and (d) range turnover of ungulates on the Tibetan
Plateau for 2020, 2050, and 2080 under climate change, based on the full-dispersal (open) and zero-dispersal (gray) assumptions.
Black squares show means, solid lines in boxes show medians, edges of boxes are quartiles, crosses are lower and upper limits, and
whiskers are standard deviations. Range loss is the projected loss of current suitable areas. Range gain is current unsuitable areas
that are projected to become suitable. Percentage of range loss (gain) was calculated as range loss (gain) divided by current range.
Percentage of range change was calculated by (range gain  range loss)/current range. Percentage of range turnover was calculated
by (range gain þ range loss)/(current range þ range gain). Current range, range loss, and range gain were calculated by summing the
numbers of related pixels.

296.8 6 460.0 km, and 316.3 6 488.2 km by years 2020,
2050, and, 2080, respectively, compared to current
distributions (Appendix D: Fig. D1). Mean distances of
centroid shifts were 127.3 6 137.4 km, 130.6 6 151.1
km, and 142.8 6 156.1 km in the latitudinal dimension;
most of the species (18 species for all three time slices)
would show net northward movements (Appendix D:
Fig. D1). In the longitudinal dimension, half of the
species (11, 10, and 11 species for 2020, 2050, and 2080,
respectively) were projected to shift eastward, with
average distances of 267.3 6 466.8 km, 266.5 6 449.6
km, and 282.2 6 489.1 km (Appendix D: Fig. D1).
Distances and directions of projected center shifts
varied signiﬁcantly between species. The potential
distributional areas of Sika deer (Cervus nippon) were
projected to move .2000 km to the northwest,
followed by eastern roe deer (Capreolus pygargus),
with a shift of nearly 1000 km southwest (Appendix D:
Fig. D1). By contrast, goitered gazelle (Gazella
subgutturosa), Reeves’s muntjac, Tibetan gazelle, and
Przewalski’s gazelle were projected to shift by less than
100 km (Appendix D: Fig. D1). Our models showed no
obvious elevational migrations of the most species,

with the elevation midpoints ascending, on average, by
17.2 6 45.8 m (mean 6 SD) for 2020, 18.9 6 51.7 m for
2050, and 16.9 6 60.2 m for 2080, compared to
elevation midpoints at present.
Future projections showed that spatial patterns of
species richness were generally similar in 2020, 2050, and
2080, with the gradients decreasing from east to west.
Highest species richness (19 for 2020, 17 for 2050, and 16
for 2080) emerged in the eastern Tibetan Plateau (Fig.
2b–d). Compared to current patterns, species-rich areas
shifted over time. The greatest decreases would potentially occur in the southeastern mountainous areas, and
the greatest loss was 13 species (Fig. 2). In addition, with
dispersal, northeastern and northwestern regions were
predicted to show dramatic species gains (up to 11
species) under the climate change (Fig. 2).
DISCUSSION
Impacts of climate change on Tibetan ungulate
distributions
Increasing CO2 emissions may cause 1.4 –5.88C
increases in global temperature during the 21st century
(IPCC 2007); cascading effects on regional climate,
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FIG. 4. Percentages of potential range loss and range gain of ungulate species on the Tibetan Plateau for projections to 2020,
2050, and 2080 under climate change. Range loss was calculated under the zero- and full-dispersal hypotheses (percentage range
losses were the same for both of the hypotheses). Range gain was calculated under the full-dispersal hypothesis.

habitat structure, and interspeciﬁc interactions will
have many unanticipated effects on species’ distributions (Thuiller et al. 2006). Because the Tibetan Plateau
is more sensitive to climate change than elsewhere in
the world and is already warming at triple the global
average rate (IPCC 2007), even more severe biotic
consequences could be expected. Our model projections
indicate that global climate change will have signiﬁcant
impacts on distributions of ungulates on the Tibetan

Plateau. On average, species will lose more than half of
their current climatically suitable ranges in this century,
although some of them might gain new distribution
areas by dispersal. Range change and range turnover
estimates in this study are higher than those in most
previous studies of mammals and other animals in
other regions. For example, in Europe, range sizes of
120 native terrestrial non-volant mammals changed, on
average, by 30% under similar climate change and
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FIG. 5. Percentages of potential range change of ungulate species on the Tibetan Plateau for projections to 2020, 2050, and 2080
under climate change. Range change was calculated under the zero- and full-dispersal hypotheses.
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FIG. 6. Percentages of potential range turnover of ungulate species on the Tibetan Plateau for projections to 2020, 2050, and
2080 under climate change. Range turnover was calculated under the zero- and full-dispersal hypotheses.
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comparable dispersal hypotheses (Levinsky et al.
2007). An evaluation of 277 African mammals anticipated more moderate range contraction (18% range
change; Thuiller et al. 2006). Similar results have been
found for Afro-Palaearctic migrant passerine birds
(13% range change; Barbet-Massin et al. 2009).
As an evolutionary process driven by climate change,
animals that track global warming generally have two
spatial responses: upward migration and poleward
migration (i.e., shifting their distributions northward
in the North Hemisphere), as shown in a variety of
species by previous reports (Hughes 2000, Parmesan and
Yohe 2003, Root et al. 2003, Hickling et al. 2006, Wilson
et al. 2007, Barbet-Massin et al. 2009, Ogawa-Onishi et
al. 2010). As animals develop adaptations (physiological
or behavioral) to the environmental conditions within a
given area, global warming probably inﬂuences some of
their critical environmental components (e.g., food
availability, habitat quality, interspeciﬁc relationships),
and thus forces them to disperse to higher latitudes or
elevations to achieve cool and suitable habitats
(McCarty 2001). Our study projected approximately
300 km of average range centroid shift and nearly 150
km northward dispersal of Tibetan ungulates, which is
similar to that anticipated in a variety of taxonomic
groups, including American, African, and European
wild plants and animals (Hughes 2000, McCarty 2001,
Walther et al. 2002, Parmesan and Yohe 2003, Peterson
2003, Root et al. 2003, 2005, Barbet-Massin et al. 2009).
In contrast, no obvious elevational migration was
detected. We consider these shifts to be not only the
behavioral and genetic adaptions to climate change and
responses to physiological thresholds of temperature
and precipitation tolerance, but also the result of
upward limitations on range extensions within the
Plateau. Because the average elevation is high and the
elevation range is not great for the vast hinterland of the
Plateau, there are relatively few high-elevation areas for
most of the ungulate species to colonize near their
current range boundaries (Hickling et al. 2006). This
means that latitudinal shifts should appear much
stronger then elevational shifts, and latitudinal dispersal
might be the main mechanism for the ungulates’
response to climate change on the Plateau.
Impacts of climate change on distributions of the
ungulates are not uniform across species: current
potential ranges identiﬁed by our models varied from
104 to 106 km2. Predicted range expansions and
contractions under climate change also varied among
species. This is consistent with the ﬁndings of Thuiller et
al. (2006), whose results suggested signiﬁcantly idiosyncratic responses of African mammals to global warming,
in that some species lost almost all suitable area, while
others were fairly stable or even gained new potential
areas. Birds and plants showed similar variability in
response among species (Levinsky et al. 2007, BarbetMassin et al. 2009, Ogawa-Onishi et al. 2010). Furthermore, shifts in species’ range centers differ in terms of
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distance, direction, and average elevations, similar to the
results of Levinsky et al. (2007) and Barbet-Massin et al.
(2009). We considered that these differences were based
on species-speciﬁc habitat requirements and tolerances
(Thuiller et al. 2006), and also were caused by the
gradients of warming level (temperature rising extent)
across regions (Chen et al. 2011). Northern and southern
ungulates on the Plateau require different habitat
sources and are not equally sensitive to climate change;
therefore they may show discrepancies in range shift
(McCarty 2001, Chen et al. 2011).
Effects of dispersal on distribution changes
Our models indicate clear differences in range change
and range turnover for most of the ungulate species
when comparing universal dispersal vs. no dispersal
assumptions. All species may experience dramatic
reductions in suitable areas under the zero-dispersal
hypothesis, with many at risk of extinction. However, if
dispersal is sufﬁcient to allow the species to track
suitable conditions, more optimistic results can be
indicated: seven species (sambar, tufted deer, Chinese
goral, chiru, Tibetan gazelle, bharal, and dwarf bharal)
might even be able to expand their ranges. These results
are parallel to those of some other recent studies
(Peterson 2003, Levinsky et al. 2007, Barbet-Massin et
al. 2009, Ogawa-Onishi et al. 2010).
Most animal species may have at least limited
dispersal ability and may not be able to colonize all of
their climatically suitable area if other habitat requirements are not fulﬁlled (Levinsky et al. 2007). Full- and
zero-constraint migration assumptions thus represent
the two extreme possibilities, and future range shifts will
probably fall in between (Peterson 2003, Thuiller et al.
2005, Ogawa-Onishi et al. 2010). The gain in climatically
suitable area for the species predicted by our model is
not a gain in distribution range, but rather that the
climatic suitability of the pixels is predicted to increase
in the future. Whether a species is able to track the
changing climate and expand its distribution is based on
a number of factors, such as presence of natural barriers,
biotic interactions, and anthropogenic habitat fragmentation, as well as disperse ability and climatic suitability.
Changes in species richness patterns
Our model predicts noticeable changes in species
richness patterns of ungulates across the Tibetan Plateau
as a result of climate change. Because range shifts were
chieﬂy northward, southeastern montane regions may be
the areas most sensitive to climate change, projected to
face serious species losses. These predictions parallel
those of other studies, which also found particularly
signiﬁcant diversity changes in mountainous areas
(Thuiller et al. 2005, Levinsky et al. 2007; but for a
contrast, see Peterson 2003). Northwestern and northeastern areas were predicted to show increases in species
numbers if dispersal is sufﬁcient, as species from
adjacent regions immigrate into newly suitable areas
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(Thuiller et al. 2006, Levinsky et al. 2007, Barbet-Massin
et al. 2009).
Conservation implications
Identiﬁcation of representative areas of biodiversity is
crucial to conservation under future climate regimes
(Araújo 1999). It is a major objective in conservation
planning, and constitutes the ﬁrst step in establishing
effective conservation strategies (Araújo and Williams
2000). Species richness patterns and stability under
climate change are often used as indicators of areas with
high conservation value (Cayuela et al. 2006). Although
this study does not necessarily provide accurate predictions of future distributions of species and the richness
patterns, it is a ﬁrst approximation of range shifts of
ungulates under climate change on the Tibetan Plateau,
which can produce data for rethinking conservation
planning, and should be taken into account in selection
of protected areas in the region.
Because species richness is predicted to shift,
conservation efforts are needed urgently in several
biodiversity hotspots. In the southeastern mountainous
areas on the Plateau, securing existing protected areas
may be an effective approach to maintain suitable
habitats and landscape network, ensure persistence of
the ungulates, and stop species loss. For the northeastern and northwestern regions, because our results
predicted an increase of species richness over time
under the full-dispersal hypothesis, new reserves should
be established and more conservation efforts should be
carried out there. However, it is an optimal biodiversity
status that might depend on species’ dispersal ability
and several habitat factors. Thus, nature reserve
selection and detailed conservation guidelines in this
area should be based on ﬁner-scale research that
incorporates habitat requirements, population dynamics, dispersal limitation of the ungulate species, biotic
interaction in the ecosystem, landscape characteristics,
and human disturbance. Strategies that facilitate
ungulates’ migration to newly suitable areas, such as
establishing natural corridors between suitable habitat
patches, controlling agriculture expansion and human
activities, and restoring the fragmented forests and
grasslands, should be effective ways for ungulate
conservation.
Environmental niche models (including Maxent) are
basically spatially statistical techniques relating current
distributions and environmental variables to obtain
species’ environmental requirements, and then predicting future distributions by projecting the current
environmental requirements onto future environmental
conditions (Phillips et al. 2006). As a result, parameter
selection could have a dramatic inﬂuence on the
modeling results, and the absence of strong predictors
will severely reduce the reliability of the models (Elith et
al. 2010). Although several variables were included in
our study, some non-climatic factors, such as biotic
interactions and species life history, were not. Habitat

(e.g., land cover) and anthropogenic (e.g., human
inﬂuence) factors were presumed to be stable in the
future, because predictions of these parameters were
unavailable. These limitations could probably cause
mismatch between predicted and real distributions of
species and could be misleading for conservation actions
(Levinsky et al. 2007). Furthermore, environmental
niche models assume that species lack sufﬁcient phenotypic, genetic, and behavioral adaption to environmental
change. However, such kinds of adaptions have already
been reported in many species under the changing
climate (Smith and Betancourt 1998, Smith et al. 1998).
Finally, the models ascribe to each population of a
species the same span as for all populations of that
species, regardless of the differences in ecological
tolerance and adaptive capability between subspecies
and local populations. Ideally, to overcome these
modeling pitfalls and to obtain effective decisions on
management or conservation plans and nature reserve
designs for wild animals (including the ungulates across
the Tibetan Plateau), we suggest an integration of
existing knowledge of the species with projections of
the likely effects of environmental change.
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