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INTRODUCTION

Species’ responses to global climate change have
been one of the most investigated issues in the field of
ecology in recent years (Walther et al. 2002, Thomas
et al. 2004, Peterson et al. 2008b). According to the In-
tergovernmental Panel on Climate Change (IPCC),
the global climate is getting warmer, and extreme
weather events (droughts, floods, storms, and heat
waves) are becoming more frequent (Solomon et al.
2007). Climate change can affect species’ habitats by
altering abiotic factors, which in turn affect biotic in-
teractions and distribution patterns of species (Walther
et al. 2002). Under climate change, areas previously
unsuitable may become suitable, while current suit-

able areas may become less appropriate for a species
(Williams et al. 2007, Liu et al. 2011, Hu & Liu 2014,
Markovic et al. 2014). Previous studies showed that
the climate changes of the 20th century have already
affected the size, range, and elevation of many spe-
cies’ distributions, such as arctic shrubs (Sturm et al.
2001), butterflies (Parmesan et al. 1999, Boggs et al.
2003), birds (Sun & Zhang 2000), and mammals (Her-
steinsson & Macdonald 1992), with general trends of
movement toward higher latitude or higher elevation.
Thus, assessing the influence of future climates on
species’ current distribution patterns by uncovering
stable areas and new potentially suitable areas is criti-
cal for biodiversity conservation in the context of
global climate change.
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ABSTRACT: Global climate change is one of the major threats to biodiversity. Global warming
caused by the excess emission of greenhouse gases affects the distribution and physiology of spe-
cies, and threatens their survival. Thus, predicting and evaluating the consequences of changing
climates on species’ distributions is important for biodiversity conservation. The goal of our study
was to assess the influence of future climate scenarios on the extent and geographic location of cli-
matically suitable areas for Reeves’s pheasant Syrmaticus reevesii, a species endemic to China,
using geographic information systems and ecological niche modeling techniques. We compared
model prediction under present climate with the species’ historical range and land-cover data,
both of which enable a plausible assessment of present-day climatically suitable areas for the spe-
cies. The areas predicted suitable under future climates showed differences among emission sce-
narios, but several common trends emerged. Specifically, our results indicated that future climat-
ically suitable area for S. reevesii would decrease and shift to higher altitudes, and the geographic
centroids of the climatically suitable areas would mainly move northwest. Additionally, we
assessed future changes of climatically suitable areas in the nature reserves where S. reevesii
is known to occur, and provided suggestions for conserving the species under climate change
 scenarios.
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Estimations of future climates are based on several
fundamental principles from physics, chemistry, and
fluid mechanics. Climate models simulate the inter-
action between the atmosphere, ocean, land surface,
and ice in 3-dimensional grids, and future climate
variables are computed according to the interaction
between factors in each grid, such as wind, heat
transmission, radiation, and relative humidity (East-
erling et al. 1997). The most frequently used climate
models are coupled atmosphere−ocean Global Cir-
culation Models (GCMs), recognized as effective
tools for simulating the influence of increasing
greenhouse gases on global climate (Solomon et al.
2007).

Ecological niche models (ENMs) are widely used in
predicting species’ potential distributions (Anderson
et al. 2002, Peterson 2003, Peterson et al. 2007), and
in this framework equilibrium status (Araujo & Pear-
son 2005) and niche conservatism (Pearman et al.
2008) are 2 important assumptions. Species are
assumed to be at equilibrium with the environment if
they occur in all environmentally suitable areas
whilst being absent from all unsuitable localities
(Hutchinson 1957). ENMs also assume the species’
ecological niche is conserved considerably over evo-
lutionary time scales and especially over short-to-
moderate time spans (Peterson et al. 1999, Peterson
2011). Under these 2 assumptions, ENMs can esti-
mate a species’ potential distribution with environ-
mental conditions similar to occurrence sites within
the study area by summarizing the relationship
between the occurrence sites and associated envi-
ronmental variable values, and projecting the model
onto different study areas or the same study areas
under different climate conditions (Hu & Jiang 2011,
Liu et al. 2011). Biotic factors are generally not
included (Soberón & Nakamura 2009); instead, cli-
matic variables are typically the environmental data
used in ENMs to model species’ climatic niches
(Broennimann et al. 2007), which represent the spe-
cies’ climatic requirements, and find climatically suit-
able areas (CSAs) in geographic space (Lee et al.
2012). Several ENM algorithms that use machine
learning and multivariate statistics have been devel-
oped, such as Maximum Entropy (Maxent; Phillips et
al. 2004), Ecological Niche Factor Analysis (ENFA;
Hirzel et al. 2001), and Genetic Algorithm for Rule-
set Prediction (GARP; Stockwell et al. 2006). Maxent
is regarded as consistently competitive with the best
performing methods (Elith et al. 2006, Phillips &
Dudik 2008).

Reeves’s pheasant Syrmaticus reevesii is endemic
to China, and the male pheasant is characterized by

beautiful long tail feathers. Its historic distribution
was broad and widespread throughout central and
northern China; because of hunting and deforesta-
tion (Xu et al. 1991, 1995, McGowan et al. 1995,
Zheng & Wang 1998), its distribution is now re -
stricted to a smaller area in the Henan, Anhui,
Shaanxi, Hubei, and Guizhou provinces of central
China in recent years (Collar et al. 2001). The north-
ern populations that resided in Hebei and Shanxi are
regarded as extinct, as the last presence record was
in October 1953 (Collar et al. 2001). Since 1950,
Reeves’s pheasant populations have declined dra-
matically. The International Union for the Conserva-
tion of Nature (IUCN) has classified the species as
Vulnerable (BirdLife International 2012), and Zhou et
al. (2014) recommended a categorization of this spe-
cies as Endangered according to the most updated
survey. With the aim of providing meaningful in -
formation for the conservation of this species in the
perspective of climate change, we used ENMs to (1)
estimate the current CSA of S. reevesii and compare
the current CSA with the species’ historical range
(e.g. county-level records) and land-cover require-
ments; (2) reveal general patterns of CSA variation
under climate change by projecting the niche model
onto future climate layers; and (3) assess the vulnera-
bility of nature reserves for S. reevesii under climate
change, information that may aid the conservation of
this species.

MATERIALS AND METHODS

Species’ occurrence data

The occurrence data for Syrmaticus reevesii in our
study were gathered from recent surveys and litera-
ture. We obtained 49 points (Fig. 1) with GPS coordi-
nates collected during surveys across 5 provinces
(Henan, Hubei, Shaanxi, Guizhou, and Yunnan) in
China (Xu et al. 2006). To increase our sample size,
we identified additional locations from the literature
(Collar et al. 2001, Xie 2001), including centroid coor-
dinates of 16 nature reserves and 1 park in which the
species had been recorded present (Supplement 1 at
www. int-res. com/ articles/ suppl/ n028 p019_ supp. pdf).
To reduce discrepancy between locational uncer-
tainty and the resolution of climatic layers, we
excluded 5 of the 16 nature reserves that were larger
than 400 km2 (20 × 20 km, which is approximately the
size of 1 grid cell in the climatic layers). To reduce
sampling bias (Boria et al. 2014), we excluded multi-
ple occurrence points that fell in the same grid cell.
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Finally, 29 geographically unique points were used
to train the ENM. The precise distribution informa-
tion in the literature was scarce, possibly because of
the rapid distributional reduction of S. reevesii in the
last century, combined with the fact that few detailed
surveys were carried out prior to the reduction in dis-
tribution. The occurrence data we used may not pre-
cisely represent the historical range of S. reevesii,
but, to our knowledge, include all existing occur-
rence information appropriate for this study.

Environmental variables

We used present-day climatic data to train the
ENM and projected the model onto future climatic
layers. We chose 10 arc-minutes (about 20 km) as
the spatial resolution for all environmental layers,
aiming to model the climatic requirements at a
relatively broad spatial scale and account for the
uncertainties associated with occurrence data and
climate layers. We downloaded 19 present-day
(1950−2000) bioclimatic variables from WorldClim
(www. worldclim. org; Hijmans et al. 2005; Table S1
in Supplement 2 at www. int-res. com/ articles/ suppl/

n028 p019_ supp. pdf) that are biologically mean-
ingful and widely used in ecological niche model-
ing (Shafer et al. 2001, Thuiller et al. 2006, Liu et
al. 2011, Lee et al. 2012). The future climatic data
were downloaded at the same resolution from a
Global Climate Model data portal (www. ccafs-
climate. org). The future climatic data were down-
scaled (Rami rez-Villegas & Jarvis 2010) from Had -
ley Centre Coupled Model Version 3 (HADCM3),
which is one of the GCMs used in the Fourth
Assessment Report of the IPCC. We chose a series
of future temporal ranges (2010− 2039, 2040−2069,
and 2070− 2099), each spanning 30 yr, and here-
after referred to as 2020, 2050, and 2080, respec-
tively. We chose 3 different emission scenarios
(a1b, a2, b1) described in the IPCC Special Report
on Emission Scenarios (Nakicenovic et al. 2000) to
mimic different warming trends as a function of
future population growth, technology, and energy
use. The most obvious difference between the 3
emission scenarios is the increased average annual
temperature at the end of the 21st century: the a2
emission scenario projects a larger temperature
increase (about 3.4°C) than a1b (2.8°C) and b1
(1.8°C).
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Fig. 1. Historical range, occurrence points of Syrmaticus reevesii used in ecological niche modeling, climatically suitable area 
(CSA) at present in relation to farmland, and nature reserves with known S. reevesii records
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Ecological niche modeling

We built ecological niche models using the Maxent
algorithm (Version 3.3.3k; Phillips et al. 2004) that
estimates a species’ potential distribution by comput-
ing the maximum likelihood using Gibbs probability
distribution with the maximum entropy subject to a
set of constraints derived from environmental vari-
ables. Considering the importance of species’ acces-
sibility in ecological niche modeling (Soberón &
Peterson 2005), there is a high probability that the
model may underestimate the potential distribution if
trained on a large background area, which may
include a CSA from which the species is absent
because of inaccessibility or biotic factors (e.g.
extinct because of human activities), thus providing a
‘false negative signal’ for Maxent (Anderson & Raza
2010). Therefore, we used a smaller background
area — specifically, buffers around the occurrence
data, an approach that can generate a more realistic
prediction (Anderson & Raza 2010)3 — and we
assumed that S. reevesii was in equilibrium with the
environment in the buffered background area. We
built a 1 decimal degree (about 120 km) radius buffer
around the occurrence data to delineate the back-
ground area — a relatively broad estimation of the
area that S. reevesii can disperse into and in which it
may acquire equilibrium status. We used present cli-
matic layers within the buffered background area to
build the model and projected the model onto pres-
ent and future climatic layers. To identify geographic
areas where the environmental values in the projec-
tion dataset are outside the range of values in the
buffered background area, Maxent employs a multi-
variate environmental similarity surface analysis
(MESS; Elith et al. 2010). We masked out these out-
lier areas (negative values in MESS map output),
where the prediction was questionable and the spe-
cies’ distribution could be limited by the environ-
mental conditions that were not available in the
buffered background area (Elith et al. 2010).

Because highly correlated predictor variables may
lead to model overfitting, for model building we se-
lected a subset of the 19 bioclimatic variables with a
correlation coefficient of |r| < 0.7, as it has been shown
that model distortion by collinearity of variables could
be better avoided at this threshold (Dormann et al.
2013). We built a Pearson correlation matrix for the 19
bioclimatic variables based on the buffered back-
ground area, and found that 1 variable was usually
highly correlated with multiple variables. We drew a
network diagram using raster (Hijmans 2014) and
igraph (Csardi & Nepusz 2006) libraries in R to facili-

tate the variable selection. In the network diagram,
highly correlated variables (|r| ≥ 0.7) were linked by
lines Fig. S1 in Supplement 2) and were clustered to-
gether. When selecting variables that were not linked
in the network diagram, we prioritized extreme vari-
ables instead of average variables among the clus-
tered variables (e.g. we selected maximum tempera-
ture of the warmest month instead of annual mean
temperature), assuming that extreme variables are
more likely to be limiting factors for the species. Using
these procedures we retained 6 variables: isothermal-
ity (bio3), temperature seasonality (bio4), maximum
temperature of the warmest month (bio5), minimum
temperature of the coldest month (bio6), precipitation
of the wettest quarter (bio16), and precipitation of the
driest quarter (bio17). Since projecting the model onto
environmental datasets with different collinearity
should be avoided (Dormann et al. 2013), we com-
pared the correlation matrix of the 6 variables in the
training region to the average of the correlation matri-
ces of present and future climate layers in the pro-
jected area (Tables S2 & S3 in Supplement 2). The
highest absolute change of r was 0.3 for bio4 and
bio17, and r increased above the 0.7 threshold for 2
pairs of variables (−0.78 for bio3 and bio4; 0.71 for
bio16 and bio17; Supplement 2). Variation among cor-
relation matrices of different environmental datasets
is unavoidable; we regarded the low amount of varia-
tion in our study as having a small influence on model
projections.

We trained the Maxent model with all species’
occurrence points (29) and 6 bioclimatic variables for
current climate conditions, with all grid cells (1514)
in the buffered background area as background
points. Linear, quadratic, and hinge features were
used based on the number of occurrence points (Elith
et al. 2011), and the regularization parameter was set
to default. Maxent algorithm searches for solutions
until a maximum of 500 iterations is reached or the
increment of model accuracy is negligible, and the
best model is retained (Phillips et al. 2004). We pro-
jected this model onto the present and future biocli-
matic layers. We converted the original Maxent con-
tinuous output format, with values ranging from 0 to
1, to binary form (1 = suitable and 0 = unsuitable)
using the lowest training presence threshold (Phillips
et al. 2006, Pearson et al. 2007). The areas classified
as climatically suitable were at least as suitable as the
occurrence points, a conservative approach of zero
omission error (no known occurrences predicted
absent) to classifying the prediction grid cells into
suitable and unsuitable (Pearson et al. 2007). To vali-
date the model, we calculated area under curve
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(AUC) of receiver operating characteristic (ROC),
based on the sensitivity (1 − omission error) and 1 −
specificity (fractional predicted area) (Phillips et al.
2006). The AUC value was calculated in 2 ways, first
with all occurrence points for training and second by
running cross validation with 80% for training and
20% for testing. We expected the AUC values to be
>0.5, suggesting the ENMs were better than random
(Swets 1979). However, the significance of using only
ROC AUC to evaluate ENM is debatable (Jimenez-
Valverde 2012), so we included species’ historical
range as an additional way of evaluating the model.

Historical range and land-cover

We compiled information on the historical range
of S. reevesii (Table S4 in Supplement 3 at www. int-
res. com/ articles/ suppl/ n028 p019_ supp. pdf), aiming
to represent the overall distribution of S. reevesii
using county-level and mountain-area records (Col-
lar et al. 2001, Xie 2001) that were not included as
occurrence data in the ENM because of the discrep-
ancy between locational uncertainty and the resolu-
tion of climatic layers. The mountain-area records
partly overlapped with county-level records, except
for Taihang Mountain and Zhongtiao Mountain in
the Shanxi province. We did not find any precise
geographical distribution records for Taihang Moun-
tain or Zhongtiao Mountain, so we manually drew
general boundaries of the 2 mountains. The historical
range included 9 cities, 78 counties, and 2 mountains,
spanning 13 provinces, an extent that may be
broader than the recorded distribution of the species.
We used historical range as independent information
to evaluate the ENM, and we expected the ENM to
cover the historical range.

Vegetation type is very important for the hiding
and foraging behaviors of S. reevesii (Zheng 1978). A
recent study showed that, at a relatively broad scale,
mixed forest, mature fir plantation, and shrubby veg-
etation were preferred by S. reevesii, whereas farm-
land was avoided (Xu et al. 2007). We did not use
land-cover to train the ENM because we aimed to
generate the CSA rather than the actual distribution
of the species and because we used several time
frames for which land-cover data are not available.
However, we assumed that the species’ vegetation
requirements would be represented by the climatic
requirements, so we investigated whether the land-
cover of the present CSA matched the land-cover of
occurrence points. We downloaded the Global Land
Cover 2000 database (Wu et al. 2003) and overlapped

it with our occurrence data and the present CSA to
determine whether the present CSA included the
land-cover requirements of S. reevesii. To minimize
uncertainty, we only used the GPS occurrence points
from surveys and extracted the land-cover type from
the Global Land Cover map at the original resolution
(1 km). To determine the land-cover of CSA, we
resampled the original Global Land Cover map to the
same resolution as the bioclimatic layers (10 arc-
minute), retaining the most frequent land-cover type
within each 10 arc-minute grid cell, and overlapped
the transformed Global Land Cover map with CSA.

To further test the robustness of our model, we built
random models trained with the same but randomly
selected number of occurrence points and the same set
of climatic variables as that used to generate the pres-
ent CSA. All the other modeling procedures were the
same as those used in generating the present CSA. We
generated 100 random models and calculated the per-
centage of each land-cover type in the CSAs of the
random models using the same method as we did for
the present CSA. Finally, we used the 1-way t-test to
determine if the percentage of each land-cover type
was higher or lower in the present CSA than in the
random models, and whether such land-cover types
matched the land-cover types of occurrence points.

Assessment of CSA changes with future climates

To assess the changing tendency of CSAs in the
future, we focused on the geographic attributes of
CSAs including area, average and range of longi-
tude, latitude, altitude, and centroid position. By
comparing the CSAs at present and in the future, we
estimated the changes of the CSAs in a time series.
To assess the influence of climate change on CSAs in
nature reserves, we overlapped CSAs with the poly-
gons of nature reserves and calculated the percent-
age of area climatically suitable within each nature
reserve. Then, we calculated the changes of the per-
centages across time, based on which we inferred the
vulnerability of the nature reserves to climate change
from the perspective of protecting S. reevesii.

RESULTS

CSAs at present

The model obtained with the 6 bioclimatic vari-
ables and all occurrence data had an AUC value of
0.8; when validating the model, the average training
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AUC value was 0.81 (SD = 0.032) and the testing
AUC value was 0.73 (SD = 0.118). The lowest training
presence threshold was 0.111, with which we classi-
fied the model prediction grid cells into suitable and
unsuitable. After masking out the outlier cells (nega-
tive values in MESS), about 13% of projection grid
cells were predicted as CSA under present climatic
conditions, mostly located in central and north-cen-
tral China (Fig. 1).

The CSA fully or partly covered the polygons of 9
cities, 76 counties, and 2 mountains in the historical
range, with the exception of 2 counties (Huishui
County and Pingtang County) in Guizhou Province.
The present areas of extinction in northern China
were also covered by the CSA, such as Zhongtiao
and Taihang mountains. However, our model also
predicted climatically suitable regions that had no
historical records but high percentages of farmland:
most of Shandong and Jiangsu provinces and the
western Liangning province. By excluding areas
covered by farmland from the present CSA, the
areas outside the historical range were greatly
reduced and the remaining CSA better matched the
historical range (Fig. 1).

We acquired the land-cover type of both the oc -
currence points and the CSA (Table 1). The points
at which Syrmaticus reevesii occurred (occurrence
points) were located in 7 types of land-cover: needle-
leaved evergreen forest, broad-leaved evergreen for-
est, broad-leaved deciduous forest, bush, sparse
woods, alpine and sub-alpine meadow, and slope
grassland. The present CSA covered 16 land-cover
types: 53% of the CSA grid cells had the same land-
cover types as the occurrence points, 44% were farm-
land, and 3% had different land-cover types (besides
farmland) than the occurrence points. The 1-way t-
test showed that the percentages of 14 land-cover
types were significantly different (p < 0.05; Table 1)
between the present CSA and the random models.
The percentages of 10 land-cover types were signifi-
cantly higher (p < 0.05; Table 1) in the present CSA
than in the random models, while 6 of the 10 land-
cover types matched the land-cover types of the
occurrence points. The percentages of 4 land-cover
types were significantly lower (p < 0.001; Table 1) in
the present CSA than in the random models, while 3
of the 4 land-cover types did not match land-cover
types of the occurrence points.
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Land-cover class Percentage in the Percentage in the random t-test Occurrence
present CSA models (mean ± SD) points

Needle-leaved deciduous forest 1.66 ± 2.80
Needle-leaved evergreen forest 17.83 8.64 ± 3.94 + *
Broad-leaved evergreen forest 5.74 2.72 ± 1.25 + *
Broad-leaved deciduous forest 11.06 5.53 ± 3.11 + *
Bush 8.29 3.83 ± 1.50 + *
Sparse woods 0.68 0.45 ± 0.91 + *
Seaside wet lands 0.11 0.11 ± 0.35
Alpine and sub-alpine meadow 3.65 10.25 ± 3.92 − *
Slope grassland 6.00 1.92 ± 0.64 + *
Plain grassland 0.24 4.38 ± 1.32 −
Desert grassland 5.91 ± 2.03
Meadow 0.26 6.43 ± 3.59 −
City 0.07 0.04 ± 0.01 +
River 1.06 0.47 ± 0.16 +
Lake 0.88 0.62 ± 0.20 +
Swamp 0.31 0.28 ± 0.16
Glacier 0.04 1.08 ± 0.54 −
Bare rocks 2.02 ± 0.66
Gravels 7.33 ± 2.50
Desert 5.34 ± 2.49
Farmland 43.79 17.83 ± 6.01 +
Alpine and sub-alpine plain grass 6.81 ± 3.34
Mosaic of cropping 0.29 ± 0.46
Forest mosaic and degraded forest 0.08 ± 0.11

Table 1. Overview of land-cover types in climatically suitable area (CSA) for Syrmaticus reevesii. The percentage of each
land-cover type in present CSAs and the percentage of each land-cover type in the random models are given (0% if not
 otherwise specified). (+) Significantly higher percentages in present CSA than in random models (1-way t-test, p < 0.05); (–)
significantly lower percentages in present CSA than in the random models; otherwise, no significant difference or non-

comparable; (*) coincidence of occurrence points and land-cover types



Feng et al.: Climatically suitable area for Reeves’s pheasant

Changes in CSAs under future climate scenarios

Using 3 emission scenarios (a1b, a2, and b1), we ob-
tained 3 series of CSAs (Fig. 2, Table 2) for each future
time frame (2020, 2050, and 2080). Compared with the
present CSA, areas of CSAs decreased in the future
under all emission scenarios (Fig. 3); the number of
newly gained grid cells (suitable only in the future)
was lower than that of the lost grid cells (suitable only
in the present). The area of CSA decreased by 19%
(SD = 0.12) in 2020, 45% (SD = 0.09) in 2050, and 58%
(SD = 0.05) in 2080, on average, among the 3 emission
scenarios. The geographic centroids of CSAs shifted
southwest in 2020 and northwest in 2050 and 2080
(Table 2). Specifically, the average shift, over the 3
emission scenarios, was southward 0.64 degrees
(SD = 0.33) and westward 0.63 degrees (SD = 0.53) in
2020, northward 0.45 degrees (SD = 0.43) and west-
ward 2.81 degrees (SD = 2.11) in 2050, and northward
0.26 degrees (SD = 0.16) and westward 7.11 degrees
(SD = 0.26) in 2080. The northern limits of the future
CSAs moved slightly southward and the southern
ones moved northward (Table 2), resulting in a latitu-
dinal range reduction under all emission scenarios.
The western limits of all CSAs moved further west-
ward than the eastern ones (Table 2), which resulted
in a longitudinal range extension for all emission sce-
narios. The average, minimum, and maximum alti-
tudes of CSAs increased or remained the same under
future climate scenarios, with one exception, under b1
emission scenario in 2020 (Table 2); the average alti-
tude of CSAs, among the 3 emission scenarios, in-
creased by 82.96 m (SD = 83.44) in 2020, 783.26 m (SD =
453.8) in 2050, and 1752.4 m (SD = 482.66) in 2080.

Nature reserves and CSAs

By overlapping the polygons of nature reserves
with CSAs at present and in the future, we found that
the present CSA covered all nature reserves with
species’ records, but inside each nature reserve
CSAs changed differently under the future climate
scenarios (Table 3, Fig. 2). Among 18 nature re -
serves, CSAs fully covered (100%) 2 nature reserves
(Longshengou and Foping) under all emission sce-
narios, whereas in 3 other nature reserves (Shen-
nongjia, Taibaishan, and Niubeiliang) the percent-
ages of CSAs declined under some emission
scenarios but never completely to zero. In the re -
maining 13 nature reserves the percentages of CSAs
decreased considerably or completely, under at least
one emission scenario.

DISCUSSION

Our models showed that the present CSA covered
most of the current and extinct distribution of Syr-
maticus reevesii. Additional areas outside the histor-
ical range were also predicted as climatically suit-
able, but these areas have high percentages of
farmland and a long history of agricultural practices.
Anthropogenic factors, including poisoning by farm-
ers, were the main reasons for population declines of
S. reevesii (Xu et al. 1991, McGowan et al. 1995, Xu
et al. 1995, Zheng & Wang 1998, Zhou et al. 2014).
Thus, we expect S. reevesii to be absent from the pre-
dicted climatically suitable areas overlapping with
farmlands. Excluding farmland, the present CSA
generally matched the land-cover requirements of S.
reevesii. Under climate change, the CSAs decreased
and became more fragmented. The average altitude
of CSAs increased with projected temperature in -
creases in the future, and the geographic centroids of
CSAs mainly shifted northwestward. The nature
reserves located in the eastern and southern part of
the species’ current distribution were more vulnera-
ble to climate change than nature reserves located in
the central part (e.g. Shaanxi province), since, under
future climate scenarios, in the former nature re -
serves the CSAs mainly decreased, whereas in the
later nature reserves the CSAs generally remained
the same.

ENM for a vulnerable species

Ecological niche models have been applied to spe-
cies with few or limited occurrence data (Godown &
Peterson 2000, Weinsheimer et al. 2010, Hu & Liu
2014). However, the difficulties in such situations
come from limited occurrence data that only repre-
sent the current distribution instead of the extinct
distribution. To train the ENM with as much distribu-
tion information as possible, we identified additional
locations of nature reserves and parks that were
smaller than the grid size of the climatic layers. We
spatially filtered (Boria et al. 2014) occurrence data
that fell in the same grid cells to reduce model over-
fitting on current distribution information. Addition-
ally, inclusion of areas from the extinct distribution as
background samples in Maxent would represent
false negative information and affect discrimination
of a species’ climatic requirements (Anderson & Raza
2010). To avoid inclusion of false negative samples,
we limited the background to buffers around known
presences. When projecting ENMs onto other geo-
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graphic regions or future climates, the variation of
the correlation matrices of variables represents a
drawback. This issue has been brought to attention
recently (Dormann et al. 2013), but is rarely reported
in similar studies. We found a slight shift of the corre-
lation matrices between training and projecting
regions (Supplement 2) and regarded it as accept-
able. The models performed well, as shown by con-
sistent training and testing of AUC values across
models, but they may have been penalized by the
evaluation method for overpredicting with a rela-

tively small background area. However, such over-
prediction should not be penalized by the evaluation
method (Jimenez-Valverde 2012) when the goal is to
estimate a vulnerable species’ CSA rather than the
actual distribution. The lowest training presence
threshold was chosen, because omission error is
weighted more than the commission error for models
estimating species’ potential distribution (Anderson
et al. 2003, Peterson et al. 2008a), and a higher
threshold may limit the prediction and underestimate
species’ climatic requirements that are similar to
those of the omitted occurrence points. Therefore, we
agreed with the argument that the lowest training
presence threshold was a conservative way of esti-
mating the potential distribution relative to the actual
distribution (Pearson et al. 2007); especially when
modeling a vulnerable species with limited occur-
rence data, a higher threshold would likely ‘under-
predict’ the potential suitable areas.

Present CSA, historical range, and land-cover

Using occurrence data and bioclimatic variables,
we estimated CSAs at present and in the future. The
present CSA covered a broad area in central and
north-central China, and generally ranged from
24.74 to 42.9°N and 91.03 to 130.7°E. The present
CSA covered both current and extinct distributions:
83 of the 85 historical counties and cities were fully or
partly covered, and the 2 extinct mountain ranges
were also partly covered. We consider our distribu-
tional estimation representative of the climatic re -
quirements of S. reevesii for 3 reasons. First, the
extinctions in Taihang Mountain and Zhongtiao
Mountain were mainly caused by human activities,
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Model Average No. of Centroid of CSAs Latitude extent of CSAs Longitude extent of CSAs Altitude of CSAs (m)
annual CSA (decimal degrees) (decimal degrees) (decimal degrees)
temp. grid Longitude Latitude Southern Northern Range Eastern Western Range Average Lowest Highest
(°C) cells (°E) (°N) limit limit limit limit

Present 6.48 4575 111.88 32.79 24.74 42.90 18.17 91.03 130.70 39.67 767.93 −2 4009
a1b/2020 7.73 4262 111.41 32.98 24.74 42.57 17.83 78.86 130.53 51.67 914.05 −2 4768
a1b/2050 9.49 2078 106.44 33.37 26.24 42.57 16.33 78.86 130.53 51.67 2154.12 0 4788
a1b/2080 10.80 2066 103.86 33.66 26.40 42.74 16.33 78.53 130.53 52.00 2823.72 1 5108
a2/2020 7.67 3178 111.00 32.18 24.90 42.57 17.67 78.86 130.53 51.67 905.65 0 4748
a2/2050 9.09 2876 110.41 34.29 25.90 42.57 16.67 78.86 130.53 51.67 1360.36 −2 4788
a2/2080 11.13 1674 103.46 33.29 27.07 42.57 15.50 78.53 130.53 52.00 2898.17 2 5171
b1/2020 7.47 3740 112.27 32.63 25.24 42.57 17.33 79.03 130.53 51.50 732.99 −2 4762
b1/2050 8.50 2579 111.31 33.41 25.90 42.57 16.67 78.86 130.53 51.67 1139.09 −2 4788
b1/2080 9.44 2083 107.95 33.55 26.24 42.57 16.33 78.86 130.53 51.67 1839.12 −2 4857

Table 2. Geographic attributes of climatically suitable areas (CSAs) for Syrmaticus reevesii under present and future climate conditions

Fig. 3. Comparison of number of grid cells of climatically
suitable areas (CSAs) for Syrmaticus reevesii at present and
in the future. Black: stable CSA (suitable at present and in
the future); gray: newly gained CSA (not suitable at present 

but suitable in the future)
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such as hunting and deforestation (Xu et al. 1991,
1995, McGowan et al. 1995, Zheng & Wang 1998),
which implies that these areas may still be climati-
cally suitable for the species, and the present CSA
covered areas in these extinction areas. Second, the
present CSA was broader than the actual distribution
and covered additional areas that had no historical
records but had a high percentage of farmland and a
long history of land use for agriculture. It is reason-
able to expect the actual distribution to be a subset of
the CSA, since restrictions of species’ accessibility
and species interactions were not included in the
ENM. The approximation of CSA to historical range
when farmland was excluded further suggested that
the overpredicted areas were climatically suitable,
but were not occupied by the species because of
human activity. Third, vegetation type is very impor-
tant for S. reevesii (Zheng 1978); thus, we considered
land-cover as an independent factor to examine the
prediction obtained via ENM. The survey occurrence
points of S. reevesii corresponded to 7 land-cover
types (Table 1), which were generally in accordance
with habitat studies of S. reevesii (Zheng 1978, Xu et
al. 2007). Excluding farmland, the land-cover types
that matched land-cover types of occurrences con -
stituted most of the present CSA, and the percent-
ages of most of the matched land-cover types were
sta tistically higher in the present CSA than in ran-
dom models. The remaining 8 unmatched land-cover
types only constituted a small portion of the present
CSA, and 3 of these showed statistically lower per-
centages in the present CSA than in random models.
This implied that the ENM captured the species’

land-cover requirements represented in the present
CSA. Xu et al. (2007) suggested that farmland was
not preferred by S. reevesii; however, the percentage
of farmland in the present CSA was significantly
higher than that in the random models. One explana-
tion for this result might be that some of the species’
climatic requirements were similar to those of farm-
land, which would lead to geographic overlap with
human land use. The negative anthropogenic effects,
such as the use of poison to control crop seed forag-
ing by Galliformes, continue to cause population
declines of S. reevesii (Zhou et al. 2014). Therefore,
we argue that the ENM successfully estimated cli-
matically suitable areas for S. reevesii at present, but
because of species’ dispersal abilities and negative
effects of anthropogenic activities, the actual distri-
bution is only a subset of the CSA.

Variations in future CSAs

Comparing CSAs at present and in the future
revealed several general patterns of temporal
changes: the area of the CSAs decreased, the longi-
tude range of the CSAs increased, the geographic
centroids of the CSAs shifted northwest, and the
average altitude of the CSAs increased. The patterns
were similar among the 3 emission scenarios across
time, but the changes of the CSAs in 2080 under a2
emission scenario were greater than those predicted
under a1b or b2 emission scenarios, which was in
accordance with the magnitude of annual tempera-
ture increase. The forecasted gains in CSAs were

Model

Present 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
a1b/2020 1 1 1 1 1 1 0.83 1 1 1 1 1 1 0.75 0 1 1 0
a1b/2050 0.33 1 0 1 1 0 0.33 0.50 0 1 0.50 1 0.50 1 0 0 1 0
a1b/2080 0 0 0 0 1 0 0 0 0 1 1 0.33 0 1 0 0 1 0
a2/2020 0.67 1 1 1 1 1 1 1 1 1 1 1 1 0.75 0.67 0 1 0
a2/2050 0 1 0.50 1 1 1 0.33 0 1 1 0.50 1 1 1 0 0 1 0
a2/2080 0 0 0 0 1 0 0 0 0 1 1 0.50 0 1 0 0 0 0
b1/2020 0.67 1 1 1 1 1 1 1 1 1 1 1 1 0.88 0.67 0 1 1
b1/2050 0 1 0.50 1 1 1 0.50 0 1 1 1 1 1 0.88 0 0 1 0
b1/2080 0.67 1 0 1 1 0 0.33 0 0 1 1 1 0.50 1 0 0 1 0

Table 3. Percentage of climatically suitable area (CSA) for Syrmaticus reevesii within each nature reserve under present and
future climate conditions. A value of 1 means the nature reserve is fully covered by climatically suitable area, whereas 

0 means the nature reserve is not covered at all
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mainly located north and west of the present CSAs,
and the lost CSAs were located south and east, which
resulted in a northwest shift of geographic centroids
of future CSAs. Importantly, the range of the CSAs
generally increased in longitude, but the total area
decreased, which suggests that the CSA may become
more fragmented along latitude under climate
change and the habitat fragmentation may be inten-
sified. The present CSA is continuous in central
China, but the actual distribution is divided into east-
ern and western regions (Collar et al. 2001) because
of hunting and deforestation. The model predictions
showed that the 2 regions would be separated by cli-
matically unsuitable areas in the future, especially
after 2050. The predictions of CSAs under climate
change implied significantly negative effects for S.
reevesii, thus calling for special attention to the re -
cent proposal of updating the IUCN status of this spe-
cies from Vulnerable to Endangered (Zhou et al.
2014).

While some studies showed that species’ ranges
would shift to higher latitudes (i.e. north in the
Northern Hemisphere) under global warming (Par -
mesan et al. 1999, Thomas & Lennon 1999, Hickling
et al. 2006), other studies found that species may shift
their distribution in different directions. For example,
a drought gradient in central Africa, near the equa-
tor, may lead a species to a westward distributional
shift, while species in southern Africa would likely
move eastward (Thuiller et al. 2006). Our results
showed that the geographic centroids of the CSAs
mainly shifted northwest and the change was rela-
tively greater in longitude than in latitude. One pos-
sible explanation is that, regardless of differences in
methodological details (e.g. climate scenarios, ENM
techniques, and species), the response of species to
climate change may be dominated by regional cli-
mate gradients, which determine the distributional
shift patterns. In China, a general southeast−north-
west climatic gradient is present, mostly controlled
by moist winds from the southeast coast to the north-
west of the continent (Tchernia 1980). The changes in
distributional patterns observed in our study were in
agreement with this general climatic gradient (but
see Hu & Liu 2014 for a southwestward shift).

As climate becomes warmer in the future, it is pre-
sumed that many species will follow their climatic
niche by moving to higher altitudes when possible.
Hickling et al. (2006) found that besides birds and
butterflies, 227 of 329 vertebrate and invertebrate
 animals, including dragonflies, spiders, amphibians,
freshwater fish, mammals, wood lice, and beetles,
have moveed to higher altitudes since 1960. Our re-

sults corroborate this argument by showing that both
average altitude and highest altitude of the CSAs in-
creased dynamically across time under all emission
scenarios. When annual average temperature in-
creased by 1°C, the average altitude of the CSAs in-
creased about 263 m across all emission scenarios,
which was much higher than the general lapse rate
(Jacobson 2005), i.e. that temperature would decrease
1°C as altitude increased 156 m. Thus, we propose
that species’ distribution shifts may not simply follow
the temperature shift under global warming, and that
precipitation and interaction of different climatic fac-
tors can possibly further augment the influence of
global warming and determine future CSAs.

Strategies for nature reserves

We found that the present CSA covered all nature
reserves with S. reevesii records, but that the
changes in the percentage of each nature reserve
covered by CSAs varied under different emission
scenarios in the future. Some nature reserves (Tian -
ma and Tianmenshan) were forecasted as climati-
cally unsuitable for S. reevesii under several emis-
sion scenarios, and some (Longshengou and Foping)
were climatically suitable under all emission scenar-
ios (Table 3). The CSAs do not represent actual distri-
butions, rather the premise for potential species’
presence. Thus, the forecasted changes of CSAs
within the nature reserve network may serve as a
 reference for conservation proposes. For the re -
serves which may become climatically unsuitable
for Reeves’s pheasant, a reassessment of reserve
boundaries or even relocation could be considered;
whereas, for the reserves that would maintain stable
CSAs across time, the strengthening of management
may be necessary. The areas predicted to be suitable
among different emission scenarios at different time
periods could be used as additional information
when setting up new nature reserves for the conser-
vation of this species. However, such decisions need
to consider other species and conservation priorities,
as well as human activities in the future, such as log-
ging and hunting.
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