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A B S T R A C T   

Climate change inevitably affects the geographical distribution of species on earth. Conifers, which are important 
components of forest tree species, are highly threatened and particularly sensitive to climate change. Approxi-
mately 23.6% (145/615 species) of the world’s conifers are native to China, among which 53 species are 
threatened. Thus, understanding the impact of climate change on the species richness and distribution of 
threatened conifers endemic to China (hereafter referred to as threatened conifers) is of great importance. Here, 
we investigated the habitat suitability under present climate conditions and predicted the impact of future 
climate change on these threatened conifers using species distribution modeling. Combined with the current 
natural reserve system, we evaluated the conservation effectiveness, determined the key conservation areas, and 
proposed suggestions for the future protection of these threatened conifers. Our results showed that the 
threatened conifers were mainly distributed in mountainous areas and climate variables played a major role in 
the distribution of these threatened conifers. We also found that the richness hotspots were predicted to shrink 
and move northward with a changing climate. The lowest elevation of threatened conifers predicted to contract 
their species range mainly occurred below 1000 m or above 2000 m, while most species whose lowest elevations 
ranged from 1000 to 2000 m were projected to expand their distribution areas under the future climate scenario. 
Therefore, different conservation measures should be taken for threatened conifers with different distribution 
patterns. The central Hengduan Mountains and the Western Sichuan Plateau were identified as “areas needing 
attention” and “areas worth exploring”, respectively, which should be given more attention in future field sur-
veys and conservation efforts. This study highlighted the critical role of these threatened conifers as good in-
dicators for measuring and proposing conservation strategies to minimize the impacts of climate change.   

1. Introduction 

The temperatures in the upper layer of the ocean and on land are now 
~1 ◦C higher than those in preindustrial times (Alavi et al., 2019; IPCC, 
2013a; Scheffers et al., 2016), resulting in many plant and animal spe-
cies having shifted their ranges in response to climate trends over the 
past century (Chen et al., 2011; Dullinger et al., 2012; Kelly and Goul-
den, 2008; Lenoir et al., 2008). Species in mountainous areas have 
moved upslope in response to warming temperatures due to the altitu-
dinal temperature gradient (Kelly and Goulden, 2008), and tropical and 
boreal species have increasingly assimilated into temperate and polar 
communities, respectively (Scheffers et al., 2016). For example, the 
average elevation of the dominant plant species rose by ~65 m in 

southern California from 1977 to 2007 (Kelly and Goulden, 2008), and 
the tree line has moved upward by approximately 150 m during the past 
52 years (1954–2006) in the Altai Mountains (Gatti et al., 2019). It is 
projected that the global mean temperature will rise by an additional 
4.3 ± 0.7 ◦C by 2100 (IPCC, 2013a; Pacifici et al., 2015); therefore, 
Leadley et al. (2010) inferred that climate change could surpass habitat 
destruction as the greatest global threat to biodiversity over the next few 
decades. In the future, species will either have to change their current 
distribution range to follow their optimal climatic niche, adapt to new 
conditions, or become extinct (Abreu-Jardim et al., 2021). Species with 
a low dispersal capacity, such as conifers, face significant threats from 
climate change (Alavi et al., 2019; Liao et al., 2020; Wang et al., 2013), 
and their long generation times reduce their potential to adapt to rapid 
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changes (Aitken et al., 2008; Shaw and Etterson, 2012). 
Conifers, the largest group of gymnosperms, including approxi-

mately 600 species, constitute over 39% of the world’s forests (Armenise 
et al., 2012; Wang and Ran, 2014). However, approximately 34% of 
conifer species are highly threatened according to the latest IUCN sta-
tistics (IUCN, 2021). China is an important refugium for gymnosperms, 
as approximately 23.6% (145/615) of all conifers are native to China 
(Farjon, 2017), among which 53 species are threatened. The distribution 
pattern and conservation of gymnosperms in China have attracted 
extensive attention from biologists and ecologists. Li et al. (2009) 
identified six richness centers according to the spatial distribution 
characteristics of gymnosperms in China. Wu (2020) investigated the 
uncertainty and risk of losing the habitat areas of 109 species of gym-
nosperms in China under future climate conditions and found that 
approximately 41% of species would face extinction risks from climate 
change. Recently, to inform gymnosperm conservation under climate 
change, Li et al. (2021) identified seven high conservation priority re-
gions by integrating information on the species diversity patterns of 
gymnosperms and potential climate refugia in China, and they found 
that a substantial proportion of the regions lacked adequate protection. 
In addition, Li et al. (2021) indicated that many species would lose part 
of their currently suitable climate niche and that threatened species 
would be most vulnerable to the projected climate changes. Some 
adaptation measures were proposed to reduce the risk of losing distri-
bution areas under future climate conditions (Li et al., 2021; Wu, 2020). 
However, there is a lack of studies assessing whether the current nature 
reserves can effectively protect threatened conifers endemic to China 
(hereafter referred to as threatened conifers) under climate change. In 
fact, endemic threatened species are particularly sensitive to climate 
change, and endemism is of high value in identifying biodiversity hot-
spots (Kier et al., 2009; Malcolm et al., 2006). 

The current conservation plans, which do not take potential changes 
in suitable climate condition of species into consideration, may fail to 
effectively protect species under climate change (Oliver et al., 2016). 
Since the 1950s, a total of 1,266 nature reserves (474 National Nature 
Reserves and 792 Provincial Nature Reserves) of nine different types 
have been established in China (Xie et al., 2021), but there are still 
conservation gaps in the protection of gymnosperms (Li et al., 2021). In 
addition, many gymnosperms, especially threatened species, were ex-
pected to lose various levels of habitat areas or shift their current dis-
tribution areas in the future (Wu, 2020). Therefore, studying the 
conservation effectiveness of nature reserves on these threatened co-
nifers, which are vulnerable to climate change, will help us further 
optimize conservation plans. 

At present, species distribution models (SDMs) are widely used to 
search for poorly known species (Fois et al., 2018; Raxworthy et al., 
2003), predict the invasion trends of exotic plants (Fang et al., 2021), 
determine species range shifts (Dyderski et al., 2018; Zhang et al., 2020), 
and identify conservation priority areas under climate change (Li et al., 
2021). In this study, we first investigated habitat suitability under pre-
sent climate conditions and predicted the impact of future climate 
change on threatened conifers by using species distribution modeling. 
Then, we identified “areas needing attention” and “areas worth 
exploring” according to the loss or gain in species richness, respectively. 
In addition, we assessed the conservation effectiveness of the current 
conservation reserves and put forward suggestions for the protection of 
threatened conifers with different distribution patterns. This study will 
help us understand the present and possible future geographical distri-
butions of these threatened conifers and minimize the impact of climate 
change on them. 

2. Materials and methods 

2.1. Species distribution data 

The species distribution data of threatened conifers were obtained 

from the list of threatened gymnosperms in China which compiled by 
Xie et al. (2021). To obtain reliable and stable prediction results, some 
widely cultivated species (e.g., Pseudolarix amabilis) and species with 
fewer than 25 distribution records (e.g., Pinus squamata, Pinus wangii) 
were excluded from the species distribution modeling analysis 
(Table S1). Finally, 17 threatened conifers from 4 families and 11 genera 
were selected to explore species range shift responses to climate change 
(Table 1). All these data were transformed into spatial points at 30 arc- 
seconds (approximately 1 km), and localities within 1 km from each 
other were randomly removed to diminish the effect of spatial auto-
correlation (Boria et al., 2014; Zhang et al., 2020). After spatial refine-
ment, the remaining georeferenced points were used as the basis for 
modeling the distribution of target species. The name codes, IUCN red 
list categories and number of records for the 17 threatened conifer 
species are listed in Table 1. 

2.2. Environmental data 

Nineteen climate variables and four non-climate variables were 
selected as candidate predictors, which were considered ecologically 
meaningful for the spatial distribution of the species (Table S2). 
Bioclimatic variables (BIO1-BIO19) are widely used in the field of 
ecological niche modeling, including 11 temperature-related variables 
and eight precipitation-related variables (Hijmans et al., 2005; Zhang 
et al., 2020). The four non-climate variables were HPD (human popu-
lation density), ELE (elevation), MO (mixed/other trees) and ED (ever-
green/deciduous needleleaf trees), in which MO and ED represent lands 
covered by mixed broadleaved and needleleaved forest and other nat-
ural vegetation, and lands dominated by needleleaf trees, respectively 
(Tuanmu and Jetz, 2014). The present and future climatic variables for 
the 2050s and 2070s and ELE were downloaded from the WorldClim 
Database (version 1.4) (www.worldclim.org/) at a spatial resolution of 
30 arc-seconds (ca. 1.0 km at the equator). The HPDs in the 2050s and 
2070s were obtained from global downscaled population projection 
grids (the downscaled version of the Global One-Eighth Degree Popu-
lation Projection Grids) at a resolution of 1 km (http://sedac.ciesin. 
columbia.edu/data/sets/browse) (Jones and O’Neill, 2016). The data-
set was consistent in quantity and quality with the shared socioeconomic 
pathways (SSPs) developed to support future climate and global change 
research. Two vegetation cover categories (MO and ED) were derived 
from Global 1-km Consensus Land Cover datasets (http://www.earth 

Table 1 
Codes, IUCN red list categories, number of records, AUC values and TSS values of 
ensemble models for threatened conifers endemic to China.  

Code Species IUCN red list 
category 

Number of 
Records 

TSS_Ens AUC_Ens 

AF Abies fabri VU 48  0.99 0.999 
AR Abies recurvata VU 36  0.996 1 
AS Abies squamata VU 52  0.984 0.998 
CA Cathaya 

argyrophylla 
VU 39  0.993 0.999 

CO Cephalotaxus 
oliveri 

VU 109  0.962 0.995 

CC Cupressus 
chengiana 

VU 25  0.998 1 

JT Juniperus tibetica VU 90  0.943 0.991 
LM Larix 

mastersiana 
EN 27  0.994 0.999 

PA Picea asperata VU 96  0.977 0.998 
PU Picea aurantiaca EN 32  0.996 0.999 
PN Picea neoveitchii CR 29  0.993 0.998 
PR Picea retroflexa EN 30  0.993 0.999 
PC Pseudotaxus 

chienii 
VU 46  0.974 0.997 

TM Taxus mairei VU 745  0.895 0.986 
TF Torreya fargesii VU 138  0.949 0.996 
TJ Torreya jackii EN 31  0.99 0.999 
TO Tsuga forrestii VU 39  0.98 0.997  
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env.org/landcover) (Tuanmu and Jetz, 2014). In contrast to climate 
variables and human factors, vegetation cover and habitat heterogeneity 
are relatively stable, and there is a time lag of decades to centuries for 
vegetation to catch up with sudden climate change (Adams, 2007). 
Thus, we assumed that the three non-climate variables, ELE, MO and ED, 
were stable in our study area. Bilinear interpolation was used for 
resampling to keep all environmental variables at the same resolution 
(30 arc-seconds, equal to 1 km). 

Because the results obtained from different global circulation models 
(GCMs) vary greatly in different regions (Flato et al., 2013), we selected 
five GCMs from the Coupled Model Intercomparison Project Phase 5 
(CMIP5) for the climate predictions for the 2050s and 2070s to eliminate 
the bias from these differences. The five GCMs were BCC-CSM1.1, 
CCSM4, HadGEM2-ES, IPSL-CM5A-MR, and MRI-CGCM3, which have 
been widely used in previous studies (Dyderski et al., 2018; Sun et al., 
2020; Yan et al., 2017; Zhang et al., 2020). The IPCC Fifth Assessment 
Report (IPCCAR5) included four different representative concentration 
pathways (RCPs), a stringent mitigation scenario (RCP2.6), two inter-
mediate scenarios (RCP4.5 and RCP6.0), and one scenario with 
extremely high GHG emissions (RCP8.5) (Kirtman et al., 2013; Yan 
et al., 2017). Among them, the optimistic scenario (RCP2.6), the mod-
erate scenario (RCP4.5), and the pessimistic scenario (RCP8.5) inferred 
that the global mean temperature will rise by 0.4 to 1.6 ◦C, 0.9 to 2.0 ◦C, 
and 1.4 to 2.6 ◦C in the mid-21st century and 0.3 to 1.7 ◦C, 1.1 to 2.6 ◦C, 
and 2.6 to 4.8 ◦C in the late-21st century, respectively (IPCC, 2013b). 
Finally, three RCPs of the five GCMs in two periods were selected, and 
the mean values of all GCMs were calculated and used as future climate 
datasets. 

2.3. Selection of predictor variables 

The selection of predictor variables has a strong impact on the 
quantification of a realized niche, so it has a great impact on the 
transferability of SDM in time and space (Peterson et al., 2002; Zhang 
et al., 2020). Three steps were used to select appropriate predictor 
variables to avoid omitting variables with strong explanatory powers. 
First, Spearman correlation analysis was used to group the environ-
mental variables with correlation coefficients > |0.85|, and the repre-
sentative variables with a clear biological significance were selected 
(Yan et al., 2017; Zhu and Xu, 2019). Then, the variable importance of 
all selected environmental variables was calculated using Biomod2. The 
calculation was repeated three times, leaving only variables with a mean 
importance > 0.01. Finally, we calculated the variance inflation factor 
(VIF) of each potential predictor variable in the regression model and 
filtered out variables with high VIF values (VIF > 10) and low relative 
importance to eliminate the effects of collinearity and to ensure the 

selection of all important variables. The results of the variable selection 
for the threatened conifers were shown in Table 2. 

2.4. Species distribution modeling 

In this study, we adopted four modeling methods frequently used in 
the field of ecological niche modeling as the basal models required for an 
ensemble model. The four modeling methods were the generalized 
linear model (GLM), generalized boosting model (GBM), random forest 
model (RF) and multiple adaptive regression splines model (MARS), all 
of which were fit using the default settings of the biomod2 package 
(Thuiller et al., 2009). Since the selected methods require also absence 
records, which are hard to confidently identify, we randomly generated 
two sets of pseudo-absences with a moderate number of records each 
(1000) (Barbet-Massin et al., 2012; Wisz and Guisan, 2009; Yan et al., 
2017). The occurrence data were combined with each pseudo-absence 
dataset, 75% were randomly selected as the training set to calibrate 
the model, and the remaining 25% were used to evaluate the perfor-
mance of the model. These processes were repeated six times for each 
dataset to avoid bias due to dataset splitting and improve the reliability 
of the results. Finally, two metrics, the area under the receiver operating 
characteristic curve (AUC) and the true skill statistic (TSS), were applied 
to evaluate the performance of the different models. When the values of 
these two metrics are close to 1, it indicates that the model performs 
well. Basal models with TSS values > 0.75 were assembled using the 
committee averaging algorithm to ensure that the developed ensemble 
model had an optimal predictive ability for occurrence probability 
(Zhang et al., 2020). The ensemble model was used to predict habitat 
suitability under present and future climate conditions. 

2.5. Data analysis 

Under present and future climate conditions, the species presence/ 
absence in each grid was required to calculate species range shifts under 
global environmental changes, while the result of the species distribu-
tion modeling was in the form of the probability of species occurrence or 
habitat suitability. Therefore, a threshold was required to convert 
probability or suitability data into presence/absence data. In this study, 
the max SSS (maximizing the sum of sensitivity and specificity) 
threshold selection method was used to convert the projected proba-
bilities of occurrences into a binary map (with 1 and 0 representing the 
presence and absence of species, respectively) because it produced a 
higher sensitivity than other methods in most cases (Liu et al., 2013), 
and species range shifts were calculated based on the projected species 
distribution ranges in the present and future. 

There were four possible scenarios for each 30 arc-second raster cell: 

Table 2 
The relative importance values of selected variables for threatened conifers endemic to China.  

Species BIO1 BIO2 BIO3 BIO4 BIO7 BIO8 BIO12 BIO13 BIO14 BIO15 BIO16 BIO17 ELE POP ED MO 

Abies fabri   0.091  0.143  0.588    0.291    0.117    0.127  0.053  0.057  0.076 
Abies recurvata   0.148  0.209  0.559    0.306    0.272    0.317  0.051  0.055  0.048 
Abies squamata   0.027  0.126  0.511  0.124   0.141  0.106  0.03  0.09    0.121  0.158  0.028  0.013 
Cathaya argyrophylla   0.51   0.142  0.254   0.142    0.107    0.031  0.012  0.01  0.009 
Cephalotaxus oliveri   0.43  0.072  0.109   0.071  0.227  0.079  0.064  0.055    0.056  0.017  0.007  0.02 
Cupressus chengiana   0.149   0.472  0.325   0.411   0.2  0.214    0.108  0.078  0.08  0.044 
Juniperus tibetica  0.249  0.094  0.127  0.576    0.101   0.015  0.052    0.171  0.077  0.013  0.009 
Larix mastersiana   0.091  0.114  0.398  0.223   0.399  0.251  0.062  0.021    0.188  0.071  0.086  0.055 
Picea asperata  0.233  0.068  0.059  0.543  0.216   0.422  0.286  0.091  0.08    0.244  0.055  0.037  0.024 
Picea aurantiaca   0.023  0.106  0.468  0.274   0.136  0.145  0.08  0.022    0.276  0.103  0.055  0.039 
Picea neoveitchii   0.072   0.428  0.185   0.324       0.316  0.291  0.098  0.048 
Picea retroflexa   0.057  0.129  0.588  0.283   0.252  0.262  0.082  0.031    0.292  0.126  0.068  0.046 
Pseudotaxus chienii  0.062  0.15  0.164  0.056   0.074  0.13  0.065  0.447  0.041  0.173   0.126  0.005  0.006  0.068 
Taxus mairei  0.107  0.039  0.014  0.238   0.037  0.065    0.04    0.033  0.006  0.011  0.021 
Torreya fargesii  0.314  0.09   0.154    0.193    0.147    0.071  0.026  0.006  0.03 
Torreya jackii  0.101  0.027   0.042  0.079  0.053  0.099   0.081  0.021   0.74  0.003  0.022  0.074  0.022 
Tsuga forrestii   0.115  0.172  0.72  0.233   0.215  0.126  0.055  0.065    0.126  0.065  0.033  0.026  
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(1) retention: species occurred under present and future climate condi-
tions; (2) absence: a given species did not occur under present and future 
climate conditions; (3) potential range expansion: a species did not 
occur at present, but it was predicted to appear in the 2050s and 2070s 
due to potentially suitable future habitats; and (4) potential range 
contraction: a species occurred currently but it was not expected to 
appear in the 2050s and 2070s (Dyderski et al., 2018). Additionally, we 
set a 99% confidence interval for the species richness change, and only 
grids with species richness changes distributed outside the confidence 
interval were considered high-risk grids (See details below). Areas with 
a concentrated distribution of high-risk grids with increased and 
decreased species richness were identified as “areas worth exploring” 
and “areas needing attention”, respectively. Generally, high-risk grids 
located in and around nature reserves are more likely to be included in 
the survey scope of nature reserves, while high-risk grids far away from 
nature reserves are more likely to be ignored and require more attention. 
However, in China, the area of different national and provincial nature 
reserves varies greatly (from 0.08 km2 to 3 × 105 km2), which makes it 
difficult to determine the scope of buffer zone for all nature reserves. 
Therefore, we set six buffer zone gradients (1 km, 5 km, 10 km, 15 km, 
20 km, 25 km) around a nature reserve, and used the distribution pattern 
of high-risk grids outside nature reserves and their surrounding buffer 
zones to identify areas which are important and need to be protected in 
the future. 

3. Results 

3.1. Model performance and selection of environmental variables 

In this study, the evaluation accuracy of the four individual algo-
rithms (GLM, GBM, MARS and RF) and the ensemble model was 
calculated, and their predictive abilities were revealed by their AUC and 
TSS values. As shown in Fig. S1, the AUC values ranged from 0.732 to 1, 
most of which were higher than 0.8, and the TSS values were from 0.464 
to 1, only a few of which were lower than 0.6; thus, they were good 
overall. Among the four single models, RF and GBM showed better 
stability and accuracy than MARS and GLM. Based on the 25% of the 
data used for model evaluation, the predictive performance of the 
ensemble model was better than that of individual algorithms generally, 
with AUC values higher than 0.986 and TSS values higher than 0.895 
(Table 1, Fig. S1), indicating the credibility of the ensemble model for 
predicting species range shifts under climate change. 

The selection of environmental variables for the threatened conifers 
varied according to their biological characteristics and distribution 
differences. The relative importance values of the final selected vari-
ables for each species were calculated and displayed in Table 2. Tem-
perature seasonality (BIO4) had the highest relative importance value 
for most threatened conifers, followed by annual precipitation (BIO12). 
However, the relative importance of the mean diurnal range (BIO2) was 
the highest for Cathaya argyrophylla and Cephalotaxus oliveri, and the 
annual mean temperature (BIO1) was the highest for Torreya fargesii. In 
addition, for Pseudotaxus chienii and Torreya jackii, precipitation of driest 
month (BIO14) and precipitation of driest quarter (BIO17) had the 
highest relative importance, respectively. Interestingly, elevation was 
ranked as one of the top three important variables for the four spruces. 
Generally, bioclimatic variables are more important than non-climate 
variables in the distribution of the threatened gymnosperms. 

3.2. Distribution of potential richness under present and future climatic 
conditions 

Under present climatic conditions, the distribution of the potential 
richness of the threatened conifers was basically consistent with the 
actual richness distribution obtained from the specimen records, 
although the potential distribution area was slightly expanded and more 
continuous than the actual geographic distribution (Fig. 1, S2). As 

shown in Fig. 1a, the threatened conifers are mainly concentrated in the 
Western Sichuan Plateau and distributed at the junction of the prov-
inces. Additionally, the distribution areas of the threatened conifers are 
mainly located in the subtropical region and the surrounding areas of the 
plateau climatic zone. 

The species richness distribution of threatened conifers simulated by 
the ensemble model was slightly different under different climate 
change scenarios in the 2050s and 2070s. Generally, the richness hot-
spots are still concentrated in the Western Sichuan Plateau, but the 
higher habitat suitability of the central Hengduan Mountains for these 
threatened conifers will be lost in the future according to the prediction 
results. Under future climatic conditions, the distribution of richness 
hotspots was predicted to shrink and move northward compared to that 
of the present climatic conditions (Fig. 1). In addition, under the simu-
lated climate scenarios, the distribution of most of the threatened co-
nifers tended to contract, with some exceptions such as Cupressus 
chengiana, Juniperus tibetica and Tsuga forrestii (Table 3, Fig. 2, S3). 
Furthermore, the threatened conifers whose lowest elevations occurred 
below 1,000 m or above 2,000 m more easily shrink in distribution area, 
while species whose lowest elevations occurred in the middle ranges 
(from 1,000 m to 2,000 m) tend to expand in distribution area. In 
addition, species with large altitude ranges (Juniperus tibetica and Tor-
reya fargesii) or species with fragmented habitats (Cathaya argyrophylla) 
are more likely to expand in distribution areas (Table 3, Fig. 2 & S3). 

3.3. Identification of “areas needing attention” and “areas worth 
exploring” and assessment of the conservation effectiveness of nature 
reserves 

Under future climate conditions, a large number of grids were pro-
jected to change their species richness but more than 99% of grids will 
gain or lose less than four species. Therefore, we set a 99% confidence 
interval for the grids with species richness changes and only focused on 
the remaining 1% of grids. In brief, grids with at least four species 
richness changes were identified as high-risk grids. Based on the dis-
tribution of these high-risk grids, we found that the “areas needing 
attention” (with decreased species richness) are mainly located in the 
central Hengduan Mountains, and the “areas worth exploring” (with 
increased species richness) are mostly distributed in the Western 
Sichuan Plateau. These two important areas do not change in any 
climate scenario or period (Fig. 3, Video S1). Existing nature reserves 
will protect most of the threatened conifers under future climatic con-
ditions. Many nature reserves, such as the Baima Snow Mountain Na-
tional Nature Reserve, the Yading National Nature Reserve and the 
Rhinopithecus bieti National Nature Reserve of Markam, have been 
established at the junction of Sichuan, Yunnan and Tibet, which is a 
high-risk area for richness loss of these threatened conifers (Fig. 3, Video 
S1). 

Taking the pessimistic scenario (RCP8.5 scenario) of the 2070s as an 
example, we looked for the high-risk grids outside nature reserves and 
buffer zones to better understand the conservation effectiveness of na-
ture reserves under future climatic conditions. With the increase of 
buffer size, the number of high-risk grids gradually decreased (Fig. 4). 
However, although the buffer zone settings are different, the largest 
number of high-risk grids with increased and decreased species richness 
are distributed in the Western Sichuan Plateau and the central Heng-
duan Mountains, respectively (Fig. 4). In addition, we found that species 
with fewer than 25 distribution records mainly scattered in central and 
south China and two islands of China, Taiwan and Hainan (Fig. 4 and 
Table S1). 
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4. Discussion 

4.1. The Western Sichuan Plateau is the most important conservation 
priority for threatened conifers endemic to China 

The actual and potential distribution areas of the threatened conifers 
are mainly concentrated in the Western Sichuan Plateau, followed by 
some interprovincial boundary regions, under both present and future 
climate conditions. The Western Sichuan Plateau is located in the east of 
the Hengduan Mountains, between the Qinghai-Tibet Plateau and the 
Sichuan Basin, with a wide elevation range from valley to peak. In 
addition, China’s provincial divisions are mostly based on mountain 
ranges, such as the Wuling Mountains, which are distributed at the 
junction of Hunan, Hubei, Chongqing and Guizhou provinces. In fact, 
the priority regions identified in previous studies were also mainly 
located in mountain areas. With high heterogeneity in climates and soils, 
a wide range of elevations and abundant microhabitats, mountainous 
areas in China provide diverse and suitable habitats for plant diversity 
(Körner and Spehn, 2002; Tang et al., 2006). For example, Tang et al. 

(2006) identified ten ecoregion hotspots according to the distribution 
patterns of different aspects of biodiversity at the county level, all of 
which are in mountainous areas. The species richness hotspots of 
Quercus (Sun et al., 2020) and the diversity centers of gymnosperms (Li 
et al., 2009) are also located in mountainous areas. Even under the 
presumed future climate scenario, the conservation priority areas of 
gymnosperms in China would not change substantially, remaining in the 
mountain ranges (Li et al., 2021). 

Compared with Wu (2020) projection of a decline in gymnosperm 
species richness in parts of central and southeast China, our results 
supported the projection of Li et al. (2021) to some extent because there 
was a large number of high-risk grids distributed in the Hengduan 
Mountains and the Yunnan-Guizhou Plateau. However, unlike the 
greatest decline in gymnosperm species richness in these areas projected 
by Li et al. (2021), our study projected that the eastern Hengduan 
Mountains and the Yunnan-Guizhou Plateau would gain a considerable 
number of threatened conifers while the central Hengduan Mountains 
would lose a considerable number under the presumed climate scenario. 
The reason for this projection difference could have been due to the 

Fig. 1. Richness distributions of threatened conifers endemic to China under present and future climatic conditions.  

Table 3 
Range shift status and distribution longitude, latitude and elevation of threatened conifers endemic to China.  

Range of the lowest elevation Species Status Longitude Latitude Lowest elevation Highest elevation Elevation range 

<1000 m Taxus mairei Stable 102◦–121◦ 24◦–35◦ 100 m 3500 m 3400 m  
Torreya jackii Loss 117◦–121◦ 27◦–30◦ 120 m 1320 m 1200 m  
Cephalotaxus oliveri Loss 107◦–112◦ 24◦–32◦ 300 m 1800 m 1500 m  
Pseudotaxus chienii Loss 108◦–121◦ 24◦–30◦ 700 m 1500 m 800 m  
Torreya fargesii Gain 106◦–111◦ 27◦–34◦ 700 m 3400 m 2700 m  
Cathaya argyrophylla Gain 107◦–114◦ 24◦–30◦ 900 m 1200 m 300 m  

1000–2000 m Cupressus chengiana Gain 101◦–103◦ 30◦–32◦ 1200 m 2700 m 1500 m  
Picea neoveitchii Gain 106◦–111◦ 31◦–34◦ 1200 m 2200 m 1000 m  
Tsuga forrestii Gain 99◦–102◦ 27◦–29◦ 2000 m 3500 m 1500 m  
Larix mastersiana Stable 101◦–105◦ 29◦–33◦ 2000 m 3500 m 1500 m  

>2000 m Abies recurvata Loss 100◦–104◦ 30◦–34◦ 2300 m 3600 m 1300 m  
Picea asperata Loss 100◦–106◦ 30◦–36◦ 2400 m 3800 m 1400 m  
Abies fabri Loss 101◦–103◦ 28◦–32◦ 2500 m 3100 m 600 m  
Juniperus tibetica Gain 92◦–104◦ 28◦–37◦ 2600 m 4900 m 2300 m  
Picea aurantiaca Stable 101◦–104◦ 29◦–33◦ 2600 m 3800 m 1200 m  
Picea retroflexa Loss 100◦–104◦ 29◦–35◦ 3000 m 4000 m 1000 m  
Abies squamata Loss 97◦–103◦ 28◦–33◦ 3500 m 4500 m 1000 m 

aStable: the percentage of loss or gain in specie distribution range will not exceed 10% under the presumed future climate scenario. 
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sample selection. In this study, the selected species whose lowest ele-
vations occurred above 2000 m are distributed in the Sichuan Province 
and concentrated in the Western Sichuan Plateau, with only Abies 
recurvata and Tsuga forrestii distributed in NW Yunnan. However, most 
of the species with relatively low elevations (lowest elevations <2,000 
m) have wide distribution ranges and are distributed in the mountainous 
areas of southern China. 

4.2. Temperature and precipitation play a major role in the distribution of 
threatened conifers 

Temperature and precipitation have long been considered the lead-
ing factors affecting global gradients of species richness (Punyasena 
et al., 2008; Sun et al., 2020). Actually, during the Late Tertiary and 
Quaternary glaciation, due to the influence of cold climate, the gener-
ation time of some relict species (e.g., Abies ziyuanensis, Thuja 

sutchuenensis) extended, and the reproductive capacity decreased (Yao 
et al., 2021), which threatened these endemic conifers in China and 
narrowed their distribution. In addition, the temperature instability 
reflected by temperature seasonality could damage the growth and 
development rhythms of plants, occasionally leading to their death 
(Jørgensen and Fath, 2008; Sun et al., 2020), and many studies have 
attributed the declines in forest productivity and tree survival to water 
limitation (e.g. Allen et al., 2010; Williams et al., 2012; Zhao and 
Running, 2010). In this study, temperature seasonality and annual 
precipitation are the main bioclimatic variables influencing the distri-
bution of most of the threatened conifers, and the mean diurnal range 
and precipitation of driest month or quarter also play an important role 
in shaping the distribution pattern of some of the threatened conifers. In 
particular, the distributions of Pseudotaxus chienii and Torreya jackii are 
greatly affected by the precipitation of driest month/quarter, and a large 
number of suitable habitats were predicted to be lost under future 

Fig. 2. Species range shifts of threatened conifers endemic to China under different climate scenarios. Left: RCP2.6, Middle: RCP4.5, Right: RCP8.5. The species name 
abbreviations followed those of Table 1. 
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Fig. 3. “Areas needing attention” and “areas worth exploring” under different climatic scenarios. NNR: National Nature Reserve, PNR: Provincial Nature Reserve, 
BMXS: Baima Snow Mountain NNR, BTH: Bitahai NNR, GB: Gongbu PNR, GGS: Gongga Mountain NNR, HZS: Haizishan NNR, MK: Rhinopithecus bieti NNR of 
Markam, NPH: Napahai NNR, YL: Yarlung Zangbu Grand Canyon NNR, SDG: Sandagu PNR, TN: Taining and Yuke PNR, XY: Xiayong PNR, YD: Yading NNR. 
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climatic conditions due to the possible reduction in precipitation with 
climate change (Table 2, Fig. S2 & S3). 

The non-climate variables (ELE, POP, ED and MO) were not the most 
important factors affecting the distribution of all of the threated conifers 
compared with climate variables (Table 2), which could be due to the 
fact that most of the threatened conifers are mainly distributed in 
mountainous areas and that we treated three non-climate variables ELE, 
ED and MO as unchanged in our future projection. Elevation was not 
expected to change in a short period of time, and vegetation change may 
take decades to centuries (Adams, 2007). Previous studies have shown 
that models that contained both static and dynamic variables did not 
perform worse or better than models that masked or excluded static 
variables (Iverson and Prasad, 1998; Stanton et al., 2012). Therefore, it 
was acceptable to use static non-climate variables in our future pro-
jections (Peterson et al., 2002), and the future distribution range of the 
species was not modified (Zhang et al., 2020). Nevertheless, the vege-
tation in some areas, such as urban or rural areas, may change in the 
short term. Especially in recent years, China’s urbanization process has 
accelerated and should receive more attention in future work (Li et al., 
2016). 

4.3. Different conservation measures should be taken for threatened 
conifers with different distribution patterns 

The gain and loss of habitat suitability areas under climate change 
will lead to the expansion or contraction of species ranges in the future, 
but the migration status of different groups varies greatly. In this study, 
we found that the distribution of threatened conifers with different 
altitudinal ranges would change differently under future climate con-
ditions (Table 3), making them good indicators of alpine and subalpine 
ecosystems under climate change. The threatened conifer species whose 
lowest elevations occurred above 2000 m tend to contract their distri-
bution range under the presumed future climate condition, which could 
be because these species are distributed at relatively high elevations and 

face “nowhere-to-go”. Species that occupy the highest elevations today 
move upslope in search of cooler climates in response to warming cli-
mates, inevitably leading to more range loss and fragmentation and 
possibly even “mountain-top extinction” (Colwell et al., 2008; Gottfried 
et al., 2012; Hülber et al., 2016). This phenomenon is more serve in 
species with narrow distribution ranges that are restricted to moun-
taintops. For example, Abies beshanzuensis is a typical species facing the 
mountain-top extinction crisis, with only three individuals surviving on 
the mountaintop of Baishanzu (Table S1). Some previous studies have 
also shown that montane species growing at high elevations were 
particularly affected by climate change, potentially leaving high- 
altitude plants with “nowhere-to-go” (Elsen and Tingley, 2015; Hülber 
et al., 2016). For example, using 867 vegetation samples above the tree 
line from 60 summit sites in all major European mountain systems, 
Gottfried et al. (2012) found a progressive shrinkage of low- 
temperature, high-elevation habitats, including parts of the Alps and 
Mediterranean mountains, resulting in a decline in cold-adapted species 
and an increase in warm-adapted species. 

The distribution range of species whose lowest elevations occurred 
below 1,000 m were also predicted to shrink (Table 3), which could be 
due to greater human disturbance to the species distributed at lower 
elevations and in foothills (Elsen et al., 2020). Species growing at low 
elevations may face particularly high risk from the impacts of climate 
and land use change. For example, Cephalotaxus oliveri, a low-altitude 
species that is mainly affected by habitat loss caused by logging and 
agricultural expansion (Table 3, IUCN, 2021). Another example is 
Podocarpus, which is a representative group distributed at low altitudes 
with high human population densities that is seriously affected by 
human activities. Over the past few decades, the number of wild in-
dividuals of Podocarpus has declined dramatically because it has been 
transplanted and traded for its high ornamental value. This phenomenon 
was also found in Rhododendron and Cycas (Yu et al., 2021; Zheng et al., 
2017). By predicting the distributions of 191 Chinese endemic Rhodo-
dendron species under future climate and land use change, Yu et al. 

Fig. 4. Distribution of species with less than 25 records and high-risk grids. (A) all high-risk grids, (B-F) the remaining high-risk grids excluding grids distributed in 
nature reserves and their surrounding buffer zones (B, 1 km; C, 5 km; D, 10 km; E, 15 km; F, 20 km; G, 25 km). NNRs: National Nature Reserves, PNRs: Provincial 
Nature Reserves. Green triangle, geographical distribution of species with less than 25 records. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the web version of this article.) 
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(2021) predicted that 48% of the species would contract in geographic 
ranges and that species loss would particularly occur at lower elevations. 
In addition, human activities and habitat fragmentation have pushed 
some endangered Cycas species to the brink of extinction (Zheng et al., 
2017). 

In contrast, some species may benefit from future climate change. In 
this study, species with a wide range of elevations or whose lowest el-
evations ranged from 1000 m to 2000 m tend to expand their range size, 
which may be due to less human pressure and more space for upslope 
movement. Previous studies have shown that a large number of montane 
plants in the Hengduan Mountains will expand their distribution ranges 
in response to climate warming (Liang et al., 2018). In addition, Ager-
atina adenophora will slowly expand to the northeast (Fang et al., 2021), 
and Yu et al. (2021) predicted that 52% of the endemic Chinese 
Rhododendron species would expand their geographic range under 
future climate changes. Therefore, we suggested that different conser-
vation measures should be taken for species with different distribution 
patterns to cope with the effects of climate change. 

The establishment of protected areas has been considered a major 
strategy of global biodiversity conservation (Watson et al., 2014; Xu 
et al., 2019). Previous studies have indicated that although a large 
number of nature reserves have been established for protecting plants, a 
conservation gap still exists (Chi et al., 2017; Zhang et al., 2017; Zheng 
et al., 2017). Additionally, climate-driven shifts in species ranges have 
been considered in determining conservation priority areas to improve 
conservation effectiveness in many studies (Carroll et al., 2017; Li et al., 
2021). Therefore, Xu et al. (2017) suggested that we should establish 
new nature reserves or expand existing reserves to cover the important 
areas for more threatened species. Taking the pessimistic scenario as an 
example, we found that after removing the high-risk grids in nature 
reserves and their buffer zones, the remaining grids were mainly scat-
tered in the empty areas around the nature reserves (Fig. 4), implying 
that we should expand the existing nature reserves or integrate several 
small nature reserves into one larger reserve in these areas. In particular, 
it is necessary to increase the protection range of species with a wide 
elevation range or whose lowest elevations ranged from 1000 m to 2000 
m because the distribution range of these species will become larger in 
the future. For species distributed on mountaintops or at relatively 
higher altitudes, in addition to establishing nature reserves to protect 
existing individuals, artificial cultivation and breeding should be 
emphasized for their production due to their risk of distribution area 
shrinkage or even extinction. For example, three extremely restricted fir 
species (A. beshanzuensis, A. fanjingshanensis and A. yuanbaoshanensis) 
are mountaintop distributed and face “nowhere-to-go”. Fortunately, 
these species have been protected by National Nature Reserves. In 
addition, the artificial breeding of these species has achieved some 
progress, avoiding the extinction in the short term. However, Cathaya 
argyrophylla, a rare species distributed in Chongqing, Guizhou, Hunan 
and Guangxi provinces, is difficult to cultivate because of its symbiosis 
of fungi; hence, in situ conservation should be the first choice. Mean-
while, artificial breeding research should be strengthened. For species 
distributed at relatively low altitudes, the impact of human activities 
should be minimized. As suggested by Zheng et al. (2017), we should 
prioritize habitat protection and restoration of low-altitude species. In 
addition, appropriate management plans are also essential to maintain 
their population structure (Zheng et al., 2017). For species with narrow/ 
discontinuous distributions, both artificial breeding and ex situ conser-
vation are needed. In addition, conservation stations should be estab-
lished to preserve their genetic diversity and expand their populations. 
For example, although Metasequoia glyptostroboides has been introduced 
in many countries successfully and is also widely cultivated throughout 
China, one national nature reserve and two provincial nature reserves 
have also been established to protect its wild population. 

In addition to the measures above, the role of managers in field in-
vestigations should also be strengthened since biodiversity reports ob-
tained from the literature are very limited, and accurate biodiversity 

information is of significant value for adjusting the boundaries of nature 
reserves. Meanwhile, dynamic monitoring of threatened species with 
high ecological and economic values is also needed to address climate 
change. In our study, based on the distribution of high-risk grids, we 
identified “areas needing attention” and “areas worth exploring”, which 
were distributed in the central Hengduan Mountains and the Western 
Sichuan Plateau, respectively (Fig. 3). The nature reserves with the 
largest number of high-risk grids are the Yading National Nature Reserve 
(where species richness increased) and Sandagu Provincial Nature 
Reserve (where species richness decreased) (Table S3). Continuous field 
surveys and dynamic observations in these areas are vital for protecting 
threatened conifers under climate change. 

5. Conclusion 

To understand the impact of climate change on the richness distri-
bution pattern of threatened conifers, the ensemble model was applied 
to predict the potential richness distribution of 17 threatened conifers 
under present and future climatic conditions. The results showed that 
the richness hotspots of the threatened conifers are mainly concentrated 
in mountainous areas, and they would contract and move northward 
under climate change. In addition, the threatened conifers whose lowest 
elevations occurred below 1000 m or above 2000 m tend to contract 
their distribution area, while the species whose lowest elevations 
occurred at middle ranges (1000–2000 m) tend to expand their distri-
bution area under the future climate scenario. Therefore, the threatened 
conifers are valuable indicators of mountainous ecosystems under 
climate change and different conservation measures should be taken for 
threatened conifers with different distribution patterns. Finally, the 
central Hengduan Mountains and the Western Sichuan Plateau are 
identified as “areas needing attention” and “areas worth exploring”, 
respectively, which should be given more attention in future field sur-
veys or conservation efforts. 
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