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Abstract: Rheum nanum, a perennial herb, is a famous traditional Chinese medicinal plant that has
great value in modern medicine. In order to determine the potential distribution of R. nanum in Asia,
we specifically developed the potential distribution maps for three periods (current, 2050s: 2041–2060,
and 2070s: 2061–2080) using MaxEnt and ArcGIS, and these were based on the current and future
climate data under two climate scenarios (RCP2.6 and RCP6.0). To predict the potential impacts of
global warming, we measured the area of suitable habitats, habitat suitability changes, and habitat
core changes. We found that bio16 (i.e., the precipitation of the wettest quarter) and bio1 (i.e., the
annual mean temperature) were the most important climate factors that influenced the distribution
of R. nanum. The areas of high suitable habitats (HH) and middle suitable habitats (MH) in the
current period were 156,284.7 ± 0.99 km2 and 361,875.0 ± 3.61 km2, respectively. The areas of HH
and MH in 2070RCP6.0 were 27,309.0 ± 0.35 km2 and 123,750 ± 2.36 km2, respectively. The ranges of
82.0–90.3◦ E, 43.8–46.5◦ N were the mostly degraded areas of the 2050s and 2070s, and RCP6.0 had
a larger decrease in habitable area than that found in RCP2.6. All the HH cores shifted south, and
the shift distance of HH in 2070RCP6.0 was 115.65 km. This study provides a feasible approach for
efficiently utilizing low-number occurrences, and presents an important attempt at predicting the
potential distribution of species based on a small sample size. This may improve our understanding
of the impacts of global warming on plant distribution and could be useful for relevant agricultural
decision-making.

Keywords: geographic distribution; suitable habitat; Rheum nanum; MaxEnt; ArcGIS; range shifts;
climate scenario

1. Introduction

In China, Rheum L. plants are traditional medicines distributed in the Greater Khingan
Range, the Taihang Mountains region, the Qinling Mountains region, the Daba Mountains
region, west of the Yunnan–Guizhou Plateau, and the Qinghai-Tibet Plateau [1–3]. At
present, studies on Rheum L. plants mainly focus on its functional extracts [4–8]. As
one of the most heat-tolerant and drought-tolerant species of Rheum L. plants [1], Rheum
nanum Siev. ex Pall has been found in Mongolia, Kazakhstan, Russia, and China (i.e.,
Xinjiang, Gansu, and Inner Mongolia), which mainly inhabit hillsides, valleys, and gravel
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lands below 1000 m [9]. The latest study showed that chrysophanol, an active constituent
of R. nanum, has been effective for obesity and may cure certain skin disorders such
as acne vulgaris [10]. Emodin, another active constituent of R. nanum, has suppressed
the growth and the invasion of colorectal cancer [11] and has been used to cure acute
kidney injury [12]. Previous studies have shown that precipitation and temperature are the
dominate factors affecting the geographic distribution of Rheum L. plants [1,3]. R. nanum
extracts have played an important role in modern medicine; however, to the best of our
knowledge, the exact geographic distribution and the suitable habitats of this ancient
medicine remain unexplored.

With the development of computer technology, it has become possible to predict the
distribution pattern of the species’ niche by using occurrence data and associated envi-
ronmental variables [13] with the help of species distribution models (SDMs). According
to their dependence of occurrence data, SDMs can be roughly divided in two groups:
occurrence-absence data groups (e.g., generalized additive models, generalized linear mod-
els, generalized boosting models) and occurrence-data-only groups (e.g., domain model,
ecological niche-factor analysis model) [14,15]. The occurrence-data-only models typically
have greater advantages as the absence data are usually difficult to collect in the real world,
especially for poorly known species [16]. Among various occurrence-data-only SDMs, the
maximum entropy model (MaxEnt) [17] has been used extensively because of its strong
statistical foundation (i.e., high accuracy and robustness [14,18–21]) and ability to simulate
ecological relationships [22]. Until now, MaxEnt has had a wide range of applications
with relevant predictions [23–29]. Moreover, MaxEnt has better performance for species
with a small sample size [16], especially for those species with typically little occurrence
records [30].

Over the past 100 years, the global average temperature has risen by 0.6 ◦C [31,32].
By the end of this century, with a maximum increase of 2.6–4.8 ◦C in global average
temperature [33], global precipitation will increase by approximately 31% [34]. Throughout
the evolutionary history of diverse species [31,35], climate change has had significant
impacts on the spatial distribution patterns of organisms [32,36]. Global warming has
also been confirmed to have the ability to change species’ survival [35] and conservation
situations both spatially and temporally [37,38]. With the growing concern of global
warming and its potential effects, there have been many useful studies on ecological
modeling and conservations using multiple factors and methods [39]. In sub-Saharan
Africa, under future climate scenarios, rice production will experience relevant losses in
different regions [40]. For alpine plant communities in mountain ecosystems, elevation-
dependent warming presents additional challenges and may result in the extinction of cold-
adapted flora species [41,42]. In addition, the herbaceous and woody species in mountain
basins and the Taklamakan Desert are more sensitive to climate change than plant species
in meadows and steppe regions [36]. For Stipa purpurea, a perennial herbaceous plant
widespread throughout the Tibetan Plateau, its number of suitable habitats is expected
to increase from 1990 to 2050 [27]. Both the herbaceous species and dwarf shrubs will
shift upwards in the alpine tundra region of the Changbai Mountains [43]. Hence, it is
expected that the possible biogeographic patterns of R. nanum could change with global
warming. Based on the effects of increasing temperatures on the global distribution of flora
species, we developed two hypotheses: (1) high suitable habitats of R. nanum will increase
and move northward; (2) the higher emission scenario may cause a larger increase in the
habitat area of R. nanum than the lower emission scenario. The aim of this study was to
predict the potential distribution of R. nanum in Asia under climate change and to verify
our two hypotheses.

2. Materials and Methods
2.1. Occurrence Data and Study Area

The study area range was 70.9–136.5◦ N, 17.8–55.5◦ E in Asia. We initially selected
58 region names with relevant habitat descriptions (e.g., text, photo, or GPS points) from



Agriculture 2022, 12, 610 3 of 14

online resources (http://www.cvh.ac.cn/ accessed on 21 April 2022, http://www.cfh.ac.cn/
accessed on 21 April 2022 and http://www.plantphoto.cn/ accessed on 29 June 2016) and
the published literature [1,3]. At an approximate position, we conducted a two-and-a-half
year (2016–2018) field survey in north and northwest China, and collected 246 occurrence
data with GPS. To improve the accuracy of prediction and reduce overfitting [44], SDMs
toolbox version 2.4 for ArcGIS 10.2 was used to rarefy the occurrence data. Since the
resolution of environmental variables used in the MaxEnt model was 2.5 arc-minutes
(approximately 5 km), to ensure that each variable grid covered, at most, one occurrence
point, we filtered the occurrence data with a buffer distance of 5 km and finally selected
16 occurrence points (Figure 1) for the MaxEnt model. The occurrence points are usually
divided into two types according to their usage: the training sample layer and the test
sample layer. The rarefied sample size was too small and the widely used method of setting
“random test percentages” (i.e., 20–30% of occurrence data [45,46]) would further reduce
the sample size. Therefore, to overcome the limitations of a small sample size, we decided
to set the 16 occurrence points (i.e., a 5 km buffer) as the training sample layer, and also
sought other occurrence points that differed from the training samples as the test sample
layer. We rarified the 246 occurrence data again with a 1 km buffer, and then obtained
27 points, which covered the 16 occurrence points (i.e., a 5 km buffer) previously selected.
After removing the 16 samples from the 27 newly acquired samples (i.e., a 1 km buffer), we
obtained 11 sample points that could be set as the test sample layer for the MaxEnt model.
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2.2. Environmental Variables

Nineteen climate variables (2.5 arc-minutes resolution, Table S1) for the current (1970–
2000) and future (2050s: 2041–2060 and 2070s: 2061–2080) periods were downloaded from
the WorldClim version 1.4 dataset (https://www.worldclim.org accessed on 21 April 2022).
The current climate data are interpolations from the observed data, and the future climate
data are projections from the Intergovernmental Panel on Climate Change (IPCC [47])
Fifth Assessment Reports (AR5). The future projection data has four “representative
concentration pathways” (RCPs. 2.6, 4.5, 6.0, and 8.5 [48]) and examines four possible
future radiative forcing levels (2.6, 4.5, 6.0, and 8.5 W/m2 [46]). The emission scenarios
consider the potential impacts of policies on future greenhouse gas emissions and provide
more scientific descriptions of possible future climate changes [17,49]. Among them, RCP2.6
is the lowest emission scenario (i.e., the most optimistic case) with ~490 parts per million
(ppm) CO2 concentrations until 2100, RCP4.5 and RCP6.0 are middle of the road (i.e., the
more optimistic case, ~650 ppm and 850 ppm, respectively), and RCP8.5 is the highest
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emission scenario (i.e., the worst case, ~1370 ppm, https://www.carbonbrief.org accessed
on 21 April 2022). RCP2.6 is the only case that could generally limit the global mean
temperature increase below 2 ◦C by 2100 [49], because previous studies have indicated
that without proper control, the CO2 concentrations will likely reach 560 ppm (double
the pre-industrial level) and 800 ppm by 2060 and 2080, respectively [50]. Hence, in this
study, we chose RCP2.6 and RCP6.0 of the Beijing Climate Center–Climate System Model
version 1.1 (BCC–CSM 1.1 [51,52]) as the future climate change scenarios.

2.3. Model Processing and Evaluation

For SDMs, rare samples may lead to an imperfect match between the environmental
variables and the occurrence data, which brings great difficulties to model evaluation and
easily leads to model overfitting [53]. To our knowledge, MaxEnt is one of the few models
that perform well in small sample simulations [16,53]. Over the past two decades, MaxEnt,
an occurrence-data-only machine-learning program [54], has had extremely extensive
procedures on predicting the potential distribution of species [44,55]. Previous studies
indicates that 15 might be the minimum number of occurrence points for ecological niche
modeling [16]. For Asian species which have >15 available occurrences, the MaxEnt model
may provide a broad spectrum of predictions [16]. Moreover, the jackknife test reflects the
contributions and the importance of environmental factors in the MaxEnt model [56–58].
The area under the curve (AUC) value, based on the receiver-operating characteristic (ROC),
ranges from 0 to 1 and reflects the accuracy of the MaxEnt model’s prediction [14,56,59].
Values of 0.8–0.9 indicate a good prediction while values of 0.9–1.0 represent an excellent
prediction [17,32,54].

We converted 19 bioclimate environmental variables (bio1–bio19) to ASCII format
using Toolbox of ArcGIS 10.2, and then imported the file along with the species occurrence
data (in ASCII format) into MaxEnt 3.4.1 for pre-selection. Based on the default settings,
we set 16 occurrence data (i.e., at 5 km) as the model training dataset and 11 occurrence
data (i.e., at 1 km) as the model testing dataset. A correlation analysis (r > 0.8) was
conducted to avoid the potential over-fitting [60,61] of environmental variables, and we
obtained two factors (more details in [62]): the annual mean temperature (bio1) and the
annual precipitation (bio12). In order to measure the contribution and importance of the
19 variables, we conducted a pre-selection with a set of 1000 iterations, a jackknife test, and
an analysis of the response curves, and used default values for other settings. According
to the pre-selection result (Table S1), the precipitation of the wettest quarter (bio16) and
bio1 contributed to the model the most. Previous studies have indicated that, for Rheum L.
plants, seasonal precipitation and relevant temperature during the growth period (March
to September [9], and March to May for some species in extreme conditions) are the key
factors affecting its spatial distribution [1–3]. Hence, after comprehensively considering the
results of the correlation analysis, the pre-selection, and the possible environmental needs
of R. nanum, we finally chose 6 bioclimatic factors (Table 1) as the environmental layers of
the MaxEnt in this study. To improve the projection accuracy and reduce uncertainty, we
launched the MaxEnt with the previous settings and ran it 10 times (i.e., 10 “replicates” with
basic settings). We calculated the contributions and importance of the 6 factors (Table 1)
with Excel and the obtained raster layers in ASCII format were then imported into ArcGIS
for further analysis.

Table 1. Environmental variables used for MaxEnt modeling.

Code Bioclimatic Data Unit Contribution (%) Importance (%)

bio1 Annual mean temperature ◦C 13.9 ± 0.8 54.1 ± 2.7
bio9 Mean temperature of driest quarter ◦C 7.4 ± 0.6 3.1 ± 0.6

bio14 Precipitation of driest month mm 9.7 ± 1.8 0.1 ± 0.1
bio15 Precipitation seasonality 6.2 ± 1.1 9.3 ± 2.1
bio16 Precipitation of wettest quarter mm 55.9 ± 2.1 20.0 ± 5.3
bio19 Precipitation of coldest quarter mm 6.9 ± 2.2 13.4 ± 2.6

https://www.carbonbrief.org
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We defined the logistic threshold of “balance training omission, predicted area, and
threshold value” as TH, and divided the obtained float raster maps into four classes using
the reclassify tool [54,55]: UH (unsuitable habitat, 0–TH), LH (low suitable habitat, TH–0.3),
MH (middle suitable habitat, 0.3–0.6), and HH (high suitable habitat, 0.6–1.0). The area of
suitable habitats as well as habitat maps showing the increases and decreases in habitat
range were measured using a raster calculator tool. The cores of habitats and range shifts
of habitats were calculated by the zonal geometry (i.e., by calculating the area and centroid
of the input raster or feature zone data using a specific zone field, which must be an integer
field) and the mean center tool (i.e., by identifying the geographic center for a set of features
with case field and weight field, which determine the rank and weight value, respectively;
the rank represents the suitability classes, and the weight represents the floating value of
MaxEnt.). To quantify the level of increase and decrease in habitat suitability, we defined
UH, LH, MH, and HH as 1, 2, 3, and 4, respectively. The raster calculator tool of ArcGIS
was used to test and compare the changes in habitat suitability over two periods. The
changes in the habitat suitability degree of −1, −2, and −3, respectively, represent a slight,
moderate, and dramatic decrease, while +1, +2, and +3, respectively, represent a slight,
moderate, and dramatic increase. In addition, we chose the ratio of the area corresponding
to the habitat suitability change degree and the total area of suitability change (i.e., increase
or decrease) to quantify the changes in habitat suitability.

3. Results
3.1. Contributions and Importance of Environmental Variable in the MaxEnt Model

The mean AUC value of the training data was 0.992 ± 0.003 (Figure S1a), indi-
cating that MaxEnt had excellent prediction performance. The Jackknife importance
test showed that the mean value of the regularized training gain of the six factors was
3.127 (Figure S1b,c). When the environmental variables were used in isolation, bio16 (i.e.,
the precipitation of the wettest quarter) had the highest gain of 1.825, bio1 (i.e., the annual
mean temperature) had the second highest gain of 1.455, and bio14 (i.e., the precipita-
tion of the driest month) had the lowest gain of 0.291. Moreover, bio1 (2.751) had the
largest decrease in gains when it was omitted, followed by bio16 (3.021) and bio15 (3.047)
(Figure S1c).

The MaxEnt model results showed that the variable that contributed the most was
bio16 (55.9%), followed by bio1 (13.9%) and bio14 (9.7%); the most important factor in the
MaxEnt model was bio1 (54.1%), and the second and third most important factors were
bio16 (20.0%) and bio19 (i.e., the precipitation of the coldest quarter, 13.4%), respectively.

3.2. Potential Geographic Distribution and Suitable Habitat Area of R. nanum

Under the RCP2.6 and RCP6.0 scenarios, R. nanum’s potential geographic distribution
of suitable habitats over the three periods (current, 2050s and 2070s) modeled by MaxEnt
was visualized by ArcGIS (Figure 2). The distribution maps showed that, under current
climate conditions, the range of MH was bounded at 81.7–97.3◦ E, 39.4–48.6◦ N, and the
range of HH was bounded at 82.4–93.4◦ E, 42.5–47.9◦ N.
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The areas of MH and HH were 361,875.0 ± 3.61 km2 and 156,284.7 ± 0.99 km2 in the
current climate conditions, respectively (Figure 3). The area of suitable habitats (LH, MH,
and HH) under the RCP6.0 scenario was smaller than that under the RCP2.6 scenario, in
both the 2050s and the 2070s. Under the RCP2.6 scenario and the RCP6.0 scenario, the area
of MH in the 2070s would be 225,972.2 ± 3.12 km2 and 123,750 ± 2.36 km2, respectively,
while that of the HH in the 2070s would be 48,194.4 ± 0.54 km2 and 27,309.0 ± 0.35 km2.
For MH, the area that was reduced the most was 2070RCP60 (65.80%), followed by
2050RCP60 (62.15%) and 2070RCP26 (37.56%) (Figure 2 and Table S2). For HH, the area that
was reduced the most was 2070RCP60 (128,975.7 km2, 82.53%), followed by 2050RCP60
(128,368.1 km2, 82.14%), 2050RCP26 (110,920.1 km2, 70.97%), and 2070RCP26 (108,090.3 km2,
69.16%) (Figure 3 and Table S2).

3.3. Changes of Potential Suitable Habitats in the Future Distribution Pattern

Environment variables have a significant influence on the distribution of R. nanum.
The increase and decrease maps (Figure 4) described the changes in their potential suitable
habitats for three periods (current, 2050s, and 2070s). The predicted maps showed that,
under the RCP2.6 scenario, the habitat suitability drastically decreased in the ranges of
81.6–89.6◦ E, 43.6–46.8◦ N (Figure 4a) and 82.0–90.3◦ E, 43.8–46.5◦ N (Figure 4b) in 2070–
current and 2050–current period, respectively; under the RCP6.0 scenario, the drastically
decreased area of habitat suitability in 2070–current period was at 81.9–91.9◦ E, 42.1–48.3◦ N
(Figure 4c), while that of 2050–current period was at 81.9–90.6◦ E, 43.6–48.1◦ N (Figure 4d).
Under the RCP2.6 and RCP6.0 scenarios, the changes in habitat suitability were varied by
different degrees: a larger proportion of suitability change was found between adjacent
levels (e.g., MH and HH), and a smaller proportion of change was found between further
apart habitat levels (e.g., LH and HH). The change range of habitat suitability at −1 and
+1 was 51.84–59.31% and 65.64–76.91%, while that of −3 and +3 was 14.82–18.63% and
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4.55–7.37%, respectively (Figure 4 and Table S3). Among all conditions of the 2050s and the
2070s, compared with the current distribution pattern, RCP6.0 led to a larger change in the
ratio of −1 than RCP2.6, and led to a smaller change in +1 (Table S3).
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3.4. Range Shifts of Suitable Habitat Cores under Two Climate Scenarios

Under the RCP2.6 and RCP6.0 scenarios, all cores of R. nanum’s UH were located in
the area of 98.7–99.6◦ E, 38.3–39.0◦ N, the border of Gansu (GS) and Qinghai (QH), and
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did not have significant changes for three periods (current, 2050s, and 2070s) (Figure 5).
However, the cores of LH, MH, and HH in future periods (i.e., 2050s and 2070s) had
significant changes under RCP2.6 and RCP6.0, compared with their current distribution.
Notably, under the RCP2.6 and the RCP6.0 scenarios, all cores of LH, MH, and HH in
the 2050s and the 2070s were located in Xinjiang (XJ), China (Figure 5). Compared to the
habitat range of MH in the current period, in the west–east direction, the MH cores of
2050RCP60, 2070RCP26, and 2070RCP60 shifted toward the west, while the MH core of
2050RCP26 moved east; in the north–south direction, except for 2070RCP60, the MH range
of 2050RCP60, 2070RCP26, and 2050RCP26 shifted toward the north (Figure 5). The shift
distances of MH cores between the current distribution and that of 2070RCP60, 2070RCP26,
2050RCP60, and 2050RCP26 were 118.68 km, 63.52 km, 142.73 km, and 148.49 km, respec-
tively. Compared to the core of HH in the current distribution, all cores of HH shifted
toward the south under the RCP2.6 and the RCP6.0 future scenarios (Figure 5). Compared
with the range of HH in the current distribution, the cores of HH shifted by 100.18 km and
115.65 km in 2050RCP60 and 2070RCP60, respectively.
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4. Discussion
4.1. Effects of Climate Change on Suitable Habitat Range

Our simulation of the potential distribution of R. nanum in the current period, the
2050s, and the 2070s had an accurate performance (AUC > 0.9), and the results indicated
that R. nanum’s distribution was largely influenced by three precipitation factors (i.e., bio14,
bio16, and bio19) and one temperature factor (bio1). For flora species, precipitation affects
soil moisture and infiltration [15] and plays a key role in determining the distribution of
plants. Moreover, under the growing pressure of changing environments, an increase in
temperature [34] has resulted in a reduction in precipitation in Himachal Pradesh, and
has impacted the productivity of agricultural crops [63]. In this study, we compared the
range changes of the potential suitable habitat of three periods (i.e., current, 2050s, and
2070s) under two climate scenarios (i.e., RCP2.6 and RCP6.0) to quantify the impacts of
temperature increase on the potential distribution of R. nanum. Compared to the current
distribution, almost every suitable habitat (LH, MH, and HH) under RCP2.6 and RCP6.0
scenarios would decrease by different degrees in the future except for LH (increase of 2.58%)
and MH (increase of 2.32%) under the 2050RCP2.6 scenario (Figure 3 and Table S2). We
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believe that, under the 2050RCP2.6 scenario, the unbalanced changes of suitable habitats
(e.g., for MH, the degraded area from HH could not offset the newly added suitable
habitats from UH) may be responsible for the increase of LH and MH. The comparison of
the potential distribution maps of the 2050s and the 2070s (Figure 4 and Table S2) revealed
that, compared to the RCP2.6 scenario, RCP6.0 led to a greater reduction in the area of
suitable habitats (LH, MH, and HH), which was contrary to previous studies [27] and our
former hypotheses. The ecosystems of arid and semi-arid regions are too sensitive to global
warming [64], and we believe that this may be the cause of this opposite result.

As the optimal habitat of R. nanum, the range of HH was predicted to shift south in the
future, as compared to its current range. This result is contrary to the moving direction of
the other species in previous studies [27,65]. We inferred that species in arid and semi-arid
lands may have different survival strategies [36] when facing global warming, as compared
to species in other ecosystems [26], and this may have caused the opposite range shifts.
Murray et al. [66] suggested that species with a limited distribution always have a narrow
ecological tolerance, and that even slight climate changes may affect their distribution
patterns. In addition to the poleward shift, the cores of HH also shifted to higher altitudes
with complex terrain (Figure S2), which was consistent with our original hypothesis.
Previous studies have also indicated that species would shift poleward and upward to
adapt to climate changes [67–69]. However, the poleward migration is essentially the same
strategy as the high-elevation migration. For species with little elevation change in their
typical habitats, range shifts north would provide an environment similar to their previous
habitat in terms of temperature, and species could also shift to a colder environment by
increasing living elevation by a small range [65]. Notably, unlike the simple horizon or
elevation shift shown on maps, species’ range shifts in nature are typically a combination
of two migration strategies [67].

With a continued increase in greenhouse gas emissions [48], the higher-emission
scenario (RCP6.0) had higher rates of temperature increases than those found in the lower-
emission scenario (RCP2.6). Until the end of this century, MH and HH had further range
shifts in RCP6.0 than in RCP2.6. One possible reason was that, as an arid and semi-
arid species [36], R. nanum is highly sensitive to climate changes (e.g., temperature and
precipitation). Notably, the geometric comparison of the suitable habitat range maps of the
three periods under the two climate scenarios indicated that the HH range of 2050RCP26,
2050RCP60, 2070RCP26, and 2070RCP60 were all included in the HH area in the present
day (Figure 2). In addition, the global temperature and mountain ranges largely led to the
range shifts of plant species [68]. Therefore, combined with the range of suitable habitats
and their range shifts, we assumed that the irregular shrinkage of their suitable habitats
may be the main reason behind the range shifts in the future. For insight into the essentials
of species range shifts, quantifying and evaluating the importance and contribution of the
irregular shrinkage of their habitats should be a focus in future studies.

4.2. Conservation of Species in Ecologically Fragile Areas

The complex terrains of the high mountains in Asia, such as the Kunlun Mountains, the
Altai Mountains, the Qilian Mountains, and the Tianshan–Pamir–Hindu Kush–Karakoram
mountain ranges, have created a large region with relatively stable arid and semi-arid
environments [70]. Previous studies have also proven that the valleys and the rivers of the
Hengduan Mountains have provided refuge for plants to survive and evolve in the Last
Interglacial and the Last Glacial Maximum [71]. For the habitat suitability of R. nanum, the
drastically increased range was commonly bounded by 74.1–81.4◦ E and 36.0–37.6◦ N while
the drastically decreased range was commonly bounded by 81.6–89.6◦ E and 43.6–46.8◦ N
(Figure 4). We speculate that the mountain regions of Central Asia provide a relatively
stable habitat for R. nanum to survive, and previous studies have provided some consistent
clues [27,70,71]. Under two climate scenarios of the 2050s and the 2070s, the decreased
range of habitat suitability coincides with the major distribution range (MH and HH)
of R. nanum under current climate conditions (Figures 2a and 4). We support the belief
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that the ecosystems in arid and semi-arid regions are relatively fragile and sensitive to
environmental changes [36], and believe that temperature and corresponding precipitation
changes [34,35] may be the dominant factors causing the decrease in R. nanum’s habitat
suitability in Central Asia. The growing pressure of potential evaporation caused by the
increasing global warming will accelerate the decrease in soil moisture [72], which may
trigger severe droughts [36] with increasing frequency in arid and semi-arid regions. The
severe drought stress could lead to low richness patterns of plant species [73], which would
likely offer less opportunities [74] for the adaption and distribution of species in this region.

The variations (e.g., seasonality changes) in environmental factors (i.e., temperature
and precipitation [41]) have an obvious effect on flora plants in arid and semi-arid areas.
Compared with the herbaceous species distributed in this region, the living strategies (e.g.,
deeper root systems [36]) of woody species play an important role in ensuring survival.
However, they also limit the speciation during their life history and may reduce their
potential distribution range [75]. In terms of the decrease in the habitat suitability and
irregular shrinkage of habitat range of R. nanum, compared to species with similar habitats,
we cannot state with certainty whether this is an individualistic response [41] by the species
to climate change. When it comes to conservation, for R. nanum and other plants with
medicinal properties [48], we hold the opinion that appropriate human intervention is
necessary. Since the extinction of species due to severe climate change is most likely to
occur in sensitive and fragile ecosystems (e.g., the Taklamakan Desert [36]), it is recom-
mended that protection areas [76] are set up with suitable habitats for target species in
order to prevent excessive digging [77] and illegal trade [48]. Additionally, to ensure the
management and protection of agricultural crops of economic value, regular collection
of field germplasm resources and corresponding artificial cultures are also necessary and
deserve special attention.

4.3. Dominant Environmental Factors and Limitations in Predicting Species-Distribution Ranges

Our study succeeded in predicting the geographic distribution of species living in arid
and semi-arid regions. Objectively speaking, however, our results had several limitations.
Firstly, MaxEnt’s niche simulation of the target species is based on the premise that the
species would be extensively present in the sites where their environmental conditions (i.e.,
temperature and precipitation) have maximum similarity to the sites of known occurrence
data [59,62,78]. Some geographic barriers (e.g., monsoons, mountains, and rivers) that
affect the distribution ranges of species are typically ignored [20]. Secondly, we only
obtained a few occurrence data in this study, and the prediction did not consider more
relative environment factors (i.e., soil category, light, terrain). For more accurate predictions,
future studies should consider as many relevant factors (e.g., abiotic and biotic factors) as
possible and integrate them with more adaptable algorithms [53]. Thirdly, we predicted
the potential distribution of R. nanum using MaxEnt alone. However, previous studies
have shown that crosslinked models have had a higher prediction accuracy compared to a
single model [68]. In addition, as an important complement and confirmation of our work,
studies of the Last Glacial Maximum [45] and the Mid-Holocene will further refine species’
response theory to climate change.

5. Conclusions

In this study, with the help of ArcGIS and the MaxEnt model, we successfully predicted
R. nanum’s potential distribution and evaluated suitable habitats in the current period,
the 2050s, and the 2070s under the RCP2.6 and RCP6.0 scenarios based upon the relevant
environmental factors (i.e., temperature and precipitation). In contrast to the simulation of
other species with abundant occurrence data, we categorized the selected occurrence data
into the test layer and training layer manually, and realized MaxEnt’s effective utilization
of our small sample size. Our results suggest that the potential distribution habitat of
R. nanum’s range was 81.7–97.3◦ E and 39.4–48.6◦ N in the current period. The key environ-
mental factors that affected the distribution of R. nanum were bio1 and bio16. Under the
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two climate scenarios, the areas of suitable habitats (i.e., LH, MH, and HH) had different
degrees of decreasing in both the 2050s and the 2070s, and RCP6.0 led to larger habitat
range reductions than those found with RCP2.6. Moreover, the suitable habitats for R.
nanum will shift toward the south with different distances in the future. In particular, we
found that the irregular shrinkage of suitable habitats may be an ignored reason that led
to the movement of habitat cores. To prevent the illegal digging and trade of agricultural
crops with economic value, it is feasible to establish protection areas and management
standards. We believe our study can provide a vital reference for the habitat simulation of
species with a small sample size, and may provide supports for species conservation in
arid and semi-arid regions.
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