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Abstract: The climate oscillations of the quaternary periods have profoundly affected the geographic
distributions of current species. Acer davidii is a deciduous forest tree species mainly distributed in
East Asia and China, playing a dominant role in the local forest ecosystem. In order to study the
potential changes of geographic distributions of A. davidii in climate fluctuations, we collected the
relate geographical distribution data and six climatic variables, using maximum entropy modelling
to determine the species distribution. The results showed that the Areas Under Curve (AUC) values
of the working characteristic curves of the subjects in the five historical periods were all greater than
0.93, suggesting that the results of maximum entropy modelling were accurate. The simulation of
species distribution showed that the suitable area of A. davidii was mainly concentrated in central
and northern China in contemporary times. From the Last Interglacial Age (LIG) to the Last Glacial
Maximum (LGM), and then to the future (2050, 2070), the distribution area of this species experienced
a decrease (LGM~Current; the high adaptability areas of central China became moderate) then an
increase (Current~2050, the adaptation areas expanded to South Asia, Southeast Asia, and Siberia),
and finally decreased (2050~2070, the suitable areas of South Asia, Southeast Asia, and Siberia shrank
returning to China at latitude 25 ◦N). Compared to the LGM, the area of contemporary suitable
area increased. Interestingly, the area of suitable growth range under future climatic conditions
(2050) increased by half than before, and the suitable distribution area moved from Midwest China
to Northeast China. This study on the change of species distribution can provide a typical case for
the model study on the response of plants to climate change in the north temperate and subtropical
zones of East Asia. Meanwhile, it can also give a basis for planting planning, species protection,
and management.

Keywords: potential suitable habitat; climate change; species distribution modeling

1. Introduction

The relationship between the vegetation dynamic change and climate plays an im-
portant role in the field of global change. The prediction of the geographic distributions
changes under the paleoclimate condition can provide an effective method for predicting
the distribution area under future climate change [1]. Continuing global warming has
a significant impact on global natural ecosystems. Thomas et al. [2], based on scenarios
of moderate warming in 2050, have found that 15–37% of species in the sample areas
(covering 20% of the Earth’s surface) will be at risk of extinction. Generally, climate change
affects the geographical distribution of species, population growth, decline, and stability
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to a certain extent [3], and it has also been widely proved to have a great impact on com-
munity composition and structure [4,5], vegetation pattern, and ecosystem function [6].
Therefore, we predicted the species distribution dynamic of Acer davidii to understand the
future distribution of these plants under climate change, which will be useful for planning
adaptation to climate change in forestry and nature protection.

Species Distribution Modelling (SDM) is an important approach used to simulate
the potential geographical distribution and ecological needs of species. Based on the
contemporary environmental conditions of a species, this method can infer the potential
suitable distribution areas in different geographical periods, and it was widely used in
disciplines such as species protection and management [7,8]. The concept of realized niche
shows the real distribution area of species in geographical space affected by biotic or abiotic
factors [9]. In this study, we used “area of potential distribution” and “suitable area” to
represent realized niches in different periods. As the absence records used by each model
were different, the simulated realized niche was also different [10]. Currently, the two
simulation methods, MaxEnt and GARP, are commonly used to predict the distributions of
species on different scales [11,12]. Both models use artificial intelligence to assess potential
geographical distribution. Of these, GARP uses specific rules to determine whether species
exist in a given area and generates a model [13], while MaxEnt has recently been reclassified
as a version of the generalized linear model. It generates the model based on the maximum
entropy principle by finding the distribution closest to the uniform distribution in the whole
study area of each environmental variable [14]. To study the distribution area changes of
Tsoongiodendron odorum, Hu et al. [15] used MaxEnt to obtain the historical changes of the
geographical distribution pattern of tourist trees, which provided data for conservation
policy formulation in the future. Garza et al. [16] used MaxEnt to analyze the potential
distribution area of the endemic plant Manihot walkerae in southeastern North America,
which provided data support for future protection work. When the geographical location
information of a species cannot be fully collected, GARP may perform better in predicting
distribution [17]. On the other hand, MaxEnt has a high accuracy even when the species
distribution data is very limited [12,18].

Recently, prediction research on species distribution area under climate change sce-
nario has been conducted using species distribution data, environmental data, and predic-
tion model methods, etc. Among them, multi-species distribution models and ensemble
prediction based on multi-climate scenarios are becoming the main means and measures
for species suitable habitat prediction under climate change [19,20]. However, most of the
current studies focused on a certain period in the future, which could not reflect the overall
trend of the change of species’ suitable habitats under the climate change scenario [21,22],
and most of the previous studies only considered the change of suitable habitat areas,
but not the changes of suitable degree, structure, and function of suitable habitats [23,24].
In addition, these studies did not take into account the effects of climate change on the
suitable habitats by changing the distribution of vegetation types, soil environment, or
other indirect ways [21,22].

Acer davidii Franchet, belonging to Aceraceae, is a deciduous forest tree species mainly
distributed in East Asia, mainly in China. It often grows in sparse forests at an altitude of
500–1500 m [25]. It grows rapidly with a neat crown, so it can be used as a tree species
for greening and afforestation. The long bark fiber containing tannins can be used as
industrial raw material [25]. Shading can improve the adaptation of A. davidii seedlings
to the environment [26]. In the effect of radiation on plants, Li et al. [27] found that UV-B
radiation had some inhibitory effects on the photosynthesis of A. davidii seedlings.

At present, there are few studies on the simulation of species distribution of Acer
species. Previous studies mainly focused on the external environmental influence on
its physiological activities. For instance, Hanba et al. [28] found that there were great
differences in light demand of leaves between different Acer species. Coudun et al. [29]
found that the nutrient composition of the soil had a great influence on the distribution of
Acer campestre; Kim et al. [30] extracted vitexin from Acer palmatum, which has isolation
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and antioxidant effects; Tsuda et al. [31] found out the reason why Acer saccharinum, as a
riparian species, can grow well in dry soil after transplantation; Royer et al. [32] showed the
high correlation between annual mean temperature and the leaf size of Acer rubrum, which
can be used to the reconstruct paleoclimate model. In the context of climate change, the
study on potential distribution is becoming especially important for species conservation
and resource utilization. Taking China as an example, Acer species in China are widely
spread. However, the environmental factors in the distribution area are quite different, and
the distribution information of Acer species in some areas is still not clear, which are the
reasons for the lack of simulation research on the Acer distribution area.

In this study, the Chinese endemic species A. davidii was used to study the change
of its suitable area under the scenario of climate change. The purpose of this study is
to understand the impact of climate change on the distribution of A. davidii since the
Last Glacial Maximum to determine the important environmental factors that affect its
distribution and to predict the change of its suitable areas, so as to provide theoretical
reference and scientific basis for the protection and utilization of A. davidii. Meanwhile,
this study can provide a typical case for the model study of the response of plants to
climate change in the north temperate zone and subtropics of East Asia, and it can also
provide an example for the response analyses of other taxa in the region to climate and
environmental change.

2. Materials and Methods
2.1. Data Sources

Geographical information of A. davidii: We obtained a total of 287 occurrences of A.
davidii by field works or from the China Digital Plant Museum (http://www.cvh.org.cn)
and GBIF Database (http://www.gbif.org/) at January 2021. After examination, uncertain
and repeated sample points were removed. In total, 262 distribution points, which can
be used to perform the MaxEnt model program, were retained, and ArcGIS10.7 was
used to draw the geographical distribution map (Figure 1) of A. davidii. The elevation
data were downloaded from the National basic Geographic Information Center (http:
//www.ngcc.cn/ngcc/) at January 2021.
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Environmental variable information: The climate variable data were obtained from
the world climate database (WorldClim, http:///www.wordclim.org/) at January 2021.
The climatic data for each period include 19 bioclimatic variables (bio01–bio19), for which
the spatial resolution was 2.5 min in this study.

http://www.cvh.org.cn
http://www.gbif.org/
http://www.ngcc.cn/ngcc/
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2.2. Environmental Factors and Pretreatment

We deleted the sample points that could not be acerated and finally obtained a total
of 262 sample points. In order to avoid the overfitting phenomenon caused by the high
correlation of environmental variables, we evaluated the contribution rate of each variable
through the knife-cutting method of the MaxEnt model and obtained the pre-selected envi-
ronmental variables combined with the results of the response curve. The environmental
variable information of the 262 A. davidii samples was extracted using ArcGIS10.7 Esri, and
then the Spearman correlations between environmental variables were calculated using
SPSS Statiatics software (Table S1). If the correlation coefficient of the two variables was
more than |0.85|, only one of the two variables with high contribution rate was selected be-
cause multicollinearity may violate statistical assumptions and alter model predictions [33].
The environmental factors obtained by the above method are shown in Table 1.

Table 1. Description of environmental variables used in MaxEnt.

Type Variable Code

Climate

SD of temperature change (standard deviation) bio4
Mean temperature of the coldest quarter/◦C bio11

Annual precipitation/mm bio12
Precipitation of wettest month/mm bio13
Precipitation of wettest quarter/mm bio16

Precipitation of the warmest quarter/mm bio18

2.3. Models and Methods

The distribution with the maximum entropy is closest to the real state. The maximum
entropy principle for data analysis was selected as the MaxEnt model to calculate the
probability distribution with maximum entropy that satisfies the distribution constraints,
so that the probability distribution of random events could be inferred from incomplete
information. MaxEnt combines statistical models and machine learning to simulate specia-
tion, using only a small amount of given data. Its simulation accuracy is higher than that
of other models, and the prediction effect is better. When using a computer to simulate
the distribution of entropy, the MaxEnt model takes the pixels of known species distribu-
tion points as samples, obtains the constraint conditions according to its environmental
variables, such as climate, altitude, and soil type, and explores the possible distribution of
maximum entropy under these constraints, so as to predict the distribution of species in the
study area [34]. The maximum entropy algorithm is a constrained optimization algorithm,
i.e., when the output is known. For a given training data set and characteristic function
fi(x, y), i = 1, 2, . . . , n, MaxEnt solves the equation as follows:

maxp∈cH(P)−∑
x,y

P̃(x)P(y|x) log P(y|x)

s.t. Ep( fi) = Ep̃( fi), i = 1, 2, . . . , n

∑
y

P(y|x) = 1

where H(P) is conditional entropy, P(y|x) is conditional probability distribution hypothe-
sis, P̃(x) is empirical distribution, and Ep( fi) represents the expectation of the characteristic
function, with respect to the empirical distribution.

Based on probability theory and machine learning, this model was constructed using
species distribution points and environmental variables. In order to improve the accuracy
of prediction, this study randomly selected 75% of the total data as the training set to build
the model, and the remaining 25% was used to test the model. Additionally, the MaxEnt
model was randomly selected as the training set. The potential distribution areas of A.
davidii in the Last Glacial Maximum (LGM), the Last Interglacial (LIG), the present and
the future (2050, 2070) were simulated. By using the natural segment method in ArcGIS,
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the distribution area of each period simulated in MaxEnt was divided into four grades:
non-adaptive area, low-adaptive area, moderate-adaptive area, and high-adaptive area.

2.4. Model Result Evaluation

The accuracy of the MaxEnt model was tested by the subject working characteristic
curve Receiver Operator Characteristic curve (ROC), which was represented as by the area
under the curve (AUC). The value range was between 0 and 1, and the larger the AUC
value is, the more accurate the model prediction is. Specifically, when the AUC value is
between 0.5 and 0.6, the simulation of the model “fails”; the AUC value of 0.6–0.7 indicates
that the simulation effect of the model is “poor”; the AUC value of 0.7–0.8 indicates that
the simulation effect of the model is “general”; the AUC value of 0.8–0.9 indicates that the
simulation effect of the model is “good”, and the AUC value greater than 0.9 indicates
that the simulation effect of the model is “excellent” [35], which can accurately reflect the
potential distribution of species. The model uses cloglog as the output format. MIROC is a
model designed by the Japanese to simulate climate change in East Asia [36], and CCSM is
a model designed by Americans to simulate global climate change, so the results simulated
by MIROC should be more accurate than those simulated by CCSM in this study. In
addition, some studies have found that the high concentration of RCP8.5 may overestimate
the future supply of fossil fuels [37]. According to the report on future coal use, 90% of
fossil fuels will be exhausted by 2070 [38]. Therefore, we chose RCP6.0, which assumes that
greenhouse gases will peak in 2080 [39]. We also simulated the two climate scenarios of
RCP2.6 and RCP4.5 to analyze the distribution area of A. davidi. We used response curves
to analyze and discuss the influences of different environmental variables on the potential
distribution area and the relationship between distribution and environmental factors.

3. Results
3.1. Evaluation of the Accuracy of the Model

Using 262 contemporary distribution records and 6 climate variables, the maximum
entropy model was used to simulate the potential geographical distribution of A. davidii. As
shown in Figure 2, in the Last Glacial Maximum (LGM), Last Interglacial (LIG), current and
future (2050 and 2070) simulations, the values of AUC were all greater than 0.93, indicating
that the prediction results were accurate. We chose MIROC to simulate our data.

3.2. Importance of Variables and Climate Preference

Table 2 shows the contribution rate and importance of environmental variables to
the distribution of A. davidii in different periods. In the Last Glacial Maximum (MIROC,
CCSM), last interglacial, present and future (2050, 2070) simulations, the top three envi-
ronmental factors were the mean temperature of the coldest quarter, precipitation of the
warmest quarter, and annual precipitation. For every simulated period, the most important
environmental factor was the mean temperature of the coldest quarter.

As shown in Figure 3, in the regularization training gain, the proportion of envi-
ronmental factors in the Last Glacial Maximum, the Last Interglacial, contemporary and
2070 simulations were the same from high to low as the mean temperature of the coldest
quarter, precipitation of the warmest quarter, temperature seasonality, precipitation of the
wettest quarter, annual precipitation, and precipitation of the wettest month. The propor-
tion of environmental factors from high to low in 2050 was a mean temperature of the
coldest quarter, temperature seasonality, precipitation of the wettest month, precipitation
of the wettest quarter, annual precipitation, and precipitation of the warmest quarter.
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Table 2. Contribution rate of each environmental variable.

bio4 bio11 bio12 bio13 bio16 bio18

Percent contribution

LGM (MIROC) 10.2 40.5 10.5 0.7 0.1 38.0
LGM (CCSM) 10.4 41.7 11.6 0.7 0.4 35.2

LIG 10.9 41.6 10.1 0.7 0.2 36.5
Current 10.2 41.9 10.8 0.5 0.3 36.3

2050 8.1 76.4 0.1 13.5 1.3 0.7
2070 11.2 40.0 15.3 0.7 0.3 37.5

Permutation importance

LGM (MIROC) 7.7 51.3 20.8 11.2 3.8 5.1
LGM (CCSM) 10.1 55.8 10.7 7.9 11.6 3.8

LIG 8.1 56.1 16.3 7.8 6.9 4.7
Current 9.6 55.8 13.7 9.0 8.3 3.7

2050 16.1 69.1 0.2 9.9 3.4 1.2
2070 8.4 53.9 15.3 8.9 7.2 6.3

bio4, SD of temperature change (standard deviation); bio11, mean temperature of the coldest quarter; bio12, annual precipitation; bio13,
precipitation of wettest month; bio16, precipitation of wettest quarter; bio18, precipitation of the warmest quarter; Last Glacial Maximum
(LGM); Last Interglacial Age (LIG).
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As shown in Figure 4, in the test training gain, the proportion of MIROC in the Last
Glacial Maximum was the same as that of contemporary environmental factors, and the
contribution rate of this period was the mean temperature of the coldest quarter, pre-
cipitation of the warmest quarter, temperature seasonality, precipitation of the wettest
quarter, precipitation of the wettest month, and annual precipitation. The proportion of
environmental factors in the last glacial maximum (CCSM) and sub-interglacial (LIG) was
the same as that in 2070, and the order from high to low was the mean temperature of the
coldest quarter, precipitation of the warmest quarter, temperature seasonality, precipitation
of the wettest quarter, annual precipitation, and precipitation of the wettest month. The pro-
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portion of environmental factors from high to low in 2050 was the mean temperature of the
coldest quarter, temperature seasonality, precipitation of the wettest month, precipitation
of the wettest quarter, annual precipitation, and precipitation of the warmest quarter.
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All results indicated that the main environmental variables affecting the potential
distribution area of A. davidii were temperature (mean temperature of the coldest quar-
ter, SD of temperature change) and precipitation (precipitation of the warmest quarter,
precipitation of the wettest quarter).

3.3. Threshold Analysis of Dominant Environmental Variables

The analyses of those response curves (Figure 5) also indicated how the logistic
prediction for A. davidii changed. It indicated that the threshold values of SD of temperature
change was 2310 and 12,560, precipitation of the wettest quarter was 195 and 2000 mm,
precipitation of the warmest quarter was 190 and 30,250 mm, and mean temperature of
the coldest quarter was 110 and 210 ◦C. The highest points of the images represent their
optimal threshold, which means that the temperature or humidity is most suitable for A.
davidii to grow.

3.4. Changes of Potential Geographical Distribution of A. davidii in Asia under Different
Climatic Scenarios

The distribution area of A. davidii changed in different periods. The main contempo-
rary distribution areas of A. davidii are located in Yunnan, Guangxi, Guizhou, Chongqing,
Sichuan, Gansu, Shanxi, Shaanxi, Ningxia, Hebei, Beijing, Tianjin, Shandong, Anhui,
Jiangsu, Hubei, Henan, Shanghai, Fujian, Taiwan, and Guangdong. Because the AUC
predicted by MIROC was greater than CCSM, compared with the Last Glacial Maximum
(MIROC), the total area of contemporary distribution increased by 28.6059 km2 (0.68%). The
area of the high adaptation area decreased by 23.1129 km2 (0.52%); the area of the medium
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adaptation area increased by 11.2708 km2 (0.22%); and the area of the low adaptation area
increased by 5.7778 km2 (0.97%). Compared to the Last Interglacial Age (LIG), the total
current distribution area increased by 92.5365 km2 (4.55%). The high-growth area increased
by 41.1545 km2 (2.05%); the medium-adapted area increased by 58.4966 km2 (2.92%); and
the low-adapted area decreased by 7.1146 km2 (0.43%). In 2050, new potential distribution
areas appeared in Siberia, South Asia, and Southeast Asia, and the proportion of potential
distribution areas in Korean Peninsula and Japan increased. The total area of potential
distribution in 2050 accounted for 1058.2361 km2 (37.16%) of the total area. Compared to
the present age, the total area of 2070 increased by 402.7378 km2 (19.97%). Other detailed
information about distribution change is shown in Tables 3 and 4.
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Table 3. Characteristics of potential distribution percentage in different periods for A. davidii.

Area of Each Suitable Region (The Percentage Change in Area Compared with Current, %)

Period Marginally Suitable Region Moderately Suitable Region Highly Suitable Region Total Suitable Region

LGM (CCSM) 4.99 (−1.22) 3.58 (−2.82) 6.59 (+2.02) 15.16(−2.03)
LGM (MIROC) 5.24 (−0.97) 6.18 (−0.22) 5.09 (+0.52) 16.51 (−0.68)

LIG 6.64 (+0.43) 3.48 (−2.92) 2.52 (−2.05) 12.64 (−4.55)
Current 6.21 (0.00) 6.40 (0.00) 4.57 (0.00) 17.19 (0.00)

2050 22.51 (+16.3) 37.88 (+31.48) 9.56 (+4.99) 69.95 (+52.76)
2070 19.19 (+12.98) 8.64 (+2.24) 9.32 (+4.75) 37.16 (+19.97)

Table 4. Characteristics of potential distribution in different periods for A. davidii.

Area of Each Suitable Region (The Change in Area Compared with Current, km2)

Period Marginally Suitable Region Moderately Suitable Region Highly Suitable Region Unsuitable Region

LGM (CCSM) 111.5191 (−11.3368) 79.8524 (−46.8716) 147.1458 (+56.6354) 1894.2540 (+255.6780)
LGM (MIROC) 117.0781 (−5.7778) 137.9948 (−11.2708) 113.6233 (+23.1129) 1864.0750 (+225.4990)

LIG 129.9705 (+7.1146) 68.2274 (−58.4966) 49.3559 (−41.1545) 1711.1840 (−72.6080)
Current 122.8559 (0.00) 126.7240 (0.00) 90.5104 (0.00) 1638.5760 (0.00)

2050 449.9479 (+327.0920) 757.2726 (+630.5486) 191.1059 (+100.5955) 600.7188 (−1037.8572)
2070 383.6684 (+260.8125) 172.7830 (+46.0590) 186.3767 (+95.8663) 1256.217 (−382.3590)

Dyderski et al. [40] superimposed simulation results of one species in different periods, which can better and more directly show the
changes of its distribution area. Puchalka et al. [41] used this method to reveal more clearly that climate change in 2070 is likely to be
observed in 2050.
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According to Figure 6, during the last glacial maximum, the suitable areas were mainly
concentrated in the vicinity of latitude 30 ◦N, and the high-adaptive areas were mainly
distributed in Sichuan, Guizhou, and Zhejiang, China, and near the junction of Honshu
and Kyushu in Japan (Figure 6a,b). With the arrival of the last interglacial age, the suitable
area shrank and moved southward, mainly concentrated in the latitude of 25 ◦N, and the
main high growth areas tended to transfer from Sichuan to Yunnan (Figure 6c). However,
the suitable area expanded significantly in 2050, in which the high-adaptive area moved
to northeastern China and a new high-adaptive area began to appear in Baikal Lake and
southwestern India (Figure 6e). In 2070, the suitable area moved significantly to the south
and the high-adaptive area was mainly located in the vicinity of latitude 20 ◦N. New high
suitable areas emerged in Laos, Myanmar, Vietnam, and the island countries in the Pacific
Ocean. The Korean Peninsula and Japan also became very suitable for the growth of A.
davidii (Figure 6f).
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Figure 7 shows more clearly the changes of the potential distribution area of A. davidii
in the future (RCP 6.0). Although part of the current suitable area of A. davidii would be
lost in 2050 due to climate change, the total distribution area would experience a large-
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scale expansion. Compared with the present age, the distribution area of A. davidii would
gradually move southward in 2070, and most of the current distribution area would no
longer be suitable for its growth. Although the area of potential distribution would be
much smaller than that in 2050, it would still be larger than the current area.
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Figures 8 and 9 show the distribution areas of A. davidii in RCP 2.6 and RCP
4.5 scenarios, and the change trend in each period was the same as RCP 6. With the
decrease of pollutant discharge, the expansion of the distribution area of A. davidii became
smaller but more stable.
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4. Discussion

Climate change will have different effects on plants in different geographic regions [40].
The adaptability of species to different environmental variables is the decisive factor of
their distribution patterns [42]. Since the late Pleistocene, the global climate has fluctuated
greatly, especially the last glacial-interglacial cycle, which has profoundly affected the dis-
tribution of most organisms at present [43,44]. In this study, the Jackknife test of the Maxent
model was used to analyze the environmental factors that affect the distribution of A. da-
vidii. The results suggest that the mean temperature of the coldest quarter, precipitation of
the warmest quarter, temperature seasonality, and precipitation of the wettest quarter were
the main factors affecting the potential geographical distribution of A. davidii, and the mean
temperature of the coldest quarter made the greatest contribution to it. Since the seasonality
of temperature usually increases with the increase of latitude [45], it may determine the
upper limit of the distributed latitude of A. davidii. The change of temperature affects
the distribution of seeds by affecting seed germination, water absorption, photosynthesis,
transpiration, respiration, reproduction, and growth [17]. Precipitation affects the growth,
morphology, phenological phase, and plant biomass accumulation of A. davidii, resulting in
a decrease in plant height and seed yield, thus affecting its distribution [46,47]. Therefore,
all these factors will affect the final ecological adaptation and distribution of A. davidii.
Additionally, according to the results of three different climate scenarios, the higher the
emission level of pollutants, the more unstable the distribution area of A. davidii, which
indirectly reflects the intensity of climate change. Meanwhile, the results of RCP 2.6 and
RCP 4.5 are very similar, which indicates that there is a critical value of the impact of
pollutant emissions on environmental change [40,41].

Compared to the change of suitable area, each species’ research results were different.
The distribution area of different species showed different trends under the influence of the
same environmental factors. For example, Acer palmatum Thunb., which was distributed
on the edge of subtropical forests in China, North Korea, and Japan or in sparse forests
at low altitudes belongs to the same genus and growth in a similar habitat to A. davidii.
Gao et al. [48] studied the spatial distribution of Acer palmatum and found that the suitable
area of this species expanded at first and then shrank. However, Lin et al. [49] draew a
different conclusion in the simulation of the distribution area of another Acer species, Acer
ginnala Maxim., which was distributed on the jungle below, 800 m above sea level. This
species was sensitive to temperature and precipitation, similar to A. davidii. The suitable
area of Acer ginnala Maxim is predicted to gradually decrease in the future.

Additionally, plants affected by the same environmental variables are supposed have
similar changes in the distribution area during climate change. Therefore, we can test the
accuracy of the prediction by referring to plants with the same sensitive environmental
variables as the A. davidii. With climate change, the increasing temperature has turned
previously colder high latitudes into environments suitable for plant growth, thus accel-
erating the process of plant migration [50]. The simulation results of Jin et al. [51] on
the future distribution area of Phyllostachys edulis, distributed in the temperate zone with
annual precipitation between 1200 mm and 1800 mm, showed that the species tended
to migrate to high latitudes. When Jiang et al. [52] studied the geographical distribution
simulation of three endangered wild grape species Vitis L. in China, which are distributed
in the Yangtze River basin and are sensitive to temperature and precipitation, the suitable
areas of the threes species were found to expand northward in the future. The suitable
areas of these two taxa are similar to those of A. davidii, and their simulation results are
consistent with our research, which confirms the accuracy of our results. In our study,
the high adaptive area of A. davidii moved from central China (Sichuan, Guizhou, and
Chongqing) to northeast China and Siberia in 2050, which also supported the above point
of view. As mankind takes more active action against climate warming, the southward
shift of the suitable area of A. davidii in 2070 confirms the impact of climate change on
species distribution.
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Comparing the reconstructed distribution area under paleoclimate with that predicted
under a future climate model can provide better methods and strategies for species protec-
tion and utilization [53]. Due to the wide distribution of A. davidii, most sampling sites lack
more accurate coordinate information, which may lead to the inaccuracy of the prediction
results. At the same time, topography, soil, biological invasion, human activities [54], and
other factors were not considered in this study. In particular, with the increasingly frequent
long-distance biological communication, it is very important to consider the impact of
biological invasion on the species distribution area [55]. In future research, these factors
should be further discussed to increase the screening range of environmental variables
to improve the accuracy. In the actual living environment, species interaction, vegetation
types, geomorphological features, and species diffusion ability will have a certain impact
on the potential suitable area of predicted species [56]. Therefore, the prediction result in
this study only shows the possible species distribution, but it cannot accurately reflect the
actual distribution area of species, since the various environmental factors we described
above may have an impact on the changes of the distribution area. Despite this, this study
can still provide a typical case for the model study of the response of plants in East Asia to
deal with climate change and can provide theoretical support for further introduction and
cultivation of A. davidii, for which the afforestation and function as excellent industrial raw
materials may be utilized better. New guidelines will need to be created as a strategy. For
example, assisted migration may help A. davidii reach a new place when the origin site is
no longer suitable to grow due to climate changes [57].

5. Conclusions

SDM has showed its ability for providing strategies under global climate change [57].
According to our study on A. davidii, the accuracy of prediction under MIROC is higher
than that under CCSM. The main climatic factors affecting the distribution of A. davidii
in different periods were temperature (mean temperature of the coldest quarter, min
temperature of coldest month, temperature annual range) and water (precipitation of
the warmest quarter). Compared with the Last Glacial Maximum (LGM) and the Last
Interglacial Age (LIG), the contemporary distribution area increased. Compared with the
present age, the distribution area increased by 52.76% in 2050 and 19.97% in 2070. Under
the influence of climatic factors, the high fitness area showed an overall upward trend, but
compared with 2050, the high fitness area in 2070 will decrease by 0.24%. The medium
suitable area will be reduced by 29.24%, and the low suitable area will be reduced by 3.32%.
In addition, due to the fact that influences of soil and other factors in the distribution area
were not taken into account, the range of environmental conditions simulated in this study
may be larger than the actual condition.
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