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Abstract

:

Camptotheca acuminata is considered a natural medicinal plant with antitumor activity. The assessment of climate change impact on its suitable habitats is important for cultivation and conservation. In this study, we applied a novel approach to build ecological niche models with both climate and soil variables while the confounding effects between the variables in the two categories were avoided. We found that the degree-days below zero and mean annual precipitation were the most important climatic factors, while the basic soil saturation, soil gravel volume percentage, and clay content were the main soil factors, determining the suitable habitats of C. acuminata. We found that suitable habitats of this species would moderately increase in future climates under both the RCP4.5 and RCP8.5 climate change scenarios for the 2020s, 2050s, and 2080s. However, substantial shifts among levels of habitat suitability were projected. The dual high-suitable habitats would expand, which would be favorable for commercial plantations. Our findings contribute to a better understanding of the impact of climate change on this species and provide a scientific basis for the cultivation and conservation purposes.
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1. Introduction


Camptotheca acuminata is a plant species of the genus Camptotheca in the family of Nyssaceae, with nicknames Eclipta, water chestnut, and water tung tree, native to southern China and Tibet. It is an important multipurpose tree species with medicinal and ornamental values and was approved as a national second-level key protected wild plant by the State Council of China in 1999. C. acuminata is a fast-growing tree species in a temperate climate, but it is not cold-tolerant and requires moisture and fertile soil. Camptothecin (CPT) extracted from the fruit, roots, bark, branches, leaves, and other tissues are the sole inhibitors of Topoisomerase I so far. It has broad-spectrum anticancer activity and can be employed in the acute treatment of gastric cancer, rectal cancer [1], chronic myeloid leukemia, lymphatic leukemia, chorionic epithelial cancer, and lymphosarcoma. It has been considered as the second-most important antitumor medicinal plant in the world after Taxus [2]. The demand for C. acuminata has been growing worldwide in recent years. The total sale of C. acuminata derivatives has exceeded one billion dollars since 2010, becoming a major clinical agent [3]. In addition, C. acuminata plays a significant role in green ornamental and ecological protection [4]. Despite its importance, the impact of climate change on this species has not been assessed.



Unprecedented human-caused climate change has already caused species range shifts and local extirpation [5] and is predicted to have greater future impacts [6]. Thus, the original habitats of some plant species may no longer be appropriate for their growth and survival in future climates, resulting in existing populations with compromised health and productivity. Climate change has culminated in a steady northward shift of forests in the north [5], while forests in the south may be degraded and transformed into shrubs or grasslands in the Northern hemisphere. Changes in species distribution and abundance will depend on the degree of climate change, the intensity of local adaptation, and the potential for migration [7].



Niche-based ecological models have been widely used to predict suitable climatic habitats and to assess the potential impacts of climate change [8,9]. The widely used modeling algorithms include Garp, MaxEnt, Bioclim, randomForest, and Domain. Among them, the MaxEnt is probably the most often used one for being stable and predictable [10], and it can make a better response analysis to species on various environmental gradients [11], including identification of suitable habitats [12], risk assessments related to invasive species [13], potential impacts of climate change [14], design of protected areas, and protection of threatened species protection [15]. In addition, it requires presence data only, which makes the data collection and modeling process easier than others.



Most of the niche-based ecological models are built using only climate variables as predictors [16,17,18], as climate is the primary factor regulating geographic distributions of plant species [19]. However, the distribution of plant species is also related to soil type [20]. Failure to incorporate soil into the model may overestimate the future habitat adaptability of many plant species [21]. Therefore, some studies included both climate and soil variables as predictors in building niche-based models [22,23], but there are issues to do so due to collinearity [24] and beyond. Soil variables are often correlated with climate variables, as climate is a major soil-forming factor and has a significant influence on the properties of soil. Thus, in building a niche-based model with both climate and soil variables, some variance explained by soil variables in the model could have been explained by climate variables if soil variables were not included and vise versa. As soil conditions are relatively stable in comparison to a rapidly changing climate, and there are no future projections for soil, the explanatory power of soil variables in the model is wasted in future projections. On the other hand, if the opposite happens, the soil effect would be masked by climate variables. However, to our knowledge, this issue has not been addressed yet.



So far, studies on C. acuminata are focused on its antitumor mechanism [2]. The distribution of C. acuminata has not been reported in detail. The study of the climatic habitats of this species and the potential impact of climate change on its geographical distribution remains blank. This limits the cultivation and genetic conservation of this species. In this study, we used the MaxEnt model to predict the suitable habitats of C. acuminata in the current and two climate-change scenarios for three future periods (the 2020s, 2050s, and 2080s). In order to consider the effects of soil on the habitat prediction and to avoid mixed modeling of climate and soil variables, we built niche models with climate variables and soil variables separately and used a climatic niche model to predict suitable climatic habitats and applied a soil niche model to predict suitable soil habitats of the species. We then applied a novel approach to filter the climatic habitats by the soil habitats to incorporate the soil effect into our habitat predictions. To our best knowledge, this was the first attempt to consider both climatic and soil effects with such a two-step approach. Our results would provide a scientific basis for the development of adaptive strategies for this species under climate change, including in situ conservation, reforestation, and resource utilization.




2. Materials and Methods


2.1. Species Occurrence Data


The data of natural distribution sites of C. acuminata were obtained from the China Digital Herbarium (http://www.cvh.ac.cn/), a teaching specimen resource-sharing platform (http://mnh.scu.edu.cn/main.aspx), the Global Biodiversity Information Database (GBIF, https://www.gbif.org/), and literature collections. To avoid multiple recording points from the same grid and the impact of sampling bias [25], the original data were filtered geographically to remove some blurred geographical distribution points. By selecting data points with precise coordinates (i.e., latitude and longitude) on Google Earth satellite maps, we finally obtained 351 data points of C. acuminata in China (Figure 1) reflecting naturally occurring populations.




2.2. Environment Data


The environmental variables selected in this study include 16 climate variables (Table 1) and 30 soil variables (Table 2). The climate data were generated by ClimateAP (http://ClimateAP.net) [26]. The ClimateAP software generates scale-free climate data for historical and future periods for specific locations based on longitude, latitude, and altitude, instead of grid averages from other climate models. For building the climatic niche model, we used ClimateAP to generate climate variables for the 351 data points for the normal reference period, 1961–1990. For predicting the geographical distributions of the climate habitats for the current and future periods, we also generated grid climate data at 4 × 4 km for the reference period (also called current) (1961–1990), the 2020s (2011–2040), 2050s (2041–70), and 2080s (2071–2100). The future climate data were from the general circulation models (GCMs) of the Coupled Model Intercomparison Project (CMIP5) included in the Intergovernmental Panel on Climate Change (IPCC) Fifth Assessment Report (IPCC 2014). We used the 15-GCMs ensembles of the two climate change scenarios RCP4.5 and RCP8.5 included in ClimateAP for this study. These two scenarios are the most widely used ones and represent intermediate and business-as-usual scenarios, respectively. Soil variables were derived from 30 basic soil indicators (HWSD, Table 3) obtained from the World Soil Database (http://www.iiasa.ac.at/web/home/research/researchPrograms/water/HWSD.html), which contains a key soil attribute raster data layer at a spatial resolution of 30 arc seconds [27].



In order to avoid overfitting and inaccurate models caused by the strong correlation between environmental variables in this study, we used the MaxEnt 3.4.1k version (http://www.cs.princeton.edu/schapire/maxent) and ArcGIS software to screen ecological factors and to select the climatic factors with the largest contribution to the distribution of C. acuminata. Firstly, following Koeling [28], we used all the 16 climate variables to prebuild the MaxEnt model for three times in succession and discarded the climate variables with no contribution to the models. Secondly, we use ArcGIS to calculate the Pearson correlation coefficient between each pair of the climatic variables. If two climatic variables were strongly correlated at r > 0.8, only one of the two variables with a higher contribution rate was selected to avoid the multicollinearity of environmental variables from violating statistical assumptions [29]. We applied the same procedures for the 30 soil variables. Through the two-step screening process, we selected 6 climate variables (Table 1, in bold) and 12 soil variables (Table 2, in bold) for model building.




2.3. Model Development


We used the MaxEnt algorithm to build a climatic niche model with the 6 selected climate variables and a soil niche model with the 12 selected soil variables, respectively. For comparisons, we also built a combined model with the 6 climate variables and 12 soil variables. We randomly selected 25% of the data points for model validation and used the remaining 75% data points to build the model. The Jackknife method was used to detect the importance of the variables [29]. To consider the uncertainty introduced by splitting the training and validation sets, 10 models were built by 10 repeated runs for cross-validation.



The outputs of the MaxEnt models for the reference and future periods were the “cumulative” probability for each pixel on the scale of 0–100% [30]. Based on the suitable habitat evaluation index method of Chun Yan Lu et al. [31], we divided the study area of C. acuminata into 4 types of habitats, namely unsuitable (p < 0.2), low-suitable (0.2 ≤ p < 0.4), moderate-suitable (0.4 ≤ p < 0.6), and high-suitable (0.6 ≤ p ≤ 1) for both climatic and soil models, respectively. We collectively called the last three suitable types as “suitable habitats”.




2.4. Model Evaluation


We utilized the receiver operating characteristic curve (ROC) built in the MaxEnt software to check the accuracy of the simulation results. The Area Under the Curve (AUC) value ranges from 0 and 1. The closer the AUC value is to 1, the greater the distance from the random distribution, the stronger the correlation between environmental variables and the geographical distribution of predicted species [32]. We used the general evaluation criteria of the ROC as follows: AUC value < 0.6 is the model failure, 0.6 ≤ AUC value of < 0.7 is considered to be a poor model and is barely acceptable, 0.7 ≤ AUC value < 0.8 is considered to be a general model, 0.8 ≤ AUC value < 0.9 is considered to be a good model, and 0.9 ≤ AUC is considered to be a good model [33].




2.5. Model Predictions and Assessments of Climate Change Impacts


Finally, we filtered the four types of climatic suitable habitats by soil suitable habitats, which was the combination of all the three suitable types. The filtered habitats were considered suitable for both climatic and soil conditions and simply called low-, moderate-, and high-suitable habitats, respectively. Changes in the area of suitable habitats were divided into three categories: expansion, contraction, and stable, following Zhang et al. [34]. We generated additional projections combining the high-suitable climatic habitats with the high-suitable soil habitats for establishing commercial plantation purposes. We called this combination the “dual high-suitable habitats”.



To assess the impact of climate changes on the suitable habitats of this species, we evaluated changes in spatial distributions, areas, and the centroid of the distributions of both the climatic and the filtered habitats under the six future climate scenarios relative to the reference period. In addition, we also assessed the shift of centroids of both the climatic and the dual high-suitable habitats in future climate scenarios.





3. Results


3.1. Model Performance and Contributing Variables


The AUC values for the model cross-validation training data and test data were 0.932 and 0.931 for the climatic model, 0.922 and 0.907 for the soil model, and 0.926 and 0.917 for the combined model, respectively. The ROC curves of all the three models were far away from the random distribution (0.5), indicating a high accuracy of the two models. Interestingly, the combined model was not the highest in model prediction accuracy, only slightly higher than the soil model and lower than the climatic model.



For the climatic model, variables with the largest contribution rate to the model was DD < 0 (80.7%), followed by MAP (6.3%) and TD (4.3%), which accumulatively interpreted 91.3% of the model (Table 3). Of these three variables, two were temperature-related variables, and one was a precipitation variable (Table 3). The remaining three variables contributed less than 10% to the model. For the soil model, the top three contributing variables were T-BS (31.8%), S-GRAVEL (22.7%), and S-CLAY (18.4%), collectively accounting for 72.9% of the total contribution of all the soil variables. Other soil factors demonstrated a limited impact on suitable habitats. For the combined model, climate variables contributed 91.6% in total, suggesting apparent domination over the soil variables (i.e., 8.4%), although the contribution of each climate variable was also reduced relative to that in the climatic model.



Response curves (Figure 2) of the three most important climate variables showed that their suitable ranges for C. acuminata were 0–25 ℃ for DD < 0, 1100–2000 mm for MAP, and 14–22 ℃ for TD, respectively. The suitable ranges for the three most significant soil variables were 18–50% for T-BS, 5–30% for S-GRAVEL, and 42–67% for S-CLAY, respectively (Figure 2).




3.2. Predicted Suitable Habitats for the Current


The four types of climatic suitability of C. acuminata habitats for the current climate were mapped over all of China (Figure 3a and Table 4). The high-suitable habitats were concentrated between 25–33° N in latitude, accounting for 2.7% of the country’s land area. The medium-suitable habitats were distributed around the high-suitable habitats, accounting for 8.3%, and the low-suitable habitats were distributed further away from the high-suitable habitats, accounted for 7.2%. The unsuitable habitat accounted for the remaining 81.8%.



For the soil suitable habitats of C. acuminata (Figure 3b), the high-suitable habitat were mainly distributed between 18–35° N in latitude, accounting for 5.9% of the total land area. The medium-suitable and low-suitable habitats accounted for 10.1% and 4.2%, respectively. The rest of the country (79.8%) was unsuitable for this species in terms of soil conditions (Table 4). Overall, the distribution of soil-suitable habitats for this species was slightly broader than that for climatic ones. However, there were also some small areas showing nonoverlapping between the two habitats.



After the climatic habitats filtered by the soil habitats (Figure 3c), the areas of the high-suitable habitats accounted for 2.6% of the country. The medium-suitable and low-suitable habitats accounted for 7.8% and 4.8%, respectively. Unsuitable habitats accounted for 85% (Table 4). The difference between the filtered and nonfiltered climatic habitats was increased from high-suitable to low-suitable habitats, suggesting that most of the nonoverlapping areas occurred in the low-suitable habitats of the two categories, as expected. The dual high-suitable habitats (Figure 3d) accounted for 0.87% of the country, which was about a third of the high-suitable habitats (2.6%) (Table 4).




3.3. Projected Changes in Suitable Habitats for Future Periods


Compared with the current distribution (Figure 3a), the climatic suitable habitats show an increasing trend in the future climates by the end of the century under the two climate change scenarios (7–25%, Table 5). However, the increases were less than 11% in most cases, except for a jump for RCP8.5 in the 2080s (25.3%). No substantial geographic shift was projected.



After being filtered by soil habitats (Figure 3c), the high- and low-suitable habitats show a decreasing trend, while the moderate-suitable habitats show an increasing trend in the future climates. The area of the high-suitable habitats would decrease by 2.8% and 3.2% by the 2020s, 4.2% and 4.9% by the 2050s, and 28.7% and 24.6% by the 2080s under the RCP4.5 and RCP8.5 scenarios, respectively (Figure 4 and Table 5). The decline of the low-suitable habitats was at a similar magnitude, as for the high-suitable habitats. However, the area of the moderate-suitable habitats would increase by 14.8% and 18.6% by the 2020s, 17.4% and 23.1% by the 2050s, and 35.2% and 59.8% by the 2080s under the two scenarios, respectively. The total suitable habitats showed smaller increases than climate habitats alone. The centroid of the high-suitable habitats was projected to move northeastward from the current location in East Guizhou to West Hunan by the 2020s and keep moving to Northeast Hunan under the future climates.



However, future projections of the dual high-suitable habitats showed a different pattern. Compared to the current distribution (Figure 3d), their size was projected to increase by 98.0% and 105.3% by the 2020s and 100.5% and 66.1% by the 2050s under RCP4.5 and RCP8.5, respectively (Figure 5 and Table 5). However, their size was projected to decrease by 12.7% and 20.5% by the 2080s under the two scenarios, respectively. The centroid of the dual high-suitable habitats was projected to move from the current location in South Hunan (Figure 6) northeastward. By the 2080s, the centroid would shift to Jiangxi, with RCP8.5 moving more to the north. Compared with the centroid of high-suitable habitats, the current location and the shifting path were located at much lower latitudes for the centroid of the dual high-suitable habitats.





4. Discussion


Rapid climate changes have affected forest ecosystems and species habitats [35]. Thus, the distribution of suitable habitats of C. acuminata may also have been affected. Climatic niche-based ecological models have been widely used to predict the spatial distribution of the suitable habitats of species and project their future shifts under various climate change scenarios [16,36]. Such information can be used to guide management forest resources for adaptation to climate change [36,37]. Although most of the niche-based models involve only climatic variables [16], soil properties are often recommended to be considered, especially for practical applications [38]. In this study, we applied a novel two-step approach to incorporate the soil variables into the future projections without compromising the contribution of climate or soil variables. Thus, our projections of suitable habitats for C. acuminata may provide a more credible basis for forest conservation and adaptation to climate change.



4.1. Predicted Suitable Habitats Using Both Climatic and Soil Variables


Using only climate variables is the mainstream in building niche-based models [16,17,18]. Within a suitable climate niche, the distribution of a species may be restrained by soil conditions. Thus, a number of studies included both climate and soil variables in the same models [20,21]. However, the inclusion of soil variables in a niche-based model may compromise the role of climatic variables or soil variables due to correlations between the variables in the two categories [39]. As a result, it can either compromise the credibility of future predictions as soil variables are treated as constants or mask the soil effect by climate variables. In our case, climate variables (91.6% contribution to the model) clearly masked the contribution from soil variables (8.4%) in the combined model. However, the contribution of each climate variable was also reduced to some extent relative to that in the climatic model. These results suggest that the combined model basically does not represent the effect of soil, while the climatic effect is also slightly compromised. We avoided this problem by using a novel two-step approach. We first predicted the total areas with suitable climate conditions (the climatic niche) for the species—within which, suitable soil conditions may not be available in some areas. Our second step was to exclude such areas where soil conditions were not suitable. This approach can better reflect the true nature of climate and soil variables in determining the distribution of the species than that including both climate and soil variables into the same model. The accuracy of both climate and soil models for C. acuminata were high, with the AUC values greater than 0.9. The spatial predictions of suitable habitats for this species by the two models were in high agreement, especially for the high-suitable habitat areas. The restraint of soil conditions on climate habitats exhibited mainly in low-suitable habitat areas, which was expected.



From the perspective of climate conditions, we found that three climate variables had major contributions to the climatic niche model for C. acuminata. Two of them were temperature-related variables (DD < 0 and TD) and one precipitation variable (MAP). However, the contribution of DD < 0 was very dominant (80%) over the other two variables, suggesting the suitable climate habitats of this species being mainly restrained by low temperatures, with DD < 0 not greater than 25 °C (Figure 2). The suitable range of MAP, the second-most important climate variable, was between 1100 mm and 2000 mm, suggesting that this species also requires relatively high precipitation. For soil variables, we found that T-BS (32%), S-GRAVEL (23%), and S-CLAY (18%) were important factors for predicting the distribution of C. acuminata. T-BS is related to topsoil effective nutrient contents; thus, it is unsurprisingly the most important soil factor in our soil niche model. The content of gravel in the underlying soil (S-GRAVEL) affects the respiration and water absorption of the roots of C. acuminata, and the clay content provides higher soil organic carbon; the nutrient-holding and water-holding capacities of organic components contributes significantly to the growth of C. acuminata. As soil conditions are strongly affected by climate in the long term, climate change will eventually impact the soil conditions, although this process would be much slower than the rate of climate change. So far, no prediction is available for future soil conditions, and thus, soil variables can only be treated as constants in projecting species suitable habitats for future periods.




4.2. Impact of Climate Change


Our future projections show that the potentially climatic suitable habitats of C. acuminata would slightly expand under future climate scenarios. The magnitude of the northward expansion was much smaller than the projections for tree species in North America [40,41]. However, it is comparable to the future projections for the species distributed in the same region of C. acuminata, including Chinese fir and Masson pine [42]. The small impact of climate change on the habitats of C. acuminata can also be explained by the two most important contributing climate factors, DD < 0 and MAP. Although increasing temperatures due to climate change would expand the climate habitats of this species northward based on DD < 0, the change in MAP was projected to be small in future climates and not able to change the low precipitation status north of China, thus limiting the northward expansion of this species. Projected drought increases in North China, particularly in Dry Belt, may impose a serious challenge to forests, as well as the benefits of forests to mitigate climate change [43].



After being filtered by soil habitats, the area of the total suitable habitats still showed some increase but at a smaller magnitude than the climate habitats alone. This was expected, as the soil habitats were assumed static, and the shift of climatic habitats would cause some breakdown of the matches between climatic and soil habitats. This was evident for the high- and low-suitable habitats, and some of them were probably shifted to moderate-suitable habitats, as the expansion of this type was substantial. Eastern Sichuan Province, which was in the high-suitable habitats of C. acuminata at present, would be transformed into low-suitable habitats by the end of this century. More suitable habitats for C. acuminata would occur in Jiangsu, Anhui, and Henan in the future. On the other hand, some areas in Yunnan, Guangdong, and Guangxi Provinces would become unsuitable for C. acuminata in future climates.



It is worthy of note that our future projections are merely to represent suitable climate and soil conditions for C. acuminata to grow rather than projections of the species distribution in the future. Future species distributions would also be affected by many nonclimate and nonsoil factors, such as biotic interactions, seed dispersal, etc. [44], as well human interventions and disturbances, which are substantial or even greater than all biological factors in some regions.




4.3. Implications for Commercial Forest Management


Forest managers are interested in having their commercial plantations established in the most favorable environmental conditions. To address this, we generated projections for the dual high-suitable habitats, which was the combination of the high-suitable climatic habitats and the high-suitable soil habitats. Interestingly, the projected dual high-suitable habitats showed substantial increases in the 2020s and 2050s, while the high-suitable habitats were projected to decrease in the same periods. These inconsistent shifts were due to the matching between the climate and soil layers. The dual high-suitable habitats were only about 30% of the high-suitable habitats, and its near-future projections were better-matched with the soil high-suitable habitats than the high-suitable habitats. The shifting paths of the centroids of the dual high-suitable habitats were also located at much lower latitudes than the suitable-habitats, although their shifting directions were in parallel. The dual high-suitable habitats of C. acuminata were currently distributed along the latitude 28° N in China, including the junctions of Guizhou and Guangxi; Hunan and Guangdong; and Fujian, Jiangxi, and Zhejiang. In the future, these would move to near 30° N, including Hunan, Jiangxi, and Zhejiang. The current projections for the dual high-suitable habitats would support forest managers planning their plantations for commercial use to meet the growing market demand.




4.4. Implications for Genetic Conservation


The conservation of forest genetic resources has become a major concern due to climate change [45,46]. Fragmentations due to human activities have resulted in a lower level of gene flow and a higher level of genetic differentiation among populations of C. acuminata than that of other species in the region [47]. Thus, protections of local populations appear important. Projections of the shift in suitable habitats can help to develop conservation strategies [44]. We recommend that in situ conservation should be the main conservation measure for C. acuminata, as most of its current suitable habitats were projected to remain in future climates. In situ conservation allows the populations to evolve to adapt to changing environments. The shifts among the three levels of suitable habitats in a changing climate revealed in this study may impose selection pressure to promote evolutionary processes for adaptation. Our predictions show that C. acuminata has a high risk of habitat loss in the low latitudes under future climates. To prevent the loss of genetic resources in those areas, ex situ conservation through seed storage and assisted migration of the local genetic resources to potentially suitable locations are recommended in these areas.





5. Conclusions


We built niche-based models considering both climate and soil variables and mapped spatial distributions of their suitable habitats for the economically and medicinally important forest tree species C. acuminata. We applied a novel approach to integrate the predictions generated by the two models for the current and future climates under different climate-change scenarios. Our future projections indicate that climate change would have a relatively small impact on suitable habitats of this species as a whole, as a low temperature is the dominant limiting factor but would cause shifts among different levels of suitability. The dual high-suitable habitats showed a trend of increase up to the 2050s, which would be favorable for commercial plantations. Our results may provide guidance for the silviculture and conservation planning of this species.
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Figure 1. Distribution points of Camptotheca acuminata. 
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Figure 2. Response curves of the three important climate variables (a–c) and the three important soil variables (d–f) in the MaxEnt climatic and soil models, respectively. The maximum entropy logistic output (also known as habitat suitability) is represented by the vertical Y-axis and the variable by the horizontal X-axis. When the logical output value is greater than 0.5, the probability of species presence under this condition is higher than that under a “typical” condition, which indicates that the condition is suitable for the species. The red curves shown are the averages over 10 replicate runs; blue margins show ± 1 standard deviation (SD) calculated over 10 replicates. 
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Figure 3. Distributions of the current (1960–1990) suitable habitats of C. acuminata in China: (a) climatic habitats, (b) soil habitats, (c) climatic habitats filtered by the soil habitats, and (d) dual high-suitable habitats. 
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Figure 4. Suitable habitats of C. acuminata in China for climatic (1st row), soil-filtered climatic (2nd row), and dual high-suitable habitats (3rd row) in the 2020s, 2050s, and 2080s under RCP4.5, respectively. 
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Figure 5. Suitable habitats of C. acuminata in China for climatic (1st row), soil-filtered climatic (2nd row), and dual high-suitable habitats (3rd row) in the 2020s, 2050s, and 2080s under RCP8.5, respectively. 
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Figure 6. Shifts of centroids of the high-suitable and the dual high-suitable habitats of C. acuminata. The dotted line indicates the shifting path of high-suitable habitats. The solid line indicates the shifting path of dual high-suitable habitats. 
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Table 1. List of the climate variables. Variables in bold are selected for model building.
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	Code
	Description
	Code
	Description





	MAT
	Mean annual temperature (℃)
	DD > 5
	Degree-days above 5 ℃, growing degree-days



	MWMT
	Mean warmest month temperature (℃)
	DD < 0
	Degree-days below 0 ℃, chilling degree-days



	MCMT
	Mean coldest month temperature (℃)
	NFFD
	Number of frost-free days



	TD
	Temperature difference between MWMT and MCMT, or continentality (℃)
	PAS
	Precipitation as snow (mm)



	MAP
	Mean annual precipitation (mm)
	EMT
	Extreme minimum temperature over 30 years



	EXT
	Extreme maximum temperature over 30 years
	Eref
	Hargreaves reference evaporation



	AHM
	Annual heat:moisture index (MAT+10)/(MAP/1000))
	CMD
	Hargreaves climatic moisture deficit



	DD < 18
	Degree-days below 18 °C
	DD > 18
	Degree-days above 18 °C
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Table 2. List of the soil variables. Variables in bold are selected for model building.
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	Code
	Description
	Code
	Description





	T-GRAVEL
	Topsoil Gravel Content
	S-GRAVEL
	Subsoil Gravel Content



	T-SAND
	Topsoil Sand Fraction
	S-SAND
	Subsoil Sand Fraction



	T-SILT
	Topsoil Silt Fraction
	S_SILT
	Subsoil Silt Fraction



	T-CLAY
	Topsoil Clay Fraction
	S-CLAY
	Subsoil Clay Fraction



	T_REF_BULK_DENSITY
	Topsoil bulk density
	S_REF_BULK_DENSITY
	Subsoil bulk density



	T-OC
	Topsoil Organic Carbon
	S-OC
	Subsoil Organic Carbon



	T-PH-H2O
	Topsoil pH (H 2 O)
	S-PH-H2O
	Subsoil pH (H 2 O)



	T-CEC-CLAY
	Topsoil CEC (clay)
	S-CEC-CLAY
	Subsoil CEC (clay)



	T-CEC-SOIL
	Topsoil CEC (soil)
	S-CEC-SOIL
	Subsoil CEC (soil)



	T-BS
	Topsoil Base Saturation
	S-BS
	Subsoil Base Saturation



	T-TEB
	Topsoil TEB
	S-TEB
	Subsoil TEB



	T-CACO3
	Topsoil Calcium Carbonate
	S-CACO3
	Subsoil Calcium Carbonate



	T-CASO4
	Topsoil Gypsum
	S-CASO4
	Subsoil Gypsum



	T-ESP
	Topsoil Sodicity (ESP)
	S-ESP
	Subsoil Sodicity (ESP)



	T-ECE
	Topsoil Salinity (Elco)
	S-ECE
	Subsoil Salinity (Elco)
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Table 3. Contributions of the environmental variables to the models.
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	Model
	Variable
	Unit
	Contribution (%)





	
	DD < 0
	℃
	80.7



	
	MAP
	mm
	6.3



	Climatic
	TD
	℃
	4.3



	
	CMD
	mm
	3.8



	
	PAS
	mm
	3.1



	
	DD > 18
	℃
	1.9



	
	T-BS
	%
	31.8



	
	S-GRAVEL
	%
	22.7



	
	S-CLAY
	%
	18.4



	
	S-CASO4
	%
	7.1



	
	T-CEC-CLAY
	
	5.8



	Soil
	S-ESP
	
	2.9



	
	S-CEC-CLAY
	
	2.9



	
	T-TEB
	
	2.7



	
	T-GRAVEL
	%
	1.9



	
	T-REF-BULK
	
	1.7



	
	T-SILT
	%
	1.2



	
	S-CACO3
	%
	0.9



	
	DD < 0
	℃
	79.6



	
	MAP
	mm
	4.4



	
	T-BS
	%
	3.2



	
	TD
	℃
	2.8



	
	CMD
	mm
	2.7



	
	DD > 18
	℃
	1.5



	Climatic + Soil
	S-CASO4
	%
	1.5



	
	T-GRAVEL
	%
	1.3



	
	PAS
	mm
	0.6



	
	T-CEC-CLAY
	
	0.5



	
	S-ESP
	
	0.4



	
	S-CLAY
	%
	0.4



	
	T-REF-BULK
	
	0.4



	
	S-GRAVEL
	%
	0.2



	
	T-SILT
	%
	0.2



	
	S-CEC-CLAY
	
	0.1



	
	S-CACO3
	%
	0.1



	
	T-TEB
	
	0.1
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Table 4. Distribution areas of the current (1960–1990) habitat suitability of Camptotheca acuminata in China.
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Classes

	
High-Suitable

	
Medium-Suitable

	
Low-Suitable

	
Unsuitable




	
Area

	
Proportion

	
Area

	
Proportion

	
Area

	
Proportion

	
Area

	
Proportion




	
km2

	
%

	
km2

	
%

	
km2

	
%

	
km2

	
%






	
Climatic habitats

	
260,119

	
2.7

	
799,626

	
8.3

	
693,652

	
7.2

	
7,880,658

	
81.8




	
Soil habitats

	
568,409

	
5.9

	
973,039

	
10.1

	
404,630

	
4.2

	
7,687,977

	
79.8




	
Climatic habitats filtered by soil habitats

	
246,400

	
2.6

	
733,200

	
7.6

	
463,000

	
4.8

	
8,179,400

	
85




	
Dual high-suitable habitats

	
83,600

	
0.87
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Table 5. Area changes in soil habitat-filtered climatic habitats of C. acuminata relative to the current by the 2020s, 2050s, and 2080s under RCP4.5 and RCP8.5, respectively.
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Time

	
Current Area (km2)

	
Change by 2020s (%)

	
Change by 2050s (%)

	
Change by 2080s (%)




	
Emissions Scenarios

	

	
RCP4.5

	
RCP8.5

	
RCP4.5

	
RCP8.5

	
RCP4.5

	
RCP8.5






	
Climatic habitats

	
1,758,000

	
+7.2

	
+11.3

	
+7.7

	
+10.1

	
+9.5

	
+25.3




	
High-suitable habitats

	
246,400

	
−2.8

	
−3.2

	
−4.2

	
−4.9

	
−28.7

	
−24.6




	
Medium-suitable habitats

	
733,200

	
+14.8

	
+18.6

	
+17.4

	
+23.1

	
35.2

	
+59.8




	
Low-suitable habitats

	
463,000

	
−4.1

	
−10

	
−8.6

	
−19.9

	
−20.6

	
−29.6




	
Total suitable habitats

	
1,442,600

	
+5.7

	
+5.7

	
+5.4

	
+4.5

	
+6.4

	
+16.7




	
Dual high-suitable habitats

	
83,600

	
+98

	
+105.3

	
+100.5

	
+66.1

	
−12.7

	
−20.5
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