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Abstract

:

Entodon challengeri (Paris) Cardot has important environmental monitoring and medical value. It is critical we inspect the influence of climate warming on its spatiotemporal distribution pattern. Based on actual geographical distribution records and environmental datasets, a MaxEnt model coupled with ArcGIS was executed to display the potential suitable habitats of E. challengeri in China under future climate warming scenarios. We showed the following. (i) The simulation accuracy of the MaxEnt model was excellent, with an AUC value of 0.918. (ii) Annual precipitation and precipitation during the wettest month were the critical factors that restricted the distribution range of E. challengeri. (iii) Current suitable habitats were concentrated in the northern temperate zone in eastern China. (iv) Under climate warming scenarios, on the spatial scale, the distributional pattern presented a shrinkage in the south and expansion in the north, which was more obvious in the RCP8.5 than in the RCP2.6 scenario. On the time scale, shrinkage of the potential distributional range was greater in the 2070s than in the 2050s. (v) The distributional centroids shifted to the northeast. In general, future climate warming will have a great negative effect on the suitability of habitats of E. challengeri.
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1. Introduction


Global climate warming is indisputably occurring and is expected to increase in the near future. It is a process that affects living things and ecosystems all over the world either directly or indirectly. If the environment mutates, reductions or even extinctions of biological populations can easily occur. In fact, global biodiversity is suffering serious threats from habitat changes caused by climate warming [1,2], particularly those species that are sensitive and difficult to adapt to such climatic circumstances. As a result, plants are changing their geographical distribution range [3]. Predicting the impact of climate warming on suitable plant habitats has become a hot topic. Currently, most studies focus on invasive [4], endemic [5], ecological valuable [6], economically valuable [7,8], and ornamental plants [9]. Overall, the main objects of the above studies are seed plants.



Bryophytes are spore plants, and their species richness is the second largest of terrestrial higher plants [10]. Most bryophytes have only monolayer cells in their leaves, and the epidermis of their leaves lacks a cuticle. They are sensitive to environmental pollutants and show a rapid response. Bryophytes are poikilohydric plants, and it is reported that the stronger the water-holding capacity of bryophytes is, the easier it is for them to adsorb metal ions [11]. As such, bryophytes are generally considered the ideal indicator plant of environmental pollution [12]. Using bryophytes as biomonitors to explore environmental quality monitoring is a sensitive, accurate, and direct method and has become one of the hotspots of environmental science research worldwide [13].



The first step in using bryophytes as biomonitors is to understand their dynamic spatiotemporal distribution pattern and collect sufficient plant samples. Therefore, in future field surveys and sampling, an accurate and realistic distributional map is urgently required as a guide. Bryophytes are extremely sensitive to climatic change and are more vulnerable to global warming than other higher plants [14], and environmental factors determine its distribution [15]. Therefore, climate warming parameters can be set in advance to predict future dynamic changes in its population area to better understand the field distribution of important bryophyte resources.



Climate change has an important impact on the geographical distribution of species [16]. Although most studies show that climate warming will reduce the cover of bryophytes [17], the distribution range of some species is still expanding [18]. The differential responses of suitable habitats indicate that bryophytes have different adaptations to overcome climate warming. In other words, climate warming has interspecific differences on distinct species of the same taxa. One probable reason for this is that different species have respective physiological responses to climate warming, which then affect the population distribution range. In addition, the reductions caused by climate warming are not consistent across sites and appear to be dependent on interactions between temperature and moisture regimes, where species might react uniquely [19]. As a consequence, the distribution area of target species should be simulated separately to obtain more pertinent and accurate results.



Species distribution models (SDMs) make it possible to predict species occurrences in novel conditions. In recent years, SDMs have been increasingly applied to provide valuable information. Along with technological developments in geographic information systems (GISs), scientists have focused on numerous scientific problems related to the geographical distribution of species under climate warming. In particular, the potential geographical distribution of plants can be accurately predicted with GISs and SDMs. Among these models, the maximum entropy (MaxEnt) model is one of the most widely used and has great applicability. MaxEnt builds models by using datasets of current distributional records of species and environmental variables to assess the ecological needs of species and then projects the calculated results to different frames of time and space to predict the distribution range [20]. Extensive studies have confirmed the high predictive accuracy of the MaxEnt model [21,22].



Entodon challengeri (Paris) Cardot, whose synonym is Entodon compressus (Hedw.) Müll. Hal., belongs to the family Entodontaceae [23]. It has important value in China as an indicator species of atmospheric heavy metal pollution [24] as well as for its use as a diuretic and to reduce swelling [25]. Because of the inherent needs of current significant issues, such as the environment and medicine, the demand for E. challengeri in China is on the rise. Nevertheless, a lack of understanding of the geographical potential distribution of E. challengeri has restricted further relevant research. Consequently, it is essential to gain insight into the potential distribution of E. challengeri under current as well as future climate scenarios.



This study aimed to address the following: (i) determine the critical environmental variables that restrict the distribution range of E. challengeri in China; (ii) reveal the distribution pattern of E. challengeri under the current climatic scenario; and (iii) predict and characterize the spatiotemporal shifts of E. challengeri in geographical range over future climatic scenarios. On the one hand, our results provide survey ranges for field investigations and species collections of E. challengeri. On the other hand, our study identified habitats that are no longer suitable for the survival of E. challengeri under climate warming scenarios for which protection plans will be needed in the future.




2. Materials and Methods


2.1. Geographical Occurrence Records


Geographical occurrence records of E. challengeri were collected from the published literature and databases, including the Global Biodiversity Information Facility (GBIF: https://www.gbif.org/, accessed on 31 January 2021); GBIF Occurrence Download https://doi.org/10.15468/dl.fb4t9x, accessed on 31 January 2021), National Specimen Information Infrastructure (NSII: http://www.nsii.org.cn, accessed on 31 January 2021), and Chinese Virtual Herbarium (CVH: http://www.cvh.ac.cn, accessed on 31 January 2021). Furthermore, field surveys were conducted for a period of five years (2017–2021) to collect distribution data of E. challengeri in China. For records lacking geographical information, Google Earth (http://earth.google.com/web/, accessed on 31 January 2021) was used to perform geographical analysis. To reduce the prediction bias caused by data spatial autocorrelation, we used SDMtoolbox 2.4 (http://www.sdmtoolbox.org/, accessed on 31 January 2021) in ArcGIS to divide the vector map of China into a grid with a resolution of arc-5 min to automatically eliminate points with similar distances. After thinning, 114 valid occurrence records were retained for modeling (Supplementary Information File S1).




2.2. Environmental Variable Datasets


Nineteen bioclimatic variable datasets (Table 1) of the current (1952–2000) and future (2050s: 2041–2060 and 2070s: 2061–2080) climate scenarios were downloaded from the WorldClim database (https://www.worldclim.org/, accessed on 1 February 2021). The future climate scenarios were calculated using the Community Climate System Model (CCSM), and two typical representative concentration pathways (RCP2.6, RCP8.5) were selected. RCP2.6 and RCP8.5 represented the lowest and highest carbon dioxide emission scenarios, respectively. The spatial resolution of the environmental variables was 30 arc seconds (approximately 1 km2).



Through a three-step screening process, the important environmental variables affecting the distribution of E. challengeri-suitable habitats were determined. First, all environmental variables used for screening were added to the MaxEnt model using the jackknife test, and the variables with low contribution rates were deleted. Second, because the presence of collinearity among the bioclimatic variables can limit model performance [26], to avoid possible correlation among various environmental variables affecting the prediction accuracy, the ArcGIS spatial analysis tool was used to analyze the Pearson correlation of nineteen bioclimatic variables. Then, the factors with high collinearity (|r ≥ 0.8|) were removed. Third, the principle of selection was used to screen out variables with a relatively high contribution rate and low correlation for repeated operation in the MaxEnt model. Thus, seven bioclimatic variables were selected for model analyses: Bio2, Bio3, Bio9, Bio11, Bio12, Bio13, and Bio14. Additionally, altitude, aspect, and slope, due to their relation to distribution, were included in the simulation. Altogether, there were ten variables included in the model prediction.




2.3. Software and Digital Maps


ArcGIS 10.3 was developed by the American Institute of Environmental Systems. MaxEnt v3.4.4k was obtained from the website (https://biodiversityinformatics.amnh.org/open_source/maxent/, accessed on 2 February 2021). A 1:1,000,000 administrative regionalization digital map of China was downloaded from the National Basic Geographic Information System (http://www.webmap.cn/main.do?method=index, accessed on 2 February 2021).




2.4. Operation and Accuracy of the MaxEnt Model


Initially, according to the requirements of the MaxEnt model, the species distributional occurrence dataset was saved in CSV format, and the environmental variable datasets were transformed from raster to ASCII format by the ‘From Raster to ASCII’ tool in ArcGIS. Next, the species distributional occurrence records along with environmental variable datasets were imported into the MaxEnt. We set up at least 10 repetitions and generated random prediction models, and the average model was selected for prediction. The random 75% distributional occurrence records were used for the model training dataset, and the residual 25% were used for the validation dataset. Then, the jackknife test was selected, response curves were drawn for the sensitivity analysis of various environmental variables, the other parameters were set as default values, and the MaxEnt model was run [27].



The performance of the MaxEnt model was examined by using a repetitive data-splitting process (cross-validation) based on assessment metrics, that is, receiver operating characteristic (ROC) analysis. The ROC curve takes the ratio that actually exists and is predicted to exist as the ordinate, the ratio that actually does not exist but is predicted to exist as the abscissa, and the size of the enclosed area under the ROC curve (AUC) as the indicator to measure the accuracy of the model prediction [28]. The range of AUC values was 0–1, with values closer to 1 having a stronger correlation between the selected environmental variables and the geographical distribution of the predicted species, and thus having a higher prediction accuracy. Specifically, an AUC below 0.8 is poor, 0.7–0.8 is fair, 0.8–0.9 is good, 0.9–1 is excellent, and 1 is perfect [29]. Additionally, we calculated the true skill statistic (TSS) to assess model accuracy [30].




2.5. Spatiotemporal Distribution Pattern and Calculation of Area


The output results of the MaxEnt model were the existence probability (P) of E. challengeri in China, and the data format was ASCII. The ArcToolbox of ArcGIS was used to convert the datasets to the raster format. We then implemented the reclassification program in ArcGIS to divide the distributional value level and the corresponding distribution range. Subsequently, we used the grid calculator to calculate the area of expansion or reduction habitats under future climatic scenarios.




2.6. Migration Routes of Distributional Centroids


The migration routes of distributional centroids of E. challengeri were calculated using the SDMtoolbox [31]. It concentrated the species distribution into an independent central point and created a vector file depicting the direction and magnitude of changes over time.





3. Results


3.1. Accuracy Test of the MaxEnt Model Using the ROC Curve and AUC Value


The training AUC and TSS obtained via MaxEnt analysis were 0.918 and 0.926, respectively. The output results show an excellent model performance, and the model was robust in predicting the distribution of the target species (Figure 1).




3.2. Critical Environmental Variables Affecting the Distribution of E. challengeri


The results of the jackknife test reflect the contribution of different environmental variables to the gain in distribution area. In this method, the training scores of ‘Without variable’, ‘With only variable’, and ‘With all variables’ were calculated, and the judgment criteria were as follows. The score is higher when it is ‘Without variable’, indicating that the variable has a high predictive ability and makes a great contribution to the species distribution. When it is ‘With only variable’, the training score ability of the model decreases significantly, indicating that the variable has more unique information and is more important for species distribution. The model training score is the highest when it is ‘With all variables’, which means that all variables have the best predictive effect when they are used for model prediction. The results of the jackknife test revealed that the order of importance of environmental variables affecting the prediction effect was Bio12, Bio13, Bio3, Alt., Bio11, Slo., Bio14, Bio2, Asp., and Bio9 (Figure 2). The extent to which each environmental variable contributed to the MaxEnt model showed that Bio12 and Bio13 were the critical limiting factors for the potential distribution of E. challengeri, with single-factor contribution rates of 31.7% and 18.8%, respectively. The cumulative contribution rate of other environmental factors was 49.5% (Table 2). Furthermore, the response curve between the dominant environmental variables and the distribution probability showed that the threshold ranges of Bio12 and Bio13 were 300–1750 mm (Figure 3a) and 130–540 mm (Figure 3b), respectively. In the above ranges, the potential distribution probability of E. challengeri was high.




3.3. Current Distribution Pattern of E. challengeri


Under current climate conditions, the predicted map demonstrated that the actual occurrence records (Figure 4a) were consistent with the simulated suitable habitats (Figure 4b). The threshold value of the probability of the existence of E. challengeri was 0.13. The suitability levels of habitats of E. challengeri were divided into unsuitable (0–0.13), low (0.13–0.34), moderate (0.34–0.57), and high (0.57–1) suitability habitats using the method of nature breaks. The northern temperate areas in eastern China (102–129° E, 23–50° N) offered a suitable range for the E. challengeri current, with a total area of 4.32 × 106 km2 (Table 3). High-suitability habitats of E. challengeri were concentrated in eastern China (Anhui Province, Hubei Province, Jiangsu Province, Jiangxi Province, Zhejiang Province, and Fujian Province), southwestern China (Guizhou Province, the junction of Guizhou Province, Hubei Province, Hunan Province, and Chongqing City), northern China (Hebei Province, Beijing City, Shanxi Province, and Shandong Province) and northeastern China (Liaoning Province) (Figure 4).




3.4. Dynamic Spatiotemporal Distribution of E. challengeri under Future Scenarios


In terms of spatial scale, among the different levels of suitable habitats, the high-suitability habitats of E. challengeri decreased most significantly (Figure 5a–d). In addition, although the suitable habitats experienced gains and losses under the future climate scenarios, the range of losses was larger than the range of gains (Figure 6a–d). Gains and losses were predicted to occur in the northernmost and southernmost regions of China, respectively. In detail, the gains were located in northeast China, including in the Greater Khingan Mountains and the Lesser Khingan Mountains. The losses mainly occurred in the southern regions of the Yunnan, Guangdong, Guangxi, and Fujian Provinces, followed by the Sichuan Basin. The total suitable area of E. challengeri showed a decline of 8.80–35.88% within all future scenarios compared with the current area; in particular, the decline in the RCP8.5 scenario was greater than that in the RCP2.6 scenario. In terms of temporal scale, high-suitability habitats, total suitable area, and losses varied more in the 2070s than in the 2050s (Table 3).




3.5. Migration Routes of Distributional Centroids of E. challengeri


The current distributional centroid was predicted to be located in Henan Province (114°30′36″ E, 32°36′36″ N). In RCP2.6, the distributional centers were located in northern Anhui Province, and they moved from the centroid (115°24′36.05″ E, 33°18′36″ N) in the 2050s to the centroid (115°37′48″ E, 33°32′24.09″ N) in the 2070s. In RCP8.5, the center (116°16′12.03″ E, 34°34′11.93″ N) in the 2050s located in Anhui Province migrated to the center (117°36′36″ E, 37°10′12.07″ N) in the 2070s in Shandong Province. Taken together, the centroids migrated to the northeast of high latitudes, and the migration distance in RCP8.5 was far greater than that in RCP2.6 (Figure 7).





4. Discussion


4.1. Performance of the MaxEnt Model


The response relationship between species distribution and environmental factors is one of the important components of ecological research. In recent years, studies have increasingly used the MaxEnt model to predict the geographical distribution of bryophytes [32,33]. In this study, the relationship between the geographical distribution of E. challengeri and climate warming was examined in spatial and temporal dimensions. Consistent with previous studies, the distribution prediction map showed a good match with the actual occurrence records when the MaxEnt model was used [34]. This study confirmed that the MaxEnt model was applicable to determine the geographical distribution of E. challengeri in China, and the prediction results of the MaxEnt model were reliable.




4.2. Critical Environmental Factors Affecting the Distribution of E. challengeri


In large-scale geographical space, the distribution of plants is influenced by temperature and precipitation. According to recent reports, water is generally regarded as an important factor in the distribution of bryophytes [35]. For example, our previous studies showed that precipitation of driest month (Bio14) is a critical factor for the distribution of Sphagnum bogs [36], and annual precipitation (Bio12) is the most important factor influencing Climacium dendroides (Hedw.) F. Weber & D. Mohr [33]. In this study, Bio12 and precipitation of wettest month (Bio13) were the critical environmental factors, being dominant over the other variables that restricted the distribution of E. challengeri. Water dominates the distribution of bryophytes, which may be attributed to its origin. The reasons for this may be that bryophytes are transitional groups moving from aquatic to terrestrial habitats and that the reproductive process must be completed with the participation of water. Therefore, water is an essential condition for the flourishing population of bryophytes and thus affects geographical distribution.




4.3. Suitable Habitats for E. challengeri under the Current Climate Scenario


Each species occupies a limited distribution range on the Earth’s surface. This study found that the suitable habitats for E. challengeri were mainly concentrated in the northern temperate zone of eastern China. This may be because the floristic type of E. challengeri is in the north temperate zone. Compared to other climate zones, the north temperate zone has a suitable humidity and temperature for E. challengeri. And E. challengeri is a shady plant that colonizes under forest canopies [37]. In regions with suitable climatic habitats, bryophytes with north temperate flora may spread widely [38]. Thus, the floristic properties of plants and climate conditions together determine the geographical distribution of plants [39].




4.4. Spatiotemporal Shifts in Suitable Habitats under Future Climate Scenarios


The geographical distribution range of plants is constantly changing. The impact of climate warming on the geographical distribution of plants is reflected in the changes in distribution range and area. Climate warming generally decreases the suitable distributional area of bryophytes. For example, Désamoré et al. predicted that the distributional area of Homalothecium sericeum (Hedw.) Schimp. in southern Europe will decrease significantly by the 2080s [40]. Our study demonstrated that the area of predicted climatically suitable habitats for E. challengeri under future climate conditions was significantly fewer than its current distribution. Generally, the negative impact of climate warming on the distribution pattern of different species is similar but to different degrees.



Moreover, the adverse effects were predicted to be more pronounced in RCP8.5 than in RCP2.6 and more serious in the 2070s than in the 2050s. This means that climate warming threatens the survival of E. challengeri, and with the intensification of climate warming over time, the range of suitable habitat areas will decrease further. Compared with the present distribution range, the future predicted distribution range showed a trend of ‘northern expansion and southern shrinkage’. Additionally, the northern range boundaries of climatically suitable habitats for E. challengeri in China were predicted to extend further north. Notably, southern China and the Sichuan Basin were at high risk for habitat loss, and special attention should be given to their preferential protection. These two zones are typified by flat terrain, fertile soil, and warm and humid climates [41], which are ideal suitable habitats for E. challengeri. Hence, the loss area predicted in this study should be taken as the priority area for monitoring.




4.5. Migration Routes of Centroid under Future Climate Scenarios


A species may cope with climate change in four ways: survival, adaptation, migration, or extinction [42]. If the key environmental factors exceed the threshold range for optimal growth, in the context of global warming, plants may be forced to migrate to find new suitable habitats to expand their range of population distribution or may go extinct if their migration speed cannot catch up with the speed of climate change [43]. Many studies and observations have indicated that global warming promotes the migration of plants to higher latitudes [2,44]. Most plant species that lack an effective and rapid migration ability will have difficulty finding suitable habitat areas [45]. However, plants with short life cycles and fast reproductive cycles, such as bryophytes, migrate faster than trees with long reproductive cycles. According to a new study in Europe covering 40 representative bryophyte species, the species has expanded and migrated to the north because of climate warming [46]. Similarly, our present study predicted latitudinal shifts upward. The migration distance in RCP8.5 was greater than that in RCP2.6, which implies that a higher concentration of greenhouse gas emissions stimulated intense migrations of E. challengeri.



Whether E. challengeri will become extinct depends on multiple factors, such as its understory habitat, adaptability, and spore production. Worryingly, global climate change and the range of native species are proceeding at different speeds, with the former shifts much quicker and thus in the long term rendering current distributions climatically unsuitable for many species. This climate change is the main driver of species relocation to new areas. A new study noted that even bryophytes that have highly efficient wind dispersal systems will not be able to withstand the rate of climate change over the next few decades [46]. Even so, the ideal habitats for E. challengeri are moving toward higher cold zones due to a need to adapt to climate warming through migration. Regarding natural spread, the dispersal routes of bryophytes are mainly along the mountains. Extinction in a short time period is not the primary strategy for this species in combating climate warming.




4.6. Future Studies


Although environmental factors typically emerge as the overriding correlates at broad spatial scales, other drivers of ecological processes are crucial predictors at finer spatial scales. In addition, anthropogenic disturbances and habitat fragmentation may exacerbate a crisis in the wild population of bryophytes [36]. Due to the limitations of time and data, the environmental variables selected in this study were not sufficiently comprehensive. Henceforth, before further research can be carried out, human activities, topography, vegetation, and spore dispersal ability need to be supplemented to increase the accuracy of the prediction results. Likewise, microhabitats should be considered in the model. Again, the distribution points obtained from our field investigations were concentrated in summer, and the short-term field survey was not sufficient to cover the whole country. Hence, the improvement and application of the research results still need support via long-term data collection and monitoring. Finally, the next step is to carry out research on the functional efficiency of the natural reserve for E. challengeri [47].





5. Conclusions


This present study was the first attempt to gather national occurrence records of E. challengeri in China and predict its distributional habitats by using the MaxEnt model and ArcGIS. The distributional map provided in this study is an important record and can be used for future field investigations. Climate warming is predicted to have adverse effects on the suitable habitats of E. challengeri. Greater intensity and longer periods of climate warming may drive greater suitable habitat loss. Specifically, the reductions will occur in southern China and the Sichuan Basin, which are no longer suitable for the survival of E. challengeri, and care should be taken to preserve the above two areas. Precipitation was shown to play a dominant role in the distribution. Future climate warming may trigger the centroids to move to higher latitudes in the northeast direction. Due to its growth under forest canopies, the management plan of E. challengeri depends on the comprehensive management of forestry.
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Figure 1. Model suitability test and AUC value. 
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Figure 2. The importance of environmental variables for the distribution of Entodon challengeri in China according to a jackknife test. 
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Figure 3. Response curves of predicted probabilities to critical environmental factors. (a) Bio12 is annual precipitation. (b) Bio13 is precipitation of wettest month. 
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Figure 4. The actual and predicted distribution of Entodon challengeri under the current climate scenario based on the MaxEnt model in China. (a) Actual occurrence records. (b) Current geographical distribution predicted using the MaxEnt model. Unsuitable habitat is represented by red; low-suitability habitat is represented by yellow; moderate-suitability habitat is represented by green; high-suitability habitat is represented by blue. 
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Figure 5. Potential distribution of Entodon challengeri under future climate scenarios. (a) Potential distribution in RCP2.6–2050s. (b) Potential distribution in RCP2.6–2070s. (c) Potential distribution in RCP8.5–2050s. (d) Potential distribution in RCP8.5–2070s. Unsuitable habitat is represented by red; low-suitability habitat is represented by yellow; moderate-suitability habitat is represented by green; high-suitability habitat is represented by blue. 
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Figure 6. Comparison of the distribution of Entodon challengeri between current and future climate scenarios. (a) Comparison of the potential distribution between the current conditions and RCP2.6–2050s. (b) Comparison of the potential distribution between the current conditions and RCP2.6–2070s. (c) Comparison of the potential distribution between the current conditions and RCP8.5–2050s. (d) Comparison of the potential distribution between the current conditions and RCP8.5–2070s. Habitat loss is represented by red; habitat gain is represented by yellow; unchanged habitat is represented by green. 
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Figure 7. Migration routes of Entodon challengeri under future climate scenarios. The black dot represents the current suitable distribution center, the red dots represent suitable distribution centers under the RCP2.6 climate scenario in the 2050s and 2070s, and the green dots represent the suitable distribution centers under the RCP8.5 climate scenario in 2050s and 2070s. 
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Table 1. The nineteen bioclimatic variables used in the MaxEnt model.
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	Codes
	Description of Environment Variables
	Unit





	Bio1
	Annual mean air temperature
	°C × 10



	Bio2
	Mean diurnal range
	°C × 10



	Bio3
	Isothermality
	×100



	Bio4
	Temperature seasonality
	×100



	Bio5
	Max temperature of warmest month
	°C × 10



	Bio6
	Min temperature of coldest month
	°C × 10



	Bio7
	Temperature annual range
	°C × 10



	Bio8
	Mean temperature of wettest quarter
	°C × 10



	Bio9
	Mean temperature of driest quarter
	°C × 10



	Bio10
	Mean temperature of warmest quarter
	°C × 10



	Bio11
	Mean temperature of coldest quarter
	°C × 10



	Bio12
	Annual precipitation
	mm



	Bio13
	Precipitation of wettest month
	mm



	Bio14
	Precipitation of driest month
	mm



	Bio15
	Precipitation seasonality
	×100



	Bio16
	Precipitation of wettest quarter
	mm



	Bio17
	Precipitation of driest quarter
	mm



	Bio18
	Precipitation of warmest quarter
	mm



	Bio19
	Precipitation of coldest quarter
	mm
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Table 2. Contribution rates of ten environmental variables influencing the distribution of Entodon challengeri.
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	Codes
	Description of Environment Variables
	Contribution Rate (%)





	Bio12
	Annual precipitation
	31.7



	Bio13
	Precipitation of wettest month
	18.8



	Bio3
	Isothermality
	11.8



	Alt.
	Altitude
	10.8



	Bio11
	Mean temperature of coldest quarter
	9.3



	Slo.
	Slope
	6.4



	Bio14
	Precipitation of driest month
	5.9



	Bio2
	Mean diurnal range
	2.7



	Asp.
	Aspect
	2.3



	Bio9
	Mean temperature of driest quarter
	0.3
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Table 3. Dynamic distributional area of Entodon challengeri under future climate scenarios.
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Climate Scenarios

	
Area (×106 km2)




	
Unsuitable Habitats

	
Poor-Suitability Habitats

	
Moderate-Suitability Habitats

	
High-suitability Habitats

	
Total Suitable Area

	
Loss

	
Gain

	
Unchanged






	
Current

	
5.28

	
1.69

	
1.25

	
1.08

	
4.32

	
—

	
—

	
—




	
RCP2.6–2050s

	
5.66

	
1.63

	
1.33

	
0.98

	
3.94

	
0.54

	
0.32

	
3.68




	
RCP2.6–2070s

	
5.69

	
1.64

	
1.31

	
0.96

	
3.91

	
0.71

	
0.36

	
3.67




	
RCP8.5–2050s

	
6.63

	
1.36

	
1.03

	
0.58

	
2.97

	
1.77

	
0.42

	
3.56




	
RCP8.5–2070s

	
6.83

	
1.29

	
0.99

	
0.49

	
2.77

	
2.38

	
0.51

	
3.49
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