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Abstract

:

Stipa breviflora, a dominant species of Chinese temperate grassland, is vulnerable to climate change. A quantitative description of the changes in the geographic distribution of S. breviflora under climate change can provide a reference for potential changes in Chinese temperate grassland and the necessary countermeasures to cope with climate change. In this study, the relationship between the geographic distribution of S. breviflora and the climate, and its inter-decadal change in geographic distribution and climatic suitability from 1961 to 2040 were investigated. The results showed that S. breviflora’s geographic distribution could be simulated very well by the MaxEnt model, and its climatic suitability could be divided into four levels—most suitable, medium suitable, less suitable, and unsuitable areas—based on its existence probability from the MaxEnt model. In the past 50 years, the total climate-suitable area for S. breviflora’s potential geographical distribution exhibited an obvious increase and a trend of northward expansion, which was larger than the current distribution area. The total climate-suitable area would increase by about 6.7% and decrease by 11.5% from 2011–2040 under RCP4.5 and RCP8.5 climate scenarios, respectively; however, the most suitable area increased and moved to western areas of Tibet, Qinghai, and Ningxia. The results revealed that the distribution area of S. breviflora still has greater potential for expansion.
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1. Introduction


Climate is the main factor that determines the type of vegetation and the distribution of species. The distribution of vegetation and species within a certain geographical area is also a reflection and sign of a specific climate, which is also a manifestation of the biodiversity in this region. However, global climate change caused by modern human activities is taking place. According to the fifth report of the Intergovernmental Panel on Climate Change (IPCC), the average global sea—land surface temperature shows a linear increase from 1880 to 2012, with an average temperature increase of 0.85 °C. The heterogeneity of global precipitation increased, causing a series of ecological problems [1]. Severe climate change will have a serious impact on vegetation—climate relationships, significantly affecting the large-scale pattern of plant distribution [2,3,4,5,6]. Especially for regional plants in certain ecological transition zones, the environmental conditions are special, and the impact of climate change will be more intuitive and serious. Therefore, it is of great significance to understand the changes in the geographical distribution of dominant plants and to develop scientific countermeasures to deal with climate change.



Analyzing the impact of climate change on the distribution of plant species is mainly based on the model simulation method. The model simulation methods used are mainly the biophysical correlation model, climate element index method, generalized linear model (GLM), generalized additive model (GAM), logistic regression model, etc. Different models have different advantages and disadvantages. Compared with similar models, the maximum entropy (MaxEnt) model has a strong advantage in predicting species distribution [7]. MaxEnt is a general-purpose machine learning method for making predictions or inferences from incomplete information [8]. The intent of MaxEnt is to estimate a target probability distribution by finding the probability distribution of maximum entropy (which is most spread out, or nearly uniform), subject to a set of constraints that represent incomplete information about the target distribution [7,9]. MaxEnt has good performance in modeling species geographic distribution with presence-only data [9,10,11,12]. However, different climatic factors were selected to simulate the relationship between species and climate, and the distribution of species was then predicted in previous studies. For example, the annual temperature, the highest temperature of the warmest month, the lowest temperature of the coldest month, the average temperature of the most humid and dry season, the precipitation of the wettest and the driest season, the accumulated temperature greater than 5 °C, etc. were chosen by different studies to simulate and assess the impact of climate change on plant distribution [13,14,15,16]. The selection of climatic factors was subjective, and there were no objective selection criteria and methods in these studies. In particular, the climatic factors were not uniform, which led to increased uncertainty and comparability in the results [17]. Therefore, there is a need to establish a method for quantitatively determining climatic factors that affect plant distribution.



Grassland is widely distributed in China, forming the largest land area of China’s ecosystem, most of which is in arid and semi-arid regions and is sensitive to and profoundly affected by climate change [18,19,20]. Results showed that the potential geographical distribution of vegetation in Inner Mongolia in the areas of desert, semi-desert grassland, mountain grassland, and typical grassland increased and expanded eastward, and the area of meadow grassland decreased and extended to high latitudes and high altitudes over the past 50 years [4]. Also, future climate change may lead to a slight decrease in the vegetation of desert and desert steppe in western China, with an increase in shrub [21]. Stipa plants, the most dominant species in the grasslands of Eurasia, are widespread across China [22]. S. breviflora is one of the most dominant species in the desert steppe of China, with a very wide distribution in the Qinghai–Tibet Plateau, Loess Plateau, and Xinjiang region. In the context of climate change, the change in the geographical distribution of S. breviflora is a response to climate change, reflecting, to a certain extent, the impact of climate change on the biodiversity of this grassland. Therefore, studying the suitability of the geographical distribution of S. breviflora to climate change would help comprehensively understand the impact of climate change on species distribution and the protection of the desert steppe ecosystem in a macroscopic view, and provide a basis for formulating scientific grassland management policies.



Around the changes in geographical distribution of vegetation in China under the background of climate change and the need for policy formulation on climate change, the objectives of this study were (1) to quantitatively reveal the main climatic factors that determine the geographical distribution of S. breviflora based on the MaxEnt model; (2) to construct the relationship between the potential geographical distribution and climate factors and investigate the potential geographical distribution of S. breviflora and its climatic suitability in China; and (3) to evaluate the inter-decadal change in the potential geographic distribution of S. breviflora in China from 1961 to 2040.




2. Materials and Methods


2.1. Data on Meteorology and Geographic Information


Data on the geographic information of S. breviflora in continental China were collected using three main methods: (1) collection from the records of seven main herbariums in China (http://www.cvh.org.cn); (2) extraction from flora across China, including those from Henan, Hebei, Qinghai, Sichuan, Xinjiang, Tibet, and Inner Mongolia; (3) publications on S. breviflora in the China National Knowledge Infrastructure (CNKI), Chinese Field Herbarium (CFH), and Web of Science. In total, 125 points for S. breviflora were obtained from all the data sources (Figure 1).



Meteorological data were obtained from the daily dataset in 1961–2010 obtained at basic and benchmark meteorological observation stations by the National Meteorological Information Center, including the elements of station longitude, latitude, daily mean, maximum, and minimum air temperature, precipitation, wind, humidity, etc. These data were interpolated onto the surface grid data at a 10-km resolution [23], and the surface data of solar radiation were obtained following the methods of Thornton et al. [24]. Based on the consideration of the climate standard year, the 10 km × 10 km grid data of 1961–1990, 1966–1955, 1971–2000, 1976–2005, and 1981–2010 were established. The simulation of future climate scenarios used climate data for 2011–2040 (RCP4.5 and RCP8.5).




2.2. Maximum Entropy Model


The maximum entropy (MaxEnt) model is a general-purpose machine learning method for making predictions or inferences from incomplete information [8]. Predictions by the MaxEnt model can be assessed using a receiver operating curve (ROC). An ROC plot is obtained by plotting all sensitivity values (true positive fraction) on the y-axis against their equivalent (1-specificity) values (false positive fraction) for all available thresholds on the x-axis. The area under the ROC function (AUC) is usually taken to be an important index because it provides a single measure of overall accuracy that is not dependent upon a particular threshold [25].



There are two methods to assess the contributions of climate indices to simulated models [26]: percentage contribution and the jackknife test. While the MaxEnt model is trained, it keeps track of which climate indices are contributing to fitting the model. Each step of the MaxEnt algorithm increases the gain of the model by modifying the coefficient for a single feature; the program assigns the increase in the gain to the environmental variable that the feature depends on. The percentage contribution is the value of each climatic factor contribution to the model during the model training process, converted to percentages at the end of the training process. The jackknife test is illustrated by a bar graph of green, blue, and red bars. The length of the red bar at the bottom represents the total score for simulating the distribution of S. breviflora using all the selected potential climatic indices. The length of the blue bar represents the score using only one of the climatic indices; the longer the bar is, the more important the climatic factor. The length of the green bar represents the score of a model created with the remaining indices. The greater the difference in length between green and red bars is, the less likely that the factor affecting winter wheat distribution can be replaced by other indices. The factor can only be replaced by other indices if the red and green bars show similar lengths.




2.3. Selection of Climatic Factors Affecting Species Distribution


There are two well-known balance equations on the earth’s surface: the water balance equation and heat balance equation. The heat balance equation is formulated as


   R n  = L E + H ,  



(1)




where Rn is the intercepted net radiation by the surface of vegetation, E is the evapotranspiration, including evaporation, transpiration, and condensation of the surface of vegetation, L is the latent heat, and H is the sensible heat. When Rn is positive, heat is obtained by the surface of the earth. When other variables are positive, heat is lost from the surface of the earth.



The water balance equation on the earth’s surface has the following formula:


  P = E + R ,  



(2)




where P is the actual water entering a region, including precipitation and water from neighboring regions, and R is the runoff including the surface and underground.



The intercepted net radiation is formulated as


   R n  = Q ×  (  1 − α  )  − σ ×  [   (   T 7 4  +  T 1 4   )  / 2  ]  ,  



(3)




where Q is the solar radiation,  α  is the land surface reflectance, T7 and T1 are the mean temperature of the warmest month and the coldest month, respectively, and  σ  is the Boltzmann constant.



By performing Equations (1) to (3), the following formula can be obtained:


  Q − σ ×  [     (   T 7 4  +  T 1 4   )   2   ]  − L × P = Q × α − L × R + H ,  



(4)




where the right side of equation reflects the effect of vegetation on the energy distribution, Q ×  α  shows the solar radiation reflected by vegetation, L × R shows the energy taken away by runoff, and H is the energy heating the atmosphere. The variables on the left side of the equation are all closely related to vegetation; that is to say, the vegetation characteristics of an area are decided by the following variables: solar radiation (Q), precipitation (P), temperature of the warmest month (T7), temperature of the coldest month (T1), and annual mean temperature (T), closely related to latent heat.



Based on the mechanism of species distribution, climatic factors which decide the geographic distribution of plants mainly follow three types: (1) the lowest temperature that a plant is able to endure, (2) the length of the growing season and the heat supply to complete its life cycle, and (3) the water supply to form and maintain the plant’s canopy [27]. Combining Equation (4), climatic factors which decide a plant’s geographic distribution are the lowest temperature that a plant could endure—that is, the extreme temperature Tmin—the heat supply to complete its life cycle (Q), the length of the growing season, which is decided by the extent and intensity of annual temperature, including T7, T1, and T, and the water supply to form and maintain the plant’s canopy, which is mainly decided by precipitation P for vegetation. Thus, there are six climatic factors which decide a plant’s geographic distribution: Tmin, Q, T7, T1, T, and P.





3. Results


3.1. Applicability of Model and Climate Factors


The model of the geographic distribution of S. breviflora was trained by a training subset (randomly selecting 75% of the sample records for training) to check the applicability of MaxEnt. Then, the remaining 25% of the data (the geographic data and meteorological data) were used for model testing. The AUC value derived from the model of the geographic distributions of S. breviflora and climatic factors was 0.92, reaching an excellent level of model accuracy (Figure 2). Thus, MaxEnt was able to study the relationships between the geographic distributions of S. breviflora and the climate.



Based on climatic factors in Table 1 that affect the geographical distribution of S. breviflora, the contribution of climate factors was ranked as follows: annual precipitation (P) > temperature of the coldest month (T1) > temperature of the warmest month (T7) > extreme temperature (Tmin) > annual solar radiation (Q) > annual mean temperature (T) (Table 1). According to the jackknife test, the six climate factors also had a varying degree of contribution to the geographical distribution of S. breviflora (Figure 3), and none of the six factors could be removed.




3.2. Climate Suitability of S. breviflora Geographical Distribution


According to the known geographic distribution points provided by publications on S. breviflora, the climate variable layer consisted of the six dominant climatic factors over the 30 years from 1961 to 1990 (climate reference period). The simulated model was developed in terms of the MaxEnt model and the present data, including the geographic distribution data of S. breviflora and the climate data during 1961–1990. Thus, the presence probability p to divide the climate suitability of S. breviflora’s potential geographical distribution could be obtained. Based on the climate resource guarantee rate, the climate suitability of the potential geographical distribution for S. breviflora can be divided into four categories: unsuitable (a presence probability smaller than 5% (p < 0.05)), i.e., low-probability events, less suitable (a climate guarantee rate of 76% (0.05 ≤ p < 0.766 = 0.19)), medium suitable (a climate guarantee rate of 85% (0.19 ≤ p < 0.856 = 0.38)), and the most suitable (or optimal; p ≥ 0.38). Figure 4 shows the grades of climate suitability for S. breviflora’s potential geographical distribution from 1961 to 1990 (climate reference period).



According to the response curve of the presence probability p to climatic factors, the threshold of climatic factors in different climate-suitable regions of S. breviflora can be obtained (Figure 5, Table 2). The most climate-suitable regions of S. breviflora are mainly distributed in the central parts of the Inner Mongolia and Chifeng regions, northern Shaanxi, Ningxia, Gansu, southeastern Qinghai, western Xinjiang, southern Tibet Plateau, and western Sichuan. The thresholds of climatic factors influencing the most suitable distribution of S. breviflora in China were as follows: 105 ≤ P ≤ 704 mm, 107,615 ≤ Q ≤ 174,375 W/m2, −41.1 ≤ Tmin ≤ −19.0 °C, −16.5 ≤ T1 ≤ 1.1 °C, 10.1 ≤ T7 ≤ 30.7 °C, and −1.5 ≤ T ≤ 13.1 °C (Table 2).




3.3. Inter-Decadal Dynamics of the Potential Geographical Distribution of S. breviflora


The training model was based on the MaxEnt model and the present data, including the geographic distribution data of S. breviflora and the climate data during 1961–1990; subsequently, the inter-decadal potential distributions of S. breviflora from 1961 to 2010 (i.e., 1961–1990, 1966–1995, 1971–2000, 1976–2005, and 1981–2010) and 2011–2040 (RCP4.5 and RCP8.5) were developed (Figure 6). Over the past 50 years, the total climate-suitable scope for the S. breviflora geographical distribution exhibited an obvious increase, of which the scope in Xinjiang and Tibet in southwest China increased obviously and exhibited a trend of northward expansion. In the future, in the period of 2011–2040 under the RCP4.5 climatic scenario, the total climatic-suitable distribution area of S. breviflora increased significantly, and the most climate-suitable area moved to the Qinghai–Tibet Plateau (Figure 6f). Under the RCP8.5 climate scenario, the most climatic-suitable area was mainly in the western part of Tibet, Qinghai, and Ningxia (Figure 6g).



The total climate-suitable area for S. breviflora’s geographical distribution showed a linear increase in 1961–2010 (R2 = 0.67, Table 3). Compared to climate standard years (1961–1990), the total climate-suitable area for each assessment period increased by 0.3% (1966–1995), 0.7% (1971–2000), 1.0% (1976–2005), 8.0% (1981–2010), 22.6% (2011–2040, RCP4.5), and −2.6% (2011–2040, RCP8.5). Compared to climate standard periods (1961–1990), the most climate-suitable area exhibited an increasing trend during 1971–2010. While the medium climate-suitable area was the smallest in 2011–2040 under RCP8.5 climatic scenario, the less climate-suitable area fluctuated from 1961–2010 and decreased in 2011–2040 compared to 1961–1990 (Table 3).





4. Discussion


Upon changes in temperature, precipitation, and CO2 concentration, the species composition of the grassland also changes, and the changes in certain climatic resources change the dynamics and balance of different grassland species, thereby affecting their productivity [1,28]. Although climate change impacted grasslands in China from different perspectives [4,29,30], information about the potential geographical distribution of dominant species in grasslands and their climatic suitability in China in response to climate change is still lacking [31]. Therefore, quantitatively analyzing the potential geographical distribution and inter-decadal variation of S. breviflora, the dominant species in desert grassland in China, will help understand the impact of climate change on the structure and function of the desert grassland ecosystem in China.



The climate–vegetation relationship reflects the mutual effects of vegetation and climate. Previous studies determined different climatic factors to simulate the relationship between plant distribution and climate [13,14,16]. The selection of climatic factors was subjective, and there were no objective selection criteria and methods in these studies. The selection of climatic factors affecting plant geographical distribution was mostly determined by study experience, which increased uncertainty and incomparability in the results [17]. In this study, the annual amount of solar radiation, annual precipitation, extreme low temperature, temperature of the coldest month, temperature of the warmest month, and annual temperature were selected to determine the geographical distribution of S. breviflora based on the control mechanism of the geographic distribution of vegetation [27], as well as the energy balance equation and water balance equation of the earth’s surface. These six climatic factors comprehensively reflect the three major elements affecting plant growth: temperature, moisture, and light [32]. At the same time, the accuracy of the maximum entropy model for the geographical distribution of S. breviflora and climatic factors based on the six climatic factors reached an “accurate” level (Figure 2), which showed that the selected climatic factors could reflect the climatic conditions of the geographical distribution of S. breviflora. Additionally, each climatic factor has a certain contribution rate to the geographical distribution of S. breviflora, among which the temperature of the coldest month contributed the most, and the annual precipitation had the largest displacement importance (Table 1, Figure 3). This revealed that the selected six climatic factors affected the geographic distribution of S. breviflora to varying degrees and were indispensable. When these climatic factors act in combination and within a certain threshold range, the area could be suitable for S. breviflora [32]. Then, S. breviflora can regulate its own physiological ecology according to its sensitivity to environmental changes to adapt to a certain degree of hydrothermal changes [33,34], making it more adaptable.



Currently, both biogeochemical models and biogeographic models need accurate climate-driven information, i.e., accurate climate resource information, to accurately simulate the functional and structural characteristics of vegetation. Therefore, climate resources directly determine the function, structure, and diversity of vegetation. The cumulative error caused by the gradual determination of the geographical distribution of vegetation based on the thresholds of multiple climate-limiting factors may gradually lead to large differences between the final geographical distribution and actual distribution in previous studies [35]. The maximum entropy model can predict potential distribution based on incomplete species presence information, which represents regions with similar environmental conditions to actual distribution regions [7]. In terms of the distribution scope, the potential distribution of S. breviflora was generally consistent with the actual distribution area in this study (Figure 4), which was continuously distributed in Inner Mongolia, northern Shaanxi, Ningxia, Gansu, Qinghai, Xinjiang, and the southeast of the Qinghai–Tibet Plateau. The MaxEnt model, based on the combined effects of climatic factors at each grid point, gave the relative probability of the existence of S. breviflora in the predicted area [8], i.e., comprehensive climate resource indicators. Using the probability of existence, the climate-suitable area of S. breviflora was divided into four grades, namely most suitable areas, medium suitable areas, less suitable areas, and unsuitable areas (Figure 4), which accounted for 11.9%, 14.7%, 19.2%, and 54.2% of the national area, respectively, in the reference period (1961–1990). The total potential suitable distribution area accounted for about 45.8% of the national total area (Table 3), which was larger than its actual distribution range, indicating that S. breviflora had greater potential for development in China. However, this study only considered whether S. breviflora could exist under the climatic conditions in the region, and neglected factors such as topography and human disturbance. Further analysis showed that the total climate-suitable area of S. breviflora’s potential distribution gradually increased from 1961 to 2010, and the areas of Xinjiang and southwestern Tibet were significantly increased (Figure 6). This is related to the difference in precipitation patterns in China in the past 50 years: precipitation decreased in Inner Mongolia, northeast China, and north China and increased in the western and Tibetan Plateau regions [36,37], while temperature simultaneously increased. When the distribution of climate resources adapting to S. breviflora changes, the geographical distribution also undergoes corresponding changes [19]. The total climate-suitable area of S. breviflora’s potential geographical distribution gradually increased in 1960–2010 and 2011–2040 under RCP4.5 climate scenarios (Table 3), and the most suitable area moved to the Qinghai–Tibet Plateau under RCP4.5. The increases in average annual temperature of China were 2.9 °C and 5.5 °C under the RCP4.5 and RCP8.5 scenarios, respectively, and the increases in average annual precipitation under RCP4.5 and RCP8.5 were 0.214 mm/day and 0.323 mm/day in the 21st century. The increase in temperature of the coldest month was greater than the average annual temperature, and the increased temperature and precipitation in the 21st century were mainly contributed by the Tibetan Plateau and the northeast of China, especially under the RCP8.5 scenario [38,39]. RCP4.5 is a medium emission scenario, while RCP8.5 is the highest emission scenario, whereby no corresponding policies were adopted to deal with climate change. The temperature increases strongly under RCP8.5 and may exceed the suitable temperature for plant growth [1]. Thus, the results showed that the climate-suitable area decreased in 2011–2040 under the RCP8.5 climate scenario compared to the reference period. This indicated that more regional climatic resources will be suitable for the distribution of S. breviflora, which would have greater potential for expansion in China in the future under a medium-emission scenario, contrary to high-emission scenarios.




5. Conclusions


In terms of the geographical distribution data of S. breviflora and climate data in China, six climatic factors—the annual amount of solar radiation (Q), annual precipitation (P), extreme low temperature (Tmin), temperature of the coldest month (T1), temperature of the warmest month (T7), and annual temperature (T)—influencing S. breviflora distribution were selected based on the energy balance equation and water balance equation of the earth’s surface. Together with the maximum entropy model (MaxEnt) and ArcGIS spatial analysis technique, the relationship between the potential geographical distribution of S. breviflora and climate factors was established, and the potential geographical distribution of S. breviflora and its climatic suitability in China were revealed. The percentage contributions of six climate factors influencing the geographical distribution of S. breviflora were ranked as P > T1 > T7 > Tmin > Q > T. The total climate-suitable area of S. breviflora’s potential geographical distribution accounted for 45.8–49.5% of the land area in China in 1961–2010, increasing by about 6.69% and decreasing by about 11.5% in 2011–2040 under the RCP4.5 and RCP8.5 climate scenarios, respectively. This revealed that the potential distribution area of S. breviflora was larger than the current distribution area, and it still has greater potential for expansion to some extent, reducing degradation of temperate grassland in China.
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Figure 1. Geographic distribution points of Stipa breviflora. 
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Figure 2. Receiver operating curve (ROC) for the MaxEnt model simulation of the geographical distribution of S. breviflora. 
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Figure 3. Climatic factor contribution to the climatic impact on the geographical distribution of S. breviflora in China. Tmin, extreme low temperature; P, annual precipitation; Q, annual amount of solar radiation; T, annual temperature; T1, temperature of coldest month; T7, temperature of warmest month. 
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Figure 4. Grades of climatic suitability of the geographical distribution of S. breviflora in China. 
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Figure 5. Response curve of the presence probability p to climatic factors. 
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Figure 6. Inter-decadal change for the potential geographical distribution of S. breviflora in China: (a) 1961–1990; (b) 1966–1995; (c) 1971–2000; (d) 1976–2005; (e) 1981–2010; (f) 2011–2040 in RCP4.5; (g) 2011–2040 in RCP8.5. 






Figure 6. Inter-decadal change for the potential geographical distribution of S. breviflora in China: (a) 1961–1990; (b) 1966–1995; (c) 1971–2000; (d) 1976–2005; (e) 1981–2010; (f) 2011–2040 in RCP4.5; (g) 2011–2040 in RCP8.5.



[image: Sustainability 10 03767 g006]







[image: Table] 





Table 1. Percentage of contribution of climatic factors that affect the geographical distribution of Stipa breviflora in China.
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	Climate Factors
	Percent Contribution (%)
	Permutation Importance (%)





	Annual precipitation (P)
	31.9
	44.5



	Temperature of the coldest month (T1)
	22
	23



	Temperature of the warmest month (T7)
	18.2
	25.6



	Extreme temperature (Tmin)
	13.8
	3



	Annual solar radiation (Q)
	7.8
	1.9



	Annual mean temperature (T)
	6.2
	1.9
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Table 2. The threshold of climatic factors in different climate-suitable areas of S. breviflora’s geographical distribution.
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	Grades
	P

(mm)
	Q

(104 W/m2)
	T

(°C)
	T1

(°C)
	Tmin

(°C)
	T7

(°C)





	Most suitable area
	105 to 704
	10.8 to 17.4
	−1.5 to 13.1
	−16.5 to 1.1
	−41.1 to −19.0
	10.1 to 30.7



	Medium suitable area
	97 to 797
	10.4 to 17.6
	−2.2 to 15.1
	−19.9 to 4.7
	−46.0 to −12.5
	7.1 to 29.5



	Less suitable area
	95 to 904
	10.0 to 17.9
	−5.5 to 17.4
	−26.4 to 6.7
	−50.0 to −6.6
	4.0 to 28.8
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Table 3. Climate-suitable area for the potential geographical distribution of S. breviflora in China (unit: 107 hm2).
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	Years
	Most Suitable Area
	Medium Suitable Area
	Less Suitable Area
	Unsuitable Area





	1961–1990
	11.61
	14.25
	18.66
	52.66



	1966–1995
	11.54
	13.89
	19.23
	52.51



	1971–2000
	12.58
	13.70
	18.53
	52.37



	1976–2005
	13.19
	12.98
	18.80
	52.25



	1981–2010
	14.66
	14.09
	19.31
	49.12



	2011–2040 (RCP4.5)
	20.37
	16.45
	17.73
	42.62



	2011–2040 (RCP8.5)
	15.01
	11.96
	16.41
	53.80
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