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Abstract: Understanding how the direct and indirect effects of climate change may affect species dis-
tributions is a key topic in ecology. We used maximum entropy models to explore the distribution of
two species of shrews (Chodsigoa hypsibia and Anourosorex squamipes) in China and analyzed the main
environmental factors affecting their current distribution and potential distribution changes under
two future climate scenarios. The results showed that the major environmental factors determining
the current distribution of C. hypsibia were the mean temperature of the coldest quarter (contributing
47.4%), annual mean temperature (contributing 24.7%), precipitation of the driest quarter (con-
tributing 21.1%) and isothermality (contributing 6%). Annual precipitation (contributing 42.9%),
precipitation of the driest month (contributing 28.1%), annual mean temperature (contributing 14.8%)
and temperature seasonality (contributing 12.6%) had the highest contributions to the distribution of
A. squamipes. Under future climate scenarios, the suitable habitat range of C. hypsibia increased while
that of A. squamipes decreased. These findings demonstrate that different small mammal species
respond differently to climate change.
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1. Introduction

Natural populations respond to global climate change by changing their geographic
distribution and timing of growth and reproduction, which, in turn, change the composi-
tion of communities and the nature of species interactions. Many populations’ reactions,
however, are likely to be insufficient to deal with the speed and extent of climate change,
leaving them vulnerable to population decline and extinction [1]. For example, climate
change could result in the extinction of a quarter of all plants and animals if greenhouse
gas emissions are not curbed [2]. Thus, it is an ecological priority to understand how
species distributions may be directly or indirectly affected by climate change [3]. Future
distributions are usually estimated by relating climatic conditions with the current distribu-
tion ranges of key species and projecting future conditions [4]. These species distribution
models (SDMs) are useful tools for deciphering the elements that influence the prospective
distributions of several organisms at various scales [5]. The maximum entropy approach
(MaxEnt) [6] has been widely used in biological invasion predictions [7], habitat predic-
tion for endangered animals [8], forest fire prediction [9], responses of species to climate
change [10] and prediction of potential threats from pest species [11], due to its good
simulation accuracy [12].
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Small mammals such as shrews play a significant role in many ecological systems
since they are the primary prey of many mammals, birds, and reptiles and can influence
the makeup of vegetation communities through seed dispersal [13,14]. However, the
influence of climate change on small mammals has been difficult to predict because of their
narrow and often discontinuous ranges and low dispersal ability [15]. Shrews, one of the
smallest mammals in the world, have unique physiological and ecological characteristics
that are sensitive to climate change [16]. Studies show shrews are highly dependent on
their environment [17] and do not migrate over long distances [18], making them ideal
for exploring species interactions with the environment. Shrews are also very sensitive
to severe environmental conditions due to thermal inertia and lower resistance to famine,
owing to their fast metabolism and small body size [16]. As a result, shrews should be
extremely sensitive to future temperature or precipitation changes that may be beyond
their physiological tolerances, causing range shifts or contractions [15].

Despite Chodsigoa hypsibia and Anourosorex squamipes being among the most widely
distributed shrews in China, an extremely complex topography and the high variation in
their habitats have hindered ecological research into their current and future distributions.
C. hypsibia has a wide distribution in central and southwestern China, with the main popu-
lation distributed in the Hengduan Mountains, which is an endemic species in China [19].
On the other hand, A. squamipes is primarily distributed in southwestern China, but also
occur in northern Laos, northern Vietnam, northern Thailand and northeast Myanmar,
where it can be found at elevations from 300 to 4000 m and latitudes from 18 to 35 degrees
north. A. squamipes is good at digging and inhabit diverse habitats, including forests,
farmlands and wastelands, and has highly diverse and flexible diets that include insects,
annelids and plants [20]. Compared to C. hypsibia, A. squamipes has a wide ecological
range and is adapted to different habitats and altitudes, with C. hypsibia occurring in more
complex mountain environments. Therefore, we chose these two species for two reasons:
(1) C. hypsibia and A. squamipes are among the most widely distributed insectivore in China;
and (2) C. hypsibia and A. squamipes have different ecological amplitude. The objective of
this study was to explore how climate change affected the distribution of them.

The distribution of C. hypsibia and A. squamipes has been studied widely during the last
thirty years [20,21]. In this study, we used MaxEnt modeling to predict the distributions
and main environmental factors affecting the current distribution of the two species, as
well as explore their distribution changes under two future climate change scenarios, using
an extensive dataset of georeferenced occurrence records from recent surveys.

2. Materials and Methods
2.1. Sample Data

To obtain occurrence records for C. hypsibia and A. squamipes over their ranges, we
inspected specimens deposited at Kunming Institute of Zoology (KIZ), Chinese Academy
of Sciences, and complemented them with data from the Global Biodiversity Information
Facility (GBIF, https:/ /www.gbif.org/ (accessed on 4 December 2021)). Records with no
geographical coordinates were excluded and those remaining were visually inspected for
errors. Ambiguous or duplicate records were further removed to reduce bias caused by
spatial autocorrelation. Duplicates were deleted within each grid cell (5 km x 5 km), due
to the SDM analyses, to reduce the bias caused by spatial autocorrelation. Finally, a total of
30 and 50 documented presence records of C. hypsibia and A. squamipes, respectively, were
obtained for constructing the models (Figure 1, Table S1).
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Figure 1. Distribution records of Chodsigoa hypsibia and Anourosorex squamipes in China.

2.2. Current and Future Environmental Variables

To predict the current and future distributions, we selected a total of 20 environmental
variables for the model input: elevation (30 m resolution) and 19 bioclimatic variables
(30 m resolution). The 19 bioclimatic variables and elevation were obtained from World-
Clim (http:/ /www.worldclim.org/bioclim (accessed on 4 December 2021) (Table 1) [22].
The climate variables are important biological parameters that affect the species survival.
They are generated by monthly temperature and rainfall quantity, including annual trends
(such as annual average temperature and annual precipitation), seasonality (such as annual
range in temperature and precipitation) and extreme or restrictive conditions (such as the
precipitation and the temperature of the warmest and the coldest month, as well as the wet
season and dry season precipitation). These climate factors are commonly employed in
ecological research to assess the impact of climate change on species distribution [23]. The
current and future bioclimate data were obtained from the Community Climate System
Model version 4 (CCSM4) [22], for two climate change scenarios (representative concentra-
tion pathways (RCPs): RCP2.6 and RCP8.5), representing the lowest (RCP2.6) and highest
(RCP8.5) projected impacts of rising greenhouse gas concentrations on future climate [24].
The CCSM4 climate models are among the most effective global climate projections of how
future climate change will affect the distribution of animals and plants [25,26]. The first
scenario (RCP2.6) is an ideal scenario that assumes a significant reduction in greenhouse
gas emissions following intentional mitigative responses by humans to climate change.
The second scenario (RCP8.5) is a pessimistic scenario that assumes no interventions to
climate change, leading to increasing greenhouse gas emissions and concentrations [27].
The current climate data were represented by averages for the years 1970-2000 while the
future data were represented by the 2041-2060 averages. We converted all the environmen-
tal variables to a 30-arc sec resolution (1 km? at the equator). Conversions and calculations
were performed in ArcGIS10.2 for all analyses. To reduce the influence of multicollinearity
of variables, we used the Pearson correlation coefficient (| r ) to screen for correlated vari-
ables. Altitude is highly correlated with average annual temperature, so we finally deleted
the altitude variable. Eventually, we retained only variables with Ir| < 0.7 [28]. Finally,
seven environment variables were used in the MaxEnt model of C. hypsibia: BIO1 (an-
nual mean temperature), BIO3 (isothermality), BIO9 (mean temperature of driest quarter),
BIO11 (mean temperature of coldest quarter), BIO14 (precipitation of driest month), BIO17
(precipitation of driest quarter) and BIO19 (precipitation of coldest quarter); and eight
environment variables were used of A. squamipes: BIO1, BIO4 (temperature seasonality),
BIO9, BIO11, BIO12 (annual precipitation) and BIO14,BIO17, BIO19 (Table S2).
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Table 1. List of environmental variables considered in this study.

Code Bioclimatic Variables

BIO 1 Annual mean temperature (°C)

BIO 2 Mean diurnal range (Mean of monthly (max temp-min temp)) (°C)
BIO 3 Isothermality ((BIO2/BIO7) *100) (°C)

BIO 4 Temperature seasonality (standard deviation *100) (°C)
BIO 5 Maximum temperature of warmest month (°C)
BIO 6 Minimum temperature of coldest month (°C)

BIO 7 Temperature annual range (BIO5-BIO6) (°C)

BIO 8 Mean temperature of wettest quarter (°C)

BIO9 Mean temperature of driest quarter (°C)

BIO 10 Mean temperature of warmest quarter (°C)

BIO 11 Mean temperature of coldest quarter (°C)

BIO 12 Annual precipitation (mm)

BIO 13 Precipitation of wettest month (mm)

BIO 14 Precipitation of driest month (mm)

BIO 15 Precipitation seasonality (standard deviation *100) (°C)
BIO 16 Precipitation of wettest quarter (mm)

BIO 17 Precipitation of driest quarter (mm)

BIO 18 Precipitation of warmest quarter (mm)

BIO 19 Precipitation of coldest quarter (mm)

ELEV Elevation (m)

2.3. Modeling Procedures and Validations

After importing the species occurrence and environmental variables data into MaxEnt
v3.4.1, the regularization multiplier was set to 1; the maximum number of background
points was set to 5000; maximum iterations were set to 500, and the convergence threshold
was set to 0.00001. We used 75% of the data for training and 25% for testing. In order to
ensure the accuracy of the results, we set to repeat the operation 10 times. The area of
occupancy (number of pixels multiplied by the area of each pixel which was 1 km?) in
models (current and future) was calculated in ArcMap 10.2 from the layer property of the
corresponding model raster layers. Suitability was classified into four classes: no suitability
(0-0.2), low suitability (0.2-0.4), medium suitability (0.4-0.6) and high suitability (0.6-1).

We evaluated model performance using the area under curve (AUC)—the area under
the receiver operating characteristic curve (ROC) [29]. The AUC evaluates the performance
of the model independent of any particular threshold setting and may be used to assess
prediction accuracy. It is widely recognized as a diagnostic evaluation index [30]. The AUC
ranges from 0 to 1; AUC values closer to 1 indicate better prediction performance. The
result with the largest AUC value for the 10 replications was used as the analysis object for
greater analytical dependability.

3. Results
3.1. Model Performance

Under current and future climate models, AUC values in the training and testing data
were high (>0.9 in training and testing data averages). The results showed that the MaxEnt
model simulated the relationship between the geographical distribution and environmental
variables of C. hypsibia and A. squamipes well (Table 2). The standard deviation AUC for
10 replicate runs was 0.127 for C. hypsibia and 0.052 for A. squamipes.
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Table 2. Percent contribution of the first four variables used to model the current and future potential
distribution of Chodsigoa hypsibia and Anourosorex squamipes in China.
Species Model AUC Percent Contribution of the First Four Variables
Current (1970-2000) 0.90 BIO11(47.4%), BIO1(24.7%), BIO17(21.1%), BIO3(6%)
C. hypsibia Future (2041-2060)-RCP2.6 0.91 BIO17(41.7%), BIO11(36.3%), BIO1(16.8%), BIO14(4.7%)
Future (2041-2060)-RCP8.5 0.92 BIO17(41.6%), BIO11(32.5%), BIO1(18.3%), BIO19(3.2%)
Current (1970-2000) 091 BIO12(42.9%), BIO14(28.1%), BIO1(14.8%), BIO4(12.6%)
A. squamipes Future (2041-2060)-RCP2.6 0.92 BIO12(29.6%), BIO17(22.8%), BIO14(20.1%), BIO4(13.5%)
Future (2041-2060)-RCP8.5 093 BIO14(58.8%), BIO12(25.4%), BIO2(7.9%), BIO1(5.8%)

3.2. Important Environmental Variables of Chodsigoa hypsibia and Anourosorex squamipes

The total of the first four environmental factors” contributions to the MaxEnt model
reached 99.2%. We selected the first four factors as the major factors influencing the distribu-
tion of C. hypsibia in the recent climate model. They included the mean temperature of the
coldest quarter (contributing 47.4%), annual mean temperature (contributing 24.7%), pre-
cipitation of the driest quarter (contributing 21.1%) and isothermality (contributing 6%). An-
nual precipitation (contributing 42.9%), precipitation of the driest month (contributing 28.1%),
annual mean temperature (contributing 14.8%) and temperature seasonality (contributing 12.6%)
had the greatest contributions to the distribution model for A. squamipes. The total of the
first four environmental factors’ contributions reached 98.4% (Table 2).

Using the response curves, we obtained the thresholds (occurrence probability N > 0.5)
for the main bioclimatic parameters in the current climate scenario. In C. hypsibia, mean
temperature of the coldest quarter (BIO11) ranged from —5 to 5 °C, annual mean temper-
ature from 4 to 14 °C, precipitation of the driest quarter (BIO17) from 20 to 50 mm and
isothermality from 28 to 44 °C. Annual precipitation (BIO12) in A. squamipes ranged from
800 to 2500 mm, precipitation of the driest month (BIO14) from 7 to 27 mm, annual mean
temperature (BIO1) from 7 to 20 °C and temperature seasonality (BIO4) from 3.5 to 6 °C
(Figure 2).
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Figure 2. Response curves for the first three important environmental predictors in the species
distribution model for Chodsigoa hypsibia (A-D) and Anourosorex squamipes (E-H) in the current
climate scenario.
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3.3. The Percentage Area of Current and Future Suitable Habitat of C. hypsibia and A. squamipes

The current and future models projected three different suitable areas for C. hypsibia
and A. squamipes (Figure 3). The proportion in total areas for the low, medium and high
suitability were 26.5%, 12% and 7.6%, respectively, in the current climatic scenario of
C. hypsibia. We found a large suitable area in the RCP 2.6 and RCP 8.5 scenarios, with
predicted gains in habitat extent. Under RCP2.6, the three suitable areas (low, medium and
high) increased to 28.8%, 19.6% and 8.7%, respectively; under RCP8.5, the three suitable
areas increased to 28.4%, 17.2% and 8.3%, respectively. For A. squamipes, the proportion in
total areas for the low, medium and high suitability were 26.5%, 12% and 7.6% in the current
climatic scenario whereas the suitable area under future climatic scenarios deceased. The
high suitable area changed little, while the low and medium suitable area decreased to 13.8%
and 7.3% under RCP 2.6, respectively, and 11.8% and 8.1% under RCP 8.5, respectively
(Figure 4).

30%

Current (1970-2000) Future (2041-2060) ~RCP2.6

Current

Future (2041-2060) -RCP8.5

Figure 3. Maps showing the MaxEnt-modelled current and future (2050: RCP2.6 and RCP8.5)
distributions of C. hypsibia (A-C) and A. squamipes (D-F).

= low suitability 20% = low suitability

medium suitability mediumsuitability

= high suitability = high suitability

10%

5%
i 1 . [ ] ]
RCP 2.6 RCP 8.5 Current RCP 2.6 RCP 8.5

Figure 4. Percentage area of Chodsigoa hypsibia (left) and Anourosorex squamipes (right) for three
different suitable distributions under current and future climate scenarios (RCP2.6 and RCP8.5).

4. Discussion

The response of small mammals to climate change has reported different results. A
study of 34 species of small mammals in montane California showed that the lower limits
of the distribution of high-elevation species moves upward generally, and that temperature
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change is a better prediction of migration direction than precipitation; low-elevation species
had heterogeneous responses, as temperature and precipitation changes could not predict
migration direction [31]. Baltensperger and Huettmann [32] predicted the distribution of
17 small mammals in Alaska: climate change is causing species in the cold northern regions
to gradually move northward and are facing large areas of habitat loss, while species in the
southern regions gradually expanded as they moved to the coast. Studies have shown that
the population dynamic of forest voles in the northern Urals have changed significantly
from 2003 to 2015. Shrinking forest habitat caused by climatic change may be one of the
most important factors affecting the population of small mammals [33]. We performed
analysis on the suitable habitat of two shrew species under current and future climate
scenarios, providing biological and ecological references and suggestions for the small
mammals of China.

A decrease in precipitation of the driest quarter and annual precipitation greatly re-
duced the occurrence probability of Chodsigoa hypsibia and Anourosorex squamipes, indicating
that precipitation is an important constraint to their distribution. Precipitation causes
changes in soil moisture, affecting the growth of plants [34]. Shrews are more attracted to
moist and dense forests, which are conducive for hiding and foraging due to abundant
fallen leaves and food. According to the response curve of annual mean temperature, the
suitable temperature of A. squamipes is higher than C. hypsibia; this may be related to the
altitude at which they are distributed. Mid- and high-elevation altitudes are suitable for
C. hypsibia, but mid- and low-elevation altitudes are suitable for A. squamipes. A striking
feature of elevational gradients is the succession of habitats, which is directly related to
the climatic variables [35]. Because many insectivore subfamilies prefer warm and humid
climates, species distribution patterns are more affected by the humid, warm, and cool
climates of middle elevation areas [19]. In addition, the mean temperature of the coldest
quarter lower than 0 °C greatly reduced the probability of C. hypsibia presence. Small ho-
mothermic animals such as Soricids dissipate heat easily as their weight does not reach the
threshold for maintaining constant temperatures [36]. C. hypsibia has significant metabolic
expenditures at cold ambient temperatures, as well as poor starvation resistance, due to
its smaller body size and higher metabolic rate. Temperature seasonality higher than 6 °C
reduced the probability of the presence of A. squamipes. As the reproduction of A. squamipes
is affected by external factors such as temperature, areas with severe seasonal temperature
fluctuations may limit their distribution.

Under the different scenarios of concentration of greenhouse gas emissions (RCP2.6
and RCP8.5), the percentage of suitable habitat range of A. squamipes decreased compared
with the current scenario. Annual precipitation (BIO12) was one of the main influencing
factors, with a suitable range between 1200 mm and 2500 mm, which is a decrease compared
with the current climatic scenario. In addition, factors related to precipitation had a great
influence on A. squamipes, suggesting that precipitation may be the main factor affecting
the distribution of A. squamipes. Increasing extreme weather events and heavy precipitation
events may further decrease the suitable area of A. squamipes. With global warming,
A. squamipes may migrate to high latitudes or high elevations as suitable habitat decreases
further [37,38]. Under the future climatic scenario, the percentage of suitable habitat
range of C. hypsibia will increase compared with the current scenario due to the increasing
intensity of global warming. Under the response curve in the future climatic scenario, both
temperature and precipitation (BIO11 and BIO17) affect the suitable areas for C. hypsibia.
Warmer temperatures linked to global warming are projected to result in more frequent
rainstorms [1], which could lead to some currently unsuitable areas becoming suitable.
This might explain the pattern of change shown in the simulated species distribution.
In addition, the distributions may have been influenced by ice age conditions in East
Asia, especially the LGM (last glacial maximum), which could have led to the retreat of
Nectogalini shrews (a higher taxon of Chodsigoa) to Taiwan, Southwest China and even
further south in Southwest Asia as refugia, where they have dispersed broadly [39]. After
the LGM, a warm and wet climate might have allowed Chodsigoa to spread widely in
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central and south China [40]. As climate continues to warm, these populations are likely to
expand further.

Despite its simplicity and generally high prediction accuracy, the MaxEnt model has
several limitations [41]. Firstly, the distribution of species is not only related to external
environmental climatic conditions but also to internal physiological and biochemical re-
sponses, such as sensitivities to minimum and maximum temperatures at critical times of
their life cycle [42]. Species are affected to different extents by inter-species interactions
(competition and facilitation), which may drive species distributions [43,44]. Dispersal
restrictions can also limit the distribution of a species by preventing it from accessing a
suitable habitat [45]. In addition, the modeling approach limits the predictive power to
some extent. Previous studies have shown that the MaxEnt model still performs well when
the sample size is small. However, it is only in areas where the environment is similar
to the populations of species currently maintained, meaning that there is still uncertainty
about what we predict [46]. The AUC’s assessment approach may produce exaggerated
estimates of niche models, which may require hypothesis testing using the null model,
although this approach is currently rarely used in the field [47]. Despite the limitations in
the modeling approach, SDMs can be a useful tool for supplementing laboratory and field
data to gain a better understanding of species biology and ecology, especially when only
limited information is available.

5. Conclusions

In this study, we simulated the distribution of Chodsigoa hypsibia and Anourosorex
squamipes using an ecological niche model under two future climate scenarios. The findings
demonstrate that different small mammal species respond differently to climate change.
The suitability of C. hypsibia showed an expansion under RCP2.6 and RCP8.5, but there
was an opposite trend for A. squamipes. The combination of temperature and precipitation
could lead to some currently unsuitable areas of C. hypsibia becoming suitable. Distribution
contraction of A. squamipes is more affected by precipitation factors. Our study provides bio-
logical and ecological references and suggestions for small mammal distribution responses
to projected climate change scenarios.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/d14020087 /s1, Table S1: Occurrence records used for MaxEnt Model
of Chodsigoa hypsibia and Anourosorex squamipes in China. Table S2: Correlation matrix of variables
selected for MaxEnt model of Chodsigoa hypsibia (a) and Anourosorex squamipes (b).
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