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Abstract
The aim of this study was to conduct an ecological regionalization and suitability evaluation of
Actinidia arguta in China. The methods of maximum entropy have been deployed for some years to
address the problem of species abundance distributions. In this approach, the ecological niche modeling
software MaxEnt (the maximum entropy model), combined with ArcGIS (geographic information
system), was applied to predict the potential geographic distribution of A. arguta in China. Bioclimatic
dominant factors and the appropriate ranges of their values were also investigated. Our results showed
that training data AUC (Area area under the ROC curve) of the 10 replicates was 0.992, which indicated
a better forecast. The highly suitable area of A. arguta in China can be divided into three parts: the
southwest, northeast, central and eastern regions. The moderately suitable areas are distributed around
the most suitable areas, and the total area is 178.59×104 km 2, with a wider distribution than that of the
most suitable areas. The important environmental factors affecting the distribution of A. arguta were
Precipitation precipitation in July, temperature seasonality, altitude, mean temperature in April, and
precipitation of the warmest quarter. The above results provide valuable references for wildlife tending,
plantation regionalization, and standard cultivation of A. arguta.
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Introduction
The interaction between plants and climate is
reflected in the adaptation of plants to climatic factors
and the feedback of plants to climate [1-2]. Climate is
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the dominant factor affecting plant distribution. Climate
is expressed in the fact that heat is the source of energy
for plant life activities, and water is the basic component
of plants and can affect plant physiological activities.
Climate change will have a great impact on the growth,
geographical distribution, diversity and richness of
plants. In global climate change, the most important
ecological factors influencing the plant-ecosystem are
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enhanced air temperature, changed precipitation and
elevated atmospheric carbon dioxide, which are mainly
exerted on the physiological processes of water transport,
photosynthesis, respiration and substance metabolism in
plants [3-4]. Previous studies have shown that for every
1ºC increase in temperature during crop growth, the
growth period of rice will be shortened by 7-8 days,
and the growth period of winter wheat will be shortened
by 17 days, which reduces the time for photosynthesis
to accumulate dry matter [5]. Temperature is the main
ecological factor limiting the distribution of plants,
and climate warming has changed the distribution
boundaries of plants. Lucht et al’s [6] model shows that
vegetation in the northern hemisphere tends to move to
higher latitudes, which indicates the response of plant
growth to temperature rise. The increase or decrease of
precipitation will change the evaporation of water in the
soil and the transpiration of water in the plant canopy,
which in turn will affect the function of the plant [7].
Many studies have proved that under drought stress,
plants would transport more assimilation products to
the root system, resulting in an increase in root biomass
[8-9]. The increase in atmospheric carbon dioxide has
significant effects on the photosynthesis of different
types of plants. C3 plants are generally more sensitive
to the increase in carbon dioxide than C4 plants [10-11].
Systematically analyzing the relationship between
plants and climatic factors and accurately predicting
the impacts of climate change on plant distribution
will be of great theoretical and practical significance
to scientifically understand the impacts of climate
change on biodiversity and to formulate effective
countermeasures [12-13].
The geographical distribution and spatial distribution
of species are closely related to changes in the climate
and the environment, and they have a profound impact on
the distribution and reproductive development of species
[14]. Therefore, the biological climate demand and its
relationship with the geographical distribution of species
have become an important basis for the development
of species introduction strategies. At present, a model
analysis is widely used in species distribution prediction
[15], in which the MaxEnt model can be used to reveal
the distribution of species or unknown populations and
has been widely used in the prediction of endangered
species, climate and environment suitability, and the
evaluation of species conservation priority, for species
such as Bretschneidera sinensis [16], Amygdalus
mongolica [17], Abies chensiensis [18], Canacomyrica
monticola [19], and Thuja sutchuenensis [20].
Actinidia arguta (Sieb. And Zucc), which belongs
to the Actinidiaceae family and the genus Actinidia,
is a perennial deciduous vine [21]. A. arguta is one
of kiwifruit’s widespread cultivars in China and is
suitable for growing in cool, moist and fertile soil. It is
an ideal healthcare fruit because it is rich in nutritious
and healthy functional ingredients, and its fruits, seeds
and roots can be used as medicine [22-23]. Hou’s
experimental results indicate that AASP extracted
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from A. arguta can stimulate significantly the immune
functions in mice, and thus can be used as an effective
immunological regulator [24]. Liu’s study confirmed
that alkaloids extracted from A. arguta serve as a
novel anti-fatigue and exercise performance agent with
physiological benefits [25].
At present, the research on A. arguta mainly focuses
on genetic breeding, cultivation techniques, composition
analysis, health care, storage and processing, etc., but
the research on its geographical distribution pattern has
not been reported [26-272829]. Therefore, for the first
time, MaxEnt was used to predict the potential natural
distribution of A. arguta to reveal habitat needs and to
identify suitable growing areas. The results can provide
a scientific basis for the rational introduction and
cultivation of A. arguta in the future.

Materials and Methods
Species Data
To obtain the occurrence records of A. arguta in the
world, we accessed the Global Biodiversity Information
Facility (GBIF, https://www.gbif.org/) and consulted the
literature [21, 30-313233]. According to Zhou’s method
of filtering the distribution records, we used Google
Earth to proofread the latitude and longitude [34]. In
strict accordance with the requirements of MaxEnt,
duplicate records, fuzzy records and neighboring records
were removed. Finally, 785 valid records were retained
for constructing the models (Fig. 1). Occurrence records
were processed in Microsoft Excel and saved in CSV
format.

Environmental Variables
Plant growth is restricted by a variety of
environmental factors, and climate factors are the main
factors for determining the large-scale distribution of
plants [35-36]. In this study, to analyze the climatic
suitability regionalization of A. arguta in China, we
chose climatic factors and altitude factors as initial
environmental variables. Climate variables, including
month-average meteorological data and bioclimatic data,
as well as altitude data (Table S1), were downloaded
from the official website of Worldclim. There may be
multiple collinearity between environmental variables,
which affect the model’s evaluation of response
relationships and contribution rates, which in turn
affect the accuracy of the simulation. Therefore, in
this study importance analyses and multi-collinearity
tests were used to screen key environmental variables
based on Worthington’s method [37]. The impact of
various environmental factors on the distribution should
be considered as comprehensively as possible, and the
most relevant variable factors should be selected for
prediction and evaluation. Finally, 6 environmental
factors were retained to build the final model, including

A Simulation Study...

1891

Fig. 1. Spatial distribution of occurrence records of A. arguta.

Table S1. List of environmental variables used for this study,
with type and measurement unit.
Code

Environmental variables

Unit

Bio1

Annual Mean Temperature

ºC

Bio2

Mean Diurnal Range (Mean of monthly
(max temp - min temp)

ºC

Bio3

Isothermality (BIO2/BIO7) (* 100)

-

Bio4

Temperature Seasonality (standard
deviation *100)

-

Bio5

Max Temperature of Warmest Month

ºC

Bio6

Min Temperature of Coldest Month

ºC

Bio7

Temperature Annual Range (BIO5-BIO6)

ºC

Bio8

Mean Temperature of Wettest Quarter

ºC

Bio9

Mean Temperature of Driest Quarter

ºC

Bio10

Mean Temperature of Warmest Quarter

ºC

Bio11

Mean Temperature of Coldest Quarter

ºC

Bio12

Annual Precipitation

mm

Bio13

Precipitation of Wettest Month

mm

Bio14

Precipitation of Driest Month

mm

Bio15

Precipitation Seasonality (Coefficient of
Variation)

mm

Bio16

Precipitation of Wettest Quarter

mm

Bio17

Precipitation of Driest Quarter

mm

Bio18

Precipitation of Warmest Quarter

mm

Bio19

Precipitation of Coldest Quarter

mm

Prec1,
2,..... 12

Precipitation in January,
February..... December

mm

Tmax1,
2..... 12

Maximum temperature in January,
February..... December

ºC

Tmin1,
2,..... 12

Minimum temperature in January,
February..... December

ºC

Tmean1,
2,..... 12

Mean temperature in January,
February..... December

ºC

Alt

Altitude

m

altitude (Alt), precipitation in July (Prec7), temperature
seasonality (Bio4), precipitation of the warmest quarter
(Bio18), mean temperature in March (Tmean3) and
mean temperature in April (Tmean4).

Modeling Method and Statistical Analysis
MaxEnt, based on the maximum entropy theory,
uses species distribution data and environmental
data to analyze the distribution of species when
maximum entropy occurs. MaxEnt is an ideal tool for
studying the geographical distribution of species and has
unique advantages. For example, Petitpierre et al. [38]
applied MaxEnt to verify the niche conservativeness of
invasive organisms, which suggests that MaxEnt is an
effective tool for this study and is suitable for analyzing
the relationship between species geographic distribution
and climate; Elith et al. [15] compared the accuracy
of 16 niche models, and the results showed that
MaxEnt had a higher prediction accuracy than other
models; Zhang et al. [39] used several niche models
to predict the potential suitable habitats of Pomacea
canaliculata in China. The results showed that the
simulation accuracy of MaxEnt was higher than
GARP, BIOCLIM and DOMAIN. Therefore, MaxEnt
is selected as a simulation software to predict the
potential distribution of A. arguta in China and to
analyze the impact of environmental variables on its
distribution.
MaxEnt mines the relationship between a set of
sample locations and the corresponding grid cell of
climatic layers based on climatological resemblance
and then assumes the probability of the presence
of the species in other cells of the study area [4041]. MaxEnt software (Version 3.4.1), which is now
open source and was downloaded from the website
of the American Museum of Natural History (http://
biod iversit y i n for mat ics.a m n h.org /open _ sou rce/
maxent/), has excellent predictive performance for
plants [42].
The specific operational steps of MaxEnt are as
follows: First, we import the occurrence points of
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Table 1. Standards of probability (P) in this research.
Habitat type

Standards

Colour

Unsuitable area

P≤0.05

White

Lowly suitable area

0.05<P≤0.33

Yellow

Moderately suitable area

0.33<P≤0.66

Orange

Most suitable area

P>0.66

Red

and the closer the AUC value is to 1, the higher the
prediction accuracy of the model. The evaluation
criteria are: simulation failure (fail), 0.5≤AUC<0.6; poor
simulation results (poor), 0.6≤AUC<0.7; the simulation
results are generally (fair), 0.7≤AUC<0.8; the simulation
results are good (good), 0.8≤AUC<0.9; the simulation
result is excellent (excellent), 0.9≤AUC<1.

Results and Discussion
A. arguta and 67 climatic variables into the MaxEnt
software to create the initial model, in which ‘random
test percentage’ was set as 25; ‘make pictures of
predictions’ and ‘do jackknife to measure variable
importance’ were all chosen; and the remaining model
values were set to default values. Then we evaluated the
percentage contribution and permutation contribution
of the environmental variables by using the jackknife
test to select key environmental variables for modeling.
Finally, the occurrence points and the key environmental
variables were uploaded to MaxEnt to simulate the
distribution of A. arguta in China. In the final model,
‘random seed’ was chosen and 10 replicate models were
run. We selected the best model with the highest AUC
value. The remaining model settings were set to the
same as those of the initial model [43-44].
The file output by the MaxEnt model is in ASCII
format, and it cannot be visually displayed on the map.
ArcGIS conversion tools were used to convert the file
from ASCII to raster format, and the extraction function
was used to extract the probability distribution map
of A. arguta in China. We reclassified the distribution
threshold and divided the suitable area into 4 categories
and displayed them in different colors according to
Wang’s method [45]. The specific description is shown
in Table 1.
The receiver operating characteristic curve (ROC) is
an effective method for evaluating the accuracy of the
species distribution model. The method sets the area
under curve (AUC) as the index to measure accuracy
[46-47]. The theoretical value range of AUC is 0.5~1,
a)

Model Performance of the Initial Model
Fig. 2a) shows the ROC curve of the initial model.
The AUC values of the training data and the test data
are 0.995 and 0.994, respectively. According to the
evaluation criteria in 1.3, the accuracy of the initial
model is “excellent”.

Selecting Key Environmental Factors
MaxEnt is a mathematical model based on the
principle of climate similarity to explore the correlation
between geographical distribution and climatic factors.
The choice of climatic factors is the key to determining
the accuracy of the simulation. Therefore, referring to
the method in the ‘materials and methods’ section, we
screened the key environmental factors. The results
showed that the percentage contribution of precipitation
in July, mean temperature in April, temperature
seasonality, mean temperature in March, precipitation
of the warmest quarter and altitude were 29.1%, 25.4%,
13.5%, 8.6%, 2.8% and 1.5% respectively, and the
cumulative sum was 80.9%, which was significantly
higher than the residual climatic factors (Table 2).
Comparing the permutation importance, the values of
precipitation in July, temperature seasonality, altitude,
mean temperature in April, and precipitation of the
warmest quarter were 24.1%, 16.4%, 10.5%, 9%, 8.7%
(Table 2), which played a key role in the modeling
process.
b)

Fig. 2. ROC curve and AUC value for initial model a) and reconstruction model b).
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Table 2. Percentage contribution and permutation importance of
the environmental variables to the Maxent model.

Model Performance of the Reconstruction
Model

Environmental variables

Percent
contribution

Permutation
importance

Precipitation in July

29.1

24.1

Mean temperature
in April

25.4

9

Temperature Seasonality

13.5

16.4

Mean Temperature
in March

8.6

0.3

Fig. 2b) shows the ROC curve of the reconstruction
model. The results showed that the mean AUC value
was 0.992, which indicated that the prediction result
was “excellent” and proves that the model can be
used to study the potential distribution simulation of
kiwifruit in China. The above results prove that the
model can be used to study the potential distribution
simulation of A. arguta in China.

Precipitation of the Warmest
Quarter

2.8

8.7

Potential Distribution of A. arguta in China

Altitude

1.5

10.5

Total

80.9

69

Combining the selected 6 environmental variables,
the MaxEnt model was used to obtain a suitable
index distribution map of A. arguta in China. ArcGIS
software was used to superimpose the index distribution
map on China’s administrative division map to obtain
the suitability regionalization map of A. arguta (Fig. 3
and Table 3).
The results showed that the highly suitable area of
A. arguta in China can be divided into the following
parts: the southwest, northeast, central and east regions.
The southwest region includes central and northeastern
Sichuan, most of the Guizhou, western Hubei,
middle eastern Chongqing, southern Shaanxi and
southeastern Tibet. The area reached 45.5×104 km2
in this region. Among them, Sichuan has the largest
area, 14.62×104 km2, and Tibet has the smallest at
1.38×104 km2 . The northeast region includes eastern
Jilin, eastern and western Liaoning, and sporadic regions
of Heilongjiang. The area is 12.64×104 km2 in this
region. The area is 6.54×104 km2, 5.97×104 km2 and
0.14×104 km2, respectively. The central region of

The correlation between the 6 environmental factors
was calculated using Pearson’s correlation to eliminate
the influence of collinearity on the modeling process.
If the absolute value of the correlation coefficient
between the two environmental variables is greater
than 0.8, there is a strong correlation. It was shown that
the correlation coefficients among the 6 environmental
factors were all less than 0.8 and were selected as the
dominant variables in this study. On this basis, the
MaxEnt model of the distribution of A. arguta in China
was reconstructed, and the accuracy of the simulation
results was evaluated.
In this study, the geographic information data
of A. arguta were screened by a query database
and literature search. The occurrence records of
the missing coordinate information needs to query
the specific latitude and longitude through Google
Earth, so it will produce a certain error. In the
process of selecting environmental variables, the
author uses Pearson’s correlation coefficient (r) to
test the multicollinearity between climate variables.
If the correlation coefficient is high (r>0.8), only one
variable is selected for model prediction, which reduces
the error caused by multicollinearity to some extent.
The extensive application of the MexEnt model in
ecology illustrates the effectiveness of the model
algorithm.
Due to the autocorrelation of the 19 bioclimatic
variables provided by worldclim, to avoid the
introduction of redundant information in the simulation
process and to reduce the accuracy of the simulation,
the environmental variables need to be effectively
screened. To improve the accuracy of prediction, this
study refers to the method of Zhang et al. [48], compares
the percentage contribution rate of each variable
to the modeling by using the knife-cut method, uses
Pearson’s correlation coefficient to eliminate the
collinearity effect, and, finally, retains six variables for
modeling.

Fig. 3. Potential suitable distribution of Actinidia arguta in China
based on the MaxEnt model.
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Table 3. Suitable area of A. arguta in China.
Region

Southeast

Northeast

Central

East

Province

Area (×104km)
Lowly suitable

Moderately Suitable

Most suitable

Sichuan

4.57

20.82

14.62

Guizhou

0.02

4.71

11.23

Hubei

3.79

6.87

6.90

Chongqing

0.01

2.64

6.22

Shaanxi

8.66

4.84

5.09

Tibet

12.15

5.43

1.38

Liaoning

0.74

8.38

6.54

Jilin

6.21

8.88

5.97

Heilongjiang

31.94

11.97

0.14

Hebei

6.99

7.80

4.85

Shanxi

3.36

7.86

4.73

Anhui

4.15

6.92

2.29

Henan

1.55

11.93

2.65

Shandong

4.57

7.09

3.73

Zhejiang

2.98

3.07

3.30

Fujian

2.50

6.45

1.84

Jiangsu

6.10

3.54

0.05

the highly suitable area includes northeast Hebei,
southeastern Shanxi, western Henan and southern
Anhui, with an area of 4.85×104 km2, 4.73×104 km2,
2.65×104 km2 and 2.29×104 km2, respectively. The eastern
region includes central Shandong, most of Zhejiang,
northern Fujian and sporadic regions of Jiangsu, and
the area is 3.73×104 km2, 3.3×104 km2, 1.84×104 km2
and 0.05×104 km2, respectively. The total area of
the highly suitable areas of China is 92.87×104 km2,
which occupied 9.67% of the national territory area.
The moderately suitable areas are distributed around
the most suitable areas, mainly in the Heilongjiang,
Liaoning, Jilin, Hebei, Shanxi, Henan, Shandong,
Jiangsu, Sichuan, Chongqing, Guizhou, Guangxi,
Guangdong, and Fujian provinces. The total area of
the moderately suitable area is 178.59×104 km2, with
a wider distribution than that of the most suitable
area. The total suitable area (the most suitable area
and the moderately suitable area) is 271.46×104 km2,
which accounts for 28.22% of China’s total area.
In this study, ArcGIS software was used to visualize
the calculation results of MaxEnt and to extract the
suitable distribution area of kiwifruit in China. At
present, the main producing provinces of A. arguta
in China are Sichuan, Jilin, Liaoning, and Hubei.
Although it has been planted in other areas, a scale has
not yet formed. According to the results of a Maxent
analysis, Hebei, Shandong, Jiangsu, Anhui, Zhejiang,
Henan, Hunan, Guizhou, Chongqing, Ningxia, and

Yunnan also have a large area of A. arguta (P≥33%).
In these areas, small-scale planting areas can be
expanded in combination with actual conditions, and
areas that have not yet been cultivated can be considered
for introduction and cultivation. Using MaxEnt to
simulate the geographical distribution of species
requires data on the occurrence of species. Studies
have shown that the more species occurrence data,
the higher the accuracy of the MaxEnt prediction.
Under the background of global warming, many areas
that are not suitable or have low suitability are likely
to become suitable areas for this plant as the climate
changes.

Environmental Factors Affecting the Existence
of A. arguta
We used the spatial analyst tools of ArcGIS to
extract the niche parameters of each suitable area
and to calculate the ecological range (minimum
to maximum) and the majority and mean of the 6
environmental variables (Table 4). The results showed
that with the increase of suitable grade, the change
range of each environmental variable showed a unified
and gradually narrowing trend, and the majority and
mean of each variable in the moderately suitable area
and the most suitable area had little difference; that is,
the concentration trend of the niche parameters was
basically the same.
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Table 4. Statistical analysis of the niche parameters in different suitable classes of A. arguta.
Variables

Marginally suitable

Moderately suitable

Most suitable

Range

Majority

Mean

Range

Majority

Mean

Range

Majority

Mean

Prec7

73-999

139

173

80-908

158

191

78-678

200

207

Bio4

25-168

85

97

40-161

95

90

42-147

75

85

Bio18

182-2624

482

469

235-2426

523

515

271-1824

516

547

Tmean3

-11-25.7

-1.5

5.4

-10.722.9

10.5

7.4

-10.320.4

12.9

8.2

Tmean4

-2-28.6

18.6

12.7

-6.8-25.8

16.9

13.9

-5.4-23.7

16.8

14

Alt

-2-6338

0

965

0-6019

40

889

0-5352

538

960

Prec7: Precipitation in July; Bio4: Temperature Seasonality; Bio18: Precipitation of the Warmest Quarter; Tmean3: Mean
Temperature in March; Tmean4: Mean temperature in April; Alt: Altitude.

Fig. 4 is the response curve drawn by MaxEnt
between the key environmental variables and the
probability of presence. In this study, the range of
environmental variables suitable for the distribution
of A. arguta was divided by a probability value of
0.33. The results showed that the suitable range of
the precipitation in July was 142.3-408.2 mm, and
the optimum value was 213.2. When the rainfall is
142.3-213.2 mm, the probability of presence increases
with the increase of rainfall. While at 213.2-408.2 mm,
the probability of presence decreases with the increase of
rainfall. The suitable range of the mean temperature in
March was -2.1-16.1ºC, and the optimum value was 7.3ºC.
This finding indicates that when the mean temperature
in March is -2.1-7.3ºC, the probability of presence of A.
arguta will increase with increasing temperature. When
the temperature is higher than 7.3ºC, the probability will
decrease as the temperature increases. The response
curves of the 6 key environmental variables were similar
to that of the normal distribution, but the suitable range
and the variation range were different (Table 5). Within
the suitable range, the change of the key environmental
variables has a certain influence on the probability of
presence, but outside the suitable range the influence
decreases gradually.

The results of the MaxEnt model operation indicated
that the main environmental factors affecting the
geographical distribution of A. arguta were precipitation
of July, mean temperature of April, temperature
seasonality, mean temperature of March, precipitation of
the warmest quarter and altitude, in which the percent
contribution and permutation importance of precipitation
of July were 29.1% and 24.1%, respectively, and were the
most important climatic factors. The flowering period of
A. arguta is from May to July, and the fruiting period is
from June to August. July is the most vigorous period
of A. arguta, and it is also the month with the largest
water demand. This indicates that the precipitation in
July has a crucial impact on the growth and distribution
of A. arguta. This study shows that the optimum value
of precipitation in July is 142.3-408.2 mm, which not
only satisfies the water requirement of A. arguta but
also does not cause excessive root water to rot. The
temperature factors affecting the distribution of A.
arguta include tmean3, tmean4 and bio4. It is reported
that when the temperature is above 6ºC in early March,
the sap of A. arguta begins to flow. In mid-March, when
the temperature was above 8.5ºC, it begins to germinate.
The leaf spreading period is from mid-March to early
April, when the temperature is above 10ºC [49]. In this

Fig. 4. Response curves of the variables contributing most to the prediction by MaxEnt for A. arguta.
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Table 5. Suitable range of dominant environmental variables affecting the potential distribution of A. arguta.
Environmental variables

Suitable range

Optimum value

Precipitation in July

142.3-408.2 mm

213.4 mm

Temperature seasonality

54.5-123.9

84.4

Precipitation of the warmest quarter

392.2-1126 mm

662.3 mm

Mean temperature in March

-2.1-16.1ºC

7.3ºC

Mean temperature in April

6.5-19.1ºC

15.3ºC

Altitude

140.8-3929.6 m

845.1 m

paper, the suitable range of tmean3 and tmean4 are
-2.11-16.1ºC and 6.5-19.1ºC, respectively, and the
optimum values are 7.3ºC and 15.3ºC, respectively,
which are in good agreement with the above results. The
temperature seasonality is an important environmental
factor affecting the distribution of A. arguta, which
reflects the average temperature and its variation
range, and its percentage contribution and permutation
importance are 13.5% and 16.4%, respectively. The niche
parameter analysis showed that the majority and the
average of bio4 gradually decreased with the increase
of the suitable grade, and the range of the most suitable
area was narrower than that of the moderately suitable
area, which indicated that the seasonal variation of the
average temperature of the most suitable area was not
significant. The southwestern region is one of the main
distribution areas of A. arguta in China. The climate of
this region is controlled and influenced by the southwest
monsoon, the westerly circulation and the Tibetan High.
Its main features are low heat, small annual temperature
differences and a large daily temperature difference,
which is in line with the characteristics of A. arguta,
which is cool and resistant to yin and good moisture
[50].

Conclusions
Studies have shown that the more comprehensive
the species distribution data, the higher the accuracy
of the model simulation when using the niche model to
simulate the geographical distribution of species. In this
study, the occurrence data of A. arguta mainly comes
from specimens, the literature and cvh, and the number
is much lower than the actual quantity. Therefore,
the results of this study have certain limitations and
shortcomings. First, the field survey is conducted only
in Sichuan Province, although it is relatively systematic,
but due to the limitations of the scope of the survey, the
work is not comprehensive and accurate. Among the
distribution points obtained by retrieving the CVH and
consulting the literature, the distribution points without
clear latitude and longitude need to determine the
relevant information through the coordinate positioning
software, so there is inevitably a certain geographic
error.

The environmental variables used in this study are
from the World Climate Database, which is the average
of data from 1950 to 2000. Studies have shown that in
the past 20 years, with increasing global warming, the
growth and distribution patterns of the species have
changed significantly [51]. The lack of climate data in
the past 20 years may lead to a deviation from the actual
situation. Therefore, to ensure more reliable prediction
results, more comprehensive and accurate distribution
data of kiwifruit should be used, and the corresponding
missing climate data should be supplemented in the
next step. The basic niche refers to the largest niche
that is occupied by a species under the most ideal living
conditions. The niche model only analyzes the influence
of abiotic factors on species distribution, so it can be
inferred that the niche predicted by the model is wider
than the actual niche occupied by kiwifruit. The results
show that the growth of kiwifruit is not only affected
by climate but is also closely related to topographic
characteristics, soil types, soil physical and chemical
properties, and kiwifruit cultivation density. In the next
step, consideration of the interaction between species
and other biological factors expressed would improve
the prediction effect of the model.
Based on MaxEnt software and certain
environmental data, this paper predicts the geographical
distribution of A. arguta in China and aims to provide a
scientific reference for the introduction and cultivation
of A. arguta. However, there are many factors that
affect the distribution of plants, and each model has its
advantages and disadvantages. Therefore, in the specific
operation of expanding the introduction to consider
factors such as the economy and the planting land, it is
necessary to carry out trial planting before large-scale
introduction.

Acknowledgements
This work was financially supported by the Modern
Agricultural Industry Technology System of the Sichuan
Innovation Team (2014-2018), the Second Tibetan
Plateau Scientific Expedition and Research Program
(2019QZKK068) and the Technological Development
of Meteorological Administration/Heavy Rain and
Drought-Flood Disasters in Plateau and Basin Key

A Simulation Study...
Laboratory of Sichuan Province (Key Laboratory of
Sichuan Province-2018-Key-05-04).

Conflicts of Interest
The authors declare that they have no conflicts of
interest.

References
1. LU Y.Q., JIN J.M., KUEPPERS L.M. Crop growth and
irrigation interact to influence surface fluxes in a regional
climate-cropland model (WRF3.3-CLM4crop). Clim. Dyn.
45 (11-12), 3347, 2015.
2. LV Z.F., ZHU Y., LIU X.J., YE H.B., TIAN Y.C., LI F.F.
Climate change impacts on regional rice production in
China. Clim. Change 147 (3-4), 523, 2018.
3. GRAY S.B., BRADY S.M. Plant Developmental
Responses to Climate Change. Dev. Biol. 419 (1), 64,
2016.
4. DENG C.H., BAI H.Y., QU D.P., GAO S., HUANG X.Y.,
MENG Q., HE Y.N. Variation in plant phenology in the
Qinling Mountains from 1964-2015 in the context of
climate change. Acta Ecol. Sin. 37 (23), 7882, 2017 [In
Chinese].
5. XIAO G.H., ZHANG Q., WANG J. Impact of global
climate change on agro-ecosystem: A review. Chin. J.
Appl. Ecol. 18 (8), 1877, 2007 [in Chinese].
6. LUCHT W., PRENTICE I.C., MYNENI R.B., SITCH S.,
FRIEDLINGSTEIN P., CRAMER W., BOUSQUET P.,
BUERMANN W., SMITH B. Climate control of the highlatitude vegetation greening trend and pinatubo effect.
Science 296 (5573), 1687, 2002.
7. ZHAO Y., CAO H.L., XU W.B., CHEN G.K., LIAN J.Y.,
DU Y.J., MAI K.P. Contributions of precipitation and
temperature to the large scale geographic distribution of
fleshy-fruited plant species: Growth form matters. Sci.
Rep. 8 (1), 17017, 2018.
8. LI H., WU Y.Y. The responses of leaf photosynthesis and
photorespiration to the simulated drought by two moraceae
plants. Earth Environ. 47 (2), 141, 2019 [In Chinese].
9. LEGAY N., PITON G., ARNOLDI C., BERNARD
L., BINET M.N., MOUHAMADOU B., POMMIER
T., LAVOREL S., FOULQUIER A., CLEMENT J.C.
Soil legacy effects of climatic stress, management and
plant functional composition on microbial communities
influence the response of Lolium perenne to a new drought
event. Plant Soil 424 (1-2), 233, 2018.
10. TUBIELLO F.N., SOUSSANA J.F., HOWDENM S.M.
Crop and pasture response to climate change. P. Natl.
Acad. Sci. USA 104 (20), 19686, 2007.
11. MENG F.C., ZHANG J.H., HAO C., ZHOU Z.M., LI H.,
LIU D., WANG K., ZHANG H.Effects of elevated CO2
and different irrigation on photosynthetic parameters and
yield of maize in Northeast China. Acta Ecol. Sin. 35 (07),
2126, 2016 [in Chinese].
12. ADAMS R.M. Global climate change and agriculture:
An economic perspective. Am. J. Agr. Econ. 71 (5), 1272,
2015.
13. YE J.S., PEI J.Y., FANG C. Under which climate and soil
conditions the plant productivity-precipitation relationship
is linear or nonlinear?. Sci. Total Environ. 616, 1174, 2018.

1897
14. DYDERSKI M.K., PAŹ S., FRELICH L.E.,
JAGODZINSKI A.M. How much does climate change
threaten European forest tree species distributions?. Glob.
Change Biol. 24 (3), 1150, 2018.
15. ELITH J., GRAHAM C.H., ANDERSON R.P.,
DUDÍK M., FERRIER S., GUISAN A., HIJMANS R.,
HUETTMANN F., LEATHWICK J.R., LEHMANN A.,
JIN L., LOHMANN L.G., LOISELLE B.A., MANION G.,
MORITZ C., NAKAMURA M., NAKAZAWA Y., MCC.
OVERTON J., PETERSON A.T., PHILLIPS S.J. Novel
methods improve prediction of species’ distributions from
occurrence data. Ecography 29 (2), 129, 2006.
16. GONG W., XIA Q., CHEN H.F., YU X.H., WU F.
Prediction of potential distributions of Bretschneidera
sinensis, an rare and endangered plant species in China.
J. South. Chin. Agric. Univ. 36 (4), 98, 2015 [In Chinese].
17. MA S.M., NIE Y.B., DUAN X., YU C.S., WANG R.X. The
potential distribution and population protection priority of
Amygdalus mongolica. Acta. Ecol. Sin. 35 (9), 2960, 2015
[In Chinese].
18. GAO B., WEI H.Y., GUO Y.L., GU W. Using GIS and
MaxEnt to analyze the potential distribution of Abies
chensiensis. Acta. Ecol. Sin. 34 (3), 843, 2015 [In Chinese].
19. ABRHA H., BIRHANE E., HAGOS H., MANAYE A.
Predicting suitable habitats of endangered Juniperus
procera tree under climate change in Northern Ethiopia. J.
Sustain. For. 37 (8), 842, 2018.
20. QIN A.L., LIU B., GUO Q.S., BUSSMANN R.W., MA
F.Q., JIAN Z.J., XU G.X., PEI S.X. Maxent modeling
for predicting impacts of climate change on the potential
distribution of Thuja sutchuenensis, Franch. an extremely
endangered conifer from southwestern China. Glb. Ecol.
Conserv. 10, 139, 2017.
21. CANG J., WANG X.D., ZHANG D., YANG L.J., ZHU M.
Studies on the growth development of fruit of Actinidia
arguta Planeh. J. Northeast. Agric. Univ. 35 (1), 77, 2004
[In Chinese].
22. BARANOWSKA-WÓJCIK
E.,
SZWAJGIER
D.
Characteristics and pro-health properties of mini kiwi
(Actinidia arguta). Hortic. Environ. Biotechnol. 60 (2),
217-225, 2019.
23. KIM D., CHOI J., KIM M.J., KIM S.H., CHO S.H., KIM
S. Reconstitution of anti-allergic activities of PG102
derived from Actinidia arguta by combining synthetic
chemical compounds. Exp. Biol. Med. 238 (6), 631, 2013.
24. HOU F.Y., CHEN F., LU, Y. Studies on anti infechve
and antitumor effects of Actinidia arguta stem pol
ysaccharide(AASP). J. Norman. Bethune. Univ. 21(5), 472,
1995 [In Chinese].
25. LIU Y.Y., LIU C.J. Antifatigue and increasing exercise
performance of Actinidia arguta, crude alkaloids in mice.
J. Food Drug Anal. 24 (4), 738, 2016.
26. ZHU R.G., ZHANG X.Y., WANG Y., ZHANG L.J.,
ZHAO J., CHEN G., FAN J.G., JIA Y.F., YAN F.W., NING
C. Characterization of polysaccharide fractions from
fruit of Actinidia arguta and assessment of their
antioxidant and antiglycated activities. Carbohydr. Polym.
210, 73, 2019.
27. LI W., LU Y., XIE X., LI B., HAN Y. The complete
chloroplast genome sequence of Actinidia arguta: gene
structure and genomic resources. Conserv. Genet. Resour.
10 (3), 423, 2018.
28. KLAGES K., DONNISON H., BOLDINGH H., MACRAE
E. myo-Inositol is the major sugar in Actinidia arguta
during early fruit development. Funct. Plant Biol. 25 (1),
61, 1998.

1898
29. YE J.W., JIANG T., WANG H.F., WANG T.M., BAO L.,
GE J.P. Repeated expansions and fragmentations linked to
Pleistocene climate changes shaped the genetic structure
of a woody climber, Actinidia arguta (Actinidiaceae).
Botany 96 (1), 19, 2018.
30. PIAO Y.L., ZHAO L.H. Distribution and development
utilization of Actinidia arguta resource in Yanbian. J.
Agric. Sci. Yanbian Univ. 31 (1), 32, 2009 [In Chinese].
31. YANG G., JIA A.J., LI S.H., YANG L.F., FAN C.F.
Analysis and Suggestions for Utilized Condition of Wild
Actinidia arguta Resources in Tianjin. J. Tianjin Agric.
Sci. 20 (3), 94, 2014 [In Chinese]
32. LI X., CAO W.W., JIANG D., SUN H., PIAO Y.L.
Resource Distribution and Character Diversity of Fruit and
Leaf of Wild Actinidia arguta From Changbai Mountain
Area. Nor. Horticul. 15, 22, 2015 [In Chinese].
33. ZHAO C.L., WANG Y., LI J.Y., LIU Z.P., LIU H.S.,
YAO S.Y., REN Y.Y. Identification and characterization
of sex related genes in Actinidia arguta by suppression
subtractive hybridization. Sci. Hortic. 233, 256, 2018.
34. ZHU Y.J., WEI W., LI H., WANG B.Z., YANG X.H., LIU
Y.S. Modelling the potential distribution and shifts of three
varieties of Stipa tianschanica in the eastern Eurasian
Steppe under multiple climate change scenarios. Glb. Ecol.
Conserv. 16, e00501, 2018.
35. YUE X.Y., ZOU X.A., YU Q., XU C., LV P., ZHANG J.,
KNAPP A.K., SMITH M.D. Response of plant functional
traits of Leymus chinensis to extreme drought in Inner
Mongolia grasslands. Plant Ecol. 220 (2), 141, 2019.
36. HANNAH L., STEELE M., FUNG E., IMBACH P.,
FLINT L., FLINT A. Climate change influences on
pollinator, forest, and farm interactions across a climate
gradient. Clim. Change 141 (1), 63, 2017.
37. WORTHINGTON T.A., ZHANG T., LOGUE D.R.,
MITTELSTET A.R., BREWER S.K. Landscape and flow
metrics affecting the distribution of a federally-threatened
fish: improving management, model fit, and model
transferability. Ecol. Model. 342, 1, 2016.
38. PETITPIERRE B., KUEFFER C., BROENNIMANN O.,
RANDIN C., DAEHLER C., GUISAN A. Climatic niche
shifts are rare among terrestrial plant invaders. Science
335 (6074), 1344, 2012.
39. ZHANG H.T., LUO D., MU X.D., XU M., WEI H., LUO
J.R., ZHANG J.E., HU Y.C. Predicting the potential
suitable distribution area of the apple snail Pomacea
canaliculata in China based on multiple ecological
niche models. Chin. J. Appl. Ecol. 27 (4), 1277, 2016 [In
Chinese].

Wang R., et al.
40. KUMAR S., GRAHAM J., WEST A.M. Using districtlevel occurrences in Max Ent for predicting the invasion
potential of an exotic insect pest in India. Comput.
Electron. Agric. 103 (2), 55, 2014.
41. PENADO A., REBELO H., GOULSON D. Spatial
distribution modelling reveals climatically suitable areas
for bumblebees in undersampled parts of the Iberian
Peninsula. Insect. Conserv. Divers. 9 (5), 391, 2016.
42. BOSSO L., FEBBRARO M.D., CRISTINZIO G., ZOINA
A., RUSSO D. Shedding light on the effects of climate
change on the potential distribution of Xylella fastidiosa
in the Mediterranean basin. Biol. Invasions 18 (6), 1759,
2016.
43. BUTLER C.J., STANILA B.D., IVERSON J.B., STONE
P.A., BYSON M. Projected changes in climatic suitability
for Kinosternon turtles by 2050 and 2070. Ecol. Evol. 6
(21), 7690, 2016.
44. RAMESHPRABU N., SWAMY P.S. Prediction of
environmental suitability for invasion of Mikania
micrantha in India by species distribution modelling. J.
Environ. Biol. 36 (3), 565, 2015.
45. WANG R.L., LI Q., HE S.S., LIU Y., WANG M.T.,
JiANG G. Modeling and mapping the current and future
distribution of Pseudomonas syringae pv. actinidiae under
climate change in China. Plos One 13 (2), e0192153, 2018.
46. REMYAA
K.,
RAMACHANDRANA
A.,
JAYAKUMARB S. Predicting the current and future
suitable habitat distribution of Myristica dactyloides
Gaertn. using MaxEnt model in the Eastern Ghats, India.
Ecol. Eng. 82 (9), 184, 2015.
47. KUMAR S., YEE W.L., NEVEN L.G. Mapping Global
Potential Risk of Establishment of Rhagoletis pomonella
(Diptera: Tephritidae) Using MaxEnt and CLIMEX Niche
Models. J. Econ. Entomol. 109 (5), 2043, 2016.
48. ZHANG T.J., LIU G. Study of methods to improve the
temporal transferability of niche model. J. China Agric.
Univ. 22 (2), 98, 2017 [in Chinese].
49. QI X.J., ZHANG S.L., FANG J.B. Flower Structure and
Biological Characteristics of All Red Actinidia arguta.
Acta Bot. Boreal. Occident. Sin. 31 (5), 966, 2011 [In
Chinese].
50. ZHANG Q., LI Y.Q. Climatic Variation of Rainfall and
Rain Day in Southwest China for Last 48 Years. Plat.
Meteorol. 33 (2), 372, 2014 [in Chinese].
51. Ma Z.F., Liu J., Yang S.Q. Climate Change in Southwest
China during 1961-2010: Impacts and Adaptation. Adv.
Clim. Chang Res. 4 (4), 223, 2013.

