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Abstract: Stripe rust is one of the most destructive wheat diseases in China, negatively affecting the
production safety and causing yield losses of wheat. Thus, it is important to analyze the environmental
suitability and dynamic changes of wheat stripe rust in China. The occurrence of stripe rust is affected
by multiple factors. Therefore, this study combined data from various disciplinary fields such as
remote sensing, meteorology, biology, and plant protection to evaluate the environmental suitability
of stripe rust in China using species distribution models. The study also discusses the importance
and effect of various variables. Results revealed that meteorological factors had the greatest impact
on the occurrence of stripe rust, especially temperature and precipitation. Wheat growth factors have
a greater impact from April to August. Elevation has a greater impact in summer. The ensemble
model results were better than the single model, with TSS and AUC greater than 0.851 and 0.971,
respectively. Overlapping analysis showed that the winter stripe rust suitable areas were mainly
in the Sichuan Basin, Northwestern Hubei, Southern Shaanxi, and Southern Henan wheat areas.
In spring, the suitable areas of stripe rust increased in Huang-Huai-Hai and the middle and lower
reaches of the Yangtze River and Guanzhong Plain, and the development of northwestern wheat
areas such as Xinjiang and Gansu slightly lagged behind. In summer, wheat threatened by stripe rust
is mainly in late-ripening spring wheat areas in Gansu, Ningxia, Qinghai, and Xinjiang. This study
can provide a scientific basis for optimizing and improving the comprehensive management strategy
of stripe rust.
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1. Introduction

Wheat stripe rust, caused by Puccinia striiformis f. sp. tritici (Pst), is one of the
diseases that negatively affect the safety of wheat production [1]. China is the largest
independent endemic area of stripe rust in the world. More than 20 million hectares of
wheat are affected by stripe rust, and wheat yield can be reduced by more than 40% in
epidemic years [2]. Therefore, studying the areas with environmental conditions suitable
for stripe rust development and their dynamic changes in China is of great significance.
Species distribution models (SDMs) are widely used to predict species invasion and the
potential distribution of endangered species and analyze the impact of climate change on
the potential distribution of species [3]. There are also many studies on the distribution of
harmful species in agriculture [4]. Many studies have used SDMs to study the distribution
of crop diseases, such as maize downy mildew [5], wheat blast, and stripe rust [6,7].
Therefore, applying SDMs for the environmental suitability analysis of wheat stripe rust
can help predict its occurrence and epidemic, implement comprehensive prevention and
control measures, and ensure the safety of grain production.
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Pst can disperse long distance by wind movement and human-assisted transport
and requires susceptible host plants (mainly wheat) to survive and reproduce [8]. Stripe
rust is a low-temperature disease that does not oversummer in most wheat-growing
regions [9]. In China, stripe rust can oversummer on volunteer wheat seedlings in the
mountainous regions of Southern Gansu, Eastern Qinghai, Northwestern Sichuan, and
Southern Ningxia [10]. In summer, the maximum temperature in the oversummering areas
is always lower than 22 °C, and sufficient precipitation creates favorable environmental
conditions for the reproduction of the pathogen [11]. Pst migrates to low elevation to infect
autumn seedlings and disperse southward and eastward via air currents, infecting autumn
seedlings and overwintering in the Sichuan Basin, Yunnan, Guizhou, Western Hubei and
Southern Henan [10,12]. The temperature difference between the north and south is huge
in winter, with the Qinling-Huaihe Line (the 0 °C isotherm) serving as the dividing line,
and the highest temperature in the south can reach above 20 °C [13]. Spores can reproduce
continuously on wheat due to relatively warm temperatures or survive in the form of
mycelium in wheat leaves at low temperature in these regions [11,14]. In the spring of the
following year, spores are dispersed toward the northeast into the main wheat production
areas, including Henan, Shandong, Hebei, and other provinces [11,12].

Apart from suitable host plants and sufficient inoculum sources, environmental condi-
tions are also important factors affecting stripe rust epidemics. Available evidence suggests
that the infection and development of stripe rust is very temperature dependent, and the
optimal temperature required for its growth is 10-15 °C [15,16]. However, Vidal et al. [17]
showed that the different Pst pathotypes do not respond in the same way to temperatures.
Suitable precipitation and humidity provide favorable conditions for the infection and
reproduction of the pathogen [18]. The prediction model established by Guo et al. [19]
showed that average temperature and relative humidity were the determinants of the
occurrence of stripe rust in the Sichuan Basin. The study by Naseri et al. [20] showed that
air temperature, icy and rainy days, relative humidity, and region over an autumn, winter,
and spring period had a combined effect on the stripe rust epidemics in Kermanshah, Iran.
Moreover, other environmental factors such as sunshine, wind, snow cover, and geographi-
cal factors such as elevation can affect the occurrence of stripe rust [21-23]. Yang et al. [24]
used four meteorological variables, namely temperature, humidity, precipitation, and sun-
shine hours, to establish a prediction model, and the results could well reflect distribution
and spatiotemporal development of stripe rust in Gansu.

With the changes in climate and farming systems and the development of new wheat
varieties, the suitable area of wheat stripe rust may change, so it is necessary to improve
existing research. In the past, large-scale studies of wheat stripe rust were usually based on
meteorological factors and empirical knowledge obtained from extensive field investiga-
tions and analyzed through methods such as threshold setting [16,20,25]. At the same time,
these studies also suggest that studying the regional epidemic of stripe rust based only on
one or more meteorological factors may lead to deviations from the reality, and there is still
room for improvement. Therefore, it is necessary to consider the growth status of wheat,
such as the planting distribution, growth period, and vegetation condition of wheat [26].
Furthermore, factors such as topography and soil often influence the distribution of species
on smaller spatial scales [27]. The use of remote sensing data, which can provide a time
series of information on vegetation status, productivity, and seasonal changes, has been
shown to improve model performance and transferability as well as improve the possibility
of simulating the distribution of species over time, making the results more reasonable [28].

This study is based on the development and epidemic patterns of wheat stripe rust.
Using downscaled meteorological data, elevation data, and spectral data provided by
remote sensing, taking into account wheat distribution, ensemble SDMs were used to
assess the environmental suitability of wheat stripe rust. The main goals in this study were:
(1) to select environmental factors affecting the occurrence of wheat stripe rust, build a
model for extracting monthly wheat stripe rust suitable areas, and map the suitable areas
for stripe rust in China and (2) to analyze the importance of environmental variables in the
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model for each month and explore the impact of multiple variables on the distribution of
stripe rust suitable areas in major stripe rust ecological zones in China.

2. Materials and Methods
2.1. Study Area

Located in the east of Asia and on the west coast of the Pacific Ocean, China covers
a total area of 9.6 million square kilometers, and the elevation is high in the west and
low in the east [29]. The complex climatic conditions and wheat-planting system provide
environmental conditions for the occurrence and annual cycle of stripe rust. Most areas
belong to the monsoon climate type, with abundant rainfall in summer, a long rainy
season in the south, and short rainy season in the north while being relatively dry in
winter [11]. The temperature difference between the north and south is huge in winter,
with the Qinling-Huaihe Line (the 0 °C isotherm) serving as the dividing line, where the
highest temperature in the south can reach above 20 °C, and the lowest temperature in the
north can drop to —30 °C [13,29]. In summer, with the exception of high-altitude areas such
as the Qinghai-Tibet Plateau, most regions have temperatures above 20 °C [13]. Wheat is
planted all over China, and more than 75% of wheat-planting areas are planted using a
multi-cropping system [30].

2.2. Data
2.2.1. Occurrence Records and Wheat Distribution Data

The occurrence record of wheat stripe rust from 2009 to 2014 came from the Agricul-
tural Technology Center, which recorded the occurrence of stripe rust in the wheat growth
period in counties across the country. To reduce the spatial correlation, SDM toolbox v2.5
was used to spatially rarefy the data with a minimum radius of 10 km, so that occurrence
localities can be reduced to a single point within the specified distance [31].

In order to obtain more precise coordinates of stripe rust, further study was conducted
using wheat distribution data. The wheat distribution data were obtained from the Chi-
naCropArea 1 km dataset [32], which provides a 1 km-grid crop phenological dataset for
wheat in China, including three phenological periods. Combined with the relevant re-
search, the distribution of wheat and the time of planting and maturity were processed [33].
In Figure 1, northern winter wheat is distributed in the south of the Great Wall, east of
the Liupan Mountains and Qinling Mountains (zones I and II). Southern winter wheat is
distributed in the south of the Huaihe River and Qinling Mountains (zones III, IV, and
V). Spring wheat is distributed in the north of the Yangtze River and Minshan Mountains
(zones VI, VII, and VIII). Xinjiang and Qinghai-Tibet plant both winter wheat and spring
wheat (zones IX and X). The results are shown in Figure 2.

2.2.2. Environmental Data

The environmental variables used in this study include meteorological, vegetation,
and elevation data. Meteorological data include mean minimum temperature (TMN), mean
temperature (TMP), mean maximum temperature (TMX), precipitation (PRE), precipitation
days (PD), relative humidity (RHU), and sunshine duration (SSD). Remote sensing data
include enhanced vegetation index (EVI), leaf area index (LAI) and fractional vegetation
coverage (FVC). All the above variables except elevation are the average monthly data from
January to August (2010-2014) and December of the previous year (2009-2013).

TMN, TMP, TMX, and PRE were downloaded from the National Tibetan Plateau Data
Center. The datasets were generated by downscaling through the Delta spatial downscaling
scheme according to the global 0.5° climate dataset published by CRU and the global
high-resolution climate dataset published by WorldClim. The data format is NETCDF, and
the spatial resolution is 0.0083333° (about 1 km) [34].
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Figure 1. The geographical location of the study area. Major agro-ecological zones of wheat in China
are indicated by Roman numerals [30]. Adapted with permission from Ref. [30]. 2009, Elsevier. The
Digital Elevation Model (DEM) of China is available from the Resource and Environmental Science
and Data Center.

RHU and SSD are obtained from National Earth System Science Data Center, National
Science and Technology Infrastructure of China. The data are based on the monthly relative
humidity and sunshine duration data of 824 ground meteorological stations in China. The
1 km-resolution DEM was used as a covariate to generate monthly raster data by spatial
interpolation, and the interpolation used the thin plate spline method [35].

LAI and FVC data were derived from the Global Land Surface Satellite (GLASS)
product, V60. The product is a long-term, high-precision global surface remote sensing
product based on the inversion of multi-source remote sensing data and ground measured
data. The spatial resolutions of LAl and FVC data are 1 km and 500 m, respectively, and
the time resolution is 8 days [36].

PD was calculated using total precipitation from the ERA5-Land Hourly reanalysis
dataset produced by ECMWF’s Copernicus Climate Change Service (C3S). The spatial
resolution of the product is 0.1 radians (about 10 km) [37]. The sum of the days with daily
total precipitation greater than 0.1 mm is taken as the number of precipitation days per
month. PD was calculated on the Google Earth Engine (GEE) platform.

EVI was calculated using MOD09GA V6.1 products provided by the Moderate-
resolution Imaging Spectroradiometer (MODIS) on the Terra satellite. The spatial res-
olution is 500 m, and the temporal resolution is 1 day [38]. EVI was downloaded on the
GEE platform.
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Figure 2. The month of sowing and maturity of wheat in China from 2010 to 2014; (a) sowing time;
(b) maturity time.

Elevation data obtained using the 90 m SRTM DEM were downloaded from the
Resource and Environmental Science and Data Center, Chinese Academy of Sciences.

The data used in the study are all published raster data with a resolution of 1 km or
resampled to 1 km using ArcGIS 10.6 software.

2.3. Variable Selection

In order to avoid strong collinearity between variables, we calculated the Pearson’s
correlation coefficient between the variables and retained the variables with correlation
<0.9 [39,40]. The variable with the highest Gini importance was selected among all strongly
correlated variables by calculating the Gini importance of all candidate variables. The Gini
importance was obtained by taking the average of the Gini impurity of each decision tree in
the random forest and normalizing them. The formula for calculating the Gini importance

is as follows:
1 k
s = norm E;si €))

where s; represent the Gini impurity of the i-th decision tree for each variable. The results
of correlation analysis and Gini importance of variables are shown in Figure 3 and Table 1.

Table 1. The Gini importance of variables for each month.

Variable  December January February March April May June July August
DEM 0.117 0.107 0.027 0.061 0.044 0.054 0.227 0.130 0.074
EVI 0.018 0.025 0.011 0.018 0.335 0.179 0.161 0.109 0.144
TMP 0.107 0.124 0.173 0.143 0.092 0.085 0.034 0.027 0.012
TMN 0.193 0.137 0.188 0.273 0.049 0.064 0.017 0.026 0.013
TMX 0.047 0.123 0.177 0.044 0.034 0.075 0.019 0.079 0.022
PRE 0.218 0.225 0.218 0.196 0.142 0.128 0.331 0.286 0.304
PD 0.065 0.088 0.038 0.057 0.046 0.015 0.013 0.018 0.011
RHU 0.152 0.055 0.046 0.029 0.051 0.029 0.049 0.056 0.176
SSD 0.017 0.049 0.063 0.097 0.052 0.247 0.084 0.193 0.122
FvC 0.028 0.032 0.020 0.030 0.076 0.057 0.021 0.030 0.034
LAI 0.037 0.036 0.038 0.051 0.080 0.067 0.043 0.046 0.087
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Figure 3. Pearson’s correlation coefficient results for each month of variables from December to
August. (a): The monthly variables are the five-year average values of the month from 2009 to 2013.
(b—i): The monthly variables are the five-year average values of the month from 2010 to 2014.

The final variables used for modeling are shown in Table 2. From December to March,
TMN has the largest weight among the three temperature variables, TMP has the largest
weight from April to June, and TMX has the largest weight from July to August, so different
temperature variables were selected in different months.

Table 2. List of the variables used for modeling.

Month Variable
December—March TMN, PRE, PD, RHU, SSD, EVI, LAI, Elevation
April-June TMP, PRE, PD, RHU, SSD, EVI, LAI, Elevation

July, August TMX, PRE, PD, RHU, SSD, EVI, LAI, Elevation
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2.4. Modeling and Validation

This study used SDMs to explore the suitable areas of stripe rust. Previous study has
shown that there may be significant differences among different models, and it is difficult to
determine any single model that consistently outperforms others in terms of prediction [41].
Moreover, ensemble models can eliminate the influence of poorly performing individual
models, and their performance is generally slightly better than that of untuned individual
models [42]. Therefore, in order to improve the stability of the model, we chose to use
ensemble modeling methods. Modeling was performed in the R environment v4.1.2 using
the BIOMOD2 package [43]. The BIOMOD?2 package is a platform that can combine models
to predict the distribution of species and test the relationship between species and the
environment. It contains 10 single models, which can be run independently, or multiple
models can be selected for ensemble modeling approach.

The algorithms used in this study to construct the ensemble model include three
regression algorithms, two classification algorithms, three machine learning algorithms,
and MaxEnt. The regression algorithms include a general linear model (GLM), general
additive model (GAM), and multivariate adaptive regression splines (MARS) [44—46].
Classification methods include classification tree analysis (CTA) and flexible discriminant
analysis (FDA) [47,48]. Machine learning methods include random forest (RF), an artificial
neural network (ANN), and a generalized boosting model (GBM) [49-51]. MaxEnt has
been widely applied due to its small data requirements, simple software operation, and
relatively good results [52].

Building these models requires not only the presence data but also the pseudo-
absences. We chose the “random” parameter to generate three sets of pseudo-absences
because Barbet-Massin et al. [53] showed that the “random” method performed well in
a variety of models and that random selection of pseudo-absences maximizes specificity,
making the predicted distribution of a species only consist of the area where the species is
highly likely to be present. The generated three sets of pseudo-absences were combined
with the presences to form three sets of data, and 70% of each set was used as training data
and the remaining 30% as test data. Thus, a total of three sets of training data and three
sets of test data were utilized. Nine algorithms were used to train the three training sets
three times, and a total of 81 models were obtained.

The performance of the model was evaluated by the area under the receiver operating
characteristic curve (AUC) and true skills statistics (TSS). AUC and TSS are defined based
on a confusion matrix (Table 3). Semsitivity and specificity are defined according to the
confusion matrix, as shown in Formulas (2) and (3).

Sensitivity = @ j_ ) 2)
s d
Specificity = (=) ©)]

The receiver operating characteristic (ROC) curve is obtained by plotting all sensitivity
values on the y-axis against their equivalent (1 — specificity) values for all available thresh-
olds on the x-axis, and AUC is the area under the ROC curve [54]. AUC values range from
0.5 to 1. The AUC of a random model is 0.5, and the closer to 1, the better the model. TSS
improves upon the kappa coefficient to remove its dependence on prevalence and retain all
its advantages [55]. TSS is defined as:

TSS = Sensitivity 4 Specificity — 1 4)

The range of TSS values is from —1 to 1, where 1 means that the model is perfect, and
less than or equal to 0 means the model performance is not better than random model.
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Table 3. Confusion matrix for binary classification.

Model
Validation Data
Presence Absence
Presence a b
Absence C d

The models with TSS > 0.8 were selected from the 81 models trained on monthly data,
and the weighted average method was used to build an ensemble model, where the weight
of each model was proportional to the TSS value [43].

We calculated the average value of the importance of each variable across all the
models in the ensemble model, and the value of variable importance is between 0 and 1.
The BIOMOD2 package uses a randomization procedure to estimate variable importance,
and this process is not based on a specific model and can be compared across models.
Specifically, this method calculates the correlation coefficient between the model prediction
when the variable under investigation is randomly permuted in the initial model prediction.
The higher the correlation, the lower the importance of the variable [56].

3. Results
3.1. Variable Importance

In this study, we used various types of data such as remote sensing, meteorology,
biology, and plant protection to build monthly models. The variable importance ranges
from 0 to 1, with 0 indicating that the variable has no effect on the model. In general,
the importance of variables varied among the models, and meteorological factors were
consistently the most important. The variables of importance results are shown in Figure 4.

Among the meteorological factors, temperature and precipitation are more important.
From December to March, the importance of TMN is much greater than that of other
variables, with the highest value in February reaching 0.59, followed by January, December,
and March with values of 0.57, 0.55, and 0.43, respectively. The importance values of TMP
in April to June are 0.20, 0.28, and 0.14, respectively. In July and August, the importance
values of TMX are 0.22 and 0.08, respectively. PRE in summer (June-August) contributed
the most to the model, with importance values of 0.45, 0.55, and 0.48, respectively. The
importance values of PRE in other months ranged from 0.18 to 0.26. Other meteorological
variables contributed significantly only in certain months. RHU ranks in the top three in
the variable importance ranking in December, reaching 0.23. PD was in the top three in
March with a value of 0.15. The impact of SSD in December and January was small, but
the importance values of other months were all greater than 0.10, especially in May, which
ranked first with an importance value of 0.39.

Elevation is an indispensable variable, second only to precipitation in importance in
summer. The importance values for June, July, and August are 0.39, 0.35, and 0.29, respectively.

The importance of EVI has obvious seasonal characteristics. From December to March,
the importance of EVI was relatively low, with a maximum of 0.07. However, the impor-
tance of EVI in April, May, and June were 0.43, 0.35, and 0.39, respectively, and decreased
slightly in July and August to 0.31 and 0.23, respectively. The importance value of LAI
ranged from 0.03 to 0.08 from December to July and reached the highest value of 0.21
in August.

3.2. Model Validation

Models were evaluated using AUC and TSS, where the AUC value is between 0.5 and
1, and the TSS value is between —1 and 1. Table 4 shows the TSS and AUC of ensemble
models. The AUC values of the models ranged from 0.971 to 0.991, and the TSS values
ranged from 0.851 to 0.931. August had the highest TSS and AUC values. The TSS in April
was the lowest, and the AUC in June was the lowest. The average TSS and AUC values
were calculated for the single algorithm model, and the results are shown in Table 5. The
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Variable importance

RF model performed the best among single models, followed by MaxEnt and GLM, and
CTA performed the worst. It can be seen that the performance of the ensemble model was
improved compared with the single model.
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Figure 4. Variable importance of ensemble models from December to August.

3.3. Wheat Stripe Rust Suitable Areas

The suitable areas of stripe rust from December to August were simulated using
monthly ensemble models (Figure 5). On the whole, stripe rust was distributed in the wheat-
growing areas of northwest, southwest, Huang-Huai-Hai, and middle and lower reaches
of the Yangtze River in China, mainly including Gansu, Shaanxi, Xinjiang, Chonggqing,
Sichuan, Guizhou, Yunnan, Hebei, Shandong, Henan, and Hubei.

Table 4. TSS and AUC of the ensemble models. The AUC value is between 0.5 and 1, while the TSS
value is between —1 and 1.

December January February March April May June July August
TSS 0.906 0.917 0.912 0.891 0.851 0.859 0.853 0.911 0.931
AUC 0.981 0.982 0.982 0.975 0.973 0.979 0.971 0.986 0.991

In December, wheat stripe rust was mainly distributed in winter wheat-growing areas
in Southern and Eastern Gansu, the Guanzhong area in Shaanxi, Southern Sichuan and
the Sichuan Basin, Western Guizhou, Yunnan, and Southwestern Xinjiang (Figure 5a).
After that, it spread to the east, reaching wheat areas in Southern Henan, Northern Hubei,
Chongqing, and Guizhou in February (Figure 5c).
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Table 5. TSS and AUC of the single models. The AUC value is between 0.5 and 1, while the TSS value

is between —1 and 1.

Model  December January February  March April May June July August
TSS ANN 0.841 0.892 0.896 0.873 0.781 0.742 0.815 0.785 0.812
CTA 0.825 0.839 0.871 0.842 0.776 0.736 0.782 0.831 0.824
FDA 0.792 0.868 0.855 0.862 0.775 0.730 0.805 0.837 0.852
GAM 0.836 0.891 0.872 0.877 0.802 0.737 0.821 0.823 0.847
GBM 0.855 0.881 0.887 0.868 0.799 0.731 0.809 0.852 0.889
GLM 0.865 0.899 0.898 0.873 0.812 0.777 0.822 0.879 0.867
MARS 0.855 0.886 0.884 0.874 0.805 0.742 0.823 0.861 0.878
MAXENT  0.863 0.889 0.877 0.879 0.804 0.753 0.837 0.890 0.892
RF 0.900 0.909 0.907 0.889 0.843 0.788 0.849 0.900 0.927
AUC ANN 0.943 0.964 0.972 0.956 0.938 0.915 0.940 0.919 0.936
CTA 0.912 0.917 0.939 0.926 0.905 0.882 0.906 0.929 0.910
FDA 0.941 0.965 0.966 0.961 0.944 0.919 0.950 0.955 0.963
GAM 0.954 0.966 0.970 0.962 0.948 0.922 0.952 0.948 0.957
GBM 0.964 0.968 0.972 0.959 0.949 0.915 0.953 0.966 0.977
GLM 0.957 0.968 0.971 0.952 0.954 0.931 0.944 0.965 0.963
MARS 0.958 0.967 0.965 0.960 0.948 0.923 0.950 0.960 0.973
MAXENT  0.966 0.969 0.969 0.965 0.953 0.924 0.955 0.972 0.979
RF 0.979 0.977 0.977 0.965 0.959 0.936 0.969 0.978 0.986
Compared with winter and summer, the suitable areas of stripe rust in spring were
the widest. In March, wheat stripe rust was mainly distributed in Southwestern China,
the Hanshui Basin, and Southern Henan wheat-growing areas (Figure 5d). Afterwards,
stripe rust spread eastward to Henan, Anhui, and Jiangsu and northward to Shandong and
Hebei wheat-growing areas. In April, winter wheat began to be harvested from south to
north, and stripe rust continued to spread (Figure 5e). By May;, stripe rust had become a
widespread epidemic in the Guanzhong area, the middle and lower reaches of the Yangtze
River, and the Huang-Huai-Hai wheat-planting areas (Figure 5f). The epidemic of stripe
rust in northwestern wheat regions lagged behind other regions, and the development was
slow in the early stage, but it began to spread rapidly after May.
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Figure 5. Environmental suitability of stripe rust from December to June in wheat-planting areas.
(a) Environmental suitability of stripe rust in December of 2009-2013; (b—g): environmental suitability
of stripe rust from January to June of 2010-2014, (h) Legend.
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Most of the winter wheat had been harvested in June, and stripe rust was distributed
on unripe wheat in Ulanqab City, Inner Mongolia, Southern and Eastern Gansu, Qinghai,
Ningxia, Shaanxi, Shanxi, and Xinjiang (Figure 5g). After that, with the harvest of spring
wheat, stripe rust occurred only on late-ripening spring wheat at higher elevation in Gansu,
Ningxia, Qinghai, and Xinjiang.

3.4. Effects of Environmental Factors

Previous studies have divided the ecological zones of wheat stripe rust in China into
8 regions, as shown in Figure 6 [9]. In order to explore the impact of variables on the
environmental suitability of wheat stripe rust in different regions, this study calculated the
mean and standard deviation of each variable when the environmental suitability of wheat
stripe rust was greater than 0.6 (high potential) in each region [57]. Figure 6 presents the
results for each month for the five main regions.
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Figure 6. Wheat stripe rust ecological zones in China [9]. Adapted with permission from Ref. [9].
2014, John Wiley and Sons.

The range of elevations suitable for stripe rust is very wide. Due to the higher terrain,
the average elevations of stripe rust epidemic areas in Yunnan—-Guizhou, the northwest, and
Xinjiang are all above 1000 m, while those in Guanzhong, Huabei, the Chengdu Plain, and
the Jianghan River Basin are lower. In terms of seasons, the suitable elevation of stripe rust
in a single region in summer is higher than that in winter and spring. The suitable elevation
for stripe rust in the northwest winter and spring wheat region has reached 2720 m, and
the suitable elevation for wheat-planting areas in Guanzhong, Huabei, the Chengdu Plain
and the Jianghan River Basin also increased significantly in summer because there are still
some late-maturing wheats in these areas (Figure 7a).

Although different temperatures are used for different months in the modeling, the
average temperature is used here for the convenience of unified comparison. The suitable
average temperature in each region is in the range of —3.4 to 23.9 °C and is low in winter
and high in summer. The suitable temperature in wheat-planting areas in the Chengdu
Plain, the Jianghan River Basin, Guanzhong, Huabei, and Yunnan—-Guizhou decreased
slightly in summer, which is related to wheat harvesting in low-altitude areas (Figure 7b).
The precipitation in winter is relatively low, and all regions are less than 50 mm. It starts to
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PRE/mm

rise continuously in March in spring, reaching a maximum of 128 mm, and then fluctuates in
summer (Figure 7c). The relative humidity is in the range of 50% to 80% in all regions except
Xinjiang (Figure 7d). The suitable precipitation days for stripe rust are not less than 5 days
in all regions (Figure 7e). Except for the Yunnan-Guizhou region, the average sunshine
duration is lower in winter and higher in spring and summer, and the precipitation days
are the opposite (Figure 7f).

In terms of vegetation variables, the variation of EVI values in different regions was
different. The EVI of the Yunnan—Guizhou region is relatively stable over time, and the
rest of the regions have certain changes over time. Among them, the larger the area of
wheat planting, the greater the change of EVI, such as the Chengdu Plain, the Jianghan
River Basin, and the Guanzhong and Huabei regions. The average value of EVI in these
areas showed a clear trend of first rising and then falling with wheat growth and harvest
(Figure 7g). LAl is relatively stable and low in winter, with an average value below 0.40.
It started to increase in March in spring, and the changes in different regions were quite
different after April (Figure 7h).
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Figure 7. The mean and standard deviation of environmental variables in high-potential areas of
major stripe rust ecological zones; (a—h) represent different environmental variables.

4. Discussion

This study used several types of variables to build the model. The results show that the
epidemic of stripe rust is facilitated by a combination of factors, and various combinations
of environmental factors can provide suitable living conditions for stripe rust.

Meteorological factors are the most important in modeling, with temperature and
precipitation being the two most important. Temperature is most important in winter and
early spring. Hu et al. built a temperature-based model for evaluating the overwintering
potential of stripe rust using the temperature from 16 December to 15 March of the following
year as the average temperature in winter and obtained satisfactory results [12]. Studies
have shown that stripe rust can not only survive the winter but also multiply and spread
in the Guanzhong Plain, dam areas, and plains of Sichuan and Yunnan, Hanzhong, and
Ankang in Shaanxi, Xinyang in Henan, and Hubei [10,25]. Chen et al. believed that the
stripe rust pathogen could infect host plants in the range of 0 to 23 °C, the optimum
temperature was between 7 and 12 °C, and sporulation was faster at 15-25 °C [58]. In this
study, the average temperature values of each region with environmental suitability greater
than 0.6 are all in the first temperature range mentioned above except the northwest region
and Xinjiang region in winter. Precipitation is always an important factor, especially in
summer. High precipitation and high humidity in summer create favorable conditions for
infection. Therefore, some studies suggested that stripe rust can be predicted by monitoring
precipitation in a region and dew formation in fields [1].

The influence of elevation is great in winter and summer. Previous studies have shown
that stripe rust has an upper elevation limit for overwintering regions such as Longnan and
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Sichuan Aba and a lower elevation limit for oversummering regions such as the Northwest,
Northwest Sichuan, and Yunnan-Guizhou [2]. Due to the spread of stripe rust to areas with
lower elevations in the east in spring, the suitable elevations of stripe rust in the Chengdu
Plain and Jianghan Valley wheat-planting areas, Guanzhong and Huabei wheat-planting
areas, and Yunnan and Guizhou wheat-planting areas showed a downward trend before
May [9,59]. After May, with the influence of factors such as the increase in temperature
and wheat harvest in low-elevation areas, the suitable elevations in many areas increased
significantly. Due to the huge difference in terrain, wheat was harvested early in plain and
basin areas and late in high-elevation areas such as Aba, Ganzi, and Liangshan in Sichuan,
so the changes in the average elevation of the Chengdu Plain and the Jianghan Basin are
the most obvious [10,22].

Plants are mostly dormant in winter with no photosynthetic activity, and vegetation
variables play a small role in the model [60]. The importance of EVI is greater after April
because EVI can stably reflect vegetation conditions and wheat phenology [61]. This
study shows that the vegetation variables when stripe rust is suitable are within a certain
threshold range, which shows the importance of vegetation and its growth status to the
occurrence and epidemic of stripe rust.

China has a large latitude and longitude span and complex terrain, which leads to
large intra-regional climate differences. Therefore, not all regions are suitable for stripe rust
occurrence and are largely limited by wheat-growing areas. The overwintering boundary of
wheat stripe rust is generally considered to be along Huangling in Shaanxi Province, Jiexiu
in Shanxi Province, Shijiazhuang in Hebei Province, and Dezhou of Shandong Province
(latitude 37~38°N). Stripe rust can overwinter in the south of this boundary but generally
cannot overwinter in the north [62]. The results obtained in this study were all within
the above-mentioned overwintering regions. In the plains and dam areas of the Sichuan
Basin, Northwestern Hubei, Southern Shaanxi, and Southern Henan with lower elevations.
The temperature is relatively high, and the stripe rust pathogen can safely overwinter
and even multiply and infect wheat seedlings [63]. In spring, stripe rust in overwintering
region infects wheat plants and is transferred to the northeast by wind to the main winter
wheat-planting areas [62,63]. At this time, in addition to the overwintering region, stripe
rust was distributed in wheat-planting areas such as the Huang-Huai-Hai, the middle
and lower reaches of the Yangtze River, and the Guanzhong Plain. The epidemic of stripe
rust in northwestern wheat regions such as Xinjiang and Gansu lags behind other regions,
and the development was slow in the early stage, but it began to spread rapidly after
May [59]. With the harvest of wheat, stripe rust lost its main host plants in most areas and
was mainly distributed in late-ripening spring wheat-planting areas in Gansu, Ningxia,
Qinghai, and Xinjiang.

In fact, from the harvest of wheat to the emergence of autumn-sown winter wheat,
volunteer wheat seedlings can serve as the host of stripe rust, transferring the pathogen
from late-maturing winter and spring wheat to autumn-sown wheat seedlings, which
plays a crucial role in the annual cycle of stripe rust [10,62]. Studies have shown that
the northwest region, including Gansu, Eastern Qinghai, and Northwestern Sichuan, is
the largest and most important oversummering region for stripe rust, in addition to the
southwest (Yunnan, Guizhou), Xinjiang, and northern (Shanxi, Hebei) regions [11]. It can
be seen that the estimation of the suitable areas of stripe rust in summer in this study is
limited. In this study, disease occurrence data were collected during wheat planting, and
overlap analysis was performed using published wheat-planting areas, which has also been
performed in many previous studies for species with specific hosts [64,65]. However, due
to the lack of data on the oversummering host of wheat stripe rust, this study focused on
the risk of exposure to stripe rust during wheat planting, and the distribution results were
smaller than the actual distribution of stripe rust. Therefore, in order to obtain the complete
oversummering distribution of stripe rust, it is necessary to combine the alternate host
plants. For example, Zhang et al. used overlapping analysis of the suitable planting areas of
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wheat, oversummering areas of stripe rust, and the richness of the simulated host (barberry)
to predict the potential risk of wheat stripe rust in Sichuan under future conditions [7].

5. Conclusions

In the present study, data from various disciplinary fields such as remote sensing,
meteorology, biology, and plant protection data were considered to study the suitable areas
of stripe rust during wheat planting in China and emphasize the role of various variables
in the occurrence of stripe rust in different periods. The accuracy results showed that the
ensemble models performed better than the single models, with TSS and AUC greater than
0.851 and 0.971, respectively.

Among the three investigated types of environmental variables, meteorological vari-
ables contributed the most, with temperature and precipitation being the most important.
Vegetation variables and elevation contributed significantly in some months. From the
regional analysis of variables, although there are significant differences in the environment
between different wheat producing areas, the combination of multiple environmental
factors may still lead to the occurrence of stripe rust.

Due to the influence of climate, topography, and planting system, the distribution of
the suitable areas for stripe rust varies at different times. In winter, stripe rust is mainly
distributed in the Sichuan Basin, Northwestern Hubei, Southern Shaanxi, and Southern
Henan wheat-planting areas. In spring, it spreads to the Huang-Huai-Hai and the middle
and lower reaches of the Yangtze River and the Guanzhong Plain, and the development
of stripe rust in the northwestern wheat-planting areas such as Xinjiang and Gansu lags
behind. Wheat threatened by stripe rust is mainly distributed in late-ripening spring
wheat-planting areas in Gansu, Ningxia, Qinghai, and Xinjiang in summer.

This study proved that it is possible to combine SDMs and multiple environmental
variables to obtain the areas with environmental conditions suitable for stripe rust. How-
ever, limited by the data that could be collected, no host plants other than wheat were used
in this study, which has certain limitations that should be considered in future studies.
This study could provide new ideas and support for the prevention and control of wheat
stripe rust.
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