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Cytospora canker caused by Cytospora chrysosperma has a wide range of hazards 
in Xinjiang, seriously affecting the development of Xinjiang’s characteristic forest 
and fruit industries. Climate change affects the distribution of fungal species and 
may exacerbate the risk of forest diseases such as cytospora canker. The present 
study was conducted on C. chrysosperma and makes predictions of potentially 
suitable area based on 133 records of C. chrysosperma distribution points and 
47 environmental factors. We applied the MaxEnt model adjusted by the Kuenm 
package for feature class parameters (FC) and regularization multipliers (RM) to 
explore the main environmental factors affecting the geographical distribution 
of C. chrysosperma. And then we  predicted its spatial distribution pattern 
and centroid change trend in potentially suitable area under three different 
Representative Concentration Pathways in the current scenario, 2041–2070, 
and 2071–2,100. The results showed that the optimal model with parameters 
FC  =  LQ and RM  =  0.3 had the lowest model complexity and overfitting, and the 
model predicted with very high accuracy, AUC  =  0.971  ±  0.0019. Considering 
the percent contribution, permutation importance of jackknife and single-
factor response curve, the main environmental factors affecting its geographical 
distribution are precipitation seasonality (bio15), aspect cosine (aspectcosine), 
monthly variability in potential evapotranspiration (PETseasonality), and mean 
monthly potential evapotranspiration of the coldest quarter (PETColdestQuarter), 
with a cumulative contribution rate reaching 70.8%. Under the current climate 
scenarios, the total suitable area for C. chrysosperma is 82.35  ×  104  km2, and 
the highly suitable area is 5.49  ×  104  km2, accounting for 6.67% of the total 
suitable area, primarily located in the Tacheng, Yili, and Changji regions. 
Meanwhile, centroid transfer analysis indicates a tendency for its distribution to 
migrate towards lower latitudes under future climatic conditions. The MaxEnt 
model proposed in this study can be used to predict the distribution and risk 
of C.  chrysosperma in Xinjiang and provide guidance for the prevention and 
control of cytospora canker.
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1 Introduction

Cytospora canker, caused by Cytospora Ehrenb., is a typical 
forestry disaster, also known as canker disease, mainly damaging 
parts of trees such as main branches, side branches, and forks. 
Cytospora Ehrenb. is a forest tree pathogenic fungus widely 
distributed worldwide (Adams et al., 2002), mainly in temperate 
and cold temperate zones with continental and extreme continental 
climates, such as Canada and the United States in the Americas, 
Russia and the United Kingdom in Europe, China and Japan in Asia 
(Kobayashi, 1970; Adams et al., 2006), as well as various countries 
and regions in Africa (Zhang et al., 1999). In China, particularly in 
the Northwest, North China, and Northeast regions, trees are often 
subjected to harsh ecological conditions such as low temperatures, 
drought, wind-sand, and salinization, which can easily lead to tree 
vigor decline and cause widespread occurrence of canker disease. 
The occurrence of cytospora canker is the most serious among 
forestry diseases in Xinjiang, which is due to the unique geographic 
features and climatic characteristics of Xinjiang that have formed a 
large area of concentrated cultivation of single species of trees. 
Moreover, it is affected by persistent low temperatures and freezing 
in winter and by hot and dry summers, coupled with sloppy 
management by farmers resulting in a decline in tree growth 
potential. This has led to the prevalence of canker disease in 
economically significant trees such as apples, Korla fragrant pears 
(Tang et  al., 2015), walnuts (Liu et  al., 2020; Wen et  al., 2022), 
jujubes, and almonds, as well as a widespread outbreak of canker 
disease in protective forests like poplars, willows, elms, and Populus 
euphraticas (Guo et al., 2018; Zhu et al., 2019; He et al., 2022). In 
mild cases, it causes tree branches to die and trees to weaken, 
leading to the death of the forest, and in severe cases, it directly 
causes the destruction of the orchard. Studies show that there are 
51 species of Cytospora spp. in Xinjiang Province, with distribution 
records across 11 host tree families in 15 prefectures (cities). The 
most detrimental and widely spread among these is Cytospora 
chrysosperma (Pers.) Fr. (Zhao et al., 2019; He et al., 2022).

There is a close relationship between forestry diseases and climate 
(Jactel et al., 2012; Breshears et al., 2018). Changes in the ecosystem 
induced by climate change increase the susceptibility of forest plants 
(Sturrock et al., 2011; Pautasso et al., 2012), which can lead to changes 
in the internal environment of forests, thereby altering the community 
structure and species composition of forest tree species, further 
increasing the risk of forest disease occurrence and spread (Anderson 
et al., 2004; Allen et al., 2010). Due to the influence of climate change, 
forest diseases have shown a trend of change. Many diseases 
traditionally considered temporary or sporadic have become more 
frequent and persistent globally, even invading new regions in foreign 
locations (Cobb et al., 2017). As global climate change continues to 
develop and intensify, forest diseases show a diverse range of 
manifestations in various regions. Increasing research shows that the 
impact of climate change on plants and species composition is 
extremely complex and diverse. Therefore, a deeper understanding of 
the impact of climate change on forest diseases is a long-term and 
complex task (Moritz and Agudo, 2013). By simulating species 
adaptability, species distribution, and disease spread under different 
environmental conditions, we can better understand the impact of 
climate change on forest diseases and predict their development 
trends and possible disastrous effects.

Ecological niche models (ENMs) have become an important tool 
for assessing and predicting the distribution and impact of forest 
diseases. The outbreak and prevalence of forest diseases are often 
influenced by multiple factors, such as climate, vegetation, and other 
environmental factors, as well as soil and topographic features, and 
biological factors such as insects and fungi (Cavers and Cottrell, 2015; 
Bosso et al., 2017; Duque-Lazo et al., 2018). Therefore, ecological 
niche models need to take these factors into account to determine the 
potential risks and degree of harm of forest diseases. These models can 
help researchers and managers better understand the relationships 
between environmental factors, host species, and disease dynamics. 
Among them, MaxEnt is a common method that can handle complex 
non-linear relationships between environmental variables and species 
occurrence (Phillips et al., 2006). Jiang et al. (2017) used MaxEnt 
combined with diffusion estimation to predict the spread of sudden 
oak death in California and identify potential disease hotspots. 
BIOCLIM is an early ecological niche modeling method that uses a 
climate envelope to define suitable environmental conditions for a 
species. Godefroid et al. (2020) used the BIOCLIM model to predict 
the potential distribution of the Oak Processionary Moth (OPM) in 
Europe under current and future climate conditions. GARP uses a 
genetic algorithm to generate a set of rules that describe the 
relationship between species occurrence and environmental variables. 
It is particularly suitable for presence-only data and can handle 
complex non-linear relationships. Sobek-Swant et  al. (2012) used 
GARP to simulate the potential distribution of the emerald ash borer 
(Agrilus planipennis, EAB) in Canada, the United States, and eastern 
Asia. Guo et  al. (2005) used support vector machines (SVMs) to 
predict the potential distribution of a newly discovered virulent 
pathogen (Phytophthora ramorum) in California. Overall, MaxEnt is 
one of the best performing models by adjusting the regularization 
multiplier to avoid overfitting (Hernandez et al., 2006; Phillips et al., 
2006; Wisz et al., 2008).

These studies all show the universality and importance of 
ecological niche models in understanding the potential distribution 
and spread of forest pests and diseases. By incorporating climate 
variables and considering future climate scenarios, researchers can 
better understand the possible impacts of these pests and diseases on 
forests and develop targeted management strategies.

This paper predicts the suitable distribution of C. chrysosperma in 
Xinjiang based on the MaxEnt model under current and future 
climate change scenarios, which provides a theoretical basis for 
decision-making related to the prevention and control of cytospora 
canker in Xinjiang. The main objectives of this study are: (i) to identify 
the main environmental factors affecting the geographical distribution 
of C. chrysosperma, (ii) to study the characteristics of the geographic 
distribution of C. chrysosperma under the current climatic conditions, 
and (iii) to predict the geographical distribution and spatial changes 
of C. chrysosperma under future climate change.

2 Materials and methods

2.1 Overview of the study area

Xinjiang is located in northwestern China, with geographical 
coordinates ranging from 73°40′ to 96°08′ east longitude and 34°22′ 
to 49°10′ north latitude, and covers an area of 1.66 million square 
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kilometers. Xinjiang has diverse topographic features, including 
mountains, deserts, grasslands, and forests. The region includes the 
Altai Mountains, the Tianshan Mountains, the Kunlun Mountains, 
and the Turpan Basin. The Tianshan Mountains stretch from west to 
east across the middle, dividing Xinjiang into southern and northern 
parts. South of the Tianshan is the Tarim Basin, with the Taklamakan 
Desert at the center; north of the Tianshan is the Junggar Basin, with 
the Gurbantunggut Desert at the center. Xinjiang is far from the ocean 
and has a continental arid climate, with large temperature differences 
between day and night, as well as between summer and winter. The 
rainfall is generally low, with the annual precipitation in most areas 
being less than 200 mm (Guan et al., 2022). Overall, there is relatively 
little forest vegetation in Xinjiang, and the main types of forest 
vegetation are coniferous forests, scrub forests, broad-leaved evergreen 
forests, and desert vegetation (Zhang et al., 2021). Figure 1 shows the 
location of the study area and the distribution of sampling sites.

2.2 Distribution data for Cytospora 
chrysosperma

From 2018 to 2021, our research team conducted the collection of 
cytospora canker specimens in the Yili, Tacheng, Altay, Bazhou, Aksu, 
and Kashgar regions of Xinjiang. In the field, we collected branches 
with typical symptoms, and more than 1,000 disease specimens were 
collected from 14 host tree species, including Salix spp., Populus spp., 
Malus spp., Betula spp., Elaeagnus spp. Then, in the laboratory, 
we completed the isolation, cultivation, and preservation of the fungal 
strains, and carried out taxonomic identification work using the same 
methodology as in Pan et  al. (2021). We  initially obtained 305 
distribution records of C. chrysosperma. To reduce spatial 
autocorrelation of sample point data and avoid overfitting of the 
model, we used the Trim duplicate occurrences feature of ENMTools 
software to remove duplicate and invalid coordinate points in each 2.5 
arc-minute grid cell (corresponding to the environmental variable 
data in the following text), ultimately obtaining 133 valid 
C. chrysosperma distribution data points in the study area. These were 
organized and saved in a CSV format file for MaxEnt modeling analysis.

2.3 Data on environmental variables

In this paper, we  predicted the distribution pattern of 
C. chrysosperma based on 47 environmental factors over three periods, 
i.e., the contemporary scenario (1981–2010), and two future scenarios 
(2041–2070, 2071–2,100), respectively. The data on environmental 
variables included 38 bioclimatic factors, 8 topographic and 
geomorphological factors, and 1 soil factor. In Table 1, the first group 
of 21 bioclimatic factors was downloaded from the CHELSA database 
(Karger et al., 2017, 2021),1 and the second group of 17 bioclimatic 
factors was downloaded from the ENVIREM database (Title and 
Bemmels, 2018).2 Topographic/geomorphological factors were 
downloaded from the EarthEnv database (Amatulli et al., 2018),3 and 

1 https://chelsa-climate.org/

2 http://envirem.github.io/

3 http://www.earthenv.org/topography

soil factors from the ORNL DAAC database (doi: 10.3334/
ORNLDAAC/1304) (Pelletier et al., 2016). Considering the impact of 
climate scenario selection on the model prediction results, a total of 
15 combinations of five Global circulation models (GCMs) and three 
Shared socio-economic Pathways (SSPs) are included for the next two 
decades. GCMs included GFDL-ESM4, IPSL-CM6A-LR, MPI-ESM1-
2-HR, MRI-ESM2-0, UKESM1-0-L. SSPs included SSP1-RCP2.6, 
SSP3-RCP7, and SSP5-RCP8.5. The composite prediction layer 
corresponding to each SSP was then arithmetically averaged to reduce 
the uncertainty of individual circulation models in predicting 
C. chrysosperma habitat distribution. All environmental variables were 
processed at a spatial resolution of 2.5 arc minutes in ArcGIS 10.4.1 to 
obtain study area-wide data.

To reduce multicollinearity among environmental variables, 
we  analyzed the correlation of candidate variables using the 
ENMTools.pl. software. We used the Pearson correlation coefficient 
and the Jackknife method to screen the most important environmental 
factors affecting the potential habitat distribution of C. chrysosperma. 
First, we assessed the Pearson correlation coefficients between the 47 
environmental factors for 133 records and used |R| ≥ 0.8 as the 
threshold for determining significant correlations between factors 
(Fan et  al., 2022). Then, for each pair of significantly correlated 
variables, only the variable with the greatest contribution was retained 
(Yu et  al., 2020; Wei et  al., 2021). Eventually, we  chose bio15, 
aspectcosine, PETseasonality, PETColdestQuarter, scd, npp, 
PETDriestQuarter, bio07, AvgSoilSedimDeposThick, and elevation as 
the 10 environmental variables for constructing the C. chrysosperma 
distribution model.

2.4 Optimization of model parameters

Feature class parameters (FC) and regularization multipliers (RM) 
are crucial for modeling species distributions using MaxEnt, and 
we  selected the most appropriate model by evaluating different 
combinations of them (Morales et  al., 2017). In R version 3.6.3, 
we used the Kuenm package to optimize FC and RM (Cobos et al., 
2019). First, the four FCs of the MaxEnt model [linear (L), quadratic 
(Q), hinge (H), and product (P)] were combined into 15 FC 
combinations [L, Q, P, H, LQ, LP, LH, QP, QH, PH, LQP, LQH, LPH, 
QPH, QPH, LQP, LQH, LPH, QPH, and LQPH], and next, the RMs 
were set to be 0.1–4 at intervals of 0.1 each for a total of 40 RM values. 
By combining the FC and RM parameters, a total of 600 candidate 
models were evaluated. We then selected significant models with an 
omission rate less than the threshold of 5% and a Delta AICc value not 
greater than 2 as the basis for determining the optimal model (Akpoti 
et al., 2020; Arenas-Castro et al., 2020). All models with Delta AICc 
<2 had high reliability, and the model with the smallest Delta AICc 
value (Delta AICc = 0) was considered the final model (Figure 2).

2.5 Species distribution model

The final model was constructed using MaxEnt 3.4.4 and the 
selected parameters, with the combination of FC as LQ and FM as 0.3. 
During the modeling process, 75% of the data was used for training, 
and 25% of the data was used for testing. To reduce the uncertainty of 
the MaxEnt model, 20 repeated runs of cross-validation were used to 

https://doi.org/10.3389/ffgc.2024.1370365
https://www.frontiersin.org/journals/forests-and-global-change
https://www.frontiersin.org
https://chelsa-climate.org/
http://envirem.github.io/
http://www.earthenv.org/topography
https://doi.org/10.3334/ORNLDAAC/1304
https://doi.org/10.3334/ORNLDAAC/1304


Li et al. 10.3389/ffgc.2024.1370365

Frontiers in Forests and Global Change 04 frontiersin.org

construct the model (Maximum iterations: 5000, Max number of 
background points: 10000), The performance of the model is usually 
evaluated using the Area Under the ROC curve (AUC) of the Receiver 
Operating Characteristic (ROC) (Fielding and Bell, 1997; Elith et al., 
2006). The accuracy of the model simulation results is proportional to 
the AUC value. The AUC value ranges from 0 to 1, with higher values 
indicating higher accuracy of model predictions. The relative 
contribution of each environmental variable was assessed using the 
Jackknife test (Phillips et al., 2017). To further evaluate the model 
performance, True Skill Statistics (TSS) (Allouche et al., 2006) and 
Kappa (Freeman and Moisen, 2008) were calculated using the R 
package PresenceAbsence. When the TSS and Kappa values were 

above 0.85, the model performance was excellent; when they were 
below 0.55, the model performance was poor (Monserud and 
Leemans, 1992). Finally, we  used the Fixed cumulative value 10 
Logistic threshold of 0.0912 to establish 4 suitability levels for 
C. chrysosperma habitats: 0–0.0912 as unsuitable, 0.0912–0.3941 as 
low suitability, 0.3941–0.6971 as medium suitability, and 0.6971–1 as 
high suitability.

To analyze the impact of climate change on the geographic 
distribution of C. chrysosperma, a Raster to Polygon operation was 
performed in ArcGIS on the raster data of the suitable areas, and then 
the spatial analysis function was used to calculate the position of the 
centroid in suitable areas under different scenarios.

FIGURE 1

(A) Distribution of the C. chrysosperma presence points in Xinjiang, China. (B) Location of the study area. (C,D) Disease symptoms associated with 
C. chrysosperma.
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TABLE 1 Environment variables for MaxEnt modeling.

NO Variables Abbreviation Unit Source

1 Mean annual air temperature bio01 °C/10

CHELSA

2 Mean diurnal air temperature range bio02 °C/10

3 Isothermality bio03 °C/10

4 Temperature seasonality bio04 °C/10

5 Mean daily maximum air temperature of the warmest month bio05 °C/10

6 Mean daily minimum air temperature of the coldest month bio06 °C/10

7 Annual range of air temperature bio07 °C/10

8 Mean daily mean air temperatures of the wettest quarter bio08 °C/10

9 Mean daily mean air temperatures of the driest quarter bio09 °C/10

10 Mean daily mean air temperatures of the warmest quarter bio10 °C/10

11 Mean daily mean air temperatures of the coldest quarter bio11 °C/10

12 Annual precipitation amount bio12 kg m−2

13 Precipitation amount of the wettest month bio13 kg m−2

14 Precipitation amount of the driest month bio14 kg m−2

15 Precipitation seasonality bio15 kg m−2

16 Mean monthly precipitation amount of the wettest quarter bio16 kg m−2

17 Mean monthly precipitation amount of the driest quarter bio17 kg m−2

18 Mean monthly precipitation amount of the warmest quarter bio18 kg m−2

19 Mean monthly precipitation amount of the coldest quarter bio19 kg m−2

20 Net primary productivity npp g C m−2 y−1 10−1

21 Number of days with snowcover scd –

22 Annual potential evapotranspiration annualPET mm / year

ENVIREM

23 Thornthwaite aridity index aridityIndexThornthwaite –

24 Climaticmoistureindex climaticMoistureIndex –

25 Continentality continentality °C

26 Emberger’s pluviothermic quotient embergerQ –

27 Sum of mean monthly temperature for months with mean temperature greater than 0°C multiplied by number of days growingDegDays0 –

28 Sum of mean monthly temperature for months with mean temperature greater than 5°C multiplied by number of days growingDegDays5 –

29 Max. Temp. of the coldest month maxTempColdest °C * 10

30 Mean. Temp. of the coldest month meanTempColdest °C * 10

31 Mean. Temp. of the warmest month meanTempWarmest °C * 10

32 Min. Temp. of the warmest month minTempWarmest °C * 10

33 Mean monthly PET of coldest quarter PETColdestQuarter mm / month

34 Mean monthly PET of driest quarter PETDriestQuarter mm / month

35 Monthly variability in potential evapotranspiration PETseasonality mm / month

36 Mean monthly PET of warmest quarter PETWarmestQuarter mm / month

37 Mean monthly PET of wettest quarter PETWettestQuarter mm / month

38 Compensated thermicity index thermicityIndex °C

39 Aspect Cosine aspectcosine –

EarthEnv

40 Aspect Sine aspectsine –

41 Elevation elevation m

42 Roughness roughness –

43 Slope slope °

44 Topographic Position Index tpi –

45 Terrain Ruggedness Index tri –

46 Vector Ruggedness Measure vrm –

47 Averages soil and sedimentary deposit thicknesses across upland hillslopes and valley bottoms in meters AvgSoilSedimDeposThick m ORNL DAAC

The final selected environment variable is shown in bold.
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3 Results

3.1 Model evaluation and significant 
environmental variables

The average AUC of the final model’s 20 repeated runs is 0.971, 
with a standard deviation of 0.0019, as shown in Figure 3. The values 
of TSS and Kappa are 0.879 and 0.913, respectively, and these indicate 
that the model performs excellently, with good performance and high 
prediction accuracy (Swets, 1988; Fielding and Bell, 1997).

Through the model output results, the percent contribution and 
permutation importance based on the Jackknife regularized training, 
and the single-factor response curves are obtained (refer to Table 2; 
Figures  4, 5). From the Percent contribution and Permutation 
importance in Table  2 and Figure  4, the percent contributions of 
bio15, aspectcosine, PETseasonality, and PETColdestQuarter are 30.3, 
16, 13.1, and 11.4% respectively, with a total contribution reaching as 
high as 70.8%. The permutation importance of bio15, aspectcosine, 
PETseasonality, and PETColdestQuarter are 12.9, 0, 23, and 29.3% 
respectively, accumulating to 65.2%. This indicates that these four 

FIGURE 2

Omission rates and AICc values for all, non-significant, and selected “best” candidate models for the C. chrysosperma. (A) Global view; (B) local view.

FIGURE 3

ROC curves and AUC averages for MaxEnt with 20 repeated runs.
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environmental factors are the dominant factors affecting the 
distribution of C. chrysosperma.

3.2 Response curve analysis of 
environmental variables

The response curves of the environmental variables were obtained 
by the single-factor modeling based on the four dominant environmental 
factors mentioned above. It is generally believed that when the probability 
of presence is greater than 0.5, the range of environmental factor values 
is beneficial to the distribution of species (Li et al., 2022). As can be seen 
from the single-factor response curve (Figure 5), the suitable value for 
bio15 is less than 895.95, for PETseasonality it is greater than 0.94 × 106, 
and for PETColdestQuarter it is between 7882.52–14115.35. For bio15, 
the probability of C. chrysosperma’s presence first increases with the 
increase of bio15, then gradually decreases. When it is greater than 1,100, 
the probability of presence is close to 0. For aspectcosine, the probability 
of presence gradually decreases with the increase of aspectcosine, then 
increases, with the response bottom value at 0.0. The response curve for 

aspectcosine indicated that the range of aspect Cosine values specific to 
the study area could provide a uniquely suitable habitat for 
C. chrysosperma. The probability of presence and PETseasonality were 
positively correlated, and the probability of presence gradually increased 
with the increase of PETseasonality value. The response curve of 
PETColdestQuarter showed a general trend of increasing and then 
decreasing, and the probability of the presence of C. chrysosperma 
gradually increased as the value of PETColdestQuarter increased, with 
the response peaking at 10,000, then gradually decreasing, and ultimately 
approaching zero.

3.3 Potential distribution of Cytospora 
chrysosperma under current climate 
scenarios

According to the prediction results (Figure 6; Table 2), the suitable 
habitat of C. chrysosperma is concentrated in the northern part of 
Xinjiang and the oasis areas around the Tarim Basin in the southern 
Xinjiang, with a total suitable area of 82.36 × 104 km2.

TABLE 2 Major environmental variables affecting the habitat suitability of C. chrysosperma.

No Variables Percent contribution 
(%)

Permutation 
importance (%)

Suitable range

1 bio15 30.3 12.9 <895.95

2 Aspectcosine 16 0 all

3 PETseasonality 13.1 23 >0.94 × 106

4 PETColdestQuarter 11.4 29.3 7882.52–14115.35

5 scd 7.9 0.7 all

6 npp 7.7 9 <13758.64

7 PETDriestQuarter 6.5 5.1 5411.94–24679.73

8 bio07 3.4 10.6 <504.24

9 AvgSoilSedimDeposThick 2.6 3.7 <73.03

10 Elevation 1 5.7 <2814.53

FIGURE 4

The importance of jackknife analysis of environmental variables.
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The lowly suitable area is mainly distributed in the Tacheng, 
Turpan and Hami areas, as well as the oasis area around the Tarim 
Basin in southern Xinjiang. The area of lowly suitable area is 
49.96 × 104 km2, accounting for 60.66% of the total suitable area.

The moderately suitable area is mainly distributed in Altay, 
Tacheng and Changji areas in northern Xinjiang, and the oases around 
the Tarim Basin in Aksu and Kashgar. The area of moderately suitable 
area is 26.91 × 104 km2, accounting for 32.67% of the total suitable area.

The highly suitable area is mainly distributed in the Ili, Tacheng, 
Changji regions of northern Xinjiang, as well as in parts of Aksu and 
Kashgar. The area of the highly suitable zone is 5.49 × 104 km2, 
accounting for 6.67% of the total suitable area.

3.4 Potential distribution of Cytospora 
chrysosperma under future climate 
scenarios

Figure  7 and Table  3 show the future changes in the suitable 
habitat of C. chrysosperma. Between 2041 and 2070, under the three 
climate change scenarios of SSP1-RCP2.6, SSP3-RCP7, and SSP5-
RCP8.5, the total suitable area increased to 88.93 × 104 km2, 

93.28 × 104 km2, and 94.78 × 104 km2, respectively. Between 2071 and 
2,100, under the three climate change scenarios, the total suitable area 
increased to 87.78 × 104 km2, 98.85 × 104 km2, and 101.75 × 104 km2, 
respectively. The area of low suitability only shows a growth trend 
under the SSP3-RCP7 scenario, increasing to 50.97 × 104 km2 from 
2041 through 2070, and to 52.19 × 104 km2 in the period of 2071–2,100. 
The area of moderately suitable area and the area of highly suitable 
area showed a gradual increase under all three scenarios, and the area 
of highly suitable area had the highest rate of increase.

Table 4 shows that there is an overall increasing trend in the area 
of suitable areas under the three climate change scenarios from the 
contemporary period to the 2041–2070 period and from the 2041–
2070 period to the 2071–2,100 period. Gain area, with the largest 
increases of 14.49 × 104 km2 and 8.74 × 104 km2 under the SSP5-RCP8.5 
scenario, respectively, and the smallest increases of 8.34 × 104 km2 and 
1.59 × 104 km2 under the SSP5-RCP2.6 scenario, respectively. From the 
2041–2070 period to the 2071–2,100 period, under the SSP5-RCP2.6 
scenario, the area of loss is larger than the area of gain.

Figure 8 shows changes in the geographic centroids of potentially 
suitable areas for C. chrysosperma under climate change. These 
centroids are located in Hejing County, Xinjiang, and close to Hutubi 
County in the north. Under the current climate scenario, the centroid 

FIGURE 5

Response curve of the main environmental variables affecting the distribution of C.chrysosperma. (A) Response curves of bio15; (B) Response curves of 
aspectcosine; (C) Response curves of PETseasonality; (D) Response curves of PETColdestQuarter.
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FIGURE 6

Potential suitable distribution of C. chrysosperma under the current climate scenarios.

FIGURE 7

Potential suitable distribution of C. chrysosperma in different future periods.
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of the potentially suitable area for C. chrysosperma in Xinjiang is 
located at 86.24°E/43.19°N. Under the SSP1, RCP2.6 scenario, it is 
projected to move southeastward by 13.89 km from the contemporary 
centroid by 2041–2070, and then eastward by 7.06 km by 2071–2,100. 
Under the SSP3, RCP7 scenario the centroid is located to the south of 
the contemporary centroid, moving southwards relative to the 
contemporary by 34.30 km by 2041–2070, and southwestwards by 
23.91 km by 2071–2,100. Under the SSP5, RCP8.5 scenario, the 
centroid moves in much the same trend as under the SSP3, RCP7 
scenario. It moves 36.58 km southwards relative to the contemporary 
period by 2041–2070 and 19.75 km south-westwards by 2071–2,100. 
Thus, the centroid of the extent of the potentially suitable area moves 
southwards under Representative Concentration Pathway in 
the future.

4 Discussion

4.1 Selection of environmental variables 
and evaluation of modeling performance

Cytospora chrysosperma has a wide host range (Adams et al., 2006; 
Wang et al., 2015, 2020), and the cytospora canker caused by it has 
become one of the most important forest diseases in China, Japan, the 
United  States, and Canada (Kobayashi, 1970; Dudley et  al., 2015; 
Miller et al., 2021). The unique geographic and climatic characteristics 
of Xinjiang have led to the prevalence of cytospora canker, causing 
significant losses to the development of the forest and fruit industries. 

Therefore, studying the current distribution of C. chrysosperma and 
predicting its distribution under future climate change is crucial for 
forestry production management.

The MaxEnt model has become an important tool for conducting 
research in ecology, conservation biology, and evolutionary ecology 
(Guisan et al., 2013). In this study, the MaxEnt model was used to 
predict the potential distribution pattern of C. chrysosperma in 
Xinjiang under current and future climatic conditions. The most 
important environmental factors affecting C. chrysosperma in Xinjiang 
were precipitation seasonality, aspect cosine, PETseasonality, and 
PETColdestQuarter, as revealed by the Jackknife training gain, 
contribution, and single-factor response curves. Under the current 
climatic conditions, the AUC of the model was greater than 0.97, and 
the values of TSS and Kappa were both greater than 0.87, thus, our 
model is sufficient to simulate the potential suitable distribution of 
C. chrysosperma within the study area (Swets, 1988).

4.2 Response of the potential distribution 
to environmental variables

Environmental factors affect the geographical distribution, 
growth, development, and diversity of species (Austin, 2002), and 
future climate change will inevitably affect the distribution of host 
trees and C. chrysosperma, and these changes will bring new 
challenges to the control and prediction of forest diseases in Xinjiang. 
Poplars widely planted in northern China are susceptible to infection 
with cytospora canker caused by C. chrysosperma when they are 

TABLE 3 Predicted areas for the potential suitable regions of C. chrysosperma under different climate change scenarios (RCP2.6, RCP7, and RCP8.5) in 
the future.

Decades / Shared 
socio-economic 
pathways (SSPs)

Predicted area (×104 km2) and % of the corresponding current area

Total suitable area Lowly suitable area Moderately suitable 
area

Highly suitable area

1981–2010 82.36 – 49.96 – 26.91 – 5.49 –

SSP1-RCP2.6
2041–2070 88.93 107.98% 48.88 97.83% 32.21 119.71% 7.84 142.80%

2071–2100 87.78 106.58% 49.26 98.60% 31.07 115.46% 7.45 135.64%

SSP3-RCP7
2041–2070 93.28 113.26% 50.97 102.02% 33.77 125.51% 8.54 155.49%

2071–2100 98.85 120.02% 52.19 104.47% 36.05 133.97% 10.60 193.16%

SSP5-RCP8.5
2041–2070 94.78 115.08% 48.99 98.06% 35.54 132.07% 10.25 186.67%

2071–2100 101.75 123.54% 49.67 99.41% 39.29 146.02% 12.79 233.02%

TABLE 4 Proportion of suitable regions gain, loss and stability of C. chrysosperma under different climate change scenarios in the future.

Period of 
change

SSPs Gain area Stable area Loss area

(%) (×104 km2) (%) (×104 km2) (%) (×104 km2)

(1981–2010)-

(2041–2070)

SSP1-RCP2.6 10.13 8.34 97.98 80.70 0.13 0.11

SSP3-RCP7 15.96 13.14 97.71 80.47 0.41 0.34

SSP5-RCP8.5 17.59 14.49 97.80 80.55 0.31 0.26

(2041–2070)-

(2071–2,100)

SSP1-RCP2.6 1.79 1.59 98.81 87.87 1.89 1.68

SSP3-RCP7 8.55 7.98 97.92 91.34 0.50 0.47

SSP5-RCP8.5 9.22 8.74 98.60 93.45 0.47 0.44

Proportion of area change = area of change in the suitable region / the area of the original suitable region * 100%.
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damaged or weakened by frost, drought, sunburn, and pests (Yi and 
Chi, 2011), and Semerci et al. (2021) had similar findings in Turkiye. 
Lin et  al. (2022) found that canker caused by Cytospora usually 
attacks weakened willows. Meteorological factors such as 
temperature, humidity, rainfall, sunshine, and air currents, as well as 
age, species, slope, soil, planting density, and stand maintenance and 
management techniques are all factors that cause tree weakness. 
Hanifeh et al. (2022) found that cytospora canker caused by eight 
species of Cytospora, including C. chrysosperma, is widespread in 
apple orchards throughout Iran, especially on old trees weakened by 
environmental stresses such as drought, frostbite, high temperatures, 
or nutrient deficiencies. Studies by Dudley et  al. (2020) in the 
Midwestern United States and parts of the Rocky Mountains have 
shown that C. chrysosperma is more aggressive on poplar under 
drought stress, especially at cold temperatures, and have also found 
multiple Cytospora species co-occurring on the same host tree, with 
evidence of hybridization between species. Wang et  al. (2016) 
reported that rainwater dissolves Cytospora species sporangia and 
disperses conidia within the canopy and that conidial populations 
can be released from the conidiophores throughout the year, which 
may occur even at low temperatures in winter. Lawrence et al. (2018) 
showed that under wet or humid conditions, Cytospora species 
conidia were dispersed to new plant tissues by rain spray and infected 
host plants. Bertrand and English (1976) showed that in California, 
after wind-driven rains, Cytospora conidia were dispersed over a 
large area of an orchard, with some spread distances can reach 76.8 m. 
The geographical distribution of species at the regional scale is largely 
governed by climate, with hydrothermal conditions playing a 
dominant role. Climate change alters processes such as nutrient 
cycling and energy and water fluxes, causing a range of ecosystem 
effects. Climate-related stressors reduce the ability of plants to resist 

diseases while increasing the risk of pathogen outbreaks (Kaczynski 
and Cooper, 2013).

Among the factors affecting the distribution of C. chrysosperma, 
precipitation-related factors had the highest contribution 
(precipitation seasonality), indicating that C. chrysosperma was more 
sensitive to changes in precipitation, followed by factors related to 
solar radiation aspect Cosine (Austin, 2002; Piedallu and Gégout, 
2008), and factors related to water cycling and energy balance 
potential evapotranspiration (Metzger et al., 2013; Tadese et al., 2020). 
Solar radiation plays an important role in the distribution, 
composition of ecosystems through the photosynthetic activity and 
contributes to parameters such as evapotranspiration, wind, etc. in the 
water balance (Piedallu and Gégout, 2008). Our model simulated the 
geographical distribution of C. chrysosperma under current and future 
climatic conditions, and the results showed that in the next two 
periods: the area of moderately suitable area, highly suitable area, and 
total suitable area of C. chrysosperma tended to increase. The centroid 
analysis results show that compared to the present, the future centroid 
moves in the direction of lower latitudes. Xinjiang is one of the most 
sensitive regions in response to global warming, and the climate in 
Xinjiang has experienced a significant transition from warm-humid 
to warm-dry since 1997, with a jump in temperature, an increase in 
potential evapotranspiration, and an intensification of extreme 
climatic events, resulting in a negative ecological effect (Yao et al., 
2021). Simultaneously, the potential geographic distribution of species 
is not solely limited to climatic and topographic factors. Climate 
complexity involves not only temperature and precipitation but also 
influences solar radiation intensity and the soil carbon cycle. 
Moreover, biological factors such as competition and reproduction, 
human activities, and other non-biological factors also influence the 
occurrence of species (Blois et al., 2013).

FIGURE 8

Transfer distance of the centroid of C. chrysosperma under three different climate scenarios (RCP2.6, RCP7, and RCP8.5) in the future.
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4.3 Limitations in predicting the potential 
distribution

Climate change can have a direct impact on pathogens and host 
plants by altering pathogen evolution, host-pathogen interactions 
(Velásquez et al., 2018; Cheng et al., 2019; Desaint et al., 2021), leading 
to changes in pathogen and host ranges, and increasing the spread of 
plant diseases to new areas (Burdon and Zhan, 2020; Delgado-
Baquerizo et  al., 2020; Chaloner et  al., 2021). Therefore, accurate 
predictions can be  made in future studies by integrating the 
physiological and biochemical effects of the trees themselves, the 
interactions between host trees and pathogens, the interactions 
between pathogens, ecosystem changes, and anthropogenic factors to 
improve the accuracy of the models.

In this study, 47 environmental variables were used to assess the 
potential distribution of C. chrysosperma under current and future 
climate scenarios in Xinjiang region using MaxEnt. In addition to the 
environmental factors mentioned above, soil moisture content 
(Bloomberg, 1962), nutrient content of nitrogen, iron and other 
nutrients in host trees (Dudley et al., 2020), as well as tree age, tree 
species, and nursery management (Lin et al., 2022) may also influence 
the potential distribution of C. chrysosperma. Therefore, more 
consideration needs to be given to factors regarding soil texture, tree 
growth characteristics, etc. in future studies.

In addition, after being released in the field, fungal spores are 
spread over long distances by wind (Grinn-Gofroń et al., 2016; Golan 
and Pringle, 2017; Lagomarsino Oneto et al., 2020). Transportation of 
fungal spores can occur over distances of various orders of magnitude 
(Galbán et  al., 2021), and long-distance transport of spores can 
be manifested as a gradual expansion of pathogen populations (Aylor, 
2003; Grinn-Gofroń et al., 2016). It has become a trend to study the 
spatial and temporal distribution characteristics of pathogen spores 
moving across regions based on meteorological data, and models such 
as HYSPLIT, FLEXPART, etc. are available for predicting the long-
distance propagation and dispersal of fungal spores with the 
atmospheric circulation (Fernández-Rodríguez et  al., 2015; Wang 
et  al., 2021; Grewling et  al., 2022; Li et  al., 2023). We  propose to 
combine studies on the distribution of suitable areas for 
C. chrysosperma with studies on the spread of pathogen spores, which 
could provide more comprehensive data for prediction and control of 
cytospora canker.

5 Conclusion

In this study, we predicted the potential habitat and distribution 
pattern of C. chrysosperma under three different climate scenarios in 
the present and two future periods based on the optimized MaxEnt 
model with the Kuenm package. (1) Under current climatic 
conditions, the potentially suitable area for C. chrysosperma is 
82.36 × 104 km2, which accounts for 49.61% of the total area of 
Xinjiang, primarily distributed in the northern regions of Xinjiang 
and the peripheral oasis areas surrounding the Tarim Basin, (2) 
precipitation seasonality, aspect Cosine, monthly variability in 
potential evapotranspiration, and mean monthly potential 
evapotranspiration of coldest quarter, were the dominant factors 
affecting the potential distribution of C. chrysosperma, and (3) The 
total suitable area for C. chrysosperma increased to varying degrees 

under different representative emission concentration pathways in the 
next two periods, with the greatest amplification, especially under the 
SSP5-RCP8.5 emission scenario. In terms of centroid transfer, with 
future climate change, the centroid of C. chrysosperma spreads from 
high latitudes to lower latitudes in the south. This study can provide a 
useful reference for the research on the prediction of the potential 
outbreak risk of cytospora canker in Xinjiang.
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