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ABSTRACT

Apple Valsa Canker (AVC), Apple Ring Rot (ARR), and Alternaria Blotch on Apple (ABA) represent major threats to China's
apple industry. Understanding the environmental suitability of these diseases is essential for effective orchard management and
disease prevention. However, their large-scale spatial distribution and environmental interactions remain insufficiently stud-
ied. In this research, we analysed data from 1392 locations using five species distribution models—Generalised Linear Model
(GLM), Generalised Additive Model (GAM), Support Vector Machines (SVM), Maximum Entropy (MaxEnt) and Random Forest
(RF)—to predict the environmental suitability of these diseases across apple-growing regions in China. Model performance was
evaluated using the True Skill Statistic (TSS) and the Area Under the Receiver Operating Characteristic Curve (AUC). MaxEnt
and RF consistently outperformed the other models, achieving AUC values above 0.95 and TSS scores exceeding 0.78 for all
three diseases. Areas with the highest environmental suitability were primarily located in the Bohai Bay, Loess Plateau and Old
Course of the Yellow River regions. Among the environmental variables analysed, the mean temperature of the driest quarter
and the annual maximum temperature emerged as the most influential, consistent with the physiological conditions favourable
for pathogen development. The key climatic variables identified and their associated disease response curves align with estab-
lished epidemiological patterns for the three diseases. By integrating ecological insights with predictive modelling, this study
provides a robust foundation for targeted disease management and the development of early warning systems under changing
climate conditions.

1 | Introduction generating approximately 46 million metric tons in 2021, which

accounts for over 50% of global production (FAOSTAT 2023).
Apple (Malus domestica) is one of the most widely cultivated However, the industry faces severe challenges from apple dis-
and consumed fruits globally. China leads in apple production, eases, which threaten both yield and fruit quality. Among
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these, Apple Ring Rot (ARR), Apple Valsa Canker (AVC) and
Alternaria blotch on Apple (ABA) are the most damaging dis-
eases (Wang et al. 2018). These diseases not only impair tree
growth but also drastically reduce yield and market value, caus-
ing substantial economic losses (Guo et al. 2009; Hu et al. 2016).

AVC, caused by Valsa mali, is a destructive disease that mainly
affects tree trunks and branches, causing internal tissue decay,
leading to tree decline and eventual death (Chen et al. 2016).
ARR, caused by Botryosphaeria dothidea, primarily manifests
as lesions on fruits and branches, potentially leading to fruit rot
and even tree death in severe cases. ABA, a leaf disease caused
by Alternaria mali, is characterised by brown spots on leaves,
which can result in premature leaf fall, thereby impacting pho-
tosynthesis and fruit development (Hu et al. 2005). Collectively,
these diseases significantly threaten apple orchards by weak-
ening tree vitality and reducing overall yields. To control these
diseases, farmers must apply substantial amounts of pesticides,
greatly increasing cultivation costs and intensifying the eco-
nomic burden on growers (Hu et al. 2016; Wang et al. 2018).
Addressing their impact is crucial for developing effective man-
agement strategies that can enhance apple quality and boost
farmers' incomes in China.

The prevalence of the three apple diseases is shaped by a complex
interplay of host resistance, pathogen presence, environmental
conditions, and management practices (Agrios 2005). Among
these factors, environmental conditions play a fundamental role,
significantly influencing the occurrence and severity of diseases
(Singh et al. 2023). Key variables such as temperature, humidity,
and rainfall directly affect the development and spread of these
diseases (Hu et al. 2005, 2006; Pan et al. 2012). Understanding
the potential geographic distribution of apple diseases by ana-
lysing their relationship with environmental factors is crucial
for providing timely guidance on field management and surveil-
lance (Xu et al. 2020). However, the spatial relationship between
these diseases (ARR, AVC and ABA) and environmental condi-
tions remains inadequately explored.

Recently, species distribution models (SDMs) have emerged as
invaluable tools for analysing the relationship between plant
diseases and environmental variables, enabling the prediction
of disease environment suitability (Zhao et al. 2022). SDMs are
widely used to identify areas susceptible to various plant dis-
eases, providing crucial insights for targeted disease manage-
ment (Xu et al. 2020). These models are generally classified into
two categories: correlative and mechanistic. Mechanistic SDMs,
also known as process-based or biophysical models, use estab-
lished equations to simulate species’ physiological responses
and predict the potential distribution of species (Kearney and
Porter 2009). Although these models offer causal explanations,
their practical implementation can be complex (Dormann
et al. 2012). In contrast, correlative SDMs employ statistical and
machine learning techniques to establish relationships between
species distribution and environmental factors. Due to their scal-
ability and adaptability, correlative SDMs are widely favoured
for predicting how climate affects ecological niches, assessing
the impact of biological invasions and supporting conservation
and biodiversity efforts (Geary et al. 2022). Increasingly, these
models are being used for disease management, particularly
in predicting the spread of pests and plant pathogens, making

them essential tools for managing disease outbreaks (Batista
et al. 2023; Yoon et al. 2023).

Correlative SDMs have proven invaluable for predicting the spa-
tial distribution of plant diseases; however, their effectiveness
can vary significantly depending on the chosen modelling ap-
proach. The correlative SDMs are typically categorised into clas-
sical regression models and machine learning models. Classical
regression models, such as generalised linear models (GLMs)
and generalised additive models (GAMs), are widely used due to
their simplicity and interpretability (Botella et al. 2018). These
models establish relationships between species presence and en-
vironmental predictors, offering clear insights into the influence
of each variable. However, they often assume linear or additive
relationships, which may not fully capture complex ecological
interactions. In contrast, machine learning models, such as ran-
dom forests (RF), support vector machines (SVM), and boosted
regression trees (BRT), have gained popularity for their ability
to model non-linear relationships and interactions among vari-
ables (Guo et al. 2015). These models are particularly adept at
handling large datasets and complex environmental factors,
providing more flexible and accurate predictions. However,
their complexity can lead to overfitting and reduced interpret-
ability, making it challenging to understand the underlying eco-
logical mechanisms (Narouei-Khandan 2014).

The choice of model can significantly influence the predicted
distribution of diseases, as different algorithms may yield di-
vergent results when applied to the same dataset (Naimi and
Aratjo 2016). This discrepancy is a critical issue, as it compli-
cates the decision-making process for disease management.
Therefore, a comprehensive comparison of these models is
essential to identify the most suitable approach for accurately
predicting the potential distribution of fungal pathogens. By an-
alysing the performance of various algorithms under different
environmental and geographic conditions, researchers can en-
hance the reliability of disease assessments and improve man-
agement strategies.

In this study, we utilised five widely used species distribution
models (SDMs) to predict the environmental suitability for the
three major apple diseases in China. The primary objectives
were to: (1) compare the predictive performance of the five
SDMs, (2) analyse the key environmental factors influencing the
occurrence of the three apple diseases and (3) simulate the spa-
tial distribution of these diseases across the main apple-planting
regions in China. The outcome of the study will provide insights
into predicting the spatial distribution of major apple diseases
and inform targeted disease management strategies in China.

2 | Materials and Methods
2.1 | Overall Workflow

Figure 1 outlines the overall workflow of the study, highlight-
ing the key steps in data processing, model evaluation, and post-
modelling analysis. The process begins with the selection of 23
climatic and 4 topographic variables, which are refined using
the Variance Inflation Factor (VIF) method to reduce multicol-
linearity, resulting in 14 selected environmental variables. Field
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FIGURE 1 | The overall workflow of this study. VIF, variance inflation factor; GLM, Generalised Linear Model; GAM, generalised Additive
Model; MaxEnt, Maximal Entropy; RF, Random Forest; SVM, Support Vector Machines; TSS, The True Skill Statistic; HSEC, Highly Suitable

Environmental Conditions.

investigation data and pseudo-absence data are then partitioned
into a 70% training dataset and a 30% validation dataset. The
modelling phase involves evaluating five species distribution
models: Generalised Linear Model (GLM), Generalised Additive
Model (GAM), Maximal Entropy (MaxEnt), Random Forest
(RF) and Support Vector Machines (SVM). Models achieving a
True Skill Statistic (TSS) > 0.78 are chosen for ensemble model-
ling. In the post-modelling analysis, the results are integrated to
identify key environmental variables, project the potential spa-
tial distribution of the three major apple diseases, and determine
the combination of highly suitable environmental conditions.

2.2 | Study Area

Apples are cultivated across diverse regions in China with di-
verse climatic conditions. According to Qu and Zhou (2016),
there are five apple cultivation regions in China, namely the
Loess Plateau (provinces including Shaanxi, Gansu, Shanxi and

Ningxia), Bohai Bay (Shandong, Hebei, Liaoning, Beijing and
Tianjin), the Old Course of the Yellow River (Henan, Jiangsu and
Anhui), the cold Southwestern Highlands (Yunnan, Sichuan
and Guizhou), and Xinjiang region. The climate characteris-
tics of these regions are summarised in Table S1. Only a small
amount of apple trees was cultivated in Tibet, Inner Mongolia,
northeast, and the southern regions, which are referred to as
“Other regions” in this study. As a result, we make use of six
apple cultivation regions in this study (Figure Sla). Among
them, the Bohai Bay and the Loess Plateau have the biggest cul-
tivation area and highest production (Figure S1b,c). In 2019, the
total orchard area of these two regions was 1.55 million ha and
production was 33.77 million metric ton, 78.2% and 79.6% of the
national total, respectively. The highest unit yield is from the
Old Course of the Yellow River (Figure S1d). It is worth noting
that due to the current lack of a comprehensive dataset on apple
orchard distribution in China, we did not apply land use data
to mask out non-orchard areas in the study. Moreover, model-
ling suitability of apple diseases in regions not currently under
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FIGURE 2 | Observed presence points of Apple Valsa Canker, Apple Ring Rot and Alternaria Blotch on Apple in China, with 215, 255 and 151
points recorded for each disease, respectively. GX, Guangxi; FJ, Fujian; GZ, Guizhou; YN, Yunnan; JX, Jiangxi; HN, Hunan; ZJ, Zhejiang; SH,
Shanghai; CQ, Chongging; HB, Hubei; SC, Sichuan; AH, Anhui; JS, Jiangsu; HA, Henan; Tibet, Tibet; SD, Shandong; QH, Qinghai; NX, Ningxia; SN,
Shaanxi; TJ, Tianjin; SX, Shanxi; BJ, Beijing; HE, Hebei; GS, Gansu; LN, Liaoning; JL, Jilin; XJ, Xinjiang; IM, Inner Mongolia; HL, Heilongjiang;

HK, Hong Kong; MC, Macao; HI, Hainan; GD, Guangdong; TW, Taiwan.

cultivation is also meaningful for informing future expansion
and planning of apple production areas.

2.3 | Presence and Absence Data

Presence data for the three apple diseases were sourced from
orchard surveys, the National Public Data Channel of Apple Big
Data (https://appledata-channel.agri.cn/), and published liter-
ature. The orchard survey and published literature data were
based on field investigations conducted by plant pathology ex-
perts. The public database records were obtained from reports
issued by local government plant protection departments, which
are based on field-confirmed observations. In all cases, a pres-
ence point represents a confirmed occurrence of the disease,
defined as the field detection of visible disease symptoms under
local environmental conditions.

To ensure data accuracy, geographic coordinates were verified
and corrected using Google Earth. A total of 1392 presence
points were compiled: 802 for Apple Valsa Canker (AVC), 297
for Apple Ring Rot (ARR) and 293 for Alternaria Blotch on
Apple (ABA). To reduce spatial autocorrelation, the dataset was
filtered using the ‘spThin’ R package, maintaining a minimum
distance of 5km between records (Mi et al. 2023; Xu et al. 2020).
This process yielded 215 records for AVC, 255 for ARR and 151
for ABA (Figure 2).

For absence points, we generated pseudo-absence data using a
random spatial sampling method, following the approach used
in recent studies (Batista et al. 2023; Ganglo 2023; Mi et al. 2023).

Barbet-Massin et al. (2012) demonstrated that when the number
of presence points is relatively low and regression-based model-
ling techniques are employed—such as GLM or GAM—the use
of a large number of pseudo-absences (e.g., 10,000) can help re-
duce model bias. In this study, this condition applies, as all three
apple diseases had a limited number of presence records and the
modelling framework included regression-based approaches.
Therefore, we randomly generated 1000 pseudo-absence points
for each disease using the ‘gRandom’ function in the ‘sdm’ R
package (Ganglo 2023).

To further support transparency and reproducibility in our re-
search, we have shared the data and corresponding codes on
GitHub at ‘https://github.com/SmartAG-NWAFU/AppleDisea
seSDM/".

2.4 | Environmental Data

In species distribution modelling, the selection of environ-
mental variables is a key factor influencing model accuracy.
Most studies primarily utilise bioclimatic variables, such as
those provided by the WorldClim database. These variables
represent biologically meaningful climatic patterns, includ-
ing annual averages (e.g., temperature and precipitation), sea-
sonal variability, and climate extremes (e.g., temperature of
the coldest/warmest months, and precipitation of the wettest/
driest quarters) (Bai et al. 2022; Booth 2018; Booth et al. 2014;
Fick and Hijmans 2017; Puchatka et al. 2023). In this study,
we incorporated these standard 19 bioclimatic variables
(Biol-Biol9). However, the focal organisms in our research
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TABLE 1 | Environmental variables used in predicting the potential distribution of Apple Valsa Canker, Apple Ring Rot and Alternaria Blotch

on Apple in China.
Type Variables Meaning Units Description
Climate variables Bio2 Mean diurnal range °C Lo T,
; 12
Bio3 Isothermality Bio2 + 100
Bio7
Bio4 Temperature seasonality Std (TF) %100
Bio8 Mean temperature of the wettest quarter °C Mean temperature of
the 3 wettest months
Bio9 Mean temperature of the driest quarter °C Mean temperature of
the 3 driest months
Biol3 Precipitation of the wettest month mm Precipitation of the
3 wettest month
Biol5 Precipitation seasonality S 100
Mean;
Bio19 Precipitation of the coldest quarter mm Precipitation the of
the coldest 3 months
T s Annual mean maximum temperature °C % T
RD
Wind Annual mean surface wind speed at 10m ~ m x s~! L
Xy
Relative Humidity Annual mean relative humidity 2o
z5
Topographic variables Aspect Aspect
Slope Slope Degree
Curvature Curvature

Note: T is mean monthly temperature, P is mean monthly precipitations, W is mean monthly surface wind speed, rh is mean monthly relative humidity, Ty, is
maximum temperature of month, T,,;, is minimum temperature of a month, and a quarter is 3months (1/4 of the year).

are plant pathogenic fungi, which exhibit distinct physiolog-
ical requirements. Previous studies have demonstrated that
certain meteorological factors—such as wind speed and rel-
ative humidity—play critical roles in pathogen dispersal and
successful host infection (Hu et al. 2006; Wang et al. 2018). To
capture these dynamics, we included four additional climate
variables: minimum temperature, maximum temperature,
relative humidity, and surface wind speed.

Moreover, topographic features can influence microclimates
and pathogen distribution (Xu et al. 2020). Therefore, we incor-
porated four topographic variables: elevation, slope, aspect, and
curvature. Based on this rationale, our model utilised a total of
27 environmental variables—comprising 19 bioclimatic, four
key climate, and four topographic variables (Table S2).

Bioclimatic and temperature variables were sourced from
WorldClim version 2.1 at a spatial resolution of 2.5 arc-min.
Relative humidity and surface wind speed data were obtained
from the Loess Plateau Sub-Center of the National Earth System
Science Data Center (http://loess.geodata.cn), originally at a
1km resolution. Topographic variables were derived from a
digital elevation model (DEM) provided by the Data Center for
Resources and Environmental Sciences (http://www.resdc.cn),
with slope, aspect, and curvature calculated using ArcGIS 10.2
(ESRI, Redlands, CA, USA). To ensure consistency, all raster

layers were resampled and reprojected to 2.5 arc-min using the
‘raster’ package in R. Administrative boundary data for China
were obtained from the National Basic Geographic Information
Center (http://www.ngcc.cn).

2.5 | Species Distribution Models

To identify suitable areas for three apple diseases, SDMs were
employed as a robust framework for linking environmental fac-
tors to disease occurrence. Five widely used SDMs were trained
and compared for three apple diseases. The models included
GLM, GAM, MaxEnt, RF and SVM (Table S3).

Prior to model fitting, correlation coefficients among the vari-
ables were calculated (Figure S2) to identify highly correlated
pairs (correlation coefficient >0.9). The variable with the high-
est variance inflation factor (VIF) was excluded from each cor-
related pair, and this process was repeated until no strongly
correlated pairs remained (Naimi and Aradjo 2016). This se-
lection process resulted in 14 environmental variables (Table 1)
being chosen as inputs for the models.

To enhance model evaluation, a cross-validation (2-fold with 10
replicates) was performed. In training and testing, 70% of the data
were used as a training dataset, and the remaining 30% were used
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for evaluation. We utilised true skill statistics (TSS, Equation (1))
and the area under the receiver operating characteristic curve
(AUC, Equation (2)) to access the performance of models. TSS
and AUC are widely used and complementary evaluation metrics
that quantify a model's discriminatory capacity in distinguishing
between species presence and absence (Chen et al. 2025; Jiang
etal. 2022). The TSSranges from —1 to 1, where values greater than
0.7 are generally indicative of high predictive accuracy and robust
model performance (Gong et al. 2020). The AUC ranges from 0.5
(no better than random prediction) to 1 (perfect discrimination),
with values exceeding 0.8 typically reflecting strong model reli-
ability in predicting species distributions (Gong et al. 2020).

TPR= —*
TP+FN

TNR= N __ )
FP+TN

TSS=TPR+TNR -1

where TP, FN, FP and TN are true positive, false negative, false
positive, and true negative cases predicted by the models under
a given threshold, respectively. TPR and TNR were sensitivity
and specificity.

AUC=1-

2 (W(x*) =fe))

W(f(x*)=f@)) =1, f(x*)2fx) )
W(f(x")=f(x7)) =0, f(x")<fx)

mtxm-

where, m* and m~ were sample size marked as 1 and 0; D* and
D~ were the sets marked as 1 and 0; x* and x~ were the sample
marked as 1 and 0; f(x*)and f(x~) were the model predicted val-
ues under a given threshold.

2.6 | Ensemble Modelling and Projection

After evaluating the performance of five SDMs, we selected the
two best-performing models, MaxEnt and RF, to create ensemble
models. The SDMs predicted the survival probability or potential
distribution of the three diseases, with values ranging from 0 to
1 for each pixel. To distinguish suitable from unsuitable areas,
we applied the threshold that maximises the True Skill Statistic
(TSS) for each disease model (Batista et al. 2023; Mi et al. 2016).
The resulting thresholds (T) were 0.184 for AVC, 0.211 for ARR,
and 0.186 for ABA. Areas with predicted suitability values below
T were classified as unsuitable. For values > T, we further divided
the range [T, 1] into three equal intervals using the breakpoints
T+ (1 - T)/3 and T+2x(1 — T)/3. This method allowed each
disease to maintain its specific suitability threshold while ensur-
ing a consistent classification scheme across models. The final
classification included four categories: unsuitable environmental
conditions (USEC), low suitability (LSEC), moderate suitability
(MSEC) and high suitability (HSEC). The classification intervals
are detailed in Table S4.

To assess the relative importance of environmental variables, we
evaluated the correlation between predicted values and model
outputs after variable permutation using the ‘getVarImp’ func-
tion in the ‘sdm’ package in R (Naimi and Araujo 2016). The

mean relative importance of each environmental variable was
calculated, weighting the contribution of each model by its TSS
performance. Furthermore, we examined the relationship be-
tween the predicted occurrence probability of diseases and four
key environmental variables using marginal response curves.
These curves demonstrate how the predicted probability de-
pends on a single variable while holding all others constant.

Highly suitable environmental conditions indicate areas with an
elevated likelihood of disease occurrence and potential outbreaks
(Illoldi-Rangel et al. 2012). Mapping these high-risk zones is crit-
ical for informed orchard management and disease prevention
strategies. To evaluate the spatial overlap of highly suitable areas
for the three apple diseases, we developed the Combined Highly
Suitable Index (CHS). The CHS is a composite index generated by
overlaying the binary highly suitability maps for each disease—
AVC, ARR and ABA (see Equation (3)).

CHS = HAVC x 1 + HARR x 2 + HABA x 4 3

where HAVC, HARR, and HABA represent the highly suitable
environmental conditions and other conditions of Apple Valsa
Canker, Apple Ring Rot, and Alternaria Blotch on Apple in the
binary image, and the values correspond to 1 and 0, respectively.

This encoding yields CHS values ranging from 0 to 7, represent-
ing all possible combinations of high suitability across the three
diseases. This approach facilitates the identification and visu-
alisation of multi-disease hotspots. Similar overlay techniques
have been used in ecological risk assessments and multi-species
distribution studies to delineate areas of compounded risk or
conservation priority (e.g., Mustikaningrum et al. 2023; Rana
et al. 2025; Tempa and Yuden 2023). The interpretation of CHS
categories is detailed in Table 2.

TABLE 2 | The combination of highly suitable environmental
conditions for Apple valsa canker, Apple ring rot and Alternaria Blotch
on Apple.

CHS Description

0 None of the diseases (Apple Valsa Canker,
Apple Ring Rot or Alternaria Blotch)
have highly suitable conditions

1 Only Apple Valsa Canker has highly
suitable conditions (HAVC)
2 Only Apple Ring Rot has highly
suitable conditions (HARR)
3 Apple Valsa Canker and Apple Ring Rot have
highly suitable conditions (HAVC-HARR)
4 Only Alternaria Blotch has highly

suitable conditions (HABA)

5 Apple Valsa Canker and Alternaria
Blotch on Apple have highly suitable
conditions (HAVC-HABA)

6 Alternaria Blotch and Apple Ring Rot have
highly suitable conditions (HARR-HABA)

7 Highly suitable conditions for all three
diseases (HAVC-HARR-HABA)
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3 | Results
3.1 | SDMs Performance

As shown in Figure 3, MaxEnt and RF exhibited significantly
superior performance compared to the other three models. In
terms of the TSS, both MaxEnt and RF achieved the highest scores
(>0.78) across all three apple diseases, whereas SVM (>0.72), GLM
(>0.69) and GAM (>0.69) demonstrated comparatively lower
performance. A similar pattern was observed for the AUC, with
MaxEnt and RF consistently attaining the highest values (>0.95),
followed by SVM (>0.92), GLM (>0.90) and GAM (>0.88). These
findings suggest that MaxEnt and RF offer enhanced reliability
and predictive accuracy for disease suitability modelling relative
to the other models evaluated.

3.2 | Variability in Predicted Spatial Distributions

The spatial distribution of the three apple diseases simulated by
the five models exhibited notable differences (Figure 4). Among
the models, the GLM predictions deviated the most from those of
the other four models, while the SVM predictions showed inconsis-
tencies with the actual occurrence points in certain areas. MaxEnt
and RF models exhibit a high degree of consistency, with the av-
erage absolute difference in predicted suitability values remaining
below 1.3% throughout the study area (see Figures S5-S7).

Specially, for AVC, the GLM model predicted that highly suitable
environmental conditions (HSEC) were primarily concentrated in
Shaanxi and Sichuan provinces. In contrast, the other four mod-
els identified HSEC mainly in the Loess Plateau region of Shaanxi
Province. In Xinjiang, the SVM model predicted only a small area
of low-suitability environmental conditions (LSEC), whereas the
other models predicted areas with moderately suitable environ-
mental conditions (MSEC) and HSEC. For ARR and ABA, the
GLM model showed a strip-like distribution of HSEC extending
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from Hainan, Guangxi, Sichuan, Shaanxi, Henan, Shandong, to
Hebei provinces. However, the other four models revealed a more
localised distribution. For ARR, HSEC was mainly concentrated
in Shaanxi, Henan, Shanxi, Shandong and Hebei provinces.
Similarly, for ABA, HSEC was primarily distributed in Shaanxi,
Shanxi, Henan and Shandong provinces. Furthermore, in the
SVM predictions, few or no suitable areas for ARR and ABA were
identified in Sichuan, Yunnan and Guizhou provinces, despite a
significant number of occurrence points in these regions.

3.3 | Key Environmental Variables Driving Disease
Distribution

The importance of environmental variables in determin-
ing the occurrence of the three apple diseases is illus-
trated in Figure S3. The results highlight the critical role of
temperature-related variables, including the mean tempera-
ture of the driest quarter (Bio9) and the average of the annual
mean maximum (Tmax). Precipitation variables, such as pre-
cipitation of the wettest month (Biol3) and precipitation of the
coldest quarter (Biol9), as well as relative humidity, were also
shown to be key factors influencing the spatial distribution of
AVC, ARR and ABA.

The marginal response curves illustrating the relationships
between the probability of disease presence and four key en-
vironmental variables are shown in Figure 5. ARR and ABA
exhibited similar responses to the environmental variables com-
pared to AVC. Specifically, for Tmax (annual mean maximum
temperature), the probability of occurrence for all three diseases
increased gradually as Tmax rose from 0°C to 10°C. For AVC,
the occurrence probability stabilised as Tmax reached 15°C,
whereas higher Tmax values (up to 30°C) favoured the develop-
ment of ARR and ABA. Regarding Biol3 (precipitation sum of
the wettest month), AVC showed low sensitivity, with its pres-
ence probability remaining consistently low (<0.2) regardless of
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FIGURE 3 | The area under the receiver operating characteristic curve (AUC) and true skill statistic (TSS) values for five species distribution
models in predicting the potential distribution of Apple Valsa Canker (AVC), Apple Ring Rot (ARR) and Alternaria Blotch on Apple (ABA). Different
lowercase letters indicate significant differences in performance metrics among modelling methods under the same apple disease (p <0.05). Error

bars represent standard deviations. Model performance was classified based on commonly used thresholds: for AUC, values > 0.9 indicate excellent

performance, 0.8-0.9 indicate good performance, 0.7-0.8 indicate fair performance and <0.7 indicate poor performance; for TSS, values >0.8 are
considered excellent, 0.7-0.8 good, 0.4-0.7 fair and < 0.4 poor (Gong et al. 2020; Jiang et al. 2022).

70f 15

85U80|7 SUOWWOD aAeaID 3cedljdde au Aq peusenob ase ssppie YO ‘88N JO S8|nJ 10} ArIqiT8UIUO 8|1 UO (SUOTPUOD-PUR-SWUBHWI0D" A8 | IMAleIq Ul UO//:SdNY) SUORIPUOD pue swie | 8y} 88S *[5Z02/20/ST] uo Arigi]auluo A8|im ‘Anssiod 7 LBy 1semyvoN Aq €210, Ud[/TTTT OT/I0P/WO00 A8 1M Ae.q 1 |BuljUO//Sd1y WOy pepeojuMoq ‘v ‘SZ0Z ‘YEvOBEYT



Bl USEC [ LSEC MSEC [l HSEC
Valsa canker Apple ring rot Alternaria blotch

©

FIGURE 4 | The potential distribution of three apple diseases (Apple Valsa Canker, Apple Ring Rot and Alternaria Blotch on Apple) estimated
using five species distribution models (GLM, GAM, SVM, MaxEnt and RF) in China, and the small black dot represents the presence points of the
three diseases. The suitability levels include unsuitable environmental conditions (USEC), low-suitability environmental conditions (LSEC), moder-
ately suitable environmental conditions (MSEC) and highly suitable environmental conditions (HSEC). GX, Guangxi; FJ, Fujian; GZ, Guizhou; YN,
Yunnan; JX, Jiangxi; HN, Hunan; ZJ, Zhejiang; SH, Shanghai; CQ, Chongqing; HB, Hubei; SC, Sichuan; AH, Anhui; JS, Jiangsu; HA, Henan; Tibet,
Tibet; SD, Shandong; QH, Qinghai; NX, Ningxia; SN, Shaanxi; TJ, Tianjin; SX, Shanxi; BJ, Beijing; HE, Hebei; GS, Gansu; LN, Liaoning; JL, Jilin; XJ,
Xinjiang; IM, Inner Mongolia; HL, Heilongjiang; HK, Hong Kong; MC, Macao; HI, Hainan; GD, Guangdong; TW, Taiwan.
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Response curves showing the relationship between the predicted suitability of the three apple diseases—Apple Valsa Canker, Apple

Ring Rot, and Alternaria Blotch on Apple—and the four most influential environmental variables. Tmax: Annual mean maximum temperature (°C);
Biol3: Precipitation of the wettest month (mm); Biol9: Precipitation of the coldest quarter (mm); Bio9: Mean temperature of the driest quarter (°C).

Biol3 values. In contrast, the presence probability of ARR in-
creased with Biol3, reaching a peak at approximately 300 mm.
Beyond this threshold, higher Biol3 values strongly promoted
the presence of ABA. For Biol9 (precipitation of the coldest
quarter), the presence probabilities of all three diseases de-
creased rapidly once Biol9 exceeded 0 mm, indicating a negative
correlation with cold-season precipitation. The response curves
for Bio9 (mean temperature of the driest quarter) displayed a
distinct peak for all three diseases. Their presence probabili-
ties gradually increased as temperatures rose to approximately
—15°C, peaked around 0°C, and then declined gradually as tem-
peratures increased further.

3.4 | Potential Distribution of Diseases

ARR had the highest total area of suitability and highly suit-
able environmental conditions (HSEC), followed by ABA and
AVC (Figure 6d). The HSEC of AVC was primarily distributed
in Shaanxi, Gansu, and Shanxi provinces (Figure 6a). For ARR,
the HSEC was predominantly concentrated in Shaanxi, Shanxi,
Henan, Hebei, Shandong, and Liaoning provinces (Figure 6b).
The spatial distribution of ABA and ARR exhibited similarities,
as did their responses to the primary environmental variables
(Figure 5).

The HSEC of ABA was predominantly concentrated in Shaanxi,
Shanxi, Henan, Hebei and Shandong provinces (Figure 6c).
Specifically, we observed the presence of AVC's low-suitability
environmental conditions (LSEC) and moderately suitable

environmental conditions (MSEC) in northern Xinjiang, while
the other two diseases had minimal suitability zones in that
region. In contrast to the other two diseases, widespread
LSEC and MSEC of ARR were also observed in Jilin province
and the border areas of Yunnan, Guizhou and Guangxi prov-
inces. Additionally, the HSEC associated with ARR exhibited a
broad distribution across the provinces of Shandong and Hebei
provinces.

3.5 | Combination of HSEC for Diseases

Figure 7 shows the spatial distribution of highly suitable en-
vironmental conditions (HSEC) for the three apple diseases.
These areas were primarily concentrated in the Bohai Bay
region (209.4x 103km?), the Loess Plateau (155.6 X 103km?),
and the old river course of the Yellow River (56.3 x 103km?).
The overlapping HSEC for all three diseases—AVC, ARR,
and ABA—were mainly located in the Loess Plateau
(52.9%10°km?) and the Bohai Bay (14.4 x 103km?), account-
ing for 77.9% and 21.2% of the total overlapping area, respec-
tively. Among the pairwise combinations, the joint HSEC for
ARR and ABA (HARR-HABA) covered the largest area, to-
talling 57.9 X 10°km?, with major concentrations in the Bohai
Bay. Regarding individual diseases, ARR exhibited the wid-
est HSEC (230.9 X 10°km?), followed by AVC (35.8 X 10°km?)
and ABA (1.62x103km?). Notably, the HARR in the Bohai
Bay region accounted for 69.0% of the total area. Similarly, the
HAVC in the Loess Plateau reached 33.9 X 103km?, represent-
ing 94.8% of the total area.

90of15

85U80|7 SUOWWOD aAeaID 3cedljdde au Aq peusenob ase ssppie YO ‘88N JO S8|nJ 10} ArIqiT8UIUO 8|1 UO (SUOTPUOD-PUR-SWUBHWI0D" A8 | IMAleIq Ul UO//:SdNY) SUORIPUOD pue swie | 8y} 88S *[5Z02/20/ST] uo Arigi]auluo A8|im ‘Anssiod 7 LBy 1semyvoN Aq €210, Ud[/TTTT OT/I0P/WO00 A8 1M Ae.q 1 |BuljUO//Sd1y WOy pepeojuMoq ‘v ‘SZ0Z ‘YEvOBEYT



40°N

30°N

20°N

40°N

30°N

20°N

40°N

30°N

20°N

90°E  100°E  110°E  120°E

2500

2000

1500

1000

Area(103 Km?)

500

AVC ARR ABA

FIGURE 6 | Predicted spatial distribution (a-c) and areas of different suitability levels (d) of Apple Valsa Canker (AVC), Apple Ring Rot (ARR)
and Alternaria Blotch on Apple (ABA). The suitability levels include unsuitable environmental conditions (USEC), low-suitability environmental

conditions (LSEC), moderately suitable environmental conditions (MSEC), and highly suitable environmental conditions (HSEC). GX, Guangxi; FJ,
Fujian; GZ, Guizhou; YN, Yunnan; JX, Jiangxi; HN, Hunan; ZJ, Zhejiang; SH, Shanghai; CQ, Chongqing; HB, Hubei; SC, Sichuan; AH, Anhui; JS,
Jiangsu; HA, Henan; Tibet, Tibet; SD, Shandong; QH, Qinghai; NX, Ningxia; SN, Shaanxi; TJ, Tianjin; SX, Shanxi; BJ, Beijing; HE, Hebei; GS, Gansu;
LN, Liaoning; JL, Jilin; XJ, Xinjiang; IM, Inner Mongolia; HL, Heilongjiang; HK, Hong Kong; MC, Macao; HI, Hainan; GD, Guangdong; TW, Taiwan.

4 | Discussion

Apple Valsa Canker, Apple Ring Rot and Alternaria Blotch on
Apple are the most important diseases that severely impact apple
production in China, leading to a significant economic loss for
fruit growers (Wang et al. 2018). To effectively prevent and con-
trol these diseases, it is crucial to understand the key environ-
mental factors that influence their occurrence and accurately
map their potential distribution areas (Kumar et al. 2016). This
study conducted extensive data collection on disease occurrences
and environmental variables related to these three diseases. We
found Maximal Entropy and Random Forest are the two best-
performing models in disease suitability environment prediction,
and the two models' ensemble was used to predict spatial distribu-
tions. The mapped hotspots of the diseases’ suitability levels and
hotspots can guide the design of disease management measures.

4.1 | Performances of the Five SDMs

The five SDMs exhibited notable differences in their ability to sim-
ulate the potential distribution of apple diseases (Figures 3 and 4).
These disparities emphasise the importance of addressing model-
related uncertainty when applying SDMs to disease suitability pre-
dictions. In this study, MaxEnt and RF consistently outperformed

the other models. As shown in Figure 3, both MaxEnt and RF
achieved the highest performance across all three apple diseases
in terms of TSS and AUC. Specifically, MaxEnt and RF yielded
average TSS values of >0.78, significantly higher than those of
SVM (>0.72), GLM (>0.69) and GAM (>0.69) (p <0.05). A similar
trend was observed for AUC, with MaxEnt and RF reaching val-
ues of >0.95, also significantly outperforming SVM (>0.92), GLM
(>0.90) and GAM (>0.88) (p<0.05). These results indicate that
MaxEnt and RF provided significantly better predictive accuracy
compared to the other models evaluated in this study.

Our findings are consistent with previous studies. For instance,
Elith et al. (2006) demonstrated that MaxEnt outperformed
GLM and GAM in predicting the distributions of 226 species
using 16 different modelling algorithms. Ganglo (2023) also
reported higher AUC values for MaxEnt (0.84) and RF (0.86)
compared to GLM (0.81) and GAM (0.83). Furthermore, Yates
et al. (2018) noted that GLM and GAM tend to produce unreal-
istic predictions when extrapolated beyond the range of training
data—an issue also reflected in our results.

Model selection should therefore be undertaken with caution.
While MaxEnt has frequently been favoured for its high pre-
dictive accuracy (Li, Fan, et al. 2020), other studies have found
that RF can outperform MaxEnt under specific conditions (Mi
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FIGURE 7 | Distribution of highly suitable environmental conditions (HSEC) and corresponding areas for three major apple diseases—Apple

Valsa Canker (AVC), Apple Ring Rot (ARR) and Alternaria Blotch on Apple (ABA)—across key apple-planting regions in China. Regions I-VI repre-
sent: [I—Bohai Bay, II—Loess Plateau, III—OId Course of the Yellow River, IV—Cold Southwestern Highlands, V—Xinjiang and VI—Other apple-
planting regions. The legend includes the following HSEC combinations: No HSEC: Areas without highly suitable environmental conditions for any
of the three diseases; HAVC: HSEC for AVC only; HARR: HSEC for ARR only; HABA: HSEC for ABA only; HAVC-HARR: Overlapping HSEC for
AVC and ARR; HAVC-HABA: Overlapping HSEC for AVC and ABA; HARR-HABA: Overlapping HSEC for ARR and ABA; HAVC-HARR-HABA:

Overlapping HSEC for all three diseases.

et al. 2017). These variations may be attributed to differences
in species’ ecological characteristics, environmental predic-
tor suitability, and modelling strategies (Stoklosa et al. 2015).
Additionally, Norberg et al. (2019), in a large-scale comparative
study involving 33 SDMs, emphasised that model performance
is highly task-specific. They advocated for the use of a limited
number of models with complementary strengths, recommend-
ing either the best-performing model or an ensemble approach
for more reliable predictions.

In light of these findings, we emphasise the necessity of rigorous
model validation and careful selection of SDMs. Choosing the
most appropriate individual model—or combining complemen-
tary models—can significantly enhance the reliability of spatial
predictions and support more effective strategies for disease risk
assessment and management.

4.2 | Impact of Environmental Variables on
Diseases Suitability

Understanding the relationship between disease occurrences
and environmental variables is essential for elucidating the
mechanisms underlying differences in model predictions (Li,
Fan, et al. 2020). Previous studies have identified temperature,

precipitation, relative humidity, and wind speed as the dom-
inant climatic factors influencing the spatial distribution of
plant diseases (Yoon et al. 2023). Our findings align with
these observations, highlighting temperature variables (Bio9,
Tmax), precipitation variables (Biol3, Bio19), and relative hu-
midity as the key drivers of the distribution of the three patho-
gens. Xu et al. (2020) previously reported that climatic factors
exert a stronger influence on the distribution of Valsa mali
compared to topographic factors, with temperature variables
being more impactful than precipitation variables. Our results
further corroborate these findings, demonstrating that tem-
perature plays a critical role in determining the distribution
of the three pathogens (Figure S3). Additionally, we compared
the responses of the three diseases to environmental variables
with the optimal environmental conditions reported in the
literature. For example, the occurrence probability of AVC
stabilised when Tmax (annual mean maximum temperature)
reached approximately 15°C, whereas higher Tmax values
(up to 30°C) were favourable for the development of ARR and
ABA (Figure 5).

These findings are consistent with the optimum temperature
ranges reported in Table S5: —10°C to 10°C for AVC, 10°C to
40°C for ARR, and 25°C-30°C for ABA. Furthermore, Figure 5
shows that AVC is relatively insensitive to Biol3 (precipitation
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sum of the wettest month), while ARR and ABA exhibit their
highest occurrence probabilities in regions where Biol3 exceeds
200mm. Table S5 also indicates that the modes of propagation
differ among the diseases: AVC primarily spreads through prun-
ing wounds, whereas ARR and ABA are primarily dispersed by
wind and rain. These differences in propagation mechanisms
likely contribute to the varying sensitivities of the diseases to
precipitation. Specifically, the higher demand for Biol3 in ARR
and ABA may be explained by their dependence on rain-splash
and wind for pathogen dispersal.

Besides climatic and topographic variables, other environmental
factors such as soil moisture may also influence host resistance
and pathogen development. The variations in soil moisture can
affect the physiological condition of host plants, potentially al-
tering their susceptibility to pathogens (Garrett et al. 2006; Qiao
et al. 2022). Additionally, soil water availability can influence
microbial communities and disease dynamics in the rhizo-
sphere (van Bruggen and Semenov 2000). However, due to the
complexity of these interactions and limited mechanistic under-
standing, soil moisture was not included in this study. Future
studies incorporating soil-related variables may further enhance
the accuracy and ecological relevance of disease risk models.

This study primarily focuses on environmental variables; how-
ever, it is important to acknowledge the potential influence of
additional factors such as orchard management practices and
host susceptibility. Interventions like fungicide application,
pruning, and irrigation can significantly influence disease dy-
namics (Zaller et al. 2023). Likewise, the regional variability in
apple cultivar susceptibility may also play a critical role in dis-
ease occurrence. These factors were not included in the current
analysis due to the lack of standardised, region-specific data on
orchard practices and cultivar resistance. Future research should
prioritise the collection and integration of such data to enhance
the accuracy and biological relevance of disease risk modelling.

4.3 | Potential Spatial Distribution of Diseases

AVC, ARR and ABA have long posed significant risks to
the apple industry in China (Li et al. 2013). For example, Hu
et al. (2016) found that these three diseases are causing more
yield and quality losses compared to other apple diseases (e.g.,
Marssonina blotch and Fruit spot) with a nationwide survey.
They pointed out that the Bohai Bay and Loess Plateau, two
major apple-producing regions in China, have consistently been
heavily affected by these three diseases. Xu et al. (2020) also
found that the suitability zone of AVC is primarily concentrated
in Bohai Bay and Loess Plateau. Comparing these findings, we
revealed that AVC and ABA primarily exhibit low to moderate
suitability, whereas ARR shows moderate to high suitability
in Bohai Bay and Loess Plateau (Figure S4). Additionally, we
also found that ARR and AVC have dominant distributions in
the cold Southwestern Highlands and Xinjiang regions, respec-
tively, but their suitability is mainly low to moderate (Figure 6,
Figure S4). This may be closely related to the climate charac-
teristics of the apple production regions and the environmental
suitability of the corresponding fungal pathogens. Xinjiang, for
example, has an average annual temperature of 7°C-10°C and
an average annual rainfall of only 100-300 mm (Table S1). The

optimal temperature range for AVC aligns with these condi-
tions (—=10°C to 10°C), and it is not sensitive to rainfall variables
(Figure 5), making Xinjiang an environmentally suitable zone
for the AVC pathogen (Valsa mali). The same applies to ARR
in the cold Southwestern Highlands, where the higher average
annual temperature and abundant annual rainfall provide a
potentially favourable environment for the survival of the ARR
pathogen (Botryosphaeria dothidea).

Therefore, we recommend prioritising disease prevention and
control efforts for these three diseases in the Bohai Bay and
Loess Plateau, which are the two major apple-producing regions
in China. However, it is important to note that the spatial dis-
tribution of the three diseases is uneven across different pro-
duction regions. Hence, disease management should be tailored
according to the local environmental conditions and the suit-
ability levels in each specific region.

4.4 | Implications of Disease Suitability Mapping
for Apple Cultivation Management

This study reveals the spatial distribution of suitable environ-
mental conditions for three major apple diseases—AVC, ARR
and ABA. These mapped hotspots serve as valuable decision-
support tools for growers and agricultural authorities, enabling
more precise and proactive disease management planning.

In AVC-prone areas, particularly the Loess Plateau, the maps
underscore the importance of routine trunk inspections, early
detection of cankers and timely wound treatment to limit disease
spread and severity (Zhao et al. 2022). In Bohai Bay, a consistent
hotspot for ARR, the maps support the adoption of preventive
measures, including scheduled pruning, improved orchard
ventilation, and real-time moisture monitoring to reduce the
environmental factors that favour fungal outbreaks (Ramirez-
Gil et al. 2021). In regions where all three diseases are likely
to co-occur (HAVC-HARR-HABA), a comprehensive approach
is essential. Growers are encouraged to implement integrated
disease management practices, such as crop rotation with non-
host species, targeted fungicide applications, canopy thinning
to reduce humidity, and the use of resistant cultivars (Cabrefiga
et al. 2023). These maps can guide the allocation of resources
for frequent disease scouting, deployment of weather-based fore-
casting systems, and investment in precision agriculture tech-
nologies (e.g., remote sensing and sensor-based monitoring) to
facilitate early warning and site-specific interventions.

Moreover, the suitability maps are valuable for long-term or-
chard planning, helping producers avoid planting in high-risk
zones or adjust planting densities and row orientations to reduce
disease transmission. They can also inform policy development,
directing regional extension efforts and financial support pro-
grammes toward areas facing the highest combined disease
pressures.

4.5 | Limitations and Future Work

While this study leveraged a large disease occurrence dataset
and addressed key sources of model-related uncertainty, several
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limitations remain. First, the modelling framework primarily
focused on climatic and topographic variables, excluding po-
tentially important factors such as population density, land use,
apple tree age, and soil nutrient status (Peng et al. 2016). For ex-
ample, we were unable to incorporate land use layers due to the
unavailability of high-resolution, spatially explicit data on apple
cultivation across China. Similarly, varietal resistance was not
explicitly modelled. The spatial distribution of resistant versus
susceptible apple cultivars can significantly influence disease oc-
currence patterns and may introduce bias into presence/absence
data. However, comprehensive maps of cultivar deployment are
currently lacking, limiting the integration of this critical vari-
able. Future research should prioritise the development and in-
corporation of cultivar-specific resistance data to enhance the
biological accuracy of disease distribution models. Second, al-
though we applied a variable selection procedure to reduce mul-
ticollinearity among predictors, this process inevitably excluded
some environmental variables that may still hold ecological
relevance for pathogen distribution (Narouei-Khandan 2014).
Future work could explore dimensionality reduction techniques
or hierarchical modelling frameworks that retain ecological
complexity while minimising statistical redundancy. Third,
while broad-scale precipitation indicators offer valuable insights
into climatic suitability, they may not fully capture the short-
term microclimatic conditions (e.g., daily rainfall events, tran-
sient humidity peaks) that are critical for pathogen infection and
disease progression. Incorporating higher-resolution temporal
climate and disease survey data, where available, would likely
improve model precision.

Finally, it is important to note that the models developed in this
study predict environmental suitability for disease occurrence,
rather than actual outbreak risk. Suitability reflects the pres-
ence of favourable conditions for pathogen survival, but does
not account for key on-the-ground factors such as host availabil-
ity, cultivar susceptibility, or orchard management practices.
To move towards more comprehensive assessments of disease
risk, future studies should aim to integrate environmental, bi-
ological, and management datasets within a unified modelling
framework. This interdisciplinary approach would allow for
more accurate forecasting and better-informed disease preven-
tion strategies, particularly under dynamic climate conditions.

5 | Conclusion

This study evaluated the performance of five species distribu-
tion models to predict the potential spatial distribution of three
major apple diseases in China: Apple Valsa Canker (AVC), Apple
Ring Rot (ARR), and Apple Bitter Rot (ABA). Among these mod-
els, Maximum Entropy and Random Forest consistently outper-
formed the others. Our results identified the Bohai Bay region,
the Loess Plateau, and the old river course of the Yellow River as
key hotspots for the potential distribution of all three diseases.
Of the three, ARR showed the largest total area of environmen-
tal suitability, particularly in regions with high disease risk.

By aligning predicted disease hotspots with key apple-
producing regions, this study provides a scalable framework
for prioritising disease surveillance, optimising resource allo-
cation, and guiding orchard planning in the face of increasing

climatic and biotic stress. These insights are especially valu-
able for informing integrated disease management strategies
and supporting long-term orchard planning—enabling grow-
ers to avoid high-risk zones or adapt planting densities and
row orientations to mitigate disease transmission. As envi-
ronmental and production conditions continue to shift, tools
like these will be essential for enhancing the resilience and
sustainability of China's apple industry through informed and
forward-looking interventions.
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