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Late-spring frost during the flowering period is one of the most severe agro-meteorological disasters affecting
apple production in China. Traditional low-temperature experiments and frost-risk index based on apple culti-
vars and did not fully consider the impacts of other important meteorological factors and the geographical fea-
tures. Machine learning models could more comprehensively capture these impacts, although with relatively
low interpretability.
In this study, we developed an explainable frost risk prediction framework by integrating daily meteorological
observations with geographic variables across the four major apple-growing regions of China (Bohai Bay, Loess
Plateau, Southwest Cool Highland, and Xinjiang). Ten candidate predictors were screened using Pearson correla-
tion and variance inflation factors to remove highly collinear variables. Two experimental datasets were con-
structed: a combination of only meteorological variables and a combination of meteorological and geographic
variables. Five machine learning models (Random forest, RF; Support vector machine, SVM; Multilayer
perceptron, MLP; Extreme gradient boosting, XGBoost; Long short-term memory neural network, LSTM) and
an attention-enhanced deep learning architecture (LSTM-CAM) were then trained to predict late-spring frost
risk during apple flowering. Model interpretability was achieved using Shapley Additive Explanations (SHAP).
Results showed that RF achieved the best performance (overall accuracy = 0.90, AUC = 0.96). SHAP analysis
identified minimum temperature as the dominant meteorological predictor and latitude as the most influential
geographic factor. LSTM-CAM model effectively captured the interactions between meteorological and geo-
graphical variables by adaptively weighting feature importance through its attention mechanism.
This study demonstrates that an explainable machine learning approach, which integrates multi-source meteo-
rological and geospatial features, is effective in forecasting late-spring frost risks, thereby providing a robust
decision-support tool for climate-resilient apple production and orchard management.
© 2026 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co., Ltd. This is an open

access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Apple (Malus domestica Borkh.) is a fruit crop widely cultivated in
temperate regions in the world. Well-known for its high nutritional
value, richness in dietary fiber and various vitamins, apple has become
one of the most popular fruits worldwide. China ranks the largest
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producer and consumer of apples globally, with a total cultivation area
of 1.955 × 106 hm2 in 2023, accounting formore than 40% of theworld's
apple cultivation area and production (FAOSTAT, 2013). However,
spring frost injury during apple flowering stage have become one of
the most devastating meteorological disasters that affect apple produc-
tion in China (Qu and Zhou, 2016).

Frost damage refers to a type of short-term low temperature disaster
in which plants are suddenly exposed to cold air intrusions or rapidly
cooled by intensive ground radiation during a relatively warm period.
The body temperature of apple trees could drop below 0 °C, damaging
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Nomenclature
Symbol Definition (Unit)
Alt Altitude (km)
Asp Aspect (°)
AUC The area under the receiver operating characteristic

curve (%)
CAM Channel attention mechanism (–)
eXML Explainable machine learning (–)
FN False negatives (–)
FP False positives (–)
FPR False positive rate (%)
Hum Humidity (%)
Lat Latitude (°)
LSTM Long-short term memory neural network (–)
Lon Longitude (°)
MLP Multilayer perceptron (–)
OA Overall accuracy (%)
Pre Precipitation (mm)
r Pearson correlation coefficient (–)
RF Random forest (–)
ROC Receiver operating characteristic curve (–)
SHAP Shapley Additive exPlanations (–)
Slo Slope (°)
Sr Solar radiation (MJ m−2)

SVM Support vector machine (–)
Tav Average temperature (°C)
TP True positives (–)
TPR True positive rate (%)
TN True negatives (–)
Tmin Minimum temperature (°C)
VIF Variance inflation factor (–)
Ws Wind speed (m s−1)
XGBoost Extreme gradient boosting (–)
their photosynthetic tissues, resulting in reduced yield and lower qual-
ity, or even leading to a complete crop failure (Frederiks et al., 2012;
Inouye, 2000). The greatest risk of frost injury to woody plants in tem-
perate climates usually occurs during the period of vegetation onset in
spring (Vitasse et al., 2018). For fruit trees, late-spring frost primarily oc-
curs during the budding and flowering stages. The newly grown organs
such as buds, leaves, and flowers are more susceptible to frost jury than
woody tissues (Cebulj et al., 2021; Rodrigo, 2000). The impacts could be
long-lasting and probably persist for several years after the disaster
(Inouye, 2000; Vanoni et al., 2016), thus causing a decline in apple
yield and quality, as well as serious economic losses for local apple
growers.

Recent reports indicated that the major apple-growing regions of
China often experienced at least one mild frost damage every
Fig. 1. Apple flowers with different levels of late-spring frost injury in th
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2–3 years and one severe frost damage every 3–5 years during apple
flowering stage (Yang et al., 2023). For example, the four major apple-
growing regions in China, especially the Loess Plateau, suffered an ex-
traordinarily severe late-spring frost damage in early April of 2018
(Fig. 1), which had terribly impacted local apple production. Approxi-
mately 53.7% of the national apple-growing counties were severely af-
fected, where apple fruit-setting rates dropped by about 46%
compared to previous years, resulting in an overall reduction of
17.9%–19.4% for national apple production (Wang et al., 2020; Qiu
et al., 2020). In the April of 2020, apple orchards in China were hit
again by frost damage due to the repetitive intrusions of strong cold
airs. In theYan'anCity of the Loess Plateau, various degrees of frost dam-
ages were caused in April 10th–13th, where mild frost damage affected
about 2313 hm2 or 37.5%; moderate frost damage affected about 1860
hm2 or 30.2%; and severe frost damage affected about 1993 hm2 or
32.3% of total cultivation area in the city (Guo et al., 2022; Liu et al.,
2021a, 2021b; Yang et al., 2022; Yang et al., 2020a, 2020b).

Themain reasons for apple late-spring frost, where air temperatures
drop below 0 °C, could be attributed to radiative frost and advective
frost (Kalma et al., 1992). Radiative frost usually occurs under the
weather conditions of clear sky, calm wind, and high-pressure, where
strong long-wave radiation causes rapid heat loss from the ground at
night, leading to a sharp temperature drop and causing water vapor in
the air to condense directly into frost. Advective frost occurs when ro-
bust intrusions of cold airs make air temperatures falling below the
frost point and thereby induce frost formation. This phenomenon fre-
quently occurs under windy and overcast weather conditions in early
spring and late autumn.

Due to the impacts of land surface heterogeneity on the spatial var-
iation of near surface temperatures, the occurrence of frost is closely re-
lated to land surface characteristics (Kotikot et al., 2020). The frequency
and intensity of frost could vary dramatically over time and space ac-
cording to the spatial geographic factors such as latitude, altitude, and
topography (Allevato et al., 2019; Alvares et al., 2018; Diniz et al.,
2021; Elli et al., 2020). For instance, Diniz et al. (2021) reported that
geographical factors such as latitude, relative altitude, and longitude
were strong determinants for frost risks in the artificial forest regions
of south-central Brazil. Vitasse et al. (2018) showed that risks of frost
exposure to fruit and forest trees increased at elevations above 800 m
but kept unchanged at lower elevations over the period of 1975–2016
in Switzerland. The increased frost risks to fruit and forest trees in
high-altitude regions were mainly because the advancement of tree
spring phenology outpaced the occurrence of early late-spring frosts.
In contrast, the fundamental reason for the unchanged frost risks in
low-altitude regions was because both the rate and magnitude of
apple spring phenological advancementwas constrained by insufficient
chilling accumulation and photoperiod limitation.

Frost events tend to occurmore frequently in narrow valleys, then in
low-lying and flat areas, while higher and more convex areas rarely ex-
perience frost (Lindkvist et al., 2000). This kind of pattern can be
e four major apple-growing regions of China on April 6th in 2018.
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explained by the concept of cold air pooling, where cold, dense air flows
downslope, settles beneath warmer air, and causes stagnant conditions
(Yoshino, 1984). Additionally, slope orientation also plays a crucial role
in influencing air and soil temperatures (Monteith and Unsworth,
2013), since different slopes receive varying amounts of solar radiation.
In the Northern Hemisphere, south-facing slopes receive more solar ra-
diation during the day, leading to higher daytime air and soil tempera-
tures. In contrast, north-facing slopes are more shaded and receive
less solar radiation, resulting in cooler temperatures. Thus, frost is
more likely to affect the cooler north-facing slopes than to affect the
warmer south-facing slopes (Allevato et al., 2019).

So far, different methods, such as low-temperature control experi-
ments on different tree species, construction of frost risk indices, and
machine learning models, have been used to assess the risks of late-
spring frost (Chen et al., 2024; Diniz et al., 2021; Eccel et al., 2007;
Morin and Chuine, 2014; Omazić et al., 2024; Ru et al., 2023a; Ru
et al., 2023b). However, low-temperature control experiments on dif-
ferent tree species were usually constrained by various factors, such as
the need to recreate daily temperature variations under a climate
warming scenario in the field and the frost damage to tree tissues
(Morin and Chuine, 2014). Traditional temperature-based statistical
methods generally estimate frost occurrence using predefined air-
temperature thresholds or frost indices. Nevertheless, temperature-
threshold-basedmethods primarily characterize the climatic conditions
under which frost is likely to occur, whereas they often have limited
ability to represent the complex interactions among meteorological
conditions, topography, and local geographic characteristics that jointly
determine the occurrence of actual frost damage (Omazić et al., 2024).
At the same time, the current frost risk indices often did not fully ac-
count for all meteorological factors except for temperature and the spa-
tial geographical features that influence the occurrence of spring frost
(Ru et al., 2023a).

Currently, machine learningmodels have become a powerful tool to
detect frost risks since they could provide useful information about frost
risk in complex terrainswithout requiring a physical explanation for the
development of cold air dynamics (Eccel et al., 2007; Ghielmi and Eccel,
2006). For instance, Diniz et al. (2021) used locally generated terrain
data to predict frost risks in artificial forests in Brazil. They found that
the random forest (RF) classifier was the best classifier for the occur-
rence of frost events. Omazić et al. (2024) effectively captured the con-
ditions under which frost events would most likely to occur in Croatia
based onmachine learningmodels. Generally,machine learningmodels
can reliably classify the occurrence of extreme climatic events (e.g., late-
spring frost in this study) using historical record data and provide ro-
bust likelihood predictions of such events through supervised learning.
However, most previous relevant studies usually relied on limited me-
teorological data or spatial geographical information in their predictions
and did not include all possible predictive variables that could affect the
occurrence of frost events, which made these studies unable to fully
capture the mechanisms of frost risk occurrence. As pointed out by
Omazić et al. (2024), the predictive capability could be increased if
wind speed and net radiation were accounted for since they could pro-
videmore information about the nature of frost event occurrence. Thus,
it is necessary to comprehensively assess the meteorological and geo-
graphic factors that influence the formation and occurrence of frost
risks.

Compared to the process-based mechanical models, machine learn-
ingmodels are often considered as “black boxes” since there is typically
a limited understanding of how the outputs are produced from the
model inputs. This resulted in a low transparency and interpretability
of the machine learning models (Lundberg and Lee, 2017). However,
the explainable machine learning (eXML) methods have garnered
great attentions since they could improve prediction interpretability
and provide reliable insights into the otherwise opaque machine learn-
ing frameworks (Gaur and Drewry, 2024; Gou et al., 2023; Jiang et al.,
2024; Liu et al., 2024; Lundberg et al., 2020). For instance, the SHAP
3

(SHapley Additive exPlanations) theory, based on a unified framework
from game theory, constructs an additive explanationmodel to enhance
the interpretability of machine learning models (Shapley, 1997). The
SHAP theory calculates the linear weighted contribution value of each
feature variable for each sample, aiming to explain the model output
and ensure the causal inference within the model. Specifically, SHAP
quantifies the contribution of each feature variable to model output by
calculating the average marginal contribution of all features to the pre-
diction, thereby attributing the final model output to individual input
features (Gunning et al., 2019; Lundberg and Lee, 2017). However,
there was no reported study that combined the machine learning
models and the SHAP to explain the relationship between the meteoro-
logical & geographical features and the occurrence of late-spring frost
events in the major apple-growing regions in China.

Hence, the objectives of this studywere (1) to assess the efficiency of
different machine learningmodels in predicting apple frost risks; (2) to
assess the impacts of different combinations of input variables on the
predictive performance of the machine learning models for apple frost
risk prediction; and (3) to use the SHAPmethod to interpret the impor-
tance of each input variable in the “black-box”machine learningmodels
and to identify the key influential factors for the occurrence of late-
spring frost risks in the four major apple-growing regions in China.
The prediction framework for apple late-spring frost risks based on in-
terpretable machine learning models in this study can provide a valu-
able tool to quantitatively analyze the impacts of multiple
meteorological and geographic features on the occurrence of late-
spring frost risks of fruit trees in the world.

2. Materials and methods

2.1. Study area

The study area covers the four main apple-growing regions in China
(Fig. 2), including the Bohai Bay (BB) region, the Loess Plateau (LP) re-
gion, the Southwestern Cool Highland (SCH) region, and the Xinjiang
(XJ) region (Qu and Zhou, 2016). Specifically, the Loess Plateau (LP) re-
gion is the largest apple production base of China, accounting for about
57.2% of the national apple planting area and 53.0% of the national apple
production (Tang et al., 2021). The LP region, including the provinces of
Shaanxi, Gansu, Shanxi, Henan, and Ningxia, is characterized by supe-
rior ecological conditions, deep soil layer, high altitude, and abundant
sunlight, making it the largest and most concentrated high-quality
apple production area in China. The Bohai Bay (BB) region, which pri-
marily includes the provinces of Shandong, Liaoning, and Hebei and is
known for its high level of industrialization in apple cultivation, is the
second-largest apple-growing area, with about 26.9% of the national
planting area and 36.0% of national production (Tang et al., 2021). The
Southwestern Cool Highland region, which includes the provinces of
Yunnan, Sichuan, and Guizhou and is characterized by uniquemicrocli-
mates and ample precipitation, mainly produces early and mid-season
apples (Liu et al., 2021). The apple production in Xinjiang region is
mainly concentrated in the Aksu Prefecture of Xinjiang Province,
through which the Tarim River flows. This mid-latitude region is west-
erly shielded by the Pamir Plateau and northerly shielded by the
Tianshan Mountains. These unique topographic conditions make it a
unique and advantageous apple-growing region in China (Ilniyaz
et al., 2022; Qiu et al., 2020). The Southwestern Cool Highland (SCH) re-
gion and the Xinjiang (XJ) region totally account for about 15.9% of na-
tional apple planting area and 11.0% of national production (Liu et al.,
2021; Ru et al., 2023b).

2.2. Datasets

2.2.1. Meteorological data and geographic data
Daily meteorological data for the representative apple-growing

sites were obtained from the China Meteorological Data Network
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Fig. 2. (a) Distributions of the fourmain apple-growing regions (the Bohai Bay, BB; the Loess Plateau, LP; the Southwest Cool Highland, SCH; and Xinjiang, XJ) in China. The red solid dots
represent the representative apple-growing siteswhere late-spring frost damage recordswere collected in this study. Panels (b), (c), (d) are the topography, slopes, and aspects of the four
main apple-growing regions in China, respectively. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
(https://data.cma.cn/), including average temperature (°C), the mini-
mum temperature (°C), relative humidity (%), average wind speed
(m s−1), solar radiation (MJ m−2), and precipitation (mm). Geographi-
cal data included slope (°), aspect (°), longitude (°), latitude (°), and al-
titude (km). Altitude data were sourced from the SRTM (Shuttle Radar
Topography Mission) 30-m digital elevation dataset of NASA (Farr
et al., 2007); slope and aspect data were calculated on the Google
Earth Engine (GEE) platform. These variables are generally recognized
as influential factors for frost events (Diniz et al., 2021; Kotikot et al.,
2018). Meteorological and geographical feature variables were used as
predictor variables in themachine learningmodels to predict the binary
dependent variable, where 0 and 1 separately represents no frost
occurrence and frost occurrence. The range and distribution of the pre-
dictor variables were shown with several descriptive statistical param-
eters (Table 1). No data transformation was conducted before the
modeling.
4

2.2.2. Records of apple late-frost damage
In this study, we collected the historical data about late-spring frost

damages to apples at 179 sites in 2018 and at 86 sites in 2020
(Table A.1) across the four main apple-growing regions in China. The
years of 2018 and 2020 were two typical recent years with serious
late-spring frost damage for apple production in China, providing com-
prehensive and spatially extensive frost observation records from rep-
resentative sites covering the four major apple-growing regions. These
data were mainly obtained from the China Meteorological Disaster
Management System (https://10.1.64.146/disaster/index), the Shaanxi
Meteorological Bureau (http://sn.cma.gov.cn/), the Encyclopedia of
China's Meteorological Disasters (Comprehensive Edition) (Wen and
Ding, 2008), the ChinaMeteorological Disasters Yearbook (ChinaMete-
orology Administration, 2020; 2022), relevant reports in the Apple Pest
Control Information Network (https://apple-ipm.hebau.edu.cn/index.
htm), and the academic papers about apple late-spring frost risks and

https://data.cma.cn/
https://10.1.64.146/disaster/index
http://sn.cma.gov.cn/
https://apple-ipm.hebau.edu.cn/index.htm
https://apple-ipm.hebau.edu.cn/index.htm
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Table 1
Statistics of the influential variables during apple flowering period in April for the predictions of late-spring frost risks across the four major apple-growing regions in China.

Statistics Lat
(°)

Lon
(°)

Alt
(km)

Asp
(°)

Slo
(°)

Hum
(%)

Tav
(°C)

Tmin

(°C)
Pre
(mm)

Ws
(m s−1)

Sr
(MJ m−2)

Minimum 26.867 80.267 4.6 0 0 7 −3.6 −10.7 0 0.2 4.504
1st Quartile 34.950 105.896 780.9 90 2 27 8.4 1.9 0 2.0 16.123
Median 35.717 109.067 1072.0 180 4 38 11.4 4.8 0 2.6 22.015
Mean 36.167 108.884 1024.4 178 7 41 11.2 4.5 0.6 2.8 19.830
3rd Quartile 37.433 110.333 1269.0 270 10 53 14.4 7.1 0.1 3.3 23.830
Maximum 45.748 126.669 3394.6 357 38 93 21.6 17.9 19.4 23.8 27.624

Note: Lat= latitude (°), Lon= longitude (°), Alt=Altitude (km), Asp=Aspect (°), Slo=Slope (°),Hum=Humidity (%), Tav=Average temperature (°C), Tmin=Minimum temperature
(°C), Pre= Precipitation (mm), Ws = Wind speed (m s−1), Sr = Solar radiation (MJ m−2).
damages (Guo et al., 2020; Guo et al., 2022; Li, 2018; Liu et al., 2021a,
2021b; Liu et al., 2020; Ma et al., 2018; Shang, 2019; Xu et al., 2019;
Yang et al., 2022; Yang et al., 2020a, 2020b; Yin, 2019). These records in-
cluded the dates of frost occurrence, longitude and latitude of the af-
fected sites, and the severity of late-spring frost disaster (Table A.1).

To ensure consistency among different data sources, frost-damage
observationswere harmonized according to the ChineseMeteorological
Industry Standard (QX/T 392-2017): Grade of Flowering-Stage Frost
Damage for Fuji Apple (China Meteorology Administration, 2017),
frost damage is classified into three severity levels (mild, moderate,
and severe) based on visible injury symptoms of apple flowers, corre-
sponding frost-injury rates, and yield-loss rates. Specifically, mild frost
damage is characterized by yellow-brown petals while the anthers, fila-
ments, and ovaries of the central flower remain intact, corresponding to
a frost-injury rate of less than 30%. Moderate frost damage is character-
ized by slight yellowing of pistils, yellow-brown anthers, reddened and
deformed filaments, and partial blackening of the ovary, corresponding
to a frost-injury rate of 30–80%. Severe frost damage is characterized by
severe injury to pistils, completely blackened stigmas, blackened and
deformed filaments, blackened internal tissues of the anthers, and com-
plete blackening of the ovary, corresponding to a frost-injury rate
greater than 80%. For binary classification modeling, all frost-damage
severity levels (mild, moderate, and severe) were merged into a single
frost-occurrence category and assigned a label of 1, whereas observa-
tions without frost damage were assigned a label of 0. The non-frost
samples (label = 0) were strictly defined based on the same observa-
tional records as the frost-damage events. Theywere defined as the syn-
chronous records from the same observation sites and dates where NO
frost damage was sustained, which ensured that both frost and non-
frost samples originated from the same spatial geographic features
and meteorological background during the flowering period. Further-
more, all predictor variables were normalized using the Min-Max scal-
ing method prior to model training to ensure comparability among
variables with different units and magnitudes. These data were used
for later machine learning modeling.

The suitable input variables were then screened to avoid the influ-
ence of collinearity on model output before modeling. First, all of the
candidatemeteorological and geographical variables were standardized
to be dimensionless. Then, the Pearson correlation coefficients (r) be-
tween the candidate variables were calculated. It indicated there were
no strong collinearity between the variables when |r| < 0.7, but highly
correlated variables (|r| > 0.7) were removed from the dataset to
avoid collinearity (Dormann et al., 2013). Finally, the variance inflation
factor (VIF) was calculated to explore the multicollinearity of the vari-
ables. There was no multicollinearity among the variables when
VIF < 10 (Wang et al., 2023). The finally selected input variables for
the machine learning models were further detailed in Section 2.4.

2.3. Performance evaluation for the machine learning models

In this study, the receiver operating characteristic (ROC) curve was
used to evaluate the predictive performance of the five machine learn-
ing models in identifying the occurrence and non-occurrence of apple
5

late-spring frost events. The ROC curve is a graphical tool used to assess
the diagnostic ability of binary classifiers and has been widely used in
research fields such as medicine, agriculture, and natural disasters
(Baker, 2003; Kotikot et al., 2018; Tang et al., 2023). ROC curve is con-
structed by plotting pairs of true positive rate (TPR, sensitivity) and
false positive rate (FPR, 1-specificity) with FPR as the x-axis and TPR
as the y-axis. TPR is the proportion of positive samples correctly pre-
dicted as positive (Eq. (1)), while FPR is the proportion of negative sam-
ples incorrectly predicted as positive (Eq. (2)). By changing the
classification threshold, a trade-off between these two values is ob-
tained, which in turn allows for the ROC curve plotting (Kotikot et al.,
2018). The closer the ROC curve is to the upper left corner (high TPR
and low FPR), the better the model's performance.

The area under the receiver operating characteristic curve (AUC)
quantifies the ROC curve's performance. AUC values range between 0
and 1 and measure themodel's effectiveness in distinguishing between
positive andnegative samples. A higher AUC value indicates stronger di-
agnostic ability, with the corresponding ROC curve closer to the upper
left corner (Carter et al., 2016). The evaluation criteria are as follows:
0.5 < AUC ≤ 0.6 indicating no ability to distinguish between positive
and negative samples; 0.6 < AUC ≤ 0.7 indicating poor performance;
0.7 < AUC ≤ 0.8 indicating average performance; 0.8 < AUC ≤ 0.9 indi-
cating good performance; and 0.9<AUC ≤ 1 indicating excellent perfor-
mance in distinguishing between positive and negative samples (Tang
et al., 2023). Overall accuracy indicates a comprehensive evaluation
metric of the model, representing the proportions of both frost occur-
rence and non-occurrence events (Eq. (3)). It considers all categories
of predictions and reflects the model's classification accuracy across
the entire dataset.

TPR sensitivity
TP

TP FN
(1)

FPR 1 − specificity
FP

FP TN
(2)

OA
TP TN

TP TN FP FN
(3)

where TP and TN are the numbers of correctly retrieved frost events
(true positive) and non-frost events (true negative); FP and FN are the
numbers of incorrectly retrieved frost events (false positive) and non-
frost events (false negative), respectively.

2.4. Machine learning models for apple late-spring frost prediction

2.4.1. Five different machine learning models
In this study, five different machine learning models were estab-

lished to predict the occurrence of apple late-spring frost events, includ-
ing the Random Forest (RF), Support Vector Machine (SVM), Extreme
Gradient Boosting (XGBoost), Multilayer Perceptron (MLP), and Long
Short-Term Memory Neural Network (LSTM). These models are recog-
nized for their abilities to handle complex and nonlinear data generated
by the physical processes of climatic conditions and have been widely
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used for frost risk predictions (Cao et al., 2009; Diniz et al., 2021; Naing
and Htike, 2015; Omazić et al., 2024; Shi et al., 2015).

The Random Forest (RF) algorithm is an ensemble learning method
that aggregates the predictions of multiple decision trees to obtain the
final prediction. It is mainly used for classification and regression tasks
(Breiman, 2001). Each internal node performs a feature-based condition
split, each branch represents the result of that condition (True or False),
and each leaf node represents a class label (for classification problems)
or the mean prediction value (for regression problems). The RF algo-
rithm is a very powerful machine learning algorithm for its efficiency
and robustness and has been widely used across various domains. In
this study, the RF model was constructed through the “randomForest”
package in R language.

The Support Vector Machine (SVM) algorithm was introduced by
Vapnik (1995) based on statistical learning theory, aiming to solve clas-
sification and regression problems. The core idea of SVM is tofindanop-
timal separating hyperplane that maximizes the margin between
different classes of data points in a high-dimensional feature space.
This hyperplane can be linear; or through kernel functions (such as ra-
dial basis function, linear kernel, polynomial kernel, and etc.), nonlinear
problems can be transformed into linearly separable problems. The ad-
vantage of SVM lies in its performance in high-dimensional spaces and
its ability to handle nonlinear boundaries with good generalization ca-
pabilities. Moreover, SVM defines the hyperplane using support
vectors, meaning that only a small number of representative sample
points are considered during the training process to enhance the com-
putational efficiency. In this study, the SVM model was constructed
through the “e1701” package in R language.

As a relatively new decision-tree-based model, the Extreme Gradi-
ent Boosting (XGBoost) has demonstrated good performance due to
its ability to handlemissing data effectively. This algorithm incorporates
L1 and L2 regularization techniques in its cost function, which effec-
tively reduces overfitting and controls model complexity, making the
learned model simpler and faster to compute (Natekin and Knoll,
2013). This is also a feature that distinguishes XGBoost from traditional
Gradient Boosting Decision Tree (GBDT) algorithms. In this study, the
XGBoost model for apple frost event prediction was constructed
through the “xgboost” package in R language.

The Multilayer Perceptron (MLP) algorithm is a fully connected
feedforward neural network model composed of multiple neurons ar-
ranged in layers, including at least three layers (i.e., input layer, output
layer, and hidden layers). Each neuron undergoes nonlinear transfor-
mations through multiple hidden layers, connected with weight coeffi-
cients affecting the network architecture, ultimately reaching the
output layer to complete classification or regression tasks (Haykin,
2001). In this study, the MLP model was constructed based on the
Tensorflow v2.9 framework (through Keras) in Python v3.9.

The Long Short-TermMemory Neural Network (LSTM) algorithm is
a type of Recurrent Neural Network (RNN) model developed by
Hochreiter and Schmidhuber (1997). LSTM introduces a memory cell
and gatingmechanisms, including an input gate, output gate, and forget
gate, to address the gradient vanishing and explosion problems often
encountered by traditional RNNs when processing long sequences
(Greff et al., 2016). The internal state of the LSTM cell acts as a dynamic
storage mechanism, enabling the accumulation of key historical infor-
mation. Through the input gate, LSTM selectively accepts newdata to fa-
cilitate learning of key predictors, while the forget gate assesses and
adjusts the influence of previous historical data. Finally, the output
gate determines the predictions generated by the model.

2.4.2. The LSTM-CAM model framework
Additionally, we proposed a LSTM-CAMmodel framework that com-

bined the LSTM algorithm with the Channel Attention Mechanism
(CAM) to further enhance the performance of the LSTM model in
predicting complex time-series data (Fig. 3). Channel-wise attention
mechanisms have been widely demonstrated to strengthen feature
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representation by adaptively reweighting input channels, enabling the
model to emphasize themost informative predictors while suppressing
less relevant signals (Niu et al., 2021). Recent advances combining at-
tentionmoduleswith LSTM architectures have shown improved perfor-
mance inmulti-source environmental time-series prediction, validating
the benefits of attention-guided feature selection over vanilla LSTM
models (Kumar et al., 2023; Lagap et al., 2025; Tian et al., 2024).

Coupled with the CAM, the LSTM model can more effectively focus
on the key features that influence the predictions of apple late-spring
frost events. The attention mechanism was initially proposed to mimic
the selective perception of human vision, where it essentially selected
more important information and suppressed useless information
(Vaswani, 2017). In the case of multi-source input variables (such as
the meteorological and geographic variables in this study), simply
concatenating the variables may not fully leverage the advantages of
each feature, while the CAM can adaptively adjust the weights of differ-
ent feature channels through assigning a weight to each type of feature
channel. Thus, the CAM can enhance the focus on important features,
providemore granular explanations, and thereby achieve better feature
fusion from multi-source data (Niu et al., 2021).

Specifically, a CAM function was defined first, where global average
pooling and global max poolingwere applied to each channel. Then, the
pooled results were processed through two shared fully-connected
layers, which could learn the relationships between different features
and generate attention weights. These attention weights were then
multiplied by the input features to obtain theweighted features, further
enhancing the relevance of key features. Finally, the outputs of the two
feature channels were combined, passed through a fully connected
layer, and regularized using a dropout layer to generate the final output.
In this study, the baseline LSTMmodel was applied to the single-source
predictor set containing only meteorological variables, where capturing
temporal dependencies was the primary objective. The combined pre-
dictor set incorporated both meteorological and geographic variables,
forming a heterogeneousmulti-channel input space. Tomore effectively
exploit this richer information structure, the LSTM-CAM model was
evaluated only under the combined predictor set. The CAMmechanism
enabled the network to adaptively reweight feature channels, highlight
predictors most strongly associated with late-spring frost formation,
and improve multi-source feature integration relative to the baseline
LSTM. Both models were all constructed based on the TensorFlow v2.9
in Python v3.9, with LSTM-CAM used as the primary deep-learning ar-
chitecture in subsequent analyses involving combined variables.

2.4.3. Construction of the prediction models for apple late-spring frost
events

The combination of screened meteorological variables and the com-
bination of meteorological and geographic variables were separately
input into the five machine learning models (i.e., RF, SVM, XGBoost,
MLP, and LSTM) to generate the output of the occurrence of apple
late-spring frost events (0 = no frost occurrence and 1 = frost occur-
rence; Fig. 4). For each model, 70% of the whole dataset was first split
into training data and 30% into testing data, with a random seed to en-
sure the result reproducibility. To further evaluate the robustness of the
developed machine-learning models to class imbalance, the Synthetic
Minority Oversampling Technique (SMOTE) was applied to generate
synthetic samples for theminority class. The SMOTEprocedurewas per-
formed only on the training dataset after the training-testing split, while
the independent testing dataset remained unchanged to ensure an un-
biased evaluation of model performance. Subsequently, all machine-
learning models were retrained and their hyperparameters were
re-optimized using the balanced training dataset. The training data
were used to evaluate the model's ability to correctly predict frost
events and determine the best configuration for each model, which
was then applied to determine the model's hyperparameters. Accurate
hyperparameters are crucial formodel performance, as they canhelp ef-
fectively control model complexity, avoid overfitting in the training
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Fig. 3.Architecture of the LSTM-CAMmodel framework developed in this study for the predictions of apple late-spring frost events. LSTM is the Long Short-TermMemory Neural Network
and CAM is the Channel Attention Mechanism.
process, and improve the generalization in the testing process.
Hyperparameter tuning must be determined before model training,
typically performed using the Grid Search or Random Search methods
(Bergstra et al., 2011). This study used the Grid Search method to opti-
mize the parameters of each machine learning model since it could ex-
haustively search all possible parameter combinations to determine the
optimal parameter values (Bergstra and Bengio, 2012). Generally, it is
essential to consider the model's generalization ability on unseen data
in the processes of determining the optimal configuration of machine
learning model and optimizing the hyperparameter.

To more comprehensively assess the stability and generalization of
the model's performance, this study used a 10-fold cross-validation to
obtain the sample with the highest training accuracy in model training.
Cross-validation effectively evaluates the model's performance on dif-
ferent data subsets by repeatedly splitting the dataset for training, en-
suring that all data are involved in both training and prediction
processes, thereby providing a more reliable performance assessment
and hyperparameter adjustment basis (King et al., 2021). Table A.2
listed the ranges of hyperparameters used for the five machine learning
models in this study and information about their physical significance.
TheReceiver Operating Characteristic (ROC) curve andOverall Accuracy
(OA) values were used to evaluate the overall performance of the
models in distinguishing between the occurrence and non-occurrence
7

of apple late-spring frost events. More details about the construction
of the prediction models of apple late-spring frost events based on the
five machine learning models can be found in Fig. 4.

2.5. Prediction contribution quantification based on the Shapley additive
exPlanations (SHAP) theory

To enhance the interpretability of themachine learningmodels con-
structed in this study, the Shapley Additive exPlanations (SHAP) theory
was used to quantify the contribution of different meteorological and
geographic variables to the predictions of apple late-spring frost events
and to evaluate the relative importance of each variable to the model
performance. Compared with the traditional mechanistic models, the
complexity of machine learning models presents the challenges in in-
terpretability and understanding of model system dynamics. To address
these issues, Lundberg and Lee (2017) developed a commoneXML algo-
rithm, or the Shapley Additive exPlanations (SHAP), to explain the out-
puts of machine learning model. The concept of SHAP is derived from
the Shapley value in game theory (Shapley, 1997),whichdefines the av-
erage marginal contribution of a player across all coalitions they belong
to. SHAP was first used to fairly distribute the gains in cooperative
games and later applied to feature attribution problems (Biecek and
Burzykowski, 2021). Generally, SHAP is an additive feature attribution
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Fig. 4. Flowchart for the construction of prediction models for apple late-spring frost events based on different machine learning algorithms (RF, SVM, XGBoost, MLP, and LSTM) in this
study.
method that calculates the weighted average of each feature's marginal
contribution by considering all possible feature combinations
(Lundberg et al., 2020).

For a model with n-dimensional input features, the set of features is
N = (X1，X2，X3，…，Xn), namely, meteorological and spatial
geographic variables in this study. Then, the contribution of feature
subset S to the model output can be calculated through the feature
value function v S (Eq. (4)).

v S f
∧
x1 x2 … xn dPx∉S −EX f

∧
X 4

where S is a subset of the feature setN; the feature value functionv S is
for feature subset is the function to calculate the
model's prediction value for the given feature subset S; P is the cumula-
tive distribution function used to describe the distribution of features
outside the feature subset; the conditional expectation EX is used to
estimate the expected value of the model prediction f(X) when the
feature subset S is fixed. This expected value is the average of f(X)
when keeping XS = xs unchanged under all other possible features X.

S;f x1, x2, , xn

ϕiThen, the Shapley value ( ) for each feature i is defined (Eq. (5)).

ϕi ΣS⊆N∖ i
∣S∣ n − S − 1

n
v S∪ i − v S (5)

where s all possible feature subsets; theweightS⊆N∖ i i ∣S∣ n − S − 1
n is

of feature i, which calculates the average marginal contribution of fea-
ture i across all possible feature subsets, ensuring that the contribution
of each feature is fairly considered under all possible feature combina-
tions s themarginal contribution of feature i to subset; v S∪ i − v S i
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S, indicating the change in model prediction when feature i is added to
subset S.

If the Shapley value is positive, it means that feature i has a positive
impact on model outputs and vice versa. Larger absolute Shapley value
indicates the greater impact of feature i on model outputs (Štrumbelj
and Kononenko, 2014). Through coupling the five machine learning
models with the SHAP method (Fig. 4), it could help us understand
the impacts of different meteorological and geographic factors on the
occurrence predictions of apple late-spring frost events and gain more
insights into the dynamic process about how each input factor affects
the model outputs.

Unlike the other eXML techniques, SHAP can provide both global
and local explanations for model outputs (Lundberg and Lee, 2017).
For global explanation, the SHAP value represents the weighted aver-
aged contribution across all samples to quantify the overall importance
of the input feature variables, thereby summarizing how strongly and in
which direction each variable influences themodel as a whole. For local
explanation, on the other hand, the SHAP value represents the contribu-
tion of each input variable to a single sample, focusing on explaining the
unique features of each individual sample (Lundberg et al., 2020).

In this study, the ‘beeswarm’ plot was used to depict the local impact
of input variables on model outputs. The ‘beeswarm’ plot shows the im-
pact of each data point, and looks denser whenmultiple points are con-
centrated around the same location. A bar chart describes the overall
impact of each feature on model output across all prediction samples,
which allows us to clearly evaluate the average contribution of each
input variable to model output from a global perspective. The length
of each bar represents the importance of the feature to model predic-
tions. Through combining the ‘beeswarm’ plot and bar charts, a more
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comprehensive understanding could be gained for the interpretability
of SHAP values from both local and global perspectives.

3. Results

3.1. Model input variables screening

To avoid the effects of multicollinearity on model prediction results,
the input variables were screened in advance through comprehensively
analyzing the relationships between the eleven candidate variables
(i.e., Lat, Lon, Alt, Asp, Slo, Hum, Tav, Tmin, Pre, Ws, and Sr). The results of
correlation analyses were summarized in the matrix in Fig. 5.

The correlation between Tav and Tmin was the highest (r = 0.75),
which indicated a high level of collinearity between these two
variables. The scatter plot also confirmed the linear relationship
between these two variables. This strong positive correlation was
likely due to the synchrony between these two variables during apple
Fig. 5. Pearson correlation coefficients of the eleven candidate input variables for the construc
upper triangle represents the Pearson correlation coefficients (r) between different input varia
displays the histograms of the variables. Redder color indicates the stronger positive correlatio
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growing seasons. Thus, the variable Tav was removed and Tmin was
retained to ensure the independence of model input variables.
Although there was a certain positive correlation between Pre and
Hum (r = 0.48), as well as between Ws and Lon (r = 0.22), these
correlations were relatively weak. In addition, the negative
correlations between Alt and Lon (r = −0.65), Sr and Hum (r =
−0.57), and Alt and Lat (−0.47) essentially reflect the impacts of
climatic and geographical heterogeneity on the distribution patterns
of model input variables across the four major apple growing regions
in China. Importantly, the absolute values of these negative correlation
coefficients were all below 0.7, which did not reach the commonly
used threshold for problematic collinearity.

To further investigate themulticollinearity among the remaining 10
variables (i.e, Lat, Lon, Alt, Asp, Slo, Hum, Tmin, Pre,Ws, and Sr), the values
of variance inflation factor (VIF) were calculated (Fig. 6). The results
showed that all variables had VIF values far less than 3.0, indicating
that there was no significant multicollinearity between the variables.
tion of machine learning models for the predictions of apple late-spring frost events. The
bles; the lower triangle shows the scatter plots for each pair of variables; and the diagonal
n between the variables; and bluer color the stronger negative correlation.
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Fig. 6.Variance inflation factor (VIF) between the ten selected input variables (i.e., Lat, Lon,
Alt, Asp, Slo,Hum, Tmin, Pre,Ws, and Sr) for the construction ofmachine learningmodels for
the predictions of apple late-spring frost events.
The variable independence could improve the predictive accuracy and
stability of themodels, aswell as enhance our confidence in the selected
model input variables.

3.2. Overall performance of different machine learning models

3.2.1. Influences of input variable combinations on model prediction
Based on the performance of five different machine learning

models (i.e., RF, SVM, XGBoost, MLP, and LSTM-CAM) under different
combinations of input variables (namely, the combination of only
meteorological variables, the combination of meteorological and geo-
graphic variables), it was found that combining the spatial geographic
variables (i.e., Lat, Lon, Alt, Asp, and Slo) with the commonly selected
meteorological variables (i.e., Hum, Tmin, Pre, Ws, and Sr) could
obviously improve the prediction accuracy of apple late-spring frost
events (Table 2). The performance of all five models were sensitive
to the geographic input variables. Compared with the model perfor-
mance under the combination of only meteorological variables, the
overall accuracies of RF (OA = 0.900), SVM (OA = 0.882), XGBoost
(OA = 0.900), MLP (OA = 0.834), and LSTM-CAM (OA = 0.895)
models all remarkably increased with the introduction of geographic
input variables.
Table 2
Values of TP (true positives), TN (true negatives), FP (false positives), FN (false negatives), TPR (
the receiver operating characteristic curve) of the machine learningmodels (i.e., RF, SVM, XGBo
different combinations of input variables. The best results are marked in bold.

Input variable combination Model TP TN

Combination of only meteorological
factors

RF 152 622
SVM 143 623
XGBoost 154 619
MLP 93 626
LSTM 141 617

Combination of both meteorological
and geographic factors

RF 149 642
SVM 141 635
XGBoost 152 639
MLP 113 621
LSTM-CAM 175 613
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According to the values of TPR (True positive rate; the ratio of cor-
rectly predicted frost occurrences; Eq. (1)) and FPR (False positive
rate; the ratio of incorrectly predicted non-frost occurrences;
Eq. (2)), it was found that the combination of meteorological and
geographic variables could enhance the models' ability to predict ac-
tual frost events (Table 2). The TPR values under the combination of
meteorological and geographic factors reached 0.914 for the RF
model, 0.870 for the SVM model, and 0.764 for the LSTM-CAM
model. Additionally, the introduction of geographic variables also re-
duced the rate of incorrect predictions of frost events, since the FPR
value decreased to 0.026 for the XGBoost model. In general, the geo-
graphic variables could dramatically influence the predictions of
apple late-spring frost events.

To further evaluate the robustness and generalization ability of
the developed machine learning models under the final input vari-
able combination (i.e., the integration of meteorological and geo-
graphic factors), their predictive performances on both the training
and testing datasets were further compared (Table A.3). As expected,
all models achieved better predictive performance on the training
dataset than on the testing dataset. Nevertheless, the relatively high
performance maintained on the independent testing dataset indi-
cates good generalization ability and robust predictive capability of
the developed models.

In addition, the Synthetic Minority Over-sampling Technique
(SMOTE) was implemented during the training phase to mitigate
data imbalance problem, and prevent classifiers from collapsing
toward the majority non-frost class. Notably, the SMOTE-balanced
results are highly consistent with the original analysis, with the
relative performance rankings of different machine learning models
remaining unchanged (Table A.4). The sustained high TPR
values across optimized tree ensembles and attention-based deep
models.

3.2.2. Performance evaluation of the five machine learning models
Either under the combination of only meteorological variables or

under the combination of bothmeteorological and geographic variables,
the RF model all performed the best, with the highest OA and AUC
values of 0.90 and 0.96, respectively (Fig. 7). Each point on the ROC
curve represents a pair of sensitivity (true positive rate) and specificity
(true negative rate) corresponding to a given decision threshold. Gener-
ally, the ROC curves closer to the left and top edges indicated higher TPR
(True positive rates) and lower FPR (False positive rates) values, signify-
ing better model performance. In this study, a value of 0.5 was selected
as the specific decision probability threshold. Thus, a probability greater
than 0.5 indicated the occurrence late-spring frost during apple
flowering, otherwise no frost event occurrence. An AUC value closer to
1.0 indicated better model performance and the model's ability to dis-
tinguish between positive and negative samples. Under the combina-
tion of both meteorological and geographic variables, the high TPR
(0.914) value and relatively low FPR (0.105) value of the RF model
true positive rate), FPR (false positive rate), OA (overall accuracy), and AUC (the area under
ost, MLP, LSTM and LSTM-CAM) for the predictions of apple late-spring frost events under

FP FN TPR (%) FPR (%) OA (%) AUC (%)

72 34 0.817 0.104 0.880 0.930
81 33 0.813 0.115 0.870 0.900
37 70 0.688 0.056 0.878 0.910
25 136 0.406 0.038 0.817 0.850
34 88 0.616 0.052 0.861 0.900
75 14 0.914 0.105 0.900 0.960
83 21 0.870 0.116 0.882 0.930
17 72 0.679 0.026 0.900 0.950
30 116 0.493 0.046 0.834 0.860
38 54 0.764 0.058 0.895 0.950
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Fig. 7. ROC curves and AUC values of different machine learningmodels (i.e., RF, SVM, XGBoost, MLP, LSTM and LSTM-CAM) for the predictions of apple late-spring frost events under the
combinations of input variables of only meteorological variables (a) and both meteorological and geographical variables (b).
(Table 2 and Fig. 7) demonstrated its superiority in accurately
predicting the apple late-spring frost events, with fewer instances of in-
correct predictions. The combination of both meteorological and geo-
graphic variables could obviously increase the TPR from 0.813 to 0.870
for the SVMmodel, indicating that the introduction of geographic vari-
ables could help the model better distinguish between frost and non-
frost events. Similarly, although the XGBoost model (TPR = 0.679)
was not as good as the RF model (TPR = 0.914) in identifying true
frost events, it had the lowest error rate for non-frost event prediction
(FPR = 0.026), resulting in a final AUC of 0.95 and better overall
performance.

Either under the combination of only meteorological variables or
under the combination of bothmeteorological and geographic variables,
theMLPmodel was only slightly inferior to the other fourmodels in dis-
tinguishing frost and non-frost events, with an AUC of 0.86. The LSTM-
CAM (LSTM model with the Channel Attention Mechanism) model
had the highest TP (True positives) value of 175, showing its excellent
performance in identifying true frost events. The performance of
LSTM-CAM model was notably improved compared to the original
LSTM model, as its OA value increased from 0.861 to 0.895, TPR from
0.616 to 0.764, and AUC to 0.95 (Fig. 7). This illustrated showed that
the attention mechanism could help better capture the occurrence of
frost events. In general, under the combination of both meteorological
and geographic variables, the general performance ranking of the five
machine learning models for the predictions of apple late-spring frost
events was: RF > XGBoost = LSTM-CAM > SVM > MLP.

Furthermore, this study further introduced two historical late-spring
frost events in 2012 and 2013 as an out-of-sample validation dataset
that was completely independent of the model training period, in
order to evaluate the extrapolation capability of the pretrained models
across different years (Leave-Unseen-Years-Out Validation). During
this validation process, no model retraining or parameter tuning was
performed. In contrast to the nationwide large-scale frost events in
2018 and 2020, the frost processes in 2012 and 2013 were mainly
characterized by localized distributions, primarily occurring in major
apple-producing counties such as Linyi and Wanrong in Shanxi
Province, Baishui and Luochuan in Shaanxi Province, and Jingning in
Gansu Province.
11
The results show that allmodelswere able to identify the occurrence
of frost events in 2012 and 2013, although the overall performance de-
creased compared with the main test datasets (Table A.5). In the 2012
dataset, the RF model still achieved the highest overall accuracy
(OA = 0.93), indicating strong capability in correctly identifying non-
frost samples. However, its relatively low AUC (0.71) and TPR (0.33) in-
dicate limited ability to detect frost events under conditions of localized
late frost events. In contrast, the LSTM-CAMmodel exhibited more bal-
anced performance, with an AUC of 0.81 and an increased TPR of 0.67,
demonstrating stronger sensitivity to localized frost events. Similar pat-
terns were also observed in the 2013 validation. The RF model still
maintained a relatively high OA (0.90), while the LSTM-CAM model
achieved the highest AUC (0.84) and TPR (0.70), showing the best over-
all discriminative performance. The SVM and XGBoost models per-
formed at an intermediate level, whereas the MLP model showed
comparatively weaker performance in both years of out-of-sample
validation.

Overall, the lower TPR values comparedwith OA indicate thatmodel
performance was affected by the scarcity of positive frost samples. Nev-
ertheless, the relatively stable performance across fully independent
years still suggests that the models possess a certain degree of cross-
year generalization capability. In particular, the LSTM-CAM model
showed stronger stability in identifying localized frost events, indicating
that attention mechanismsmay have potential advantages in modeling
sparse extreme disaster events under temporal transfer conditions.

3.3. Global and local SHAP explanations for model performance

The SHAP technique was applied to conduct interpretability analysis
on the prediction results of the five machine learning models (i.e, RF,
SVM, XGBoost, MLP, and LSTM-CAM) under the input combination of
bothmeteorological and geographic variables. The SHAPvalueswere cal-
culated in the test process to assess the contribution of each input vari-
able to the model prediction results. The magnitude, prevalence, and
direction of the effects of input variables were succinctly illustrated in
the SHAP summary plots (Fig. 8). The standard bar charts of average
absolute SHAP values reflected the global importance of each prediction
factor (Fig. 8). For the RF model, the global feature importance
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Fig. 8. SHAP summary plots for themachine learningmodels (i.e., RF, SVM, XGBoost,MLP, and LSTM-CAM) for thepredictions of apple late-spring frost events under the input combination
of both meteorological and geographic variables. Subplots (a), (c), (e), (g), (i) present the |SHAP value| for global feature importance; and (b), (d), (f), (h), (j) the SHAP value for local
explanations summary plots. In subplots (b), (d), (f), (h), (j), the color gradient from purple to orange represents the increasing amplitude of the input variables. The X-axis represents
the SHAP values, reflecting the impact of each input variable on the predictions of apple late-spring frost events. (For interpretation of the references to color in this figure legend, the
reader is referred to the web version of this article.)
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ranking based on average SHAP values was: Tmin > Sr > Ws >
Lat > Alt > Hum > Lon > Pre > Asp > Slo (Fig. 8a). For the SVM model,
the global feature importance ranking was: Tmin > Alt > Lat > Sr >
Hum > Ws > Lon > Pre > Slo > Asp (Fig. 8c). Similarly, for the XGBoost
model, the ranking was: Tmin > Lat > Sr > Lon > Hum > Ws >
Alt > Pre > Asp > Slo (Fig. 8e). For the MLP model, the ranking was:
Tmin > Ws > Asp > Hum > Alt > Sr > Pre > Lat > Lon > Slo (Fig. 8g).
And for the LSTM-CAM model, the ranking was: Tmin > Sr > Hum >
Alt > Lat > Ws > Slo > Asp > Pre > Lon (Fig. 8i). The rankings revealed
that the meteorological variable of Tmin had the greatest contribution to
the predictions of apple late-spring frost events despite of the models,
while Slo and Asp had relatively lower contributions than the other fac-
tors. The meteorological variables generally contributed more than the
geographic variables. In other words, the geographic variables had less
influence on the occurrence of apple late-spring frost events, which
was also illustrated by the concentrated SHAP value distributions
(Fig. 8f, h).

Each point in the beeswarmplots corresponds to the SHAP value of a
given variable for a single sample (Fig. 8), thereby reflecting its local
contribution to the model output. The horizontal position of each
point indicates the direction and magnitude of the SHAP value, while
the vertical dispersion represents the distribution of variable effects
across all samples. By aggregating SHAP values over the entire dataset,
the overall width and tail length of each variable's distribution summa-
rize its global importance, with longer tails indicating a greater overall
influence on model predictions.

According to the beeswarm plots (Fig. 8b, d, f, h, j), larger SHAP
values indicate stronger positive influences on the predictive probabil-
ity of apple late-spring frost events, whereas smaller (negative) values
represent suppressing effects. The color gradient from purple to orange
reflects increasing magnitudes of the predictor values. In the RF model
(Fig. 8b), lower Tmin values clustered around higher frost probabilities,
and the extended right tail of SHAP distribution illustrated how increas-
ingly low temperatures substantially amplify frost risk. This long-tailed
behavior highlights both the dominant global importance of Tmin and its
strong local impacts on individual samples. Other meteorological
variables, such as Sr, Hum, and Ws, also exert positive effects on frost
predictions, although their contributions were smaller than Tmin.

The long tails also showed that predictors with relatively low global
importance may still be important under specific conditions (Lundberg
et al., 2020), namely the predictors with modest overall contributions
may still be influential under particular environmental scenarios. For
example, Hum and Ws had lower impacts on the predictions with the
XGBoost model than the other variables, which was apparent in the
beeswarm clustering around SHAP values of zero (Fig. 8f). But both var-
iables had tails in two directions of their clusters, which indicated that
they could be influential on frost-event predictions in some circum-
stances. A similar pattern appeared in the MLP model (Fig. 8h), where
Hum and Pre exhibited low mean contributions but extended local
tails, also indicating the importance under certain meteorological
conditions.

More importantly, the SHAP results also highlighted the importance
of specific predictors as well as particular combinations of meteorolog-
ical and geographic factors in shaping frost-event probabilities (Fig. 8).
Although geographic factors generally ranked lower in global impor-
tance across models, several exhibited meaningful local effects. For in-
stance, lower Lat values exerted stronger positive impacts on frost
predictions than Alt in the SVM model (Fig. 8b). In the LSTM-CAM
model (Fig. 8j), variations in Slo andAsp occasionally generated substan-
tial local SHAP responses. Across all models, Tmin consistently emerged
as the most influential predictor for frost-event occurrence predictions,
especially under the input combination of bothmeteorological and geo-
graphic variables. Geographic predictors played a smaller global role but
became important in combination with the meteorological variables,
especially under the conditions prone to cold-air pooling. Thesefindings
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elucidated that the joint effects of meteorological and geographic fac-
tors were essential for accurately characterizing the occurrence of
frost events across the four major apple-growing regions in China.

3.4. Reproduction of the severe apple late-spring frost disaster in 2018

We further evaluated the abilities of the machine learning models
developed in this study to simulate the severe late-spring frost disaster
during apple flowering in the year of 2018 in China, with a particular
focus on the spatial consistency between the predicted and observed
late-spring frost events across the four major apple-growing regions.
At the national scale, all machine learningmodels could successfully re-
produce the general spatial pattern of late-spring frost in 2018. The re-
gions characterized by observed severe frost damages, particularly
across the LP (Loess Plateau) and parts of the BB (Bohai Bay) region,
generally coincided with the areas with high predicted frost
probabilities.

Specifically, the RF model exhibited the highest spatial coincidence
with the observed rates of frost damage on apple central-flowers
(Fig. 9a). High-probability frost zones simulated by the RF model over-
lapped spatially with the sites with observed severe frost damages in
the LP and BB regions. At the same time, low probabilities were pre-
dicted across most areas of the XJ and SCH regions, where the late-
spring frost impacts were limited in the year of 2018. This strong spatial
agreement suggested that the RFmodel effectively integrated themete-
orological driverswith spatial geographical constraints to reproduce the
actual pattern of the late-spring frost in 2018. The SVM and XGBoost
models could capture the general extent of the regions affected by the
severe frost damage (Fig. 9b, c). However, their simulations of the
high-risk areas appeared more spatially fragmented. High frost proba-
bilities were also simulated by these two models in the regions where
the observed late-spring frost occurrences were sparse (e.g., parts of
Liaoning Province), which suggested that these two models
overpredicted the late-spring frost in some parts of China. The MLP
model provided a more refined spatial pattern for the late-spring frost
in 2018 than the SVM and XGBoost models (Fig. 9d). In particular, sim-
ulated high-probability zones in the LP region alignedmore closelywith
the sites with observed apple frost damages. Nevertheless, despite rela-
tively mild frost damage observed in the SCH region, the MLP model
simulated comparatively high probabilities of frost occurrence, indicat-
ing a localized overestimation of frost risk in this region. Among all
models, the LSTM-CAMmodel showed a notably enhanced spatial coin-
cidence between the simulated frost probabilities and the observed
late-spring frost patterns in 2018 (Fig. 9e). By introducing the channel
attention mechanism, the LSTM-CAM model was able to effectively
identify the severe frost-affected areas in the LP and BB regions, as
well as the mild frost conditions in the XJ region. In contrast, the other
models consistently overestimated the occurrence probabilities of
late-spring frost in XJ in 2018. This comparison highlighted the advan-
tage of the attention mechanisms in emphasizing the dominant signals
and suppressing the less relevant information in the predictions of
late-spring frost with the machine learning models across China in
2018.

In addition, quantitative evaluationmetricswere employed to objec-
tively benchmark the spatial prediction performance of different classi-
fiers (Table A.6). The tree-based ensemble models demonstrated
outstanding overall spatial alignment. The XGBoost model achieved
the highest spatial overall accuracy (OA = 0.912), F1 (0.879), and
Kappa coefficient (0.810). The RFmodel yielding the highest geographic
discrimination capacity with an AUC of 0.969 and a balanced Kappa of
0.780. In comparison, while the neural network architectures (MLP
and LSTM-CAM) excelled in visual noise suppression across certain
macro-regions, they exhibited relatively lower F1 and Kappa coeffi-
cients at the specific point-station scale. These quantitative validation
results further support the spatial agreement shown in Fig. 9.
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Fig. 9. Spatial distributions of late-spring frost disaster events during apple flowering period in 2018 across the four main apple-growing regions in China. The blue shaded areas indicate
the simulated probabilities of late-spring frost occurrence (%) throughmachine learningmodels (RF, a; SVM, b; XGBoost, c;MLP, d; LSTM-CAM, e). The dots (fromwhite to purple) denote
the siteswhere different rates (0%–100%) of frost damage on apple central-flowerswere observed during the apple late-spring frost disaster in 2018. (For interpretation of the references to
color in this figure legend, the reader is referred to the web version of this article.)
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4. Discussion

4.1. Performance of different machine learning models in predicting apple
late-spring frost events

Performance of machine learningmodels may vary greatly, depend-
ing on which input variables they considered most explanatory in
predicting the likelihood of apple flowering frost risks. In other words,
whether the input variables are useful or not depends on themodel ap-
plication purpose. The overall accuracy and TPR (True positive rate)
were dramatically improved with the inclusion of spatial geographic
variables, compared with the models under the input combination of
only meteorological variables. The RF and XGBoost models achieved
overall accuracy of 90%, and the accuracy of the LSTM-CAM model also
rose to 89.5%. This boosted the models' ability to identify apple
flowering frost events and improved themodel prediction performance.

The Random Forest (RF) model generally achieved the highest pre-
diction accuracy and showed its potential in predicting frost events.
This result was consistent with the study by Diniz et al. (2021), where
the RF model proved to be the most accurate classifier to predict frost
risks in artificial forests in southern Brazil compared with the SVM
and MLP models. Eccel et al. (2007) found that the RF model was
more effective in predicting the frost risks of the minimum tempera-
tures in Italian Alps. Diedrichs et al. (2018) also reported the enhanced
performance of the RF model in predicting frost events, with excellent
prediction results in the plateau region of Mendoza Province in
Argentina. The superior performance of the RF model among the ma-
chine learning models investigated in this study for apple late-spring
frost prediction, could be attributed to its characteristics of ensemble
learning algorithms based on decision trees and their ability to handle
complex datasets (Breiman, 2001). The RF model builds multiple
decision trees and aggregates their predictions through averaging or
majority voting to obtain the final prediction. This approach dramati-
cally improves the model's generalization ability by introducing ran-
domness, reducing overfitting, and enhancing overall predictive
performance.

The occurrence of frost events is influenced by various meteorologi-
cal and spatial geographic factors. The RFmodel driven by the combina-
tion of meteorological and spatial geographic variables could effectively
capture the complex relationships beneath the occurrence of frost
events, especially the interactions among different features. The SVM
model finds the optimal hyperplane that separates data points of differ-
ent classes at the maximum possible margin. This hyperplane is identi-
fied through an optimization algorithm, ensuring that any new data
point, when classified, is positioned as far as possible from the decision
boundary, thereby improving the accuracy of classification (Hearst
et al., 1998). Under the combination of meteorological and spatial geo-
graphic variables, the SVM model could better separate frost and non-
frost events and thus improve the TPR (0.870) (Table 2). Spatial geo-
graphic variables provided additional information to allow the SVM
model to more accurately capture the characteristics of frost event oc-
currence, although the improvement of TPR and the FPR values were
relatively small if compared with the predictions when only meteoro-
logical variables were used as input variables. This indicated that the
SVM model performed good in reducing the false alarm rate of frost
events.

The XGBoost model is an ensemble method based on gradient
boosting integrated approach that optimizes the model by progres-
sively building weak classifiers (usually decision trees). It is robust
to outliers and noise and can effectively reduce the false alarm rate.
In this study, the XGBoost model had the lowest false alarm rate
(FPR = 0.026) in predicting the non-frost events, but slightly inade-
quate in identifying the frost events (TPR=0.679). This was probably
due to the fact that the XGBoost model focuses more on reducing the
overall error during the optimization process (Chen and Guestrin,
2016).
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The MLP model is a static feedforward neural network that cannot
directly handle the temporal dependencies in time series data, whereas
frost event prediction often involves temporal occurrence dependen-
cies. This limits the prediction capability of MLP model. Additionally,
the performance of MLP model could be affected by the volume and
complexity of data samples. Neural network operation depends on the
complex weight relationships between inputs and outputs, which im-
pact the classification performance (Diniz et al., 2021; Fuentes et al.,
2018; Hosseini et al., 2019). Thus, both the output (frost event occur-
rence or non-occurrence) and the input variables could affect the classi-
fication performance of neural networks. In this study, compared with
the other machine learning models, the MLP struggled to capture the
complex relationships between the meteorological and spatial geo-
graphic variables and had poorer prediction performance.

In summary, the RF model performed the best due to its strong abil-
ity to capture the interactions between the input variables. The SVMand
XGBoost models both had improved prediction accuracy when under
the combination of meteorological and geographic variables. The SVM
model dramatically improved the ability of frost event identification,
while the XGBoost model excelled in reducing the false alarm rates.
The MLP model generally performed poor due to inherent structural
limitations.

4.2. Ability of channel attention mechanism (CAM) to enhance the
prediction performance of the LSTM model

In this study, the channel attention mechanism (CAM) was intro-
duced into the authentic LSTM model, which could dynamically adjust
the importance of different features. By incorporating the spatial geo-
graphic and meteorological factors as two separate CAM layers into
the hidden layer of LSTM model, the LSTM model was able to deeply
focus on the key features of the input variables and thusmore accurately
capture the frost event characteristics. Interestingly, the LSTM-CAM
model demonstrated strong capability in frost event predictions
(OA = 0.895 and TPR = 0.764), although the FPR value increased.
This prediction performance improvement could be attributed to the
network structure of the CAM itself. By weighting the contribution of
each channel, the model could focus on the key features. In this study,
we utilized two separate CAM layers of input variables instead of simply
“concatenating” the input variables. Thus, the LSTM-CAM model could
automatically learn and adjust which feature channels were the most
valuable for prediction. In general, by introducing the channel attention
mechanism, the LSTM-CAMmodel could dramatically improve the pre-
diction capability for apple late-spring frost events.

4.3. Analysis of the driving factors for apple late-spring frost events based on
the SHAP theory

The results of SHAP (Shapley Additive exPlanations) analysis high-
lighted the importance of combining meteorological and geographic
variables in the predictions of apple late-spring frost events. The mete-
orological variable of Tmin was the most important predictor when
under the input combination of meteorological and geographic
variables regardless of the machine learning models (Fig. 8). Apple
flowering mainly occurs in early spring from March to April. During
this spring transition period, temperature fluctuations are usually
serious. The temperatures were above 0 °C in daytime, but might drop
below 0 °C at night or in early morning. Under low-temperature condi-
tions, water vapor in the air wasmore likely to condense and form frost.
When Tmin reached a certain intensity and persisted for a certain period
of time, frost eventmight occur. Levels of frost damage to apple flowers
depend on the duration of low temperatures. The longer the low
temperature lasts, the greater the apple frost injury will be. Similarly,
Ding et al. (2019) also reported that the minimum temperature is the
most important factor in the frost risk forecasting based on machine
learning models.
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The meteorological variable of Sr (Solar radiation) was also a major
contributor in the prediction models of apple late-spring frost events,
ranking second in importance in the RF and LSTM-CAMmodels. During
daytime, solar radiation heats the surface, causing soil surface tempera-
ture to rise and store heat. However, solar radiation disappears after
sunset and at night and soil surface temperature gradually decreases
due to radiative heat loss. Frost event occurs more easily when the soil
surface loses heat excessively and the atmospheric temperature drops
rapidly. Gu et al. (2023) noted that solar radiation not only reflects the
changes in daylight length (or photoperiod) but also affects complex
weather conditions (such as clouds and snows), leading to more com-
plex microclimate changes. Daylight length (or photoperiod) is an indi-
cator of the total accumulated sunlight, which is directly linked to the
active growing period of plants after leaf emergence and serves as a piv-
otal environmental trigger for early or delayed spring phenology. On the
other hand, earlier leaf emergence due to climate warming and shorter
photoperiods may reduce the temperature sensitivity of spring phenol-
ogy, and thus prevent plants from emerging too early and avoid frost
damage (Flynn and Wolkovich, 2018; Piao et al., 2019). This situation
was confirmed by the results in this study (Fig. 8b, d), where high
solar radiation had a negative contribution to frost events or could re-
duce frost risk, while low solar radiation had a positive contribution or
could increase frost risk.

The meteorological variable of Ws (Wind speed) also had remark-
able impacts on the RF values of the apple frost prediction model. Al-
though wind speed ranked lower in importance in the SVM, XGBoost,
and LSTM-CAMmodels under the input combination of meteorological
and geographic variables, high wind speeds could help reduce frost risk
(Fig. 8b, d). Ws influenced frost occurrence by affecting the heat ex-
change andmixing in the atmosphere.WhenWswashigh, therewas in-
creased heat exchange between atmospheric layers and warmer air
aloft mixed with cooler air at the surface, which could suppress the
rapid drop of soil surface temperatures. Strong winds could disrupt
the stagnation of cold air and promote the downward transport of
heat, thereby to some extent preventing soil surface temperatures
from falling below 0 °C. Additionally, Ws affects the accumulation of
cold air at soil surface. Under the conditions of low wind speeds, cold
air tended to accumulate at soil surface, especially in valleys or low-
lying areas where frost was more likely to form. Although surface
radiative cooling occurred more rapidly on clear and calm nights, the
absence of wind would cause cold air to pool together and greatly in-
crease the likelihood of frost formation. Thus, farmers often used large
fans or wind machines to enhance air circulation to prevent the
formation of cold air pockets around fruit trees.

The variable of Lat (Latitude) was the most crucial geographic factor
for the RF model as the overall accuracy of this model was the highest.
Although the RF and XGBoost models achieved comparable overall ac-
curacy, the relative importance of geographic factors differed among
models. In particular, Lat played a less prominent role than Alt in the
SVM and LSTM-CAM models, suggesting model-specific sensitivities to
spatial controls on frost occurrence. Previous studies have similarly
highlighted the role of large-scale geographic gradients in frost risk.
For example, Simões et al. (2015) reported that latitude and
continentality as key macro-environmental factors governing frost oc-
currence in southern Brazil, where vineyards located at higher latitudes
experience lower temperatures and were therefore more prone to frost
risks. And according to the study by Allevato et al. (2019), the severity of
frost in beech tree crowns decreased from the southern to the northern
Apennine Mountains.

The variable of Alt (Altitude) ranked second in importance among
the geographic variables in the RF model and also the second in the
SVMmodel. The timing of tree spring phenology varied across different
altitudes, with most tree species exhibiting earlier spring phenology at
lower altitudes. Čufar et al. (2012) found that the trend of leaf unfolding
was closely related to altitude. Regions with a greater advance in spring
phenology were more susceptible to apple frost risk (Ru et al., 2023a).
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This was because an earlier onset of phenology was more likely to trig-
ger frost events, which would coincide with the sensitive period from
bud breaking to fruit setting, ultimately increasing frost risk (Chen
et al., 2024; Hoffmann and Rath, 2013; Parker et al., 2021).

The SHAP value distributions for the geographic variables of Slo
(Slope) and Asp (Aspect) were relatively concentrated, and their impor-
tance in predicting frost events was less significant than Lat (latitude)
and Alt (altitude). Slope and aspect are local terrain features and their
impacts on frost event occurrence are also local. Although they could in-
fluence theflowand accumulation of cold air (e.g., cold air lingering lon-
ger in depressions or downhill areas), their influences were limited in
specific small areas. Thus, in large-scale frost event predictions, their
effects may be overshadowed by other factors such as latitude and
elevation.

4.4. Reproduction of the severe apple late-spring frost disaster in 2018

There was general spatial consistency between the simulated occur-
rence probabilities of late-spring frost damage and the observed rates of
frost damage on central apple flowers in 2018, which indicated that the
machine learning models developed in this study were able to repro-
duce the geographical extents of the areas vulnerable to late-spring
frost disaster. As shown in Fig. 9, the model simulations clearly identi-
fied themain frost-prone zones in the LP and BB apple-growing regions,
suggesting that the models effectively learned the key environmental
conditions associated with late-spring frost occurrence during apple
flowering period.

The RF model exhibited the highest spatial agreement between the
simulated late-spring frost damage probabilities and the observed
frost damage distributions. When the meteorological variables and the
spatial geographic variables were combined, this tree-based ensemble
model demonstrated greater reliability in delineating the frost risk
zones. By integrating nonlinear meteorological controls with spatial
constraints, the RF model maintained relatively high spatial stability
and consequently good generalization performance across different
apple-growing regions. This findingwas highly consistentwith the con-
clusions by Diniz et al. (2021), who reported that the RFmodel achieved
the highest accuracy among the tested classifiers and outperformed the
othermachine learningmodels in capturing the spatial heterogeneity of
the frost-environment relationships, particularly in regions with com-
plex terrains.

In contrast, the SVM and XGBoost models tended to provide more
fragmented and spatially dispersed predictions of high frost probability,
with some predicted high-risk areas extending into the regions with
only mild frost damage or no frost occurrence. Although these models
could achieve acceptable performance according to the overall classifi-
cation accuracy, their spatial verification remained limited when ap-
plied to the landscapes characterized by pronounced topographic
variability and strong climate gradients. Similar problem was noticed
in some previous studies, where the SVM and XGBoost models exhib-
ited remarkable spatial generalization biases under complex landscape
conditions due to the insufficient integration of topographic and re-
gional climatic constraints (Diniz et al., 2021).

The MLP model was able to generate relatively fine spatial patterns
in core frost-prone regions (e.g., the LP region), but local overestima-
tions persisted along the regionalmargins (e.g., parts of the SCH region).
This indicated that although the feed-forward nonlinear mappings
could capture the complex interactions among predictors, they did not
inherently guarantee spatial consistency in predicted risk patterns.
The LSTM model incorporating a CAM (Channel attention mechanism)
could remarkably improve the predictions of spatial realism of late-
spring frost in 2018. The CAMenhanced the contributions of key feature
channels most relevant to frost formation and suppressed weakly re-
lated or noisy signals, thereby effectively reduced the spurious high-
probability facts, particularly in the regions with weak observed frost
impacts (e.g., the XJ region). This result was mechanistically consistent
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with the findings by Kirchhof et al. (2025), who emphasized that sys-
tematic biases in model-based frost risk assessments often arose from
insufficient consideration of the microclimatic factors (such as humid-
ity, wind speed, cloud cover, topography, and plant height), which di-
rectly affected the translatability between the empirically measured
cold-hardiness thresholds and the critical field-level damage tempera-
tures. By strengthening feature selection and weighting through the at-
tention mechanisms, the LSTM-CAMmodel could partially mitigate the
spatial prediction biases induced by microclimatic complexity and
thereby reduce the false frost risk signals.

Despite the overall agreements, discrepancies between the simu-
lated frost probabilities and the observed late-spring frost disaster
patterns remained in the year of 2018 due to multiple reasons. First,
station-based late-spring frost damage observations were spatially
heterogeneous and the observed rates of frost damage on apple
central-flowers represented site-specific point-scale samples of frost
impacts, which limited their capacity to fully capture the broad regional
distribution of late-spring frost disaster in 2018. Omazić et al. (2024)
highlighted the inherent limitations of traditional point-based frost
measurements, particularly with respect to the spatial resolution and
coverage in heterogeneous landscapes, which constrained the accurate
characterization of frost risk at regional scales. Next, regional differences
in climatic conditions, phenological periods, and cultivar managements
among the XJ, LP, BB, and SCH regions imply that the identical frost
thresholds might correspond to substantially different levels of apple
frost damage. Frost thresholds in field damage observations were
often based on air temperatures, which might differ from the actual in-
ternal temperature at which tissues froze (Litschmann and StŘEda,
2019). Kirchhof et al. (2025) further demonstrated that frost risk
thresholds were not universally applicable and must be calibrated to
regional phenological and climatic contexts to avoid misleading
predictions under climate change. Thus, appropriate selection of frost
thresholds is critical to the model predictive reliability.

Differences between simulated frost probabilities and site
observed frost damage should reflect not only the intrinsic model
limitations but also the mismatches between the observation pro-
cesses and the physical mechanisms of frost formation, particularly
under radiative frost conditions where near-surface or tissue-level
temperatures could be substantially lower than standard air temper-
ature measurements at 2 m height. Generally, traditional site-based
observations and generalized frost thresholds were probably the
major uncertainty sources in reproducing the actual patterns of
apple late-spring frost disaster in 2018. At regional scale, single tem-
perature threshold and sparse station observations were insufficient
to fully characterize the actual processes of apple frost damage.
Thus, it shows strong potential for spatial reproduction and early
warning of severe late-spring frost disasters by integrating multi-
source information into the machine learning models, Finally,
region-specific temperature thresholds for frost risks should be
established and calibrated for different apple-growing regions to im-
prove the predictive reliability of apple late-spring frost risks with the
machine learning models.

4.5. Limitations and future challenges

Despite the satisfactory performance the proposed explainable ma-
chine learning framework for spatial prediction of late-frost in apples,
several limitations remain. Apple flowering phenology is considered
an important biological factor influencing frost susceptibility, frost dam-
age typically occurswhen low-temperature events coincidewith spring
phenological sensitive developmental stages (flowering and fruit set-
ting) (Ru et al., 2023b). In the study, all frost and non-frost samples
were collected during the apple flowering period. The phenological
stage was implicitly controlled through the sampling strategy, and the
developed models were designed to predict frost damage under
flowering-stage conditions rather than throughout the entire growing
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season. Nevertheless, explicitly incorporating observed flowering
dates or dynamically simulated phenology into the prediction model
may better capture the biological timing of frost susceptibility and
further improve model performance.

In addition, long-term time series and spatially extensive observa-
tional records of apple late-spring frost events are crucial for further
improving the temporal generalization ability and spatial robustness
of the model; however, such high-quality and continuous disaster ob-
servations are still relatively scarce in practice. Existing data are mainly
concentrated in a few extreme frost years, which makes it difficult to
fully capture the interannual variability of frost events under different
climatic conditions. Therefore, future studies should explore the inte-
gration of phenological models with machine learning algorithms and
incorporate multi-source long-term observational datasets to establish
a more biologically informed and generalizable frost-risk prediction
framework, thereby improving the robustness and stability of extreme
meteorological disaster prediction models.

5. Conclusions

This study developed an explainablemachine learning framework to
predict the occurrence of late-spring frost events during the apple
flowering period across the four major apple-growing regions in
China. By integrating multiple meteorological variables with spatial
geographic factors and incorporating the SHAP (Shapley Additive
Explanations), we developed different machine learning models,
systematically evaluated their performance, identified the key driving
factors for frost events, and assessed the spatial consistency of model
predictions.

First, the results demonstrated that the inclusion of spatial geo-
graphic factors could substantially improve the predictive accuracy
and robustness of the machine learning models for the predictions of
apple late-spring frost risks. Compared with models driven solely by
the combination meteorological variables, the incorporation of geo-
graphic factors of longitude, latitude, elevation, slope, and aspect consis-
tently enhanced model discrimination and stability, highlighting the
importance of geographic variables in regional assessment of apple
frost risks.

Next, among all of the models evaluated, the RF (Random forest)
model exhibited superior overall prediction performance. When the
meteorological variables and spatial geographic features were com-
bined, the tree-based ensemble approach effectively captured the non-
linear frost-environment relationships and maintained strong spatial
stability and generalization across heterogeneous landscapes in China.
This endorsed the RF model as a robust tool for regional-scale assess-
ment of frost risks in complex terrains.

Third, SHAP interpretability analysis revealed that Tmin was the
dominant meteorological driver for late-spring frost occurrence,
whereas Lat emerged as the most influential geographic factor. Impor-
tantly, the SHAP framework provided both global and local interpreta-
tions to elucidate how the meteorological and geographic factors
jointly influenced the regional patterns of late-spring frost occurrence.
These insights substantially enhanced the transparency and
explainability of otherwise “black-box” machine learning models.

Fourth, spatial reconstruction of the severe apple late-spring frost di-
saster in 2018 across the four major apple-growing regions in China
provided strong evidence for the reliability of the machine learning
models developed in this study. Allmodels could successfully reproduce
the extensive frost-prone belts over the LP (Loess Plateau) and BB
(Bohai Bay) regions. However, simulation differences were evident in
spatial realism. The RF and LSTM-CAM (Long short-term memory neu-
ral network-channel attentionmechanism)models showed the highest
spatial consistency with the observed rates of frost damage on central
apple flowers, whereas the SVM (Support vectormachine) andXGBoost
(Extreme gradient boosting) models tended to generate spatially
fragmented patterns and overestimate frost risks in the areas only
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affected by mild frost. By introducing a channel attention mechanism
(CAM), the LSTM-CAM model could more effectively capture the key
drivers of frost occurrence. It improved the overall prediction accuracy
by about 3.4% and dramatically reduced the spurious high-risk facts,
particularly in the XJ (Xinjiang) region where observed frost impacts
were relatively weak. This highlighted the advantage of CAM in empha-
sizing informative features and suppressing weakly relevant or noisy
signals in the predictions of apple late-spring frost risks with the ma-
chine learning models.

Overall, this study demonstrated that the explainable machine
learning models, particularly the RF model and attention-enhanced
deep learning framework, could reliably reproduce the spatial patterns
of the severe apple late-spring frost disaster and provide interpretable
insights into the key driving factors of frost event occurrence. The pro-
posed framework offered a scalable and transparent tool for regional as-
sessment and early warning of apple late-spring frost risks. It could also
facilitate the identification of frost-vulnerable areas across the major
apple-producing regions and support scientific decisions to enhance cli-
mate resilience in apple production under ongoing climate change in
China.
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