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Abstract

Fire occurrence in Southwest China is jointly shaped by meteorological conditions, topogra-
phy, vegetation status, and human activities. To improve the interpretability and validation
rigor of regional fire susceptibility assessment, this study developed a grid-day-based
susceptibility assessment framework for Yunnan, Sichuan, Guizhou, and Chongqing using
MODIS active-fire detections and multi-source environmental data from 2015 to 2024 at
a 5 km grid resolution. A sensitivity analysis was conducted to determine the training
sample configuration, and a 1:2 positive-to-negative sampling ratio was adopted. Random
Forest (RF), Support Vector Machine (SVM), and Logistic Regression (LR) were compared,
and SHapley Additive exPlanations (SHAP), together with partial dependence plots (PDP),
were used to interpret key drivers and their interactions. Data from 2015 to 2018 were
used for model training, while data from 2019 to 2024 were used to evaluate the model’s
cross-year transferability within the same study domain, rather than full spatiotemporal
independence. The results show that the 1:2 sampling ratio achieved a favorable balance
between fire detection and false-alarm control. In five-fold stratified cross-validation, RF
outperformed LR and SVM (AUC = 0.9167; F1-score = 76.70%). In the cross-year transfer-
ability test, areas classified as high and very high susceptibility captured 62.04–68.95% of
the observed fire points while accounting for less than 32% of the total area. Soil moisture
and maximum temperature contributed most strongly to the model output, and their inter-
action revealed a pronounced dry-hot statistical response pattern associated with elevated
susceptibility. Fire susceptibility also exhibited stable positive spatial autocorrelation, with
hotspot areas concentrated in the dry-hot valleys near the Sichuan-Yunnan border and
in central-southern Yunnan. Because the model was built with under-sampled negatives
and same-day environmental matching, the output should be interpreted as a relative
fire susceptibility index for spatial assessment and statistical attribution rather than as a
calibrated occurrence probability or a forward-looking daily forecast.

Keywords: fire susceptibility assessment; random forest; explainable machine learning;
imbalanced sampling; spatial autocorrelation; Southwest China

1. Introduction
Fire is a destructive global phenomenon driven by the interplay of climatic, topo-

graphic, vegetative, and anthropogenic factors [1]. Fire causes damage to surface vegetation
and soil structures and releases harmful gases, thereby impairing atmospheric quality and
ecosystem stability [2–4].
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In the context of global warming, the frequent occurrence of extreme high-temperature
and drought events has significantly increased the frequency and intensity of fires [5].
Southwest China (Yunnan, Guizhou, Sichuan, and Chongqing) features dramatic topo-
graphic relief, complex ecosystems, and abundant forest resources, making it one of the
regions in China where fires occur frequently [6,7]. The region hosts a widespread distri-
bution of fire-prone tree species—such as Pinus yunnanensis and Eucalyptus—rendering
it highly susceptible to frequent and rapidly spreading fires. These fires result in severe
casualties, the destruction of forest canopies and understory vegetation, the disruption
of soil carbon and nitrogen cycles, biodiversity loss, and significant challenges for the
long-term recovery of affected ecosystems [8]. Therefore, conducting fire susceptibility
assessments and analyzing the influence of fire-driving factors is of great significance for
mitigating regional disaster losses.

Methods for spatial assessment of fire susceptibility have evolved from traditional
statistical models to machine learning (ML) approaches [9]. Early research predominantly
utilized parametric models such as Logistic Regression (LR) [10]. With improvements in
multi-source data and computational power, methods like Random Forest (RF) and Support
Vector Machine (SVM) have been widely applied [11–14] to characterize complex non-linear
relationships and multi-factor interactions. Although ML models have improved assess-
ment accuracy, their internal decision-making processes lack interpretability, restricting
in-depth understanding of the driver attribution [15]. For instance, in the typical dry-hot
valley environments of Southwest China, a “dry-hot” coupling effect may exist between soil
moisture and high temperature [16]. Furthermore, fire susceptibility inherently possesses
profound spatial attributes, wherein areas of high susceptibility typically exhibit distinct
clustered or dispersed spatial patterns. Traditional machine learning models often struggle
to characterize the non-linear interactions of fire-driving factors or the spatial clustering of
fire susceptibility. This limitation restricts the model’s practical utility for both statistical
interpretation and regional fire prevention strategies.

In addition to model interpretability, sample configuration strategies also significantly
impact model performance [17]. Fire events exhibit marked spatial sparsity, leading to a
severe imbalance between positive and negative samples. Existing studies mostly adopt
random sampling or construct 1:1 balanced samples to meet model training requirements.
While this can mitigate class bias, its applicability in macro-scale spatial assessments
remains to be explored. Systematically analyzing the impact of different sample ratios on
model performance and spatial identification results is crucial for enhancing the practical
application value of the models in fire prevention management.

Focusing on Yunnan, Sichuan, Guizhou, and Chongqing, this study develops a re-
gional fire susceptibility assessment framework using a unified 5 km grid system and
multi-source environmental data from 2015 to 2024 [18]. Compared to existing studies in
this region that primarily rely on traditional probability calibrations or macro-climatic anal-
yses, this framework integrates a ‘grid-day’ dataset matching framework and introduces
SHapley Additive exPlanations (SHAP) and Partial Dependence Plots (PDP) to enhance
model interpretability and understand how fire-driving factors influence fire susceptibility.
Furthermore, this study employs Global Moran’s Index (Moran’s I) and Local Indicators
of Spatial Association (LISA) to analyze the spatial distribution and clustering patterns
of fire susceptibility. The specific objectives are to: (1) determine an appropriate positive-
to-negative sampling ratio through sensitivity analysis and compare RF, SVM, and LR
for susceptibility discrimination; (2) interpret the statistical contributions and interaction
patterns of key fire-driving factors using SHAP and PDP; and (3) characterize the spatial
clustering patterns of fire susceptibility using Global Moran’s I and Local Indicators of
Spatial Association (LISA).
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It should be emphasized that the framework is designed for susceptibility assessment
and statistical attribution under observed environmental conditions, rather than for cal-
ibrated probability prediction or strict causal inference. In this study, fire susceptibility
refers to a relative index representing the propensity for fire occurrence within a grid cell
under observed environmental and anthropogenic conditions, rather than a calibrated
probability of future ignition.

2. Study Area and Data
2.1. Overview of the Study Area

The research area selected for this study encompasses the four provinces and mu-
nicipalities of Southwest China (Yunnan, Sichuan, Guizhou, and Chongqing), cover-
ing a total area of approximately 1.139 million square kilometers (92◦21′ E–110◦11′ E,
21◦08′ N–34◦19′ N). This region is situated in the transition zone from the first to the
second step of China’s topography, generally presenting a “high in the west, low in the
east” elevation pattern. It is characterized by continuous mountains and basin plains with
drastic elevation differences and complex, rugged terrain (Figure 1). Under the combined
influence of complex topography and monsoon circulation, the regional fire conditions ex-
hibit significant spatiotemporal variations [19]. The western and southern parts, influenced
by both the subtropical monsoon climate and the plateau, experience a high incidence of
fires during the dry winter and spring seasons due to low precipitation. Conversely, the
eastern basins and hilly areas, affected by the summer subtropical high-pressure system,
may experience persistent high temperatures and sparse rainfall, rendering them highly
susceptible to fires [20,21].

Figure 1. Location of the study area, its Digital Elevation Model (DEM), and the spatial distribution
of actual fire points from 2015 to 2024.

Simultaneously, the study area is located in the southwestern forest region of China,
widely covered with subtropical evergreen broad-leaved forests, warm temperate conif-
erous forests, and understory shrubs. Fallen branches and leaves form substantial litter
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layers and fuel accumulations. Under drought conditions, the moisture content of this litter
decreases significantly, providing potential fuel conditions for fires.

In summary, the complex topography, monsoon climate, and fuel conditions col-
lectively form a fire-prone environment with highly heterogeneous fire triggers in the
study area. Additionally, anthropogenic fire usage (such as agricultural burning and rit-
ual activities) further increases fire susceptibility. Therefore, conducting macro-scale fire
susceptibility assessment modeling and driving factor attribution analysis in this region
possesses both practical applicability and research representativeness.

2.2. Data Sources and Preprocessing

This study constructed a long-time-series multi-source dataset covering the four
provinces and municipalities of Southwest China from 2015 to 2024. It utilizes MODIS
active fire data to generate data labels, combined with 12 environmental predictor variables,
including remote sensing vegetation indices, meteorological reanalysis, and anthropogenic
geographic information, to assess the relative susceptibility of fires.

2.2.1. Data Sources

The remote sensing and meteorological data for the study area were obtained from
standardized advanced datasets published by institutions such as NASA and ECMWF on
the Google Earth Engine (GEE) platform. The data underwent rigorous radiometric calibra-
tion, atmospheric correction, and precise geometric correction to generate standardized
research datasets [22,23]. Anthropogenic impact factor data were sourced from the World-
Pop global demographic research project initiated by the University of Southampton, and
road vector data were obtained from the OpenStreetMap (OSM) open-source geographic
information database.

The specific sources, spatial resolutions, and temporal resolutions of each dataset are
detailed in Table 1.

Table 1. Details of the multi-source datasets used in this study.

Influencing Factors Dataset (Product Version) Spatial Resolution Temporal Resolution

Fire Data MOD14A1 Version 6.1 1 km Daily
NDVI MOD13A1 Version 6.1 500 m 16-day

Precipitation CHIRPS v2.0 Daily 0.05◦ Daily

Mean Temperature

ERA5-Land hourly reanalysis 0.1◦ HourlyMaximum Temperature
Wind Direction
Soil Moisture

Elevation
NASADEM HGT v1 30 m StaticSlope

Aspect

Land Cover Type MCD12C1 Version 6.1 0.05◦ Annual
Population Density WorldPop Global Project 1 km Year

Number of Roads Within the Grid OpenStreetMap (OSM) Vector Static

2.2.2. Spatiotemporal Consistency Processing and Feature Encoding of Multi-Source Data

Multi-source heterogeneous data exhibit significant differences in original resolution
and update frequency. This study used a 5 km × 5 km vector grid under the Albers Equal
Area Conic projection as the spatial base and a daily temporal step to construct a unified
“grid-day” spatiotemporal matching framework.
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Dynamic meteorological variables were aggregated to the 5 km grid using the area-
weighted average method and summarized at the daily scale. Variables derived from
ERA5-Land, such as temperature and soil moisture, were used to represent regional-scale
ambient hydrothermal conditions rather than localized instantaneous thermal anomalies.
Nevertheless, because fire labels and environmental variables were matched on the same
calendar day, this design cannot fully determine the sub-daily temporal ordering between
fire occurrence and environmental conditions, nor can grid-scale aggregation eliminate
potential same-day dependence. Therefore, these variables were used to characterize
contemporaneous environmental backgrounds for susceptibility diagnosis. Restricted by its
16-day compositing interval, NDVI was aligned to a daily step using the Last Observation
Carried Forward (LOCF) method, a conservative forward-filling strategy that propagates
the most recent valid observation to subsequent missing time steps. Compared with linear
interpolation, which reconstructs temporally smooth trajectories using both preceding and
subsequent observations, the LOCF approach relies exclusively on historically available
observations and avoids incorporating future information into current temporal estimates,
thereby preserving temporal causality and reducing the risk of temporal look-ahead bias in
predictive analyses [24]. Anthropogenic factors were directly calculated as spatial statistics
within the grids and assigned fixed values.

For fire data, fire points were matched to the corresponding grids on the same day
based on spatial joining. Through masking processing utilizing land cover data, fire points
overlapping with water bodies and permanent snow/ice areas were excluded to filter out
anomalous false detections. Urban and built-up areas were also removed to avoid false
fire points generated by industrial thermal anomalies. The target of this study focuses on
generalized fire susceptibility and total active-fire occurrence across the landscape, rather
than categorizing the statistical records into specific sub-types. Therefore, after excluding
anomalous thermal points in land cover types such as water bodies, various surface fires
are retained to reflect broader regional fire dynamics. Valid grids with fires were marked
as positive samples (value = 1), while remaining grids were extracted as negative samples
(value = 0). For multi-class discrete variables like land cover types, One-Hot Encoding was
applied to ensure fairness in feature distance measurement.

For circular variables such as aspect and wind direction, we employed a standard-
ized trigonometric transformation (Index = 1 − cos θ) , which is a common practice in
susceptibility modeling to address the circular discontinuity of azimuth data. By setting
the direction of maximum solar exposure as the reference baseline, this transformation
projects the circular azimuth values onto a continuous linear scale (0–2) [25]. This treatment
effectively resolves the numerical distortions inherent in angular representations during
statistical calculations (such as mean estimation). Methodologically, this approach serves
as a parsimonious linearization simplification to capture general solar radiation contrasts,
rather than a physically derived risk function.

Fire-driving variables operate across different temporal scales. Maximum temperature
and precipitation represent concurrent meteorological conditions, whereas soil moisture
and NDVI reflect antecedent environmental states. Rather than assuming a strict causal
sequence, the machine-learning framework integrates these heterogeneous variables to
characterize the combined environmental context associated with fire susceptibility. Ac-
cordingly, the model should be interpreted as a susceptibility assessment framework rather
than a process-based fire forecasting model.

2.2.3. Construction of the Driving Factor System and Multicollinearity Diagnosis

The occurrence of fires is typically driven by multi-dimensional factors. Because vary-
ing degrees of correlation may exist among environmental variables, this study employed
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the Variance Inflation Factor (VIF) to conduct a collinearity diagnosis on the driving factors.
Its calculation formula is shown in Equation (1).

VIFi =
1

1 − R2
i

(1)

where R2
i represents the coefficient of determination obtained when the i-th variable is used

as the dependent variable and the remaining variables as independent variables in multiple
linear regression.

To mitigate the influence of spatial autocorrelation, VIF diagnostics were computed
using a sparse, randomized spatiotemporal sub-sample (10 million random samples) to
minimize the impact of local spatial dependency on the VIF results. The diagnostic results
(Table 2) reveal that among the 12 driving factors, the VIF values for mean temperature
and maximum temperature reached 50.49 and 46.03, respectively, indicating extremely
severe multicollinearity during the fire development process in Southwest China. Although
non-linear ensemble models natively tolerate multicollinearity for predictive tasks, elimi-
nating highly collinear variables effectively reduces data redundancy. More importantly,
we employed VIF filtering as a deliberate structural choice to ensure the stability of the
subsequent SHAP and PDP interpretability frameworks [26,27]. Maximum temperature
was preferentially retained over mean temperature because extreme thermal conditions
act as a more direct concurrent trigger for fuel moisture depletion and fire occurrence [28].
Following the exclusion of mean temperature, the VIF values of all remaining variables
dropped below 5. It should be noted that VIF is primarily utilized to identify statistical
collinearity and does not imply a strict causal interpretation.

Table 2. Variance Inflation Factor (VIF) of fire-driving factors before and after variable selection.

Variable Initial VIF Final VIF

Mean Temperature 50.49 —
Maximum Temperature 46.03 2.00

Precipitation 1.10 1.09
Wind Direction 1.14 1.11

Elevation 2.49 2.12
Slope 1.33 1.33

Aspect 1.00 1.00
NDVI 1.40 1.40

Soil Moisture 1.29 1.15
Road Density 2.20 2.20

Gridded Population Density 2.17 2.17
Land Cover Type 1.47 1.46

3. Methodology
3.1. Sample Construction
3.1.1. Definition of Positive and Negative Samples and Data Splitting

To construct a modeling dataset suitable for the large-scale study area, we implemented
a “grid-day” spatiotemporal matching strategy. The 5 km × 5 km spatial grids were overlaid
across the study area, and 10 years of daily records yielded approximately 192 million
potential “grid-day” instances. If a MODIS active-fire point was detected in grid i on
day t, that specific (grid i, day t) instance was labeled as a positive sample (value = 1),
and its fire susceptibility driving factors were strictly extracted from the corresponding
environmental datasets of day t. Conversely, if no fire was detected in grid j on day t’, the
instance was eligible to be included as a negative sample (value = 0), matching exactly with
the contemporaneous fire susceptibility driving factors of day t’. This dynamic matching
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ensures that the model learns to distinguish concurrent environmental conditions between
fire days and non-fire days. Among the 192 million potential instances, the monitored
active-fire records yielded a total of 42,643 positive samples. To train the model and conduct
robust cross-year transferability validation, 15,525 positive samples from 2015 to 2018 were
extracted to construct the model training set, while 27,118 positive samples from 2019 to
2024 were used to build an independent cross-year transferability validation set. Both sets
were paired with their corresponding negative samples according to the optimal sampling
ratio. Specifically, these negative samples were strictly extracted from non-fire grids on
the exact same days as the positive fire events, thereby maintaining temporal consistency
between the positive and negative samples and minimizing confounding effects arising
from seasonal and interannual variability. This temporal division enables the model to
be evaluated on completely unseen future data, thereby facilitating the examination of its
cross-year transferability.

3.1.2. Sample Ratio Selection Based on Sensitivity Analysis

Fire occurrences are characterized by extreme sparsity in geographic space. Within
the study region, the 10-year daily records across the spatial grids yielded approximately
192 million “grid-day” samples, among which the actual monitored active fire records
generated only 42,643 positive samples, establishing an extremely imbalanced natural
prior positive-to-negative sample ratio of approximately 1:4500. If a traditional global
random under-sampling strategy were used to construct a strictly balanced 1:1 dataset, it
would severely distort this highly imbalanced prior environment, forcing the models to
systematically overestimate regional fire susceptibility and generate excessive false alarms
in operational hazard mapping. To scientifically optimize the training environment, we
designed a multi-model sensitivity analysis. While keeping the training positive sam-
ples constant, negative samples were extracted using random under-sampling at ratios
incrementally increasing from 1:1 to 1:5 (with a step size of 0.5). This experiment was
consistently evaluated across three machine learning frameworks (RF, SVM, and LR) to
investigate the universal trade-off between theoretical classification metrics and practical
false-alarm suppression.

As illustrated by the multi-model sensitivity performance (Figure 2), evaluation met-
rics such as the F1-score and AUC theoretically peaked at the 1:1 balanced ratio across
all three algorithms. As the proportion of negative samples increased, the models’ sta-
tistical criteria for classifying a potential fire source became stricter, leading to varying
degrees of decline in the model metrics. While RF and SVM maintained relatively sta-
ble sensitivity at the 1:2 ratio, LR exhibited a rapid decline, with its recall dropping to
51.98%. In safety-relevant applications such as fire susceptibility assessment, missing
nearly half of the actual occurrences represents a critical limitation. Given the inherent
constraints of linear models in handling complex non-linear environmental interactions
under imbalanced priors, accommodating this severe loss of recall in LR was not prior-
itized. Therefore, to capture a sufficiently large distribution of non-fire environmental
conditions in the feature space without excessively degrading model sensitivity, we deter-
mined the 1:2 sampling ratio to be the optimal configuration, primarily based on the robust
performance of RF and SVM [29,30]. Under this configuration, these non-linear models
maintained relatively stable and balanced performance while successfully suppressing
systematic spatial overestimation.
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Figure 2. Changes in the classification performance of three machine learning models under different
positive-to-negative sampling ratios: (a) RF; (b) SVM; (c) LR.

3.2. Machine Learning Models
3.2.1. Random Forest

The discrimination of fire occurrence is inherently a binary classification problem.
However, given that negative samples were under-sampled during the training phase
and the focus of this paper is on identifying the relative susceptibility background at a
regional scale, the model output is interpreted herein as a “relative fire susceptibility index”
rather than an absolute, calibrated occurrence probability. The continuous output ranging
from 0 to 1 is therefore used for relative ranking and spatial comparison among grid cells.
Because the fire driver attribution in Southwest China involves complex interactions among
multi-dimensional factors—including meteorology, topography, and human activities—the
RF algorithm was chosen to construct the fire susceptibility assessment model [31,32]. RF is
an ensemble machine learning algorithm based on multiple decision trees. It exhibits excel-
lent performance in handling high-dimensional data and complex non-linear relationships,
while also showing strong robustness to outliers and data noise [33–35].

3.2.2. Baseline Comparative Models: LR and SVM

To comprehensively evaluate the performance of the RF model in assessing fire sus-
ceptibility in Southwest China, this study selected Logistic Regression (LR) and Support
Vector Machine (SVM) as baseline comparative models.

LR is a classic binary classification algorithm based on the framework of generalized
linear models. It utilizes the Logistic function to map linear combinations of multiple
driving factors to the 0–1 interval, characterizing fire occurrence propensity. The LR model
boasts high computational efficiency and intuitive parameter interpretability, thus serving
as the performance benchmark for linear models in this study [36,37].

SVM is a supervised machine learning algorithm based on statistical learning theory.
Its core concept is finding the optimal classification hyperplane in the feature space that
maximizes the classification margin. When samples are non-linearly separable in their
original space, kernel functions can map features to higher-dimensional spaces to construct
non-linear classification boundaries. SVM possesses strong generalization capabilities in
handling complex non-linear classification problems, earning its selection as the non-linear
comparative model for this study [38,39].

By systematically comparing RF with linear (LR) and non-linear (SVM) models, the
discriminative capabilities of different algorithms in identifying spatial variations in fire
susceptibility under complex geographic conditions can be objectively assessed [40].
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3.3. Model Evaluation Metrics

For the continuous output results of the models, this study introduced the Receiver
Operating Characteristic (ROC) curve and its Area Under the Curve (AUC) to measure the
overall discriminative capability of the models across different classification thresholds [41].
A multi-dimensional evaluation system based on the confusion matrix was employed to
systematically quantify the classification accuracy and stability of RF and comparative
models in fire susceptibility discrimination. Accuracy, Precision, Recall, and F1-score were
selected as the core performance evaluation metrics [42]. Given that the model output is
interpreted herein as a relative fire susceptibility index, these metrics are primarily used to
compare the discriminative performance of different models rather than to evaluate the
level of absolute probability calibration.

Model hyperparameters were tuned by grid search within the training data. To ensure
computational reproducibility, the final RF model was configured with n_estimators = 200,
max_depth = 25, min_samples_split = 4, and random_state = 42.

To comprehensively evaluate the models’ discriminative performance and stability,
this study implemented a two-stage validation strategy. For the 2015–2018 modeling
dataset, stratified five-fold cross-validation was used only for an initial comparison of
algorithmic discrimination performance [43]. Because random splitting may still retain
spatiotemporal dependence among samples, these cross-validation metrics should not be
interpreted as fully independent evidence of generalization. Therefore, data from 2019 to
2024 were further used for cross-year transferability tests within the same spatial domain
to examine whether the spatial distribution patterns of fire susceptibility remained stable
across years. The optimal model trained previously was applied for susceptibility mapping.
The assessed high-susceptibility areas were spatially overlaid with the actual MOD14A1
fire points detected during the same period to calculate the fire point hit rate—a metric of
greater operational significance. This process served to verify the model’s robustness when
confronted with unknown years.

3.4. SHAP-Based Driving Factor Attribution Analysis

The Random Forest algorithm relies on a complex architecture integrating multiple
decision trees. Its internal decision-making process presents highly “black-box” charac-
teristics, making it difficult to directly reveal the marginal contributions and interaction
patterns of driving factors on fire susceptibility. To explain the internal decision logic of the
model, this paper introduced the SHAP analysis framework, which is based on cooperative
game theory [44,45].

By calculating the marginal contribution of each feature, the SHAP method expresses
the output results of complex machine learning models as an additive decomposition of
various influencing factors, thereby explaining the model’s decision-making process. For
any spatial grid sample x, the model output f (x) can be expressed as the sum of the model’s
expected output and the SHAP values of each feature. The expression of its additive
explanation model is shown in Equation (2).

f (x) = ϕ0 +
M
∑

j=1
ϕj (2)

where f (x) represents the model’s output value for sample x; ϕ0 is the expected value of
the model output; M is the number of driving factors inputted into the model (after multi-
collinearity testing, this study retained M = 11 variables); and ϕj signifies the contribution
value of the j-th feature to the model’s output result. When ϕj > 0, the variable exhibits a
positive effect on fire occurrence; conversely, it has a negative effect.
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3.5. Partial Dependence Plots and Multi-Factor Interaction Analysis

The SHAP framework focuses on local attribution at the discrete sample level. To
further quantify the average response trends of core fire-driving factors to the model output
across different value intervals, this paper introduced PDP. By marginalizing non-targeted
features, PDP approximately depicts the average marginal effect of targeted features on
the model’s output results [46]. However, it should be clarified that the statistical response
ranges identified in this study serve solely for statistical interpretation purposes and are
not considered physical thresholds in a strict sense.

Suppose the input feature set is divided into a target feature subset Xs and the re-
maining feature subset Xc. The partial dependence function f̂s(xs) of the target feature is
approximated using the empirical distribution of the training data, defined as Equation (3).

f̂s(xs) =
1
N

N
∑

i=1
f (xs, xic) (3)

where N is the total number of samples; xic is the value of the i-th sample on the feature
subset Xc. This study initially identified the non-linear statistical response ranges of
key environmental factors based on univariate PDP curves and then further introduced
two-dimensional partial dependence plots (2D-PDP). 2D-PDP can filter out the marginal
interference of single variables and smooth the bivariate joint distribution into a continuous
fire susceptibility response surface, thus analyzing the synergistic impacts under complex
multi-factor coupling conditions.

The PDP method relies on the assumption of feature independence. In scenarios where
features are highly correlated, the results may exhibit bias. Therefore, the patterns reflected
by PDP under relevant environmental variables represent statistical response modes be-
tween features and model outputs. PDP should be regarded as an auxiliary explanation
tool alongside SHAP, rather than being over-interpreted as direct causal inference. This
study combined SHAP analysis results with PDP curves for cross-verification to enhance
the robustness of the explanatory findings.

SHAP and PDP are used here to interpret the statistical response structure learned
by the model. Their outputs should not be over-interpreted as direct evidence of causal
mechanisms or universally transferable physical thresholds.

3.6. Spatial Autocorrelation Analysis

Natural environmental factors and human activities typically exhibit distance decay
and local homogeneity characteristics in space. This study introduced the Global Moran’s I
and Local Indicators of Spatial Association (LISA) to conduct a spatial topological structure
analysis of the relative fire susceptibility index output by the model [47]. This method is
primarily used to quantify the macro-scale clustering patterns of the output results and
identify the boundaries of cold and hot spots. It provides a qualitative reference from a
geographical perspective for regional joint prevention and control, rather than serving as
an independent validation metric for assessing model accuracy.

The calculation formula for the Global Moran’s I index is shown as Equation (4).

I =
n∑n

i=1 ∑n
j=1 wij(xi−x)(xj−x)(

∑n
i=1 ∑n

j=1 wij

)
∑n

i=1(xi−x)2 (4)

where n is the number of spatial units; xi and xj represent the fire susceptibility assessment
values of grids i and j, respectively; x is the mean susceptibility value; wij is the element of
the spatial weight matrix. This study employed the Queen first-order contiguity rule to de-
fine spatial adjacent relationships and performed calculations on the yearly average spatial
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inference results of susceptibility. Statistical significance was evaluated by calculating the
Z-score and p-value through a Monte Carlo permutation test.

4. Results
4.1. Comparative Evaluation of Model Classification Performance

Based on the modeling dataset from 2015 to 2018, this study employed stratified
five-fold cross-validation to quantitatively assess the discriminative performance of three
algorithms: LR, RF, and SVM. The results of this phase were primarily used to horizon-
tally compare the fitting capabilities of different algorithms regarding fire susceptibility
characteristics, facilitating the selection of the optimal modeling algorithm.

According to the ROC curves in Figure 3, the ROC curve for RF is positioned above
those of the other two baseline models, with an AUC value of 0.9167, indicating a relatively
higher discriminative performance on the available samples. However, it should be clari-
fied that because fire samples exhibit strong continuity in both time and space, traditional
random cross-validation may produce a certain degree of overestimation due to sample
similarity. Consequently, this AUC score is strictly utilized to establish a relative perfor-
mance comparison among the three baseline models. The framework’s true generalization
capacity and operational reliability are subsequently quantified by the spatial hit rate of
actual fire occurrences falling within the designated susceptibility levels.

Figure 3. Comparison of ROC curves for three fire susceptibility assessment models.

Further analysis of various core evaluation metrics reveals statistical results as shown
in Table 3. RF exhibited optimal comprehensive performance, achieving an accuracy of
85.01% and an F1-score of 76.70%, thereby realizing a sound balance between precision
and recall.

Table 3. Comparison of comprehensive performance of different fire susceptibility assessment models.

Model Accuracy Precision Recall F1-Score AUC Value

LR 75.77% 67.85% 51.98% 58.85% 0.8246
SVM 81.19% 74.77% 65.77% 69.98% 0.8757
RF 85.01% 79.61% 74.00% 76.70% 0.9167

Integrating the multi-dimensional evaluation metrics based on the confusion matrix
and the AUC value from the ROC curves, RF was designated as the modeling algorithm
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for the subsequent spatial deduction of fire susceptibility and in-depth deconstruction of
key drivers in Southwest China.

4.2. Global Attribution Analysis of Fire Susceptibility Drivers

By calculating the marginal contribution of each feature under all feature combi-
nations, the SHAP algorithm indicates the relative contributions of fire-driving factors
within complex non-linear models. Compared to the limitations of traditional tree models,
which evaluate feature importance solely based on metrics like Gini Impurity, SHAP real-
izes a ranking of feature importance and illustrates their positive or negative impacts on
susceptibility results.

The global contribution ranking bar chart (Figure 4a) indicates that soil moisture,
maximum temperature, elevation, and population density are the top four in importance.
Soil moisture and maximum temperature occupy the first two spots, illustrating that fuel
moisture status and thermal conditions contribute most significantly in statistical terms to
the model output. As shown in Figure 4b, high values of soil moisture are concentrated
in the negative SHAP interval, presenting a negative impact; high-temperature samples
are predominantly distributed in the positive interval, presenting a positive impact; low-
altitude areas contribute positively to fire susceptibility impacts, while high-altitude areas
shift toward negative impacts; high-value samples of population density correspond to
higher positive SHAP contributions, presenting a positive impact.

Figure 4. Global SHAP attribution analysis of fire susceptibility drivers in Southwest China (a) bar
graph (b) beeswarm plot.

The significantly higher SHAP contributions of these four factors relative to the remain-
ing variables indicate their relatively prominent positions within the model’s explanatory
framework and their considerable impact on the spatial distribution of fire susceptibility.

4.3. Fire Susceptibility Response Characteristics of Fire-Driving Factors

The global importance ranking bar chart and beeswarm plot ascertained the overall
contribution differences and impact directions of individual factors; however, they cannot
identify the specific driving trajectories of these variables across different intervals on the
model output. Extracting the top four globally important factors—soil moisture, maximum
temperature, elevation, and population density—partial dependence plots were drawn for
these core impact factors (Figure 5) to further analyze their complex, non-linear influence
variation laws.
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Figure 5. The local nonlinear response characteristics of fire susceptibility to the core driving factors
(a) soil moisture; (b) maximum temperature; (c) elevation; (d) population density.

Soil moisture (Figure 5a) exhibited steep negative characteristics. When it was below
approximately 0.35 m3/m3, fire susceptibility entered a high-susceptibility response range,
indicating that surface drought serves as a distinct correlated background for heightened
fire susceptibility. Upon breaching this response interval, susceptibility rapidly declined
as moisture increased. This demonstrates that surface drought is the most significant
fire-driving factor statistically associated with elevated fire susceptibility.

Maximum temperature (Figure 5b) displayed a phased upward trend. In lower
numerical intervals under 20 ◦C, its positive association with fires was relatively faint,
suggesting that meteorological conditions at this stage are insufficient to significantly
promote conditions favorable for fire occurrence. Once maximum temperatures surpassed
the potential statistical response range of 20 ◦C, the fire susceptibility curve showed a rapid
increasing trend.

From an elevation perspective (Figure 5c), elevated susceptibility was primarily con-
centrated within the 800–2000 m interval, peaking prominently near 1500 m. When eleva-
tion exceeded 2500 m, susceptibility decreased sharply and stabilized at low levels.

At lower levels, population density (Figure 5d) displayed clear positive promotional
effects, illustrating that human activities are positively correlated with higher susceptibility
to fire source occurrences. However, in densely populated areas, the growth in susceptibility
gradually flattened out due to changes in fire prevention and suppression management
and land-use modalities [48].

The partial dependence plots of the above four driving factors illustrate that fire suscep-
tibility possesses significant non-linear sensitivity toward key environmental factors and hu-
man activity variables, forming distinct statistical response ranges across specific intervals.

4.4. Interactive and Coupled Effects of Core Driving Factors

Fire occurrence is the result of the statistical interactions of extreme meteorology,
topography, and human activities. This study further integrated SHAP feature dependence
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plots and two-dimensional partial dependence plots to meticulously analyze the mutual
impacts when these factors are superimposed.

As discernible from Figure 6, conditional dependencies exist among fire-driving factors
in Southwest China. Taking the core moisture-heat combination of maximum temperature
and soil moisture as an example, in Figure 6a,b, the correlation intensity between high
temperature and susceptibility was perceptibly moderated by soil moisture. Under arid
environments, escalating temperatures were significantly associated with higher relative
fire susceptibility; conversely, in humid environments, the impacts induced by warming
were substantially weakened.

Figure 6. SHAP dependence plots of feature interactions: (a) maximum temperature and soil moisture;
(b) soil moisture and maximum temperature; (c) elevation and soil moisture; (d) population density
and elevation.

As shown in Figure 6c, in the low-to-mid altitude zones of 1000–2000 m, lower hu-
midity readily created ranges associated with elevated susceptibility for fires, whereas in
high-altitude areas, even if the environment was arid, fire susceptibility did not exhibit
marked elevations. This elucidates that elevation can govern the response relationship be-
tween humidity and fire susceptibility by altering local hydrothermal conditions, reflecting
an environment-constrained statistical interaction.

Figure 6d portrays the superimposed effects of population density and elevation. The
fire-promoting role of human factors was principally concentrated in low-to-mid altitude
zones; in high-altitude terrains exceeding 3000 m, the fire-promoting impacts of equivalent
scales of population activity were significantly suppressed.

Coupled with the two-dimensional partial dependence plots (Figure 7), the statistical
response ranges for fire susceptibility driving factors in Southwest China were further
analyzed. The joint response surface (Figure 7a) suggests that higher model outputs
were concentrated in a dry-hot statistical response range characterized by relatively high
maximum temperature (above 25–30 ◦C) and low soil moisture (below 0.35 m3/m3). Under
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low-temperature and high-humidity conditions, fire susceptibility established a range
associated with reduced susceptibility (below roughly 0.20), signifying that moist and
cold environments negatively associate with burning conditions. These values should be
interpreted as statistical response ranges within the fitted model rather than as universal
physical thresholds for fire occurrence.

Figure 7. Two-dimensional partial dependence plots of key feature interactions: (a) soil moisture and
the maximum temperature; (b) maximum temperature and elevation; (c) soil moisture and elevation;
(d) elevation and population density.

Integrating Figure 7b–d, it becomes evident that elevation has distinct interactive
response intervals with maximum temperature, soil moisture, and population density.
Generally, elevation exerts a discernible attenuating effect on the driving roles of these
meteorological and anthropogenic factors. The strong positive associations of high tem-
peratures, droughts, and moderate human activities on fires were largely consolidated
in low-altitude zones below 1500 m. Once elevation transcended 2500 m, even if the en-
vironment remained hot, dry, or subjected to human interference, fire susceptibility was
significantly constrained (usually <0.30). This manifests that fire occurrence is associated
with the superimposition of multi-dimensional factors; only when these factors collectively
form high-response intervals do they constitute the core background conditions for fire
occurrences in Southwest China.

Synthesizing the results from both types of plots, it is evident that fire susceptibility
in the study area is not dominated by a single factor but rather exhibits multi-factor
non-linear statistical interactions formed by the joint effects of meteorological factors,
topographical factors, and human activities. The combined application of SHAP feature
dependence plots and two-dimensional partial dependence plots qualitatively reveals
the conditional dependence trends of fire-driving factors and quantitatively analyzes the
statistical response ranges of composite fire-driving factors within the statistical model.
This approach improves the statistical interpretability of the data-driven fire susceptibility
assessment model to a certain extent.
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4.5. Spatiotemporal Distribution Characteristics of Fire Susceptibility in Southwest China

The output results of the Random Forest model constructed in this study are rel-
ative fire susceptibility indices on a daily scale. To reveal the overall background pat-
tern and seasonal differentiation characteristics of relative fire susceptibility indices in
Southwest China from a macro-temporal scale, a “compute-then-aggregate” operational
strategy was adopted. Specifically, the daily relative fire susceptibility indices during the
2019–2024 testing period were temporally aggregated by calculating the arithmetic mean
for each 5 km grid cell. Subsequently, the Natural Breaks method was applied specifically
to this pooled, multi-year averaged susceptibility layer to derive the global unified classifi-
cation thresholds. This fixed statistical response threshold was partitioned into five tiers:
Very Low, Low, Moderate, High, and Very High. Employing a globally fixed threshold is
sufficiently motivated by the necessity to guarantee strict scale consistency and numerical
comparability when calculating areal proportions and fire hit rates across disparate years.

According to the comparison results in Figure 8, the high fire susceptibility areas in
the study region display prominent local clustering traits spatially, maintaining relatively
steady spatial contours overall. However, influenced by interannual climate fluctuations,
the boundaries of highly susceptible patches also experienced varying degrees of shrinkage
and expansion each year. The orange and red patches representing high and very high
susceptibility were predominantly located in central-southern Yunnan, southern Guizhou,
and areas around the Hengduan Mountains. Sporadic high-susceptibility patches also
existed along the fringes of the Sichuan Basin and in hilly terrains with relatively dense
human activities and agriculture-forestry ecotones.

Figure 8. The background and pattern of susceptibility levels for fire hazards in the southwestern
region from 2019 to 2024 (maps (a–f) represent the period from 2019 to 2024 respectively).

To test the classification efficacy of the model regarding fire susceptibility in Southwest
China, this study conducted statistical validation on the spatial correspondence between
actual fire points and susceptibility levels; the statistical findings are presented in Table 4.
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Table 4. Annual proportions of regional area and actual fire occurrences relative to the total fire
occurrences across detailed fire susceptibility levels from 2019 to 2024 (%).

Fire Susceptibility Class Proportion (%) 2019 2020 2021 2022 2023 2024

Very Low Fire Points 3.30 5.32 3.69 4.62 2.75 3.77
Area 29.93 31.18 28.36 30.01 28.85 30.24

Low
Fire Points 8.57 10.74 8.41 13.41 10.28 8.32

Area 22.20 22.50 19.17 21.27 24.14 19.16

Moderate
Fire Points 22.17 15.73 21.31 17.01 24.93 18.95

Area 21.51 17.42 23.31 17.39 21.07 20.73

High Fire Points 47.09 47.52 47.96 41.70 45.21 49.43
Area 21.24 23.20 23.86 26.27 20.76 24.77

Very High Fire Points 18.87 20.68 18.63 23.25 16.83 19.52
Area 5.13 5.70 5.30 5.06 5.18 5.10

As detailed in Table 4, the model results exhibited consistent spatial matching features
across the cross-year transferability dataset from 2019 to 2024. Higher fire susceptibility
levels corresponded to larger proportions of actual fire points within smaller regional areas,
while the reverse was true for lower susceptibility levels. As illustrated in Figure 9, the
proportion of actual fire points falling within the High and Very High susceptibility levels
ranged from 62.04% to 68.95%, whereas the corresponding regional area occupied by these
two levels accounted for 25.94% to 31.33%. In contrast, the Low and Very Low susceptibility
levels accounted for approximately 50% of the total regional area but contained less than
20% of the actual fire points. This difference in proportions indicates the RF model’s capabil-
ity to differentiate areas of higher fire susceptibility from the broader regional background,
maintaining its spatial discriminative performance across years. Because the test period
shares the same spatial domain as the training data, these results should be interpreted as
evidence of cross-year transferability rather than full spatiotemporal independence.

Figure 9. Histograms of regional area proportions and proportions of fire points within aggregated
fire susceptibility levels from 2019 to 2024: (a) High susceptibility levels (High + Very High); (b) Low
susceptibility levels (Low + Very Low).

Contrasting with the interannually stable susceptibility contours shown in Figure 8, the
four-season fire susceptibility tier distributions illustrated in Figure 10 exhibited substantial
differentiation. Seasonal results based on daily aggregation indicated that spring is the
peak season for regional fires, with highly susceptible domains widely covering the core
areas of central-southern Yunnan and southern Guizhou. During summer, influenced by
the humidification of the Southwest Monsoon, the region’s overall susceptibility levels
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decreased significantly. Over the autumn and winter seasons, as precipitation dwindled
and vegetation withered, the spatial proportion of high-susceptibility domains gradually
surged once more, laying down the cumulative background for the spring’s peak outbreaks.

Figure 10. Four-season fire susceptibility background patterns in Southwest China from 2019 to 2024:
(a) spring, (b) summer, (c) autumn, and (d) winter.

4.6. Spatial Autocorrelation and Cold/Hot Spot Clustering Features of Fire Susceptibility

Across multiple temporal scales, this study employed spatial statistical methods to
systematically scrutinize the spatial structural attributes and temporal stability of fire
susceptibility from 2019 to 2024. The interannual Global Moran’s I indices, computed uti-
lizing the Queen contiguity weight matrix, fluctuated around roughly 0.75 across the years
(Figure 11). The mean Z-score was 330.10, which passed the statistical significance testing
(p < 0.01, Z-score > 2.58). It should be clarified that while a Moran’s I of ~0.75 indicates a
relatively strong correlation rather than a perfect one, the unusually high Z-scores (e.g.,
~330) are mathematically driven by the exceptionally large sample size (N) of the 5 km
grid cells across the study area [49]. In spatial statistics, such a massive N dramatically
reduces the variance, yielding extreme Z-scores that reflect absolute statistical confidence
rather than an overestimation of the spatial correlation strength. This indicates that fire
susceptibility consistently exhibits a significant positive spatial autocorrelation [50], with
modest interannual variation magnitudes.

The spatial clustering patterns of cold and hot spots in the LISA local clustering
outcomes (Figure 12) intuitively convey the macro-scale clustering distribution of fire
susceptibility. Evaluating spatial association traits, the study region exhibited significant
spatial heterogeneity and contiguous clustered patterns. In the low-altitude terrains of
central-southern Yunnan and southern Guizhou, coupled with the dry-hot valley ecotones
strongly affected by foehn effects around the Hengduan Mountains, large, continuous
“High-High” significant clustering zones (i.e., hot spots) were observed. Conversely, the
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majority of the Western Sichuan Plateau and high-elevation areas of northwestern Yunnan
exhibited stable “Low-Low” significant clustering tracts (i.e., cold spots). Spatial outliers
marked “High-Low” and “Low-High” constituted a minor proportion of the entire study
area, distributed sporadically along abrupt elevational transition zones bordering hot and
cold spots or within localized anomalous microclimates.

Figure 11. The inter-annual variation in the Moran’s I index for fire susceptibility.

Figure 12. Cluster distribution of local spatial autocorrelation (LISA) of fire susceptibility in the south-
western region from 2019 to 2024 (maps (a–f) represent the period from 2019 to 2024 respectively).

In summary, spatial autocorrelation analysis was used to characterize the geographic
organization of the susceptibility surface, rather than to provide an independent measure
of prediction accuracy. The contiguously clustered hot and cold spots clearly define the
geographical boundaries separating high and low susceptibilities. This phenomenon
likely reflects the spatial continuity of underlying driving factors such as meteorology and
topography, providing intuitive macro-scale pattern references for regional collaborative
defense and control management.
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5. Discussion
5.1. Sample Configuration Strategy and Model Applicability

Fire events exhibit extreme geographic sparsity. This study adopted a 1:2 positive-to-
negative sample training strategy, which fundamentally represents a compromise between
preserving the model’s identification capability and maintaining class priors. As demon-
strated in the multi-model sensitivity analysis, this configuration maintains a relatively
high recall rate while avoiding extreme classification rigidity caused by severe class im-
balance. Because negative under-sampling alters the class prior in the training set, the
model output should not be interpreted as a calibrated probability. Model comparisons
revealed that RF demonstrated superior overall performance with an AUC of 0.9167, as
it is relatively effective at handling complex non-linear interactions among diverse en-
vironmental variables, and it maintained fire point capture rates of 62.04–68.95% within
high-susceptibility districts. However, due to the inherent spatial dependence among the
5 km grid cells, these capture rates and the high AUC value may potentially be inflated
in the absence of Spatial Block Cross-Validation. The independent test conducted using
annual fire records from 2019 to 2024 indicates that the model exhibits relatively stable
cross-year transferability within the study domain. Because the cross-year transferability
test still shares the same spatial extent as the training data, these results should not be
interpreted as strict spatiotemporal dual-independent generalization capabilities.

5.2. Statistical Response of Key Fire-Driving Factors

Soil moisture, maximum temperature, elevation, and population density are the
key fire-driving factors associated with changes in fire susceptibility across Southwest
China. The combined analysis of SHAP and PDP results indicates that fire susceptibility
in the study area exhibits significant non-linear responses to wet-dry conditions, thermal
environments, topographic backgrounds, and proxy variables for human activities. Among
these factors, the combination of low soil moisture and higher maximum temperatures
corresponds to higher model outputs, indicating that it is statistically associated with
elevated regional fire susceptibility. Daily soil moisture practically reflects the long-term
results of the interaction between precipitation and evaporation to a certain extent; its deficit
severity signals a continuous decline in fuel moisture content, exhibiting pronounced
cumulative proxy attributes. NDVI similarly maps the cumulative state of vegetation
biomass. Intermediate elevation ranges show relatively higher susceptibility levels, whereas
lower and higher elevations generally correspond to reduced model outputs. This pattern
likely reflects the combined effects of vegetation distribution, climate gradients, and human
activity intensity along elevation gradients. Moderate population densities are associated
with increased susceptibility, whereas very high-density areas show a declining trend
in susceptibility, which may reflect intensive land development and more effective fire
prevention and suppression activities. When proxy variables such as population density
and elevation are involved, the model’s non-linear responses across different intervals
are likely co-moderated by unobserved confounding factors (such as land-use patterns,
vegetation types, and the intensity of anthropogenic fire suppression).

Although the model somewhat reflects the statistical convergence characteristics of
long-term cumulative environmental stress and concurrent instantaneous triggers (e.g.,
maximum temperature), the fire susceptibility assessment model developed in this study
performs a concurrent diagnosis rather than traditional future-tense forecasting. It evaluates
the relative fire susceptibility driven strictly by same-day environmental backgrounds, and
its statistical outputs substantively reveal the non-linear response characteristics of fire-
driving factors rather than strictly proven causal mechanisms.
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5.3. Spatial Clustering Characteristics of Fire Susceptibility

Global Moran’s I confirms that the model-identified fire susceptibility exhibits signifi-
cant positive spatial autocorrelation, indicating a non-random spatial distribution. LISA
analysis further reveals distinct “hot and cold spot” patterns. These local clusters delineate
the spatial organization of fire susceptibility, identifying regions where adjacent grids
exhibit similarly high or low susceptibility levels. It must be emphasized that Moran’s
I and LISA are employed solely to characterize the spatial organizational structure of
susceptibility, rather than to validate model performance. These spatial clustering insights
provide a critical geographical reference for cross-jurisdictional joint fire defense and re-
source allocation. Specifically, the delineation of local hotspots can assist decision-makers
in prioritizing fire monitoring, fuel management, and emergency preparedness at a broader
management scale.

5.4. Future Research Prospects

This study has made certain progress concerning macro-scale fire susceptibility assess-
ment and the statistical attribution of key drivers. Nonetheless, there is still room for further
improvement regarding data representation, methodology, and analytical interpretation.

Conceptually, because the daily explanatory variables were aligned with fire labels on
the same day, the framework functions as a concurrent susceptibility diagnosis rather than
strict forward-looking forecasting, and it does not discern the causal directionality between
influencing factors and fire occurrence within micro-scale contexts. Furthermore, although
the LOCF method preserves strict temporal causality for dynamic spatiotemporal matching,
it may introduce localized step-like discontinuities during periods of rapid phenological
transition, potentially reducing the temporal smoothness of seasonal vegetation dynamics.
Consequently, the response ranges identified by SHAP and PDP should be interpreted
as model-based statistical patterns rather than causal mechanisms or universal physical
thresholds. To mitigate the potential reverse causality inherent in same-day matching
and the interpretive ambiguity arising from the integration of temporally asynchronous
variables, future studies should incorporate time-lagged predictive features alongside
explicit long-term stress indicators (e.g., standardized drought indices). Such an approach
would help disentangle the effects of antecedent cumulative environmental stress from
those of immediate meteorological triggers, thereby reducing temporal confounding and
enhancing the interpretability of fire-driver relationships.

From a spatial and data resolution perspective, a 5 km grid facilitates the unification
of multi-source inputs, yet concurrently reduces the representational accuracy of micro-
topography, micro-scale wind vectors, and variations in localized human activities [51].
Restricted by sensor resolution constraints, it is also difficult to completely avoid omission
and commission errors with MODIS active fire products. Additionally, anthropogenic
factors like population density and road grids function primarily as long-term background
proxy factors in this paper, which is insufficient to capture short-term, dynamic distur-
bances like sporadic agricultural burns. In the future, integrating higher-resolution fire
point datasets, dynamic land-use maps, and near-real-time human activity data holds merit
for improving the accuracy of sample labeling and driving variables [52,53].

Methodologically, the current framework entails certain structural uncertainties in
variable representation and feature selection. First, although the scalar transformation of
aspect and wind direction reflects general solar radiation contrasts, condensing circular
orientations into a single scalar in highly heterogeneous terrains inevitably results in the
loss of fine-grained directional components. This heuristic encoding inherently restricts
the model’s behavior, and the interpretability of this feature is strictly confined to its role
as a proxy for hydrothermal exposure rather than a comprehensive representation of true
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geographic orientation. Accordingly, the SHAP and PDP outputs associated with aspect and
wind direction should be interpreted as statistical responses to the encoded hydrothermal
exposure gradient rather than as complete representations of true directional effects. Second,
while VIF filtering was deliberately utilized to prevent interpretation distortion in SHAP
and PDP analyses, its strict applicability as a selection criterion in non-linear modeling
contexts warrants further methodological scrutiny. Moreover, these structural choices
interact with underlying sample distributions to jointly shape the observed response
curves, which should not be interpreted as purely reflecting objective environmental
mechanisms. To address these uncertainties, subsequent efforts will comparatively evaluate
multi-dimensional encoding schemes (e.g., dual sin/cos vector transformations) to achieve
a more comprehensive representation of micro-environmental drivers and simultaneously
investigate the impacts on explanation robustness when highly collinear variables (such as
mean and maximum temperatures) are retained.

Furthermore, regarding validation and sample design, the stratified cross-validation
deployed herein primarily serves the preliminary comparison of baseline algorithms. Af-
fected by residual spatiotemporal dependence among samples, these metrics might yield
overly optimistic results. Although subsequent time-extrapolation tests partially address
this issue, such dependencies remain a structural constraint. To strictly decouple spatial de-
pendence and independently evaluate the model’s practical application capability in unseen
spatiotemporal environments, advanced protocols such as spatial block cross-validation
and temporal blocking will be implemented. During the construction of negative samples,
preliminary spatiotemporal screening rules should also be applied—excluding records from
time windows immediately before and after fire events, as well as omitting adjacent grids
surrounding fire locations on the ignition day—to further enhance methodological rigor.

Ultimately, integrating this data-driven model with mechanistic fire behavior process
models, comprehensive ecogeographical analyses, and prolonged observational archives
will be essential to cross-validate key response intervals and interaction relationships. Lastly,
as this study focuses on evaluating the relative susceptibility governing fire ignitions, it has
not yet incorporated exposure, vulnerability, and prevention/control capacities. If future
research integrates information on population, infrastructure, ecological vulnerability, and
fire suppression resources, the study could be extended from a single susceptibility analysis
to a comprehensive regional risk assessment, which would ultimately enhance the applica-
tion value of the research findings in early warning support and zoned governance [54].

6. Conclusions
This study developed a fire susceptibility assessment framework for Southwest China

by integrating imbalanced sampling, machine-learning-based discrimination, and explain-
able analysis. Compared with LR and SVM, RF showed stronger discrimination perfor-
mance on the available samples and produced a relatively stable spatial pattern of fire
susceptibility tiers across different years within the same study region.

The interpretability analysis indicates that maximum temperature, soil moisture,
elevation, and population density were key predictors in the fitted model. Their response
patterns suggest that elevated susceptibility tended to occur under relatively dry and warm
conditions, especially in low- to mid-elevation areas. These findings should be interpreted
as statistical attribution results derived from the fitted model rather than as direct evidence
of underlying physical causal mechanisms.

Overall, the proposed framework is suitable for macro-scale fire susceptibility assess-
ment and spatial prioritization under observed environmental conditions, but further work
is still needed on spatially independent validation, lagged predictor design, and probability
calibration before it can be extended to strict forecasting applications.
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