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Featured Application

The proposed framework supports reliable conditioning factor selection and reduction in
regional landslide susceptibility mapping, providing a practical basis for hazard screening
and land use planning.

Abstract

Conditioning factor reduction can decrease redundancy and modelling complexity in
landslide susceptibility mapping. These factors describe the environmental conditions
associated with slope instability. Statistical screening, redundancy diagnostics, importance
rankings and internal validation do not establish that the remaining conditioning factors
can be safely removed. Whether aggressive reduction preserves the environmental infor-
mation required for reliable regional landslide susceptibility mapping therefore remains
uncertain. This study developed an integrated framework for evaluating the reliability of
conditioning-factor reduction in the Hualong—Xunhua region of the Upper Yellow River,
China, combining statistical diagnostics, model interpretation, GeoDetector analysis, and
random and spatial validation. The compact system selected during development was
further compared with the complete system using a reserved evaluation subset, followed by
regional susceptibility mapping and spatial comparison. The results showed that, first, pre-
cipitation showed weak univariate but strong model and interaction evidence, illustrating
their complementarity. Second, Top5, comprising normalised difference vegetation index
(NDVI), distance to rivers, precipitation, lithology and terrain ruggedness index (TRI), met
development criteria: mean area under the receiver operating characteristic curve (AUC)
values were 0.866 under random validation and 0.846 under spatial validation, compared
with 0.875 and 0.853 for the complete 17-factor system (Full17), respectively. Third, in the
post-selection reserved comparison, mean AUC was 0.865 for Top5 and 0.895 for Fulll7,
with paired uncertainty supporting this decline; favourable development performance did
not ensure reliable substitution. Finally, Full17 was retained for final mapping; absolute
score differences greater than 0.10 covered 32.02% of mapped area, indicating potential
spatial information loss. Similar predictive performance did not imply spatial equivalence.
These findings show that factor reduction requires evaluation of predictive performance,
generalisation, model dependence, and spatial information preservation.

Keywords: landslide susceptibility; conditioning factor selection; factor reduction; spatial
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1. Introduction

Landslides are among the most widespread geological hazards in mountainous re-
gions, posing persistent threats to settlements, transportation infrastructure, and land-use
activities. Landslide susceptibility mapping estimates where slope failures are more likely
to occur under a given set of terrain and environmental conditions, without explicitly
considering their timing or magnitude, and thus provides an important basis for regional
screening, spatial planning, and disaster reduction [1-3]. Conditioning factors are environ-
mental variables describing the background conditions associated with slope instability;
triggering events, such as intense rainfall or earthquakes, initiate failure under those condi-
tions. With the growing availability of remote-sensing products, geographic information
systems, and multi-source environmental datasets, data-driven susceptibility assessment
has progressively shifted from heuristic and conventional statistical approaches towards ma-
chine learning methods capable of capturing complex and nonlinear associations between
mapped landslides and their surrounding environments [4-6]. Nevertheless, increasingly
sophisticated algorithms do not necessarily produce more reliable susceptibility estimates.
Model outcomes remain sensitive to the quality and spatial representation of landslide
inventories, the construction of pseudo-absence samples, the composition of conditioning
factor systems, and the validation strategies used to assess predictive performance [7,8].

Regional landslide susceptibility models commonly integrate topographic, geological,
hydrological, climatic, vegetation, and anthropogenic variables to represent the heteroge-
neous environmental conditions associated with slope instability in complex mountainous
terrain [9-11]. Machine learning studies have compared tree-based and other data-driven
algorithms across contrasting landslide settings [5,12]. As the number of input variables
increases, however, multicollinearity, information redundancy, weakly informative factors,
and modelling complexity may also increase. Consequently, statistical screening, redun-
dancy diagnostics, feature-selection methods, and model-based importance measures have
been widely employed to identify more compact conditioning-factor subsets [1,7,13-15].
Feature-selection studies have compared alternative screening rules within XGBoost [13],
while factor-removal experiments have shown different performance responses among tree
and ensemble models [15]. Inventory completeness and the construction of landslide-reference
and comparison samples can also materially influence susceptibility estimates [16-18]. Factor
reduction may retain or improve predictive performance when genuinely redundant or
weakly informative variables are removed; however, excessive reduction can also yield only
marginal gains or reduce performance when complementary information is discarded, and
factor rankings may vary across study areas, algorithms, and selection procedures [4,5,7].
This inconsistency highlights an important distinction: a factor may appear weak or re-
dundant when evaluated individually, yet still provide complementary information that
is spatially localised or arises from interactions within a multivariate model. Therefore,
identifying a small set of highly ranked factors is not equivalent to demonstrating that the
remaining factors can be safely removed.

Reliable evaluation of conditioning-factor reduction therefore requires more than
demonstrating comparable predictive performance under a single random split. Random
partitioning may place spatially adjacent or environmentally similar samples in both the
training and validation subsets, potentially producing optimistic estimates of model gen-
eralisation; spatially structured validation can provide a more conservative assessment
of regional transferability [19-22]. Moreover, similar aggregate predictive metrics do not
necessarily indicate equivalent susceptibility maps, because different models or factor
systems may produce systematic local overestimation and underestimation despite achiev-
ing comparable overall discrimination [6,18]. Nevertheless, the spatial consequences of
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reduced factor sets and the preservation of susceptibility score patterns have received
comparatively limited attention [1,4].

This study evaluates whether a compact conditioning factor system can adequately
represent the environmental information contained in a complete factor system in the
Hualong—Xunhua region of the Upper Yellow River, China. An integrated framework
combining statistical diagnostics, model interpretation, GeoDetector analysis, repeated
random cross-validation, and spatial block cross-validation was developed to construct and
evaluate candidate factor systems. The compact system selected during development was
further compared with the complete system using a reserved evaluation subset. Regional
landslide susceptibility mapping was then conducted using an ensemble of machine learn-
ing models, and the susceptibility maps produced by the two factor systems were compared
to evaluate the spatial information associated with factor reduction. The results of this
study can provide a methodological reference for conditioning factor selection, validation
design, and factor reduction strategies in regional landslide susceptibility mapping.

2. Data and Methods
2.1. Study Area

The study area covers Hualong Hui Autonomous County and Xunhua Salar Au-
tonomous County in eastern Qinghai Province, China, and is located in the upper
reaches of the Yellow River (Figure 1). The vector boundary encompasses approximately
4526.38 km?. The region is characterised by strongly dissected mountain-valley terrain,
pronounced topographic gradients, heterogeneous lithological conditions, and intensive
interactions among river incision, surface cover, and human activities. These environ-
mental contrasts generate marked spatial heterogeneity in the terrain and environmental
conditions associated with slope instability. Such heterogeneity also provides an appro-
priate regional setting for examining whether a compact conditioning factor system can
adequately represent the information contained in a broader multi-source factor system. A
total of 281 landslide polygons were mapped within the study area and used as the basis
for subsequent sample construction and susceptibility modelling. The location, topography,
administrative setting, and spatial distribution of the mapped landslides are shown in
Figure 1. A recent study of the Xunhua-Hualong basin reported a mean annual precip-
itation of approximately 366 mm, with more than 80% of the annual total concentrated
from May to September, indicating a pronounced seasonal concentration of rainfall in the
study region [23]. The official intensity assessment of the 18 December 2023 Jishishan
magnitude-6.2 earthquake placed parts of both counties in intensity-VII zones [24]. Mean
annual precipitation and distance to faults describe climatic and structural conditioning.
Because event dates were unavailable for the inventory, event-specific attribution was
not assessed.

2.2. Data and Sample Construction

Sample construction provides consistent landslide-reference and comparison locations
for evaluating conditioning factors and susceptibility predictions. One reference point per
mapped polygon avoids disproportionate contributions from larger landslides.

Alandslide inventory was compiled by manually identifying and delineating landslide
polygons from Sentinel-2 optical imagery acquired during the summer of 2025. The prin-
cipal visible and near-infrared bands have a nominal resolution of 10 m. High-resolution
Google Earth imagery was used as an auxiliary reference for cross-checking during inven-
tory interpretation. Sentinel-2 data were accessed and processed through the Google Earth
Engine platform [25,26]. The geometric centroid of each polygon was extracted, yielding
281 landslide-reference samples, with one sample per polygon. Because locations without
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mapped landslides cannot be assumed to represent confirmed stable terrain, comparison
samples were defined as pseudo-absence rather than non-landslide samples [27]. A 500 m
exclusion buffer was constructed around the landslide reference points, and a minimum
inter-point distance of 90 m, equivalent to three 30 m analysis cells, was imposed to reduce
immediate neighbourhood effects and local clustering. A total of 281 pseudo-absence points
were randomly generated outside the exclusion buffers using a fixed random seed of 42.
The resulting balanced dataset contained 562 records, comprising 281 landslide-reference
samples and 281 pseudo-absence samples.
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Figure 1. Location, topography, and spatial distribution of mapped landslides in the Hualong-
Xunhua region, Qinghai Province, China.

Seventeen conditioning factors were assembled to represent the principal environ-
mental dimensions commonly considered in data-driven landslide susceptibility assess-
ment [1,4]. Their data sources, acquisition periods, and original spatial resolutions, process-
ing methods, and final grid are summarised in Table 1. Topographic, vegetation, and cli-
matic factors were derived from SRTM, Sentinel-2, and CHIRPS data, respectively [25,28,29].
Land-cover data were obtained from ESA WorldCover v200 [30]. River and road data were
obtained from HydroRIVERS and OpenStreetMap, respectively [31,32], whereas lithology
and fault data were obtained from the National Geological Archives of China. Terrain
factors include elevation, slope, sine- and cosine-transformed aspect, plan and profile
curvature, relief, terrain ruggedness index (TRI), topographic position index (TPI), and
topographic wetness index (TWI). All factor layers were projected to WGS 84/UTM Zone
48N (EPSG:32648) and aligned at 30 m to the elevation reference grid. This resolution main-
tains the DEM-based terrain framework and aligns heterogeneous predictors. The aligned
CHIRPS layer retained the information scale of the original 0.05° product. Continuous DEM,
Sentinel-2 red /near-infrared, and annual CHIRPS rasters used bilinear interpolation. Ter-
rain derivatives were computed from the aligned DEM; NDVI was calculated from aligned
bands and composited by the July 2025 pixel-wise median, and precipitation was averaged
over 2015-2024. WorldCover and image quality masks used nearest-neighbour resampling.
Lithology used categorical rasterisation; river, fault, and road vectors were rasterised before
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distance transformation. These operations distinguish continuous interpolation from class-
preserving and vector processing [33]. Lithology and land cover were treated as categorical
variables, whereas the remaining factors were treated as continuous variables.

Table 1. Data sources and spatial characteristics of the conditioning factors.

. Original . . .
Factor Category Data Source Time Resolution Processing/Final Grid
Elevation Topographic USGS SRTM 30 m DEM - 30 m Bilinear/30 m
Slope, sine- and
cosine-transformed .
. Derived from USGS s
aspect, plan curvature, Topographic SRTM 30 m DEM - 30m DEM derivatives/30 m
profile curvature, relief,
TRI, TPI, and TWI
Normahzgd d}fference . Sentinel-2 Level-2A Bilinear bands; median
vegetation index Vegetation . July 2025 10 m
surface-reflectance imagery NDVI/30 m
(NDVI)
. . National Geological . Categorical
Lithology Geological Archives of China - 1:500,000 rasterisation/30 m
Meap zfmn'ual Climatic CHIRPS' V'Z.O gnnual 2015-2024 0.05° Bilinear; 10-year
precipitation precipitation mean/30 m
Land cover Land-surface ESA WorldCover v200 2021 10 m Nearest3r(;erlr:ghbour/
. . . HydroRIVERS Version 1.0, Rasterise;
Distance to rivers Hydrological Central and South-East Asia tile October 2019 Vector distance /30 m
. . National Geological Rasterise;
Distance to faults Geological Archives of China - Vector distance /30 m
. . Geofabrik Qinghai OSM snapshot: Rasterise;
Distance to roads Anthropogenic OpenStreetMap road extract 3 June 2026 Vector distance/30 m

2.3. Multi-Source Evidence Framework for Factor Evaluation

Factor analysis was organised as a staged evidence framework rather than as a single
automatic screening procedure. An initial descriptive analysis was conducted before the
70:30 split using the complete 562-sample factor table to characterise sample group contrasts.
For the 15 continuous factors, differences between landslide-reference and pseudo-absence
samples were evaluated using two-sided Mann—-Whitney U tests [34], with the resulting
15 p values adjusted using the Benjamini-Hochberg false-discovery-rate procedure [35].
Because statistical significance alone does not indicate the magnitude of group separation,
Clift’s delta was also calculated, with positive values indicating higher factor values among
landslide-reference samples; absolute delta values of <0.147, 0.147-0.329, 0.330-0.473, and
>0.474 were interpreted as negligible, small, medium, and large effects, respectively [36,37].
Lithology and land cover were treated as categorical variables, and their associations with
the binary sample label were evaluated using Pearson’s chi-square test and Cramér’s V.
Because both contingency tables contained sparse categories and violated conventional
expected-frequency assumptions, empirical p values were estimated from 10,000 random
permutations of class labels using a fixed random seed of 42, with class balance and category
frequencies preserved in every permutation. These analyses based on the full sample were
treated as descriptive evidence within the factor diagnostic framework rather than as model
performance estimates or automatic criteria for factor removal. For factor selection, the
contrast, categorical-association, correlation, and variance-inflation analyses were repeated
using only the 393 development samples. The corresponding development-only diagnostics
are reported separately in Section 3.1.

Potential redundancy among the 15 continuous factors was assessed using Pearson
and Spearman correlation coefficients. Factor pairs with an absolute Pearson coefficient or
Spearman rank correlation coefficient of at least 0.70 were identified as strongly associated.
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The variance inflation factor (VIF) was subsequently calculated for continuous factors only.
For the ith continuous conditioning factor, VIF was defined as follows:
1
VIF = 1)

where R;? is the coefficient of determination obtained by regressing the ith conditioning
factor against all remaining continuous factors. Larger VIF values indicate stronger mul-
ticollinearity among the conditioning factors. In this study, values greater than 10 were
considered indicative of potentially problematic multicollinearity [38]. Correlation and VIF
analyses were used to identify candidate redundancy structures and inform alternative
factor combinations rather than to perform automatic variable deletion. This strategy
was adopted because correlated conditioning factors may still provide complementary
information for tree-based models through nonlinear responses or factor interactions. There-
fore, redundancy diagnostics were incorporated as one component of the staged evidence
framework rather than being used as an independent criterion for factor exclusion.

After completion of the initial full sample diagnostics, the 562 samples were divided
through stratified random sampling into a development dataset containing 393 samples
and a reserved evaluation subset containing 169 samples using a fixed random seed of 42.
The development dataset contained 393 /562 samples (69.93%), including 197 landslide-
reference samples (50.13%) and 196 pseudo-absence samples (49.87%); the reserved subset
contained 169 /562 samples (30.07%), including 84 landslide-reference samples (49.70%) and
85 pseudo-absence samples (50.30%). The reserved subset was excluded from subsequent
model fitting, original-factor permutation importance, SHapley Additive exPlanations
(SHAP) analysis, GeoDetector analysis, threshold determination, and candidate evaluation
during development. However, because its factor values and labels had already contributed
to the initial full-sample contrast and redundancy diagnostics, it was not considered a
completely independent dataset for construction of the factor systems. Within the devel-
opment dataset, Random Forest, XGBoost, LightGBM, and CatBoost were trained using
repeated stratified five-fold cross-validation with five repeats, resulting in 25 validation
folds for each model [39-42]. These algorithms were compared to test model dependence of
factor reduction: Random Forest provides a bagged-tree baseline, XGBoost uses regularised
gradient boosting, and LightGBM and CatBoost provide distinct boosting implementations.
All data-dependent preprocessing was fitted separately within each training fold. Lithology
and land cover were one-hot encoded, and previously unseen categorical levels during
validation were handled by ignoring the corresponding encoded categories rather than
removing samples.

Two complementary model interpretation approaches were applied using the vali-
dation folds generated during development. First, grouped original-factor permutation
importance was estimated by jointly permuting all encoded columns belonging to each
original factor with the same row permutation within each validation fold and measuring
the resulting decrease in validation AUC. Thirty permutation repeats were conducted for
each original factor using a reproducible seed of 42 plus the internal split index. Negative
permutation values were retained, whereas non-negative values were normalised within
each fold before summarisation across validation folds and Base4 models. Second, SHAP
values were calculated using TreeExplainer for each fitted fold model on its corresponding
validation subset, and mean absolute SHAP values of encoded columns were aggregated
back to their original conditioning factors [43]. Within-fold normalised SHAP values and
rankings were summarised across validation folds and Base4 models. Both permutation
importance and SHAP were interpreted using consistency across folds and models rather
than individual model rankings. The integrated ranking averaged the cross-model mean
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permutation and SHAP ranks. Permutation-importance and SHAP analyses were based
exclusively on the development samples. GeoDetector was additionally applied only to
the 393-sample development dataset to evaluate differentiation at the factor level and
pairwise interactions [44,45]. Continuous factors were discretised into five strata based
on quantiles under the primary scheme, whereas lithology and land cover retained their
original categorical classes. For each factor, the q statistic used to quantify differentiation of
the binary sample labels among factor strata was calculated as follows:

Zk:] th}zl
—1-=h=1""""h 2
d No? @)

where h = 1, L denotes the strata of a conditioning factor, Ny, and 0,2 are the sample size
and variance of the binary sample labels within stratum h, respectively, and N and o are
the corresponding values for the entire development sample. The q statistic ranges from 0
to 1, with larger values indicating stronger explanatory power for the spatial differentiation
of landslide occurrence. Statistical significance was assessed using 5000 label permutations
followed by Benjamini-Hochberg correction across the 17 factor tests. Four- and six-
quantile discretisations were additionally used as sensitivity analyses for continuous-
factor stratification. Pairwise q statistics were calculated for all 136 combinations of the
17 conditioning factors. To correspond with the interaction gain reported in the results, the
gain for factors X; and X; was defined as follows:

Aqij =q(X ﬂXj) — max [q(Xi),q(Xj)] 3)

where q(X; N X;) represents the explanatory power of the interaction between factors X;
and Xj. A positive Ag;; indicates that their joint explanatory power exceeds that of the
stronger individual factor. Pairwise interactions were classified as independent, weakened,
bivariate enhancement, or nonlinear enhancement according to the implemented GeoDe-
tector interaction rules. Interactions were flagged as sparse when at least 25% of the joint
strata contained fewer than five samples and were excluded from primary interpretation.
GeoDetector results were interpreted as statistical differentiation within the development
dataset rather than as causal effects or landslide occurrence probabilities. These analyses
were integrated with the development-only diagnostics and model-interpretation results to
construct the candidate factor systems. Candidate definitions and thresholds were fixed
before model evaluation. Fixed model settings were used throughout the analysis: Random
Forest used 500 trees with square-root feature sampling; XGBoost used 500 estimators
with a maximum depth of 3, learning rate of 0.03, and subsample and column-sampling
ratios of 0.8; LightGBM used 500 estimators with 31 leaves, a learning rate of 0.03, and
subsample and column-sampling ratios of 0.8; and CatBoost used 500 iterations with a
depth of 4 and learning rate of 0.03. Class balancing was applied to Random Forest and
LightGBM, and a fixed random seed of 42 was used throughout. The overall analytical
workflow is summarised in Figure 2.

2.4. Factor Combination Design and Development Validation

Twelve candidate conditioning factor combinations were predefined for evaluation
during development. Fulll7 retained all 17 conditioning factors and served as the reference
system. Slope and TRI were both retained in Fulll7. Two 16-factor combinations (VIF
A16 and VIF B16) represented alternative treatments of the strong slope-TRI collinearity
pattern by excluding slope or TRI, respectively. Four Core combinations represented TRI-
and slope-based alternatives, with or without land cover, and were constructed from the
combined evidence provided by the preceding sample contrasts, redundancy diagnostics,
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permutation importance, SHAP analysis, and GeoDetector results. Top-N systems followed
the combined permutation and SHAP ranking; the development-only analysis yielded
the same order. Five progressively reduced Top-N systems contained 5, 8, 10, 12, and
15 factors, respectively. Top5 consisted of NDVI, distance to rivers, precipitation, lithology,
and TRI; Top8 additionally included distance to roads, slope, and cosine-transformed
aspect; Top10 further added distance to faults and TWI; Top12 added TPI and relief; and
Top15 further incorporated land cover, elevation, and profile curvature. The membership of
each candidate system was defined before model evaluation and is summarised in Table 2.

Phase I

Phase I1 Phase 111

Data preparation and preliminary
factor diagnostics

Conditioning factors
® Topography

Landslide inventory (SRTM DEM)

Development-stage factor evaluation
and candidate selection

- Generalisation assessment, mapping,
and spatial consequence analysis

|

Correlation and
multicollinearity

® Mann-Whitney U test
® Effect size

® Pearson / Spearman
® VIF

Full-sample descriptive diagnostics

. . ® Vegetation (NDVI) Stratified split Reserved-subset comparison
[ ] -2 (s & p
582151;]01 2 (summer ® Climate (CHIRPS) ° Devclopmem setn=393 _ _______1__ > (held out during development)
® Google Earth o Land cover ® Reserved subset: n = 169 _ Fulll7vsTops
008 ® Lithology, faults (held out during development) Metrics: AUC, F1, MCC, Brier
imagery ® Rivers, roads
Using development set only
Integrated dataset Final system retained for mapping: Full17
® 281 landslide polygons .
® 281 pseudo-absence samples Repeated random Spatlasl ?l?de cv
® 17 conditioning factors % 10 k( 'f ]3 "
@ 30 m aligned grid (5-fold x 5 repeats) g}ocm m
) Mean Ensemble susceptibility
l | | ma
v (RF + XGB + LGBM + CAT) / 4
Sample construction Base4 models Model
® 500 m exclusion buffer ® Random inter| ggt(;tion GeoDetector l
® 90 m minimum spacing Forest ° Pclr]mumtion ® Factorq
: i(l(jl?l(():)i;tM importance @® [nteraction q
l ® CatBoost ® SHAP Spatial comparison of Full17 and Top5

® Pearson, Spearman
I | | ® MAE, RMSE
T ® Absolute score differences
® Jaccard overlap (upper quartile)

Development-stage

Candidate factor selection criteria

systems
o Fulll? Ll oarc l
® VIF14, VIF16 ® MCC
: %ﬁsﬁf&s ® Brier score Final output
@ Parsimony rule

® Landslide susceptibility map
® Evaluation of the limits of aggressive
factor reduction

| —

Compact candidate selected: Top5
NDVI, distance to rivers,
precipitation, lithology, TRI

Figure 2. Technical roadmap.

All candidate systems were evaluated using only the 393-sample development dataset to
assess predictive performance across models and validation designs. Conventional predictive
performance was assessed using repeated stratified five-fold cross-validation with five repeats,
yielding 25 validation folds for each combination of model and factor system. Spatial generali-
sation was additionally evaluated using five-fold spatial block cross-validation [19,20]. The
393 development samples were grouped into 10 km x 10 km spatial blocks and allocated to
folds using StratifiedGroupKFold, with all samples from the same block retained within a
single fold. Training and validation sets therefore contained non-overlapping blocks within
each fold. The 10 km value denotes block side length rather than a minimum separation
distance, so samples in adjacent blocks could remain geographically close. The group-
ing strategy preserved block-level separation between training and validation data while
maintaining adequate sample availability and class representation across the five folds
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under the spatial validation design. This block size represented a study-specific practical
compromise between reducing local spatial dependence and maintaining sufficient spatial
groups and class representation for five-fold validation. Identical random and spatial folds
were used consistently across candidate systems to ensure direct comparability, and all
data-dependent preprocessing was fitted exclusively to the corresponding training subsets
before application to validation data.

Table 2. Definitions of the twelve candidate conditioning factor combinations.

Combination n Definition
Fulll7 17 All 17 conditioning factors
VIF Al6 16 Full17 excluding Slope
VIF B16 16 Full17 excluding TRI
Core TRI9 9 Top5 plus COSine_tra;:éodrE;i ?esrt)scle;fll/;ll, distance to roads,
Core Slope9 9 Core TRI9 with Slope replacing TRI
Core TRILC10 10 Core TRI9 plus Land cover
Core Slope LC10 10 Core Slope9 plus Land cover
Top5 5 NDVI, distance to rivers, precipitation, lithology, and TRI
Top8 8 Topb plus distance to roads, Slope, and cosine-transformed aspect
Top10 10 Top8 plus distance to faults and TWI
Top12 12 Top10 plus TPI and Relief
Top15 15 Top12 plus Land cover, Elevation, and Profile curvature

Random Forest, XGBoost, LightGBM, and CatBoost were collectively termed Base4 and
formed the basis of formal candidate evaluation, whereas the arithmetic Mean Ensemble
was retained only for descriptive score aggregation and regional susceptibility mapping.
Performance was assessed using AUC, F1 score, Matthews correlation coefficient (MCC),
and Brier score. The Brier score measured the mean squared difference between predicted
probabilities and observed binary outcomes [46] and was calculated as follows:

1N

_ 2
BS = Ni;(pi -y 4)

where p; is the predicted landslide probability for sample i, y; is the observed binary
outcome, and N is the number of samples. Lower Brier scores indicate better probabilistic
prediction performance. MCC was used to evaluate classification performance while
accounting for all four elements of the confusion matrix and was defined as follows:

TP x TN — FP x FN

MCC = (5)
/(TP + FP)(TP + FN) (TN + FP) (TN + FN)

where TP, TN, FP, and FN denote true positives, true negatives, false positives, and false
negatives, respectively. MCC ranges from —1 to 1, with values closer to 1 indicating better
classification performance. A probability threshold of 0.50 was applied to F1 and MCC
calculations. Relative to Fulll7, a reduced factor system was considered acceptable when
the decrease in Base4 mean AUC did not exceed 0.010 under either random or spatial
validation, the decrease in spatial F1 or MCC did not exceed 0.020, no individual model
spatial AUC decreased by more than 0.030, and the spatial Brier rejection criterion was
not triggered. That criterion required both an increase for every base model and a Base4
mean increase greater than 0.010. When multiple systems satisfied these criteria, the system
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containing the fewest factors was retained according to the predefined parsimony rule. To
further characterise the effect of progressive factor reduction, model-specific responses
were examined across Full17, Top15, Top12, Top10, Top8, and Top5 using spatial validation
results for individual folds. For each Base4 model, paired differences in AUC, F1, MCC,
and Brier score were calculated relative to Fulll7 using the same five spatial folds, and
mean differences with descriptive 95% t-based intervals were summarised across folds.
Training sets overlap across these five folds, limiting independent-replicate interpretation.
Positive differences indicate improvement relative to Fulll7 for AUC, F1, and MCC, whereas
negative differences indicate improvement for the Brier score. This gradient analysis was
used to characterise model-specific sensitivity to the degree of factor reduction and did not
constitute an additional criterion for candidate selection.

2.5. Generalisation Assessment and Spatial Consequence Analysis

After development stage candidate evaluation, the selected compact factor system was
compared with Fulll7 using the 169-sample reserved evaluation subset to assess whether
the reduction selected during development remained robust beyond the resampling pro-
cedure used for candidate selection. The reserved subset had not been used for model
fitting, model interpretation, GeoDetector analysis, threshold determination, or candidate
evaluation after the 70:30 split. However, because these samples had contributed to the
initial full sample descriptive diagnostics, the comparison was treated as a post-selection
generalisation assessment rather than as a strictly independent validation. Both factor
systems were fitted using the 393-sample development dataset under identical Base4 config-
urations and preprocessing procedures, and their performance was compared using AUC,
F1 score, MCC, and Brier score. The Mean Ensemble was retained only as a descriptive
summary and did not participate in the formal comparison.

Paired differences were defined as Top5 minus Fulll7. For each of 10,000 bootstrap
iterations (seed 42), 84 landslide-reference and 85 pseudo-absence observations were re-
sampled with replacement from the saved reserved predictions, using identical indices
across factor systems and models. The Base4 difference was calculated by averaging the
four model differences within each iteration. The 2.5th and 97.5th percentiles defined the
paired 95% intervals. These intervals quantify uncertainty conditional on the fitted pre-
dictions and observed class counts, while the reserved comparison remains post-selection.
Individual-model and Base4 mean intervals are presented with the reserved-subset results.

Spatial map comparison was further used to determine whether factor reduction
preserved the regional susceptibility pattern represented by the complete factor system.
Following the reserved subset assessment, the factor system retained for formal regional
mapping was refitted using all 562 samples. For each 30 m prediction cell, the Mean En-
semble probability was calculated as the arithmetic mean of the susceptibility probabilities
produced by the four Base4 models:

P _ Pre+PxgB + Prgem + Pear 6
ensemble — 4 ( )

where the four terms in the numerator are the predicted landslide probabilities produced
by Random Forest, XGBoost, LightGBM, and CatBoost, respectively. This refitting with all
samples was used exclusively for regional mapping and was not regarded as an additional
performance evaluation. A corresponding surface from the compact factor system was
generated for diagnostic comparison with Fulll7. The surfaces were compared on the
same 5,035,125 valid 30 m cells. Pearson and Spearman coefficients measured linear and
rank association. With D = Top5 — Fulll7, the mean of D measured signed difference,
mean absolute error (MAE) was the mean of |D|, and root-mean-square error (RMSE)
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was the square root of the mean of D?; the proportions of the mapped area with absolute
differences greater than 0.05, 0.10, and 0.20 were also calculated. Each surface defined its
upper-quartile set using its own 75th-percentile score; the Jaccard index was the number of
cells in the intersection divided by that in the union of these sets. Together, these metrics
were used to assess whether apparent predictive similarity between factor systems was
accompanied by comparable spatial susceptibility patterns.

3. Results
3.1. Environmental Contrasts, Redundancy and Cross-Model Factor Evidence

The initial full-sample contrasts characterised landslide-reference locations by lower
NDVI, higher relief, terrain ruggedness and slope, and shorter river distances. Nine of the
15 continuous conditioning factors differed significantly between landslide-reference and
pseudo-absence samples after false-discovery-rate correction (Figure 3a). NDVI showed the
strongest separation, with a markedly lower median for landslide-reference samples than
for pseudo-absence samples (0.194 versus 0.530; Cliff’s delta = —0.581), corresponding to a
large effect. Relief, TRI, and slope showed medium positive effects, with Cliff’s delta values
of 0.398, 0.388, and 0.384, respectively. TWI, cosine-transformed aspect, and distance to
rivers showed small negative effects (—0.216, —0.213, and —0.204), whereas elevation and
sine-transformed aspect were statistically significant but had negligible effect sizes (—0.143
and 0.107). Plan curvature, profile curvature, TPI, distance to faults, precipitation, and
distance to roads showed no significant univariate differences after correction. Lithology
and land cover also differed significantly between the two sample groups, with Cramér’s
V values of 0.440 and 0.347, respectively, and permutation p values of 0.0001 for both
variables. Because their contingency tables contained sparse categories, these statistics
were interpreted at the overall factor level rather than for individual rare classes.

Six strongly associated continuous-factor pairs were identified (Figure 3b), with the
most pronounced correlations occurring among slope, TRI, and relief. Slope and TRI
yielded Pearson and Spearman coefficients of 0.975 and 0.992, respectively; the corre-
sponding coefficients were 0.939 and 0.944 for slope and relief, and 0.937 and 0.957 for
relief and TRI. Strong associations were also observed for profile curvature-TPI, elevation—
precipitation, and plan curvature-TPI. Consistent with these correlations, the initial VIF
values reached 27.45 for slope and 25.57 for TRI, whereas relief had a VIF of 9.97 (Figure 3c).
The redundancy diagnostics therefore identified slope, TRI, and relief as the most strongly
overlapping components of the initial factor system, but no factor was removed solely on
the basis of correlation or VIF.

The development-only analysis identified eight FDR-significant continuous factors
and confirmed the principal environmental contrasts (Table 3). Initial development VIF
reached 67.02, while full-sample VIF values are reported descriptively in Figure 3. The
development-only analysis reproduced the same Top5 subset and ranking order: NDVI,
distance to rivers, precipitation, lithology, and TRL

Interpretation across the four models produced a broadly consistent factor evidence
structure for Fulll7 across Random Forest, XGBoost, LightGBM, and CatBoost despite
differences in their detailed rankings (Figure 4). NDVI, distance to rivers, and precipitation
formed the high support group in the integrated permutation importance and SHAP
evidence. Slope, cosine-transformed aspect, TRI, TPI, TWI, distance to faults, distance
to roads, and lithology received moderate support, whereas elevation, sine-transformed
aspect, plan curvature, profile curvature, relief, and land cover received comparatively
low support. The evidence patterns were not identical to the univariate or redundancy
results: precipitation showed no significant univariate difference but received high support
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across models, whereas relief showed a medium univariate effect but comparatively low
model-based support after the remaining factors were considered.

Table 3. Development-only factor diagnostics and integrated ranking (1 = 393; 197 landslide-reference
samples and 196 pseudo-absence samples).

Factor Combined Rank  Effect Statistic p Value Initial VIF
NDVI 1.000 5 =—0.5914 5.488 x 10723 1.8171
Distance to rivers 3.135 6 =-0.2153 0.0005562 1.6737
Precipitation 3.370 5 =0.0835 0.2285 2.4316
Lithology 6.050 V =0.4395 0.0001 —

TRI 7.400 5=0.3843 2.219 x 1010 67.0157
Distance to roads 8.275 6 =—-0.0348 0.636 1.2683
Slope 8.600 5=0.3874 2219 x 10710 60.5999
Aspect cosine 8.900 6 =-0.2027 0.001092 1.1990
Distance to faults 8.910 5=0.0911 0.1972 1.2999
TWI 9.910 5 =-0.2308 0.0002284 2.5832
TPI 10.455 5 =—-0.0584 0.3958 3.3426
Relief 11.245 5 =0.3669 1.189 x 10~°? 11.4131
Land cover 11.775 V =0.3484 0.0001 —
Elevation 12.790 5 =-0.1601 0.01138 4.4802
Profile curvature 13.010 5=0.0132 0.8798 2.5294
Plan curvature 13.475 6 =—-0.0027 0.9628 1.5795
Aspect sine 14.700 5 =0.0790 0.2393 1.0824

For continuous factors, 6 is Cliff’s delta and p values are Benjamini—-Hochberg adjusted. For lithology
and land cover, V is Cramér’s V and p values are from 10,000 label permutations. VIF applies to
continuous factors. Combined rank averages cross-model mean permutation and SHAP ranks. The
development-only ranking identified NDVI, distance to rivers, precipitation, lithology, and TRI as
the Top5 factors.

Environmental contrasts High-correlation structure
(a) Plan curvalu_ﬁ)i 4 (®) - [ ] @ Pearsonr M Spearman rho
NDVI 4 @ ! !
Elevation - | 3 :.
Relief 4 [ ) Precipitation : '
TRI 4 PY Profile cur\'alu_ll'_epi i d
Slope ° Relief - | 3 ;
TRI 1 ;-
TWI [ ] ! !
Slope - | i i
Reliet | ¢ -
Aspect cosine ° ! i
Slope - | H i
. . Tri ! i [
Distance to rivers - L] T T T T B Y )
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Figure 3. Initial conditioning-factor diagnostics based on the full 562-sample table: (a) Cliff’s delta
for continuous-factor contrasts, with filled circles indicating FDR-adjusted p < 0.05 and open circles
indicating non-significant contrasts; (b) Pearson and Spearman coefficients for strongly correlated
continuous-factor pairs; and (c¢) VIF-based diagnostic alternatives.
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Figure 4. Factor evidence across models during development: (a) grouped original-factor permuta-
tion importance, (b) aggregated SHAP importance, and (c) integrated rankings from permutation
importance and SHAP. Lower rank values in (c) indicate stronger support across models.

3.2. GeoDetector Factor Differentiation and Interaction Patterns

Under the primary five-quantile discretisation, NDVI had the highest GeoDetector q
value (q = 0.278), followed by lithology (q = 0.193), land cover (q = 0.121), TRI (q = 0.113),
slope (q = 0.111), and relief (q = 0.090) (Figure 5a). After 5000 label permutations and
Benjamini-Hochberg correction across the 17 conditioning factors, significant differentia-
tion was identified for slope, cosine-transformed aspect, plan curvature, relief, TRI, TWI,
distance to rivers, NDVI, lithology, and land cover. The relative factor ranking remained
highly stable under alternative discretisation schemes, with Spearman p values of 0.996
between the four- and five-quantile schemes, 0.964 between the four- and six-quantile
schemes, and 0.968 between the five- and six-quantile schemes.

All 136 pairwise factor combinations were classified as enhancement interactions, com-
prising 116 nonlinear enhancement and 20 bivariate enhancement relationships. Among
interactions without sparse joint stratum warnings, NDVI-precipitation produced the
strongest nonlinear enhancement, with a joint q value of 0.386 and an interaction gain
of 0.109 relative to the larger individual-factor q value (Figure 5b). Elevation-NDVI also
showed nonlinear enhancement (q = 0.354, gain = 0.076). The leading bivariate enhance-
ment relationships were TRI-NDVI (q = 0.374, gain = 0.097), slope-NDVI (q = 0.369,
gain = 0.091), relief-NDVI (q = 0.353, gain = 0.075), distance to rivers-NDVI (q = 0.336,
gain = 0.058), and TWI-NDVI (q = 0.323, gain = 0.045). Thus, several factors with modest
individual q values exhibited substantially stronger differentiation when considered jointly
with NDVI.
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The highest overall interaction q value occurred for NDVI-lithology (q = 0.473,
gain = 0.196), which was classified as nonlinear enhancement. However, this interac-
tion was flagged as sparse because at least 25% of its joint strata contained fewer than
five samples. Several other lithology-related combinations, including relief-lithology, TRI-
lithology, slope-lithology, TWI-lithology, and cosine-transformed aspect-lithology, also
had at least 25% of joint strata containing fewer than five samples. These sparse interactions
were therefore retained as descriptive results but were not treated as primary evidence in
constructing the candidate factor systems.

—~
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+ ni 1 -
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Litholo,
B TRI+ NDVI A
Land cover
TRl Slope + NDVI 4
Slope
Relief Elevation + NDVI @
Distance to rivers
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Figure 5. GeoDetector results for the development dataset: (a) factor level q values under the primary
five-quantile discretisation and (b) selected pairwise interactions without sparse strata. Dark bars in
(a) indicate FDR-significant factors and light bars indicate non-significant factors. Asterisks indicate
FDR-adjusted significance, and marker size in (b) represents interaction gain relative to the larger
individual-factor q value.

3.3. Development Stage Performance and Candidate Selection

The 12 conditioning factor systems showed relatively small differences in aggregate
performance within the development dataset (Figure 6; Table 4). Under the predefined
Base4 retention criteria, all 11 reduced systems remained within the acceptable range
relative to Fulll7 under the combined random and spatial validation framework. Among
these systems, Top5 represented the most aggressive reduction, retaining only NDVI,
distance to rivers, precipitation, lithology, and TRI.

Top5 achieved Base4 mean AUC values of 0.866 under repeated random cross-
validation and 0.846 under spatial block cross-validation, compared with 0.875 and 0.853
for Fulll7, respectively. Top5 therefore satisfied all predefined retention criteria. Because
all reduced systems met these requirements, candidate selection was determined by the
predefined parsimony rule rather than by the highest observed validation score. Top5
contained the fewest conditioning factors and was consequently retained as the com-
pact candidate for subsequent reserved subset assessment. This selection indicates only
that Top5 remained within the predefined tolerance limits during development valida-
tion; its performance beyond the development dataset was assessed separately using the
reserved subset.
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Table 4. Base4 mean development-stage performance of the twelve conditioning factor systems under
random and spatial cross-validation.

Combination Random Random Random Random Spatial Spatial Spatial Spatial

AUC F1 MCC Brier AUC F1 MCC Brier
Fulll7 17 0.875 0.792 0.580 0.152 0.853 0.772 0.541 0.164
VIF Al6 16 0.875 0.793 0.582 0.153 0.852 0.779 0.552 0.165
VIF B16 16 0.876 0.796 0.586 0.151 0.855 0.779 0.555 0.163
Core TRI9 9 0.883 0.806 0.607 0.144 0.855 0.787 0.566 0.162
Core Slope9 9 0.885 0.805 0.604 0.143 0.859 0.782 0.559 0.160
Core TRILC10 10 0.886 0.809 0.613 0.142 0.857 0.788 0.571 0.161
Core Slope LC10 10 0.888 0.809 0.611 0.141 0.861 0.791 0.574 0.159
Topb 5 0.866 0.785 0.568 0.155 0.846 0.769 0.532 0.169
Top8 8 0.881 0.797 0.591 0.144 0.858 0.781 0.557 0.162
Top10 10 0.883 0.803 0.601 0.144 0.858 0.786 0.570 0.161
Top12 12 0.878 0.797 0.589 0.147 0.848 0.777 0.544 0.165
Top15 15 0.880 0.801 0.598 0.147 0.854 0.779 0.554 0.164
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Figure 6. Development-stage performance-complexity comparison of the twelve candidate condition-
ing factor combinations. Point position represents the Base4 mean spatial AUC, and colour represents
the Base4 mean spatial MCC.

3.4. Reserved Subset Comparison and Observed Performance Loss

After the selection during development had been fixed, Full17 and Top5 were com-
pared using the 169-sample reserved evaluation subset (Figure 7; Table 5). Because these
samples had contributed to the initial full sample descriptive diagnostics, the comparison
represents a post-selection generalisation assessment rather than a strictly independent
validation. On the reserved subset, Fulll7 achieved Base4 mean AUC, F1, MCC, and Brier
values of 0.895, 0.819, 0.629, and 0.133, respectively, whereas Top5 achieved corresponding
values of 0.865, 0.777, 0.548, and 0.153. Relative to Full17, Top5 therefore showed decreases
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of 0.0301 in AUC, 0.0416 in F1, and 0.0812 in MCC, together with a 0.0195 increase in Brier
score. The paired Base4 AUC difference was —0.03009 (95% interval [—0.06157, —0.00107]);

all four Base4 mean-difference intervals favoured Full17 (Table 6).

0.891 0.810 0.621
Random |(2) P Random |(b) 5 S Random |(€) . P
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0.882 0 ).550
0.893 0.807 0.601
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Figure 7. Reserved subset comparison of Full17 and Top5 across individual models: (a) AUC, (b) F1
score, and (c¢) MCC. Paired points represent results for the same model under the two factor systems
and are connected to highlight their differences. The grey shaded area indicates the Mean Ensemble.

Table 5. Base4 performance of Fulll7 and Top5 in the reserved subset comparison.

Model Factor System AUC F1 MCC Brier
Random Forest Fulll7 0.891 0.810 0.621 0.144
Top5 0.882 0.774 0.550 0.139
XGBoost Fulll7 0.893 0.807 0.601 0.130
Top5 0.866 0.773 0.529 0.148
LightGBM Full17 0.890 0.830 0.648 0.139
Top5 0.836 0.772 0.539 0.177
CatBoost Full17 0.906 0.830 0.648 0.121
Top5 0.875 0.791 0.575 0.147
Base4 mean Fulll7 0.895 0.819 0.629 0.133
Top5 0.865 0.777 0.548 0.153

Difference (Top5 — Fulll7) ~ —0.0301 —0.0416 —0.0812 +0.0195

The magnitude of the performance difference varied among the four base models
(Figure 7). LightGBM showed the largest AUC decrease, from 0.890 with Full17 to 0.836 with
Top5, corresponding to a reduction of 0.0541. The other base models also produced lower
AUC values on the reserved subset under Top5 than under Fulll7, although the magnitude
of the decrease differed among algorithms. Overall, the reserved subset comparison
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showed consistently lower Base4 aggregate performance for Top5 than for Full17 across
discrimination, classification, and probabilistic evaluation metrics. Only the LightGBM
AUC interval excluded zero; the other three AUC intervals and all individual-model F1
and MCC intervals crossed zero (Table 6). LightGBM and CatBoost Brier intervals favoured
Full17, whereas RF and XGBoost Brier intervals crossed zero. These intervals distinguish
the average Base4 loss from individual-model uncertainty.

Table 6. Paired differences (Top5 — Fulll7) and 95% bootstrap intervals for the reserved subset
(n=169).

Model Metric Difference 95% Lower 95% Upper
Base4 mean AUC —0.03009 —0.06157 —0.00107
Base4 mean F1 —0.04157 —0.08388 —0.00203
Base4 mean MCC —0.08121 —0.16392 —0.00293
Base4 mean Brier +0.01946 +0.00050 +0.03965
RF AUC —0.00847 —0.04195 +0.02577
RF F1 —0.03571 —0.09736 +0.02443
RF MCC —0.07101 —0.18975 +0.04625
RF Brier —0.00495 —0.02121 +0.01183
XGBoost AUC —0.02661 —0.06163 +0.00658
XGBoost F1 —0.03409 —0.09404 +0.02418
XGBoost MCC —0.07129 —0.18884 +0.04258
XGBoost Brier +0.01861 —0.00323 +0.04072
LightGBM AUC —0.05406 —0.09874 —0.01331
LightGBM F1 —0.05762 —0.12243 +0.00155
LightGBM MCC —0.10918 —0.23601 +0.00990
LightGBM Brier +0.03786 +0.00492 +0.07187
CatBoost AUC —0.03123 —0.06681 +0.00238
CatBoost F1 —0.03885 —0.09265 +0.01190
CatBoost MCC —0.07335 —0.17827 +0.03064
CatBoost Brier +0.02633 +0.00482 +0.04939

3.5. Final Susceptibility Mapping and Spatial Comparison

Following the reserved subset comparison, Fulll7 was retained as the factor system
for formal regional susceptibility mapping (Figure 8). The four Base4 models were refitted
using all 562 samples, and their continuous susceptibility scores were averaged to generate
the final Mean Ensemble susceptibility surface. This refitting with all samples was used
exclusively for regional mapping and was not treated as an additional performance evalua-
tion. The valid rasterised mapping area was 4531.61 km?. The slight difference from the
vector boundary area of 4526.38 km? resulted from rasterisation to the 30 m analysis grid
and the inclusion of boundary-intersecting valid cells. Very low susceptibility occupied
1837.14 km? (40.54%), followed by low susceptibility at 959.41 km? (21.17%) and moderate
susceptibility at 630.85 km? (13.92%). High and very high susceptibility covered 524.83 km?
(11.58%) and 579.39 km? (12.79%), respectively. Together, the high and very high classes
accounted for 1104.22 km?, or 24.37% of the valid mapped area. Overall, the mapped area
was therefore dominated by the very low and low susceptibility classes, which together
accounted for 61.71%, while approximately one quarter of the region was assigned to the
two highest susceptibility classes.

A diagnostic comparison between the Fulll7 and Top5 Mean Ensemble surfaces was
further conducted to quantify the spatial consequences of factor reduction (Figure 9).
The two continuous susceptibility surfaces remained strongly associated at the regional
scale, with Pearson and Spearman correlation coefficients of 0.901 and 0.922, respectively.
Nevertheless, the mean absolute error and root-mean-square error between the two surfaces
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were 0.090 and 0.133. The mean signed difference, calculated as Top5 minus Fulll7, was
0.023, indicating a slightly higher average susceptibility score for Top5 across the valid
mapping area. Absolute susceptibility score differences greater than 0.05 occurred across
50.83% of the mapped area, while differences greater than 0.10 and 0.20 covered 32.02% and
13.43%, respectively. In addition, the upper quartile susceptibility zones derived from the
two systems had a Jaccard overlap of 0.652, indicating only partial correspondence between
their highest-ranked spatial areas. Broad map correlation therefore did not imply spatial
equivalence; these differences indicate potential loss of spatial susceptibility information
after reduction.
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Figure 8. Regional landslide susceptibility mapping based on the Full17 Mean Ensemble: (a) five-class
susceptibility map and (b) mapped-area shares of the five susceptibility classes.
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Figure 9. Diagnostic spatial comparison of the Full17 and Top5 Mean Ensemble susceptibility score
surfaces: (a) Fulll? five-class susceptibility pattern, (b) Top5 diagnostic five-class susceptibility
pattern, (c) Top5 minus Full17 signed score difference, (d) absolute score difference, and (e) mapped-
area proportions exceeding selected absolute-difference thresholds. Together, the panels illustrate the
spatial consequences of aggressive factor reduction.

4. Discussion

4.1. Model-Specific Responses and the Limits of Aggressive Factor Reduction

The progressive reduction experiment revealed clear model-specific and nonmono-
tonic responses to removal of conditioning factors under spatial validation (Figure 10).
Random Forest improved at Top5, while the three boosting models had lower AUC
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than Fulll7. More importantly, the intermediate Top-N systems did not produce mono-
tonic trajectories for any of the four algorithms. These results indicate that the effect
of factor reduction depended on both the learning algorithm and the degree of reduc-
tion, and that a small change in the Base4 average can conceal substantially different
model-specific responses.
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Figure 10. Model-specific responses to progressive conditioning-factor reduction under spatial block
cross-validation: changes relative to Fulll7 in (a) AUC, (b) F1 score, (c) MCC, and (d) Brier score.
Error bars indicate descriptive 95% t-based intervals of paired differences across the five spatial folds;
training sets overlap across folds. For the plotted differences, positive values indicate improvement
for AUC, F1, and MCC, whereas negative values indicate improvement for Brier score.

The reserved subset comparison further showed that apparent stability during de-
velopment validation did not establish that the compact factor system could substitute
for the complete representation. All four Base4 mean-difference intervals favoured Fulll7,
while most individual-model intervals crossed zero (Tables 5 and 6). The development-only
analysis reproduced Top5 (Table 3). The reserved-subset evidence remains post-selection
because the initial full-sample diagnostics contributed to candidate construction.

The spatial results provide complementary evidence for evaluating factor reduction
alongside aggregate predictive metrics. Despite strong map correlation, absolute score
differences exceeded 0.10 across 32.02% of mapped area, with only partial overlap of
upper-quartile areas (Figure 9). Broad map correlation therefore did not imply local spatial
equivalence. These differences identify locations where regional screening priorities depend
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on the factor system. Reliability of a reduced factor system therefore requires consistent
evidence across algorithms, validation schemes, and spatial comparisons.

4.2. Implications for Conditioning Factor Selection in Landslide Susceptibility Modelling

Conditioning-factor selection therefore benefits from integrating complementary statis-
tical and model-based evidence. Different diagnostics characterised different components of
factor information and did not produce a simple one-to-one correspondence. Precipitation,
for example, did not show a significant univariate difference between landslide-reference
and pseudo-absence samples (Figure 3; Table 3), yet it was classified within the high sup-
port group by the integrated cross-model permutation importance and SHAP evidence
(Figure 4). Relief showed the opposite pattern: it exhibited a medium univariate effect
but comparatively low model-based support after the remaining factors were considered.
GeoDetector provided additional evidence of complementarity: NDVI-precipitation pro-
duced the strongest non-sparse nonlinear enhancement (Figure 5). Factor importance
describes contribution within a fitted model, not the exclusivity of that information.

These contrasts show that weak marginal differentiation, strong correlation, or a low
ranking under one interpretation method does not necessarily demonstrate that a factor
lacks complementary information. Recent studies have likewise evaluated feature selection,
core factor-set identification, and factor-engineering strategies for reducing redundant con-
ditioning information in landslide susceptibility modelling [13-15]. Redundancy does not
by itself establish dispensability. These diagnostics should be used to construct candidate
subsets rather than to delete variables automatically. Each candidate should be evaluated
separately across multiple algorithms and under random and spatial validation, because
factor removal produced different responses among models (Table 4; Figure 10).

Regional process knowledge should remain an explicit constraint throughout this
procedure. Fulll7 was retained for final mapping in the present study because it provided
broader environmental representation and stronger reserved-subset performance (Table 5;
Figures 8 and 9). The maps can guide initial image review and field investigation priorities;
individual slope stability requires site-level assessment.

4.3. Limitations and Future Perspectives

The proposed factor reduction framework was developed and tested within a sin-
gle mountainous region, and its applicability to areas with different geological settings,
climatic conditions, and geomorphological processes requires further verification. The
OpenStreetMap road dataset was obtained from a June 2026 snapshot, whereas the land-
slide inventory was interpreted from imagery acquired in 2025. Potential road-network
changes during this interval may have introduced limited temporal inconsistency into the
distance-to-roads factor. The 30 m grid aligns inputs but does not recover detail absent
from coarser source data.

Pseudo-absence samples represented comparison locations rather than field-confirmed
stable slopes. They were located outside 500 m exclusion buffers around the landslide
reference points, although unmapped or inactive landslides may remain within the pseudo-
absence domain. The inventory was constructed from remote sensing interpretation and
may still contain uncertainties associated with landslide boundary delineation, historical
activity, and incomplete detection of small or vegetated landslides. One centroid per poly-
gon does not retain internal geomorphic characteristics or activity state. Four lithological
categories absent from the development dataset occurred in five reserved evaluation sam-
ples. These samples were retained by the unknown-category handling procedure during
one-hot encoding, but category-specific effects for the unseen lithological classes could not
be learned during model fitting.
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The reserved evaluation subset came from the same inventory through a stratified
random split and did not provide temporal validation or validation across regions. Initial
full sample contrasts and redundancy diagnostics also informed the candidate evidence
chain, creating a selection-independence limitation. The development-only diagnostics
excluded reserved observations, although their use in the initial full-sample diagnostics
keeps the reserved comparison post-selection. The paired intervals also condition on the
fitted predictions. Future work should implement candidate construction within training
folds and independent temporal or geographically separated validation.

5. Conclusions

This study evaluated whether a compact conditioning factor system could adequately
replace a complete factor system for landslide susceptibility mapping in the Hualong-Xunhua
region of the Upper Yellow River. First, different factor diagnostic methods provided com-
plementary but not identical evidence. The precipitation example combined weak marginal
differentiation with strong model and interaction support, indicating that single importance
rankings and redundancy diagnostics alone cannot determine factor removability. Second,
the compact Top5 system satisfied all predefined retention criteria during development
and approached Fulll7 performance, demonstrating factor-reduction potential within the
development setting, although responses to progressive reduction differed among models.
Third, in the post-selection reserved comparison, Top5 showed weaker Base4 mean per-
formance, supported by paired uncertainty estimates, while individual-model uncertainty
varied. This result indicates that favourable development performance did not ensure
reliable substitution of the complete system. Finally, Fulll7 was retained for final regional
susceptibility mapping. Although the Fulll7 and Top5 maps remained strongly corre-
lated, local score differences and incomplete upper-quartile overlap indicated potential
loss of spatial information after reduction. Overall, aggressive factor reduction should not
be justified solely by factor importance, redundancy diagnostics, or favourable internal
validation performance.
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