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Abstract

Contemporary landslide susceptibility modeling commonly utilizes machine learning (ML) approaches and algorithms. These modeling
approaches typically use landslide inventories as a primary component, along with a conditioning feature selection method. Although model
results may be sensitive to variability in input data, resulting effects are seldom investigated in detail. We leveraged a susceptibility approach
based on logistic regression (LR) to assess the sensitivity of model results to landslide inventory size. Using an inventory of 1054 landslides, we
evaluated sample size at 50-landslide increments (to the maximum possible value of 1050), generating 1000 random inventory subsets for each
sample size (i.e., Monte Carlo simulation) to quantify variation in model performance due to randomized train and holdout selection. Initial
visual inspection of susceptibility map outputs produced using these model results revealed extreme overprediction. The spurious models
indicate a false correlation between model accuracy and realism. To address this, our sensitivity analysis workflow utilizes a performance
metric correction factor and stricter feature selection to promote consistent, realistic, and reproducible models. The workflow presented here
quantifies model variability and assesses the sensitivity of susceptibility maps to changing model inputs.
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Introduction in the catchments of the southern Appalachians led to identifying
regional uplift in the Miocene (Gallen et al., 2013).

Landslides are an integral part of landscape evolution mod-
eling, however, they are also a threat to humans and their built
environments (Broeckx et al, 2020). The threat of landsliding
turns modeling foci towards applied modeling of landslide sus-
ceptibility. Susceptibility models have the goal of modeling proba-
bility of occurrence of landslides over a landscape (Reichenbach
et al,, 2018), often employing some statistical method and an
input dataset for training (i.e., data-driven approaches). Data-
driven machine learning (ML) modeling of landslide susceptibility
has a wide variety of parameterization options. These include the
selection of modeling algorithm, hyperparameters, features (e.g.,
choosing slope angle or curvature as conditioning factors), and
specifics of the training data (Reichenbach et al., 2018). ML appli-
cations for landslide susceptibility models are commonplace, and
research continues to grow (Lima et al,, 2022; Liu et al.,, 2022).
The large variety of ML algorithms, landslide types (e.g., transla-
tional or rotational), and inventory characteristics considered by
researchers are typically specific to an area of interest.

Due to alack of a standardized workflow or benchmark metrics
for model performance (Merghadi et al., 2020), the workflows used
to develop regional models have limited comparability (Carrara
et al,, 1992; Lombardo and Mai, 2018; Hearn and Hart, 2019;
Alvioli et al., 2024; Crawford et al., 2025). National and continen-
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Landscapes evolve due to tectonic and climatic forcing, ideally
moving towards dynamic equilibrium (Gilbert, 1909; Hack, 1960),
specifically balancing uplift with denudation (Whipple, 2004),
leaving behind a complex record (i.e., topography; Dortch et al.,
2011; Dietsch etal., 2015). Landslides play a significant role in tran-
sient topographic cyclicity over Quaternary time scales where suc-
cessive changes in base level can drive vertical incision, both glacial
and fluvial. The effect of landslides on regional- and catchment-
scale denudation and landscape evolution is significant (DiBiase
et al,, 2010; Campforts et al., 2022), although sometimes diffi-
cult to quantify (Dortch et al., 2009), as landslides communicate
fluvial incision to ridges through hillslope adjustment (Willett,
2010). Landslide activity is variable in frequency and magnitude
across time and space and dependent on several geomorphic fac-
tors, such as hypsometry (Aristizdbal and Korup, 2025), incision
(Campforts et al., 2020), and sediment accumulation (Parker et al.,
2016). Erosion rates inferred from landslide frequency-size dis-
tributions have been recorded at the level of, or greater than,
those of the tectonic uplift rate (Malamud et al., 2004; Larsen and
Montgomery, 2012; Booth et al., 2013). These processes can be
interlinked; rejuvenated landscapes are typically associated with a
relative increase in landsliding and the presence of many landslides
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However, these models still rely on finer scale, region-specific stud-
ies for data acquisition and more detailed analysis. Further, the
results of large-scale models can still vary due to local data and
modeling approaches, resulting in discontinuities between scales
and regions. Moreover, studies (at any scale) of methods designed
to improve model results typically focus on accuracy metrics, such
as receiver operating characteristic curve (ROC) and area under
the curve (AUC) values (Fawcett, 2006), and seldom report the
practical feasibility of the susceptibility model results.

Early landslide susceptibility workflows leveraged landslide
inventories to inform future landslide potential (Neuland, 1976;
Taylor and Brabb, 1986), and this trend of data usage has not waned
(Reichenbach et al,, 2018). As data-driven landslide susceptibility
modeling has become more commonplace, ML algorithms have
been applied to improve workflows (Aleotti and Chowdhury, 1999;
Lima et al., 2022). Much of the research on landslide susceptibility
modeling, ML or otherwise, focuses on feature selection (Guzzetti
etal., 2006; Jebur et al., 2014; Lima et al., 2017; Lombardo and Mai,
2018; Crawford et al., 2025). As an example, Goetz et al. (2015)
tested the effects of input features, such as depth to bedrock and
topographic wetness index (TWI), and their influence on model
accuracy and performance. Often, studies that iteratively test dif-
ferent features and their subsequent effects also compare ML algo-
rithms (Brenning, 2005; Jebur et al., 2014; Goetz et al., 2015; Pham
et al,, 2016; Achour and Pourghasemi, 2020; Boussouf et al., 2023;
Bostan, 2024; Chowdhury et al., 2024). For example, Knevels et al.
(2021) used land cover changes over time (among other features)
as the basis for different generalized additive models. Some work
assesses feature resolutions, weighing generalizations such as slope
units (Carrara et al., 1992; Lima et al., 2021) or cell size resolutions
(Gaidzik and Ramirez-Herrera, 2021; Bounab et al., 2022). Other
assessments have considered the effects of landslide inventory size
and parameterization (e.g., use of point or polygon data, choice of
buffer size, pre-failure topography using event-based inventories,
and the accuracy of landslide/non-landslide locations) on model
results (Brenning, 2005; Hussin et al., 2015; Palamakumbure et al.,
2015; Steger et al., 2017; Gaidzik and Ramirez-Herrera, 2021; Lima
et al., 2021; Sahrane et al.,, 2023; Woodard et al., 2023; Crawford
et al., 2025; Swallom et al., 2025). Lima et al. (2021) considered
the effect of imprecise positional accuracy in inventory data and
noted incoherent (i.e., implausible based on slope angle) results
even with good model performance. Similarly, Nefeslioglu et al.
(2008) showed variation and inaccuracies in model results despite
high performance metrics and determined that these variations
were related to the selection sampling of the landslide inventory.

Investigations into the importance of training datasets have not
been limited to landslide susceptibility approaches. For instance,
Hjort and Marmion (2008) considered input data of varying
sizes across multiple geomorphological modeling approaches and
showed that a minimum size requirement for the input data could
be determined and that larger datasets could lead to overfitting
and diminished model transferability. Similar concerns have arisen
in other areas of scientific inquiry. For example, species distribu-
tion modeling assessments have also grappled with comparisons
of algorithms and model specifics (Elith et al., 2006; Valavi et al.,
2022) including specific issues of input data such as selecting
negative sampling (Renner et al., 2015) or better preparation of
contextual data for use in models (Gomes et al., 2018). Valavi et al.
(2022) emphasized the importance of algorithm and hyperparam-
eter selection that is fitting for the data and goals of the modeling
efforts, as well as the relationship between positive and negative
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sample balance and spatial dependence. Some landslide suscep-
tibility studies have also noted that training and validation data
variations within the same datasets have yielded a wide range of
map results and accuracies (Wang et al., 2013; Heckmann et al,,
2014; Steger et al.,, 2016; Tsangaratos and Ilia, 2016; Mirus et al.,
2024). Bounab et al. (2022) emphasized the importance of input
data, noting the significant influence of data variation on model
results.

Guns and Vanacker (2012) noted through Monte Carlo simu-
lation of landslide inventory data that important features varied
model to model and that results could not be ruled out as atypical
outliers without this thorough assessment. Heckmann et al. (2014)
performed a similar Monte Carlo analysis of non-initiation loca-
tions in debris flow modeling and noted that 1000 iterations were
needed to account for the variability of results. Further, Broeckx
et al. (2018) used a Monte Carlo approach to ensure optimal
inventory selection. This referenced work represents the paucity of
studies investigating how model parameterizations affect suscep-
tibility map realism and accuracy. While these researchers have
demonstrated potential issues with landslide data in modeling,
many susceptibility assessments have been carried out without a
substantive analysis of input inventory data, and understanding the
effects of input data is a recognized area for improvement (Lima
et al., 2022; Woodard et al., 2023).

Landslide susceptibility modeling typically relies on a number
of common ML algorithms, specifically random forest ensembles
such as bagged trees (BT; Breiman, 2001; Altman and Kryzwinski,
2017), as well as logistic regression (LR; Dobson and Barnett,
2008), Naive Bayes (NB; Hastie et al., 2009), and support vec-
tor machine (SVM; Christianini and Shawe-Taylor, 2000; Huang
and Zhao, 2018). For our study, we used a Monte Carlo imple-
mentation in an iterative workflow to quantify the effect of input
inventory data, and limit the tested algorithms to BT, LR, NB, and
SVM because they are the most commonly used in landslide-based
research, ultimately selecting one for use in the proposed workflow.

This study assessed the cause-and-effect relationship between a
general landslide inventory data and the selection and size of these
datasets for use in data-driven susceptibility models. We hypothe-
sized that these input data considerations alone have a considerable
effect on model performance, and the resulting map accuracy and
appearance. If true, the ability of models to be applicable in other
regions or even to perform consistently within a single area of inter-
est (i.e., transferability) cannot be determined. As such, it cannot be
determined if performance improvements from altering workflows
(e.g., adding feature selection to logistic regression) are statistically
significant. Considering these issues, we developed a sensitivity
workflow, beginning with an evaluation of inventory data variation
to establish a baseline for model variability (i.e., the uncertainty
associated with a susceptibility model AUC result). With this base-
line, we established a quantifiable metric to assess whether adding
features makes a meaningful difference to model performance and
the workflow broadly.

This study uses a number of terms all relating to modeling steps,
for clarity we specifically define: ‘algorithm’ for any type of ML
model such as a logistic regression or Naive Bayes classifier; ‘fea-
ture’ for any variation of a map layer such as minimum slope angle
or average elevation used in the modeling; ‘workflow’ for the com-
plete Monte Carlo susceptibility modeling process we propose in
this work; ‘simulation’ or iteration for a single step of our work-
flow; and ‘map output’ for the susceptibility model outputs from
the iterations of the workflow.

Downloaded from https://www.cambridge.org/core. UNIVERSIDAD AUTONOMA METROPOLITANA, on 15 Nov 2026 at 05:14:54, subject to the Cambridge Core terms of use, available at
https://www.cambridge.org/core/terms. https://doi.org/10.1017/qua.2026.10101


https://www.cambridge.org/core/terms
https://doi.org/10.1017/qua.2026.10101
https://www.cambridge.org/core

Sensitivity workflow for susceptibility model variability

e Meters
0 200 400

I N <ilometers
0 5

Magoffin County

4 Digitized Landslides

-82.71° ¢

37.41° N

10 20

KyFromAbove

Figure 1. The study area of Magoffin County, Kentucky, USA, with corresponding landslide inventory polygons (n = 1054) overlying a 1.5-meter multidirectional
hillshade. The left inset location is also used in Figures 2, 9, 10, 11, and 13. Dashed lines show latitude and longitude values in decimal degrees.

Study area and landslide inventory data

The landslide inventory from Magoftin County, Kentucky, USA
(n = 1054; Crawford et al., 2021, 2024) was used to develop
the methodology in this study (Fig. 1). Magoffin County lies
near the edge of the Appalachian Plateau, a region character-
ized by topography varying from sharply dissected, sinuous val-
leys to rolling hills and terraced fluvial drainages. Lithology
comprises nearly flat-lying, undifferentiated packages of sedi-
mentary rocks (limestones, sandstones, shales, and underclays;
Greb et al.,, 2009). Although low-magnitude earthquakes occur
in the region, landslides in this region are predominantly trig-
gered by rainfall (Crawford, 2014; Crawford et al., 2023) and
occur in thin colluvial soils (Crawford et al., 2021). Age con-
straints for the landslide deposits collected in the inventory are
lacking, and documentation for event-based inventory data con-
nected to significant storms is minimal. However, there are many
large landslide deposits that fill topographic hollows, which may
indicate that those landslides correspond to older mass failure
events (Parker et al, 2016; Medwedeff et al., 2020). In gen-
eral, the landslides in the study area are planar and translational
(Crawford et al., 2021).

The Magoftin County landslide inventory was mapped with a
methodology modified from Burns and Madin (2009) and used
1.5-m Quality Level 3 LIDAR data (Heidemann, 2018) from
2011.

Methodology
Model contextual data and conditioning features

The LIDAR digital elevation model (DEM) was resampled from 1.5
m to 3 m, then smoothed using a 15-m window size. We used the
DEM to develop five geomorphic layers: aspect, curvature, eleva-
tion, plan curvature, and slope (Fig. 2), with five statistics (min-
imum, maximum, mean, standard deviation, and sum) derived
for each. With each statistic applied to each geomorphic layer,
we obtained 25 total features (e.g., minimum slope, maximum
slope, etc.). The data determination and subsequent modeling fol-
lowed procedures similar to those used by Crawford et al. (2021).
Values from the 25 features were extracted for the landslide poly-
gons within the geographic information system (GIS) platform
Esri ArcPro [10.3.3] and averaged. Additionally, feature data were
extracted for an equal number of non-landslide polygons to create
a balanced dataset (n = 2108).

Negative samples of non-landslide points are essential to algo-
rithm training (Woodard et al.,, 2023), and although there is some
debate on the best ratios of positive/negative samples (Oommen
etal, 2011), it has been observed that a balanced number is good
for model performance (Tanyu et al., 2021; Woodard et al., 2023);
thus, we selected 1:1 as our ratio. Non-landslide polygons were cre-
ated to be equal in area to the mean landslide polygon size, and
non-landslide polygon locations were randomly selected (Create
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Figure 2. The five geomorphic layers (aspect, curvature, elevation, plan curvature, and slope) used as conditioning factors for the landslide susceptibility models. An
additional geomorphic layer, topographic wetness index (TWI), was used in model performance comparisons, having been withheld from the workflow development
and instead used to showcase workflow utility. All geomorphic layers were generated from the LIDAR-derived digital elevation model (DEM).

Random Points, Esri ArcPro); care was taken to avoid overlaps with
identified landslides. Non-landslide points were reviewed to check
for intersection with un-mapped landslides as well. Less than 2%
(17 out of 1054) were found to be intersecting, or proximal to, a
possible non-mapped landslide.

Motivation of study

To investigate the role that quantity of landslides as a data input has
on model performance and map output, we identified inventory
sizes (i.e., the number of landslides recorded) from the literature.
These inventory sizes ranged from 14 to 600,000 but, for this anal-
ysis, were capped at 1054 based on the Magoffin County inventory
size. A total of 64 studies had inventory sizes within range and were
used to select subsets of the Magoftin County inventory to test the
effect of inventory size on model results. By using the subsets of the
Magoftin County inventory, we nullified many features that could
cause results to differ between research groups and regions, as data
were drawn from a single region with flat-lying stratigraphy, and
the landslides were digitized using a specific protocol by a single
mapper trained within one research group.

The subsets defined from the literature were used in a dual BT-
LR ML workflow with the 25 aforementioned statistical geomor-
phic features, mirroring related work from the region (Crawford
etal,, 2021, 2025). Model performance was assessed by AUC values
(Fawcett, 2006). Despite the recognized limitations of AUC values
(Lobo et al.,, 2007; Goetz et al., 2015), AUC is a popular perfor-
mance metric in landslide susceptibility assessment (Lima et al.,
2022). As such, AUC values were used as a shorthand assessment
for inventory size effects (Fig. 3).

Results from this preliminary assessment showed two visually
distinct scatter groups within the landslide inventory sizes used in
previously published studies, with a clear division seen at ~300
landslides. When <300 landslides are used for an inventory, there

appears to be a positive trend weakly indicating an improvement to
model AUC with more landslides. However, neither linear fit is sta-
tistically significant. Likewise, the combined array of landslide size
as a single linear regression yielded a very poor fit (R* = 0.001, p >
0.05). Very weak correlations indicate that inventory size is not the
sole driver of the variability in model performance. Moreover, the
plateauing trend observed in AUC results from models using larger
landslide inventories suggests that a greater proportion of variabil-
ity in model results may be attributable to some characteristic other
than inventory size. This initial foray into model sensitivity served
as the motivation for a deeper analysis to elucidate how (and by
how much) model accuracy varies within a single dataset.

Sensitivity analysis variations

Inventory sample variation

Expanding upon our preliminary investigation of sample-size
effects, we sampled the Magoftin County landslide inventory
at 50-landslide (100-data entries, including non-landslide poly-
gons) increments (n = 21) for use in a Monte Carlo sensitivity
assessment. This assessment intended to reproduce the variabil-
ity of landslide inventory sizes seen in the preliminary assess-
ment (Fig. 3) and used 1000 random iterations per sample size to
generate a distribution of susceptibility maps. During workflow
design, we experimented with different order of magnitude quan-
tities of the Monte Carlo iterations, finding 100 achieved similar
trends but stability was best seen at a minimum 1000 iterations
(supporting Heckmann et al., 2014). Using 10,000 iterations did
not change distributions significantly, thus was deemed computa-
tionally inefficient.

These distributions fully consider the variability possible, with
holdout validation data (75/25% training/testing) of every incre-
ment being iteration-specific and randomly selected using the
Mersenne Twister algorithm (Matsumoto and Nishimura, 1998).
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Figure 3. Dual bagged trees (BT) and logistic regression (LR) machine learning model AUC compared to landslide inventory size, with each point (n = 64) representing
a single BT-LR model iteration using a subset inventory. The data are given linear fits, with division visually based on groups seen in scatter at approximately 300
landslides. Fits of the grouped data do not show statistically significant correlations between model AUC and landslide number. Moving average corroborates the
poor linear fits, with the additional insight from the moving variance (right axis) being highest with the lower landslide counts and demonstrating convergence with

higher landslide counts.

Due to uneven division of the total number of landslides in the
Magoffin County inventory by the 50-landslide increment used to
define the sample sizes, a few landslides were withheld from even
the maximum sample size, ensuring unique sampling for each iter-
ation. The distribution of model iteration performances was used
to highlight the variability inherent in sample holdout for model
training and testing.

Model approach variation

We performed Monte Carlo analysis with four common ML algo-
rithms: BT, LR, NB, and SVM. Model performances for each
sample size were assessed by their AUC values. Mean AUC val-
ues for all 1000 iterations at each increment were compared against
the respective sample size. The point of this exercise was to assess
variation of these common algorithms for variability to make an
informed selection for further sensitivity analysis.

Sensitivity analysis workflow

Feature selection

LR is a commonly used learning technique (Heckmann et al,
2014; Lombardo and Mai, 2018; Reichenbach et al., 2018; Riegel
et al.,, 2020; Lima et al,, 2022) and uses a straightforward trans-
fer function to calculate a probability of an event occurring, which
is typically interpreted as a susceptibility map. Therefore, LR was
selected to create a county-scale landslide susceptibility output
map for each iteration.

Feature selection was required before model generation.
Specific feature selection methods are common in landslide sus-
ceptibility modeling (Pradhan and Lee, 2010; Lombardo and Mai,
2018; Crawford et al., 2021; Chowdhury et al., 2024), where selec-
tion refers to a parsing technique on a starting pool of features
to minimize negative effects on performance within the ML algo-
rithm. We conducted feature selection by parsing the starting
pool of 25 features with a collinearity matrix as a pre-modeling
filter. Collinearity was assessed with a Pearson’s rank correla-
tion (Eq. 1; Kendall, 1970), and features were iteratively omitted
until the group mean of means (¢g,,,,) of feature absolute correla-
tion values, p, was less than 0.2 and the standard deviation (d,,)
of the sum of absolute p values of all features was less than 0.2
(Eq. 2 and 3; Fig. 4).

Zn: (Xu,t Xa) (Yb,z - Yb)
p(a,b) = 1)
{E (Xa,z _Xa>2 Z (Yh,] Yb)z}
i=1 j=1
Z(Xn: !pxl\)
Hgroup = 1:’11 (2)

Z |PX’)

Ugroup = n (3)

lu’gTOMp

-
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Figure 4. Visual example of the correlation-based feature selection methodology. Each column (feature) of the absolute values in the correlation plot was averaged
and summed, with the mean of the full group (pgoup) Of mean absolute p values and the standard deviation of the full group (ogu) Of summed absolute p values
(unitless) compared against set thresholds. If the pgou, and g, Were above the set threshold, the largest summed p column was omitted and the technique

repeated.

The 0,4y, p values held more control over the feature selection
than the g, p values, and the threshold from o,,,,, was deter-
mined for each inventory dataset by a stepwise sensitivity analysis.
The 04, p thresholds were iteratively assessed at increments of 0.1
from 0.1 to 1.0, and model results were compared to determine the
best threshold.

Logistic regression

With features parsed, we used LR to model landslide susceptibility

and create maps from a sigmoid transformation (Verhulst, 1838)

of the modeled regression (Eq. 4; Crawford et al., 2021).
1

1+ elBotBVi+B, Vot +B8,.V,]

Probability = (4)
Only features with significant p values (alpha of 0.05) were used in
map creation.

Model AUC correction

Due to large variability in expected and observed model results and
related AUC performances (Opitz, 2024), an interpretable control
was applied to model results outside of the LR. Occasionally, mod-
els produce “rare logistic regression events”, which are spurious
model results (King and Zeng, 2001; Guns and Vanacker, 2012) in

which unrealistic and uninterpretable landslide susceptibility maps
are generated with high AUC values. Some correction to AUC to
limit the effect of these rare logistic regression events is critical for
a useful workflow.

Landslides are their own topographic negative feedback as they
destroy topography. Topography and slope angle are positively
skewed in a landscape (Romans et al., 2016) with more valley
bottoms than steep slopes. Further, landslides act to reduce high
topography and slope angles reducing the positive-skewed tail on
the hypsometric curve (Strahler, 1952; Gallen et al., 2011), achiev-
ing normality (Montgomery, 2001; Fig. 5) chiefly through the
shortening of the x-axis and secondarily though increased area of
lower elevation topography. The normalization trend translates to
landslide susceptibility models since topography and slope angle
are typically the most significant components of many susceptibil-
ity workflows, and susceptibility maps generally are models of the
entire landscape.

Although infrequently discussed, landslide susceptibility is
inherently tied to timescale. The lack of landslide inventory
chronology in most susceptibility studies precludes the identi-
fication of the timescale that resulting susceptibility maps are
applicable to. Given the unknown landslide chronology (which
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Figure 5. (a) Generalized hypsometric curve showing a cumulative distribution of topography. (b) Conceptual diagram depicting topographic expression (e.g., elevation,
slope angle) for landscapes (positively skewed) as a probability distribution (effectively a rotation of the land region of the hypsometric curve). Depending on the
time scale, the x-axes of the (topographic expression) are reduced as the landscape denudes moving skewed distributions to normalcy and landslide source areas

into landslides as landslides destroy topography (peaks).

is likely a palimpsest of both long-term background localized
events and short-term spatially distributed catastrophic events)
with unknown deposit preservation potential, a normal distribu-
tion, that in theory is applicable over a medium-term timescale
(e.g., Holocene to late Quaternary), would be the most robust
assumption to make. As an applied example of this assumption,
susceptibility maps with probability distributions that were closer
to a normal distribution were considered more useful by Crawford
et al. (2025) and, among other characteristics, helped in choosing
those models over others that had higher accuracy metrics.
Regardless of the specific distribution chosen, early investi-
gations showed that rare logistic events demonstrated extreme
skewed or extreme bimodal distributions. Because it would be

impractical to visually inspect tens of thousands of maps, we uti-
lized a correction factor for AUC, where probability distributions
(PD) of map outputs were compared to an idealized standard dis-
tribution curve ¢(z), which we characterized as having a mean of
0.5and a standard deviation of 0.15 to represent the 0-1 probability
ranges of the landslide susceptibility models. While output maps
are not expected to exactly match a normal distribution, many
natural processes follow the central limit theorem (e.g., Koch and
Link, 1971; Dortch et al.,, 2022). We acknowledge that a positively
skewed distribution would also effectively filter extreme map dis-
tribution events, however it would make little difference in model
results and picking a non-arbitrary positively skewed distribution
is difficult. The difference between the modeled landslide probabil-
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Table 1. Thresholds of AUC and corrected AUC (cAUC) for model performance;
AUC and correlation thresholds derived from de Hond et al. (2022) and Schober
et al. (2018), respectively.

Performance AUC Correlation cAUC Threshold
Descriptor Threshold  Coefficient Threshold (AUC x Correlation)
Moderate 0.7 0.5 0.35

Strong 0.8 0.7 0.56

ity distribution and idealized normal distribution determined the
correction factor value (Eq. 5).

|PDNormal B PDModel|
PDNormal

)

Correction factor = 1 —

To categorize the AUC value distributions, thresholds for strong
and moderate performance were assigned based on typical AUC
thresholds (de Hond et al., 2022). For corrected AUC (cAUC), stan-
dard correlation thresholds (i.e., 0.7, 0.5; Schober et al., 2018) were
multiplied against standard AUC thresholds (i.e., 0.8, 0.7) to prop-
agate strong (0.7 x 0.8 = 0.56) and moderate (0.5 x 0.7 = 0.35)
cutoffs for cAUC values (Table 1). Classification of the cAUC is
one part of the performance assessment; however, we argue that
it is also important to visually check some subset of susceptibility
maps to guard against algorithm hallucination and ensure realis-
tic results, especially during the threshold and parameter testing
phases of workflow development.

Using a parallelization of MATLAB, we performed simula-
tions with the described covariance feature parsing and Monte
Carlo simulation, specifically with functions fitmnr, fitcnb, fitcsvm,
TreeBagger, and corr. Geomorphic data preparation and resulting
output map raster visualization were done in Esri ArcPro [3.4.3].

H.J. Koch et al.

Comparing with additional features

To test the utility of the workflow for comparative analysis and
assess the workflow in the intended use case, we performed the
simulation over the full Magoffin inventory to evaluate TWI
(Beven and Kirby, 1979; Grabs et al., 2009) and compare against
previous full-inventory modeling results (Fig. 2). TWI has been
found to be a significant feature for landslide susceptibility mod-
els by other feature-assessment studies (Jebur et al., 2014; Goetz
et al,, 2015; Crawford et al., 2025).

Results
Model approach variations

In the algorithm comparison test, ML algorithms performed sim-
ilarly overall (Fig. 6). The LR and SVM had nearly identical mean
AUC across increments. NB and BT had higher initial AUC but
showed little improvement as the number of landslides increased.
Much like the preliminary assessment, the mean AUC values
for each ML algorithm appeared to improve with more data, then
effectively plateaued after approximately 300 landslides. Plateaus
were seen across all approaches, although some models achieved
higher AUC values overall. The lack of correlation between AUC
and increased inventory size hints at deeper complexities in the
modeling approach despite which ML algorithm is chosen.

Feature selection

A majority of the 25 features were preserved by starting with a less
stringent group p 0, threshold (1.0). The large number of fea-
tures led to model instability and rare logistic regression events.
Thus, a stricter group p 0, threshold was determined. The effects
of p were quantified using thresholds ranging from 0.1 to 1 p at
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Figure 6. Mean model AUC for 1000 iterations with 0.6 -
increasing landslide inventory size in four typical
machine-learning approaches. The logistic regression
(LR) and support vector machine (SVM) models had 0.55
nearly overlapping mean AUC. While the mean AUC
for the Naive Bayes (NB) and bagged trees (BT) mod-
els were initially higher than those of the LR and SVM 0.5 '
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models, they likewise did not improve dramatically 0
with the inclusion of more landslides.
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Figure 7. Results of threshold testing for the collinearity feature parsing. (a)
Boxplots of 100 logistic regression (LR) iterations and their AUC distributions
for each group p standard deviation threshold; (b) the same LR runs with
distributions of the cAUC values from Eq. 5.; (c) the number of features included
at each threshold. The dashed line represents the p standard deviation threshold
chosen for the subsequent results. Green asterisks indicate outliers of the related
boxplots.

0.1 increments on reduced Monte Carlo simulations (100 itera-
tions) with AUC correction. The uncorrected AUC distributions
for the model results indicated increased performance with higher
(less stringent) thresholds and more features preserved; however,
model results using cAUC (i.e., with correction factor) showed the
highest and most stable performances atlow p (more stringent) val-
ues (Fig. 7). We chose a threshold of 0.2 because it retained the most

features before a precipitous drop in cAUC. Retaining as many
layers as possible without significantly degrading performance is
critical to capturing model result nuance (e.g., unimodal probabil-
ity distribution instead of bimodal) and making more useful local
susceptibility maps.

Simulation results

The 0.2 p 0,y,,, threshold omitted 19 of the original 25 statistical
geomorphic features but improved the cAUC distributions com-
pared to higher p g, thresholds. The seven retained features
were mean aspect, sum curvature, minimum elevation, standard
deviation elevation, standard deviation plan curvature, and stan-
dard deviation slope. In comparison, Crawford et al. (2021) used
the BT-based parsing methodology to yield 12 features for use in
the LR, three of which were also retained in this study (sum cur-
vature, standard deviation elevation, and standard deviation plan
curvature).

Monte Carlo simulations with limited parsing and higher fea-
ture counts had less stable cAUC distributions compared to the
reduced feature count simulations. That is to say, boxplots of
the simulations with higher feature counts were characterized
by more outliers, indicating that very few of the 1000 model
iterations yielded useful maps (Fig. 8). Even after stability was
reached through stricter feature parsing, at the maximum sample
size, the cAUC values effectively ranged from 0.5 to 0.6 (~10%;
Fig. 9).

Logistic regression map results

From the Monte Carlo simulations, the maximum and mean itera-
tions for each sample size were calculated as county-wide suscepti-
bility maps for visual inspection. Select sample sizes (50, 100, 500,
and 1050 landslides) are shown in Figures 10 and 11. Figure 10
specifically highlights the map results (maximum AUC and max-
imum cAUC) from a minimally parsed feature pool, that of a p
threshold of 1.0 (Fig. 8). While largely spurious and incompre-
hensible, output map results from the less parsed simulations are
presented to emphasize the effectiveness of the correction and pars-
ing methods. Figure 11 focuses on the parsed model (Fig. 9) and
compares maximum AUC and maximum and mean cAUC values.
With Figure 11 we show that with feature parsing and use of the
correction, the mean cAUC and maximum cAUC were visually
similar. While the distributions of the AUC values for the Monte
Carlo iterations in the less-parsed models had mean values indi-
cating strong model performances, Figure 10 details the lack of
consistent or interpretable model results. Applying a correction
factor for normality improved results but was overall ineffective
with so many retained features, as the whole of the AUC/cAUC dis-
tribution produced incoherent model results despite good model
performance. Figure 11 shows that with strict parsing, output
maps were more visually realistic for both maximum uncor-
rected and corrected map results. Further, these maps were sta-
ble (largely unchanged and visually similar) for 500 or more
landslides.

Figure 11 also denotes the stability of results across the distri-
bution of cAUC values, indicating that with correction and stricter
feature parsing using the lower p threshold of 0.2, map variability
was minimized across iterations of the larger sample sizes in the
Monte Carlo simulation. In sum, stricter parsing led to more con-

Downloaded from https://www.cambridge.org/core. UNIVERSIDAD AUTONOMA METROPOLITANA, on 15 Nov 2026 at 05:14:54, subject to the Cambridge Core terms of use, available at
https://www.cambridge.org/core/terms. https://doi.org/10.1017/qua.2026.10101


https://www.cambridge.org/core/terms
https://doi.org/10.1017/qua.2026.10101
https://www.cambridge.org/core

10

@]

H.J. Koch et al.

e
o

<
(o]
|

Model AUC
o
~

o
N
T

Moderate |

1
0.8+
S
< 06"
P B R TR T
=
S 0.4
Figure 8. Boxplots for 1000-iteration Monte Carlo sim- =
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AUC distribution of the Monte Carlo simulation; (b)
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the AUC and cAUC thresholds shown in Table 1. Green
asterisks indicate outliers of the related boxplots.

sistent map results and cAUC for landslide inventory sizes of 350
or greater, as shown in Figures 9b and 11.

Comparison with additional features

Using the full inventory (1054 landslides), TWI was added to the
feature pool and the full workflow was run. The p threshold had
to be manually increased to 0.3 because TWI features were other-
wise omitted in the LR map making features. The results show that
including TWI increased AUC but decreased cAUC compared to
results without TWI (Fig. 12). This test validates both the choice
of p and the necessity to apply corrections to AUC to determine
the statistical significance and direction of change. The addition
of TWI-based statistical geomorphic features did not yield a sig-
nificant visual difference in the map results due to symbology.
However, distinctions between the maps with and without TWI
can be seen (Fig. 13), as many areas of lower probability with-
out TWI increase to the highest probability category with TWI,
indicating probability overprediction. The TWI-based workflow
output maps show much sharper spatial contrast between areas
of lower and higher probability due to the bimodal nature of the
distribution. In general, more nuanced gradation between suscep-
tibility classes lends towards better map utility (Crawford et al.,
2025). This approximation of expert preference by utilizing more
normally distributed map results is correlated with tighter cAUC
distributions, which suggest stronger performance.

_________________________________________________________

Strong-|

Moderate|

NI I R R B N I B R B N I B N I B I B AN IR SN IR AN

Number of Landslides

Discussion
Interpretation of results

Inventory size

The motivating investigation using subsets of the Magoffin inven-
tory (Fig. 3) detailed that the inclusion of more landslides did
not make a statistically significant improvement to AUC past 300
landslides. This plateauing effect was also noted to some extent in
both the AUC and cAUC value distributions for the larger sample
sizes. Plateauing has been observed previously in similar stud-
ies of data effects (Heckmann et al., 2014; Hussin et al., 2015)
and is not specific to landslide susceptibility modeling approaches
(Stockwell and Peterson, 2002; Valavi et al., 2022). We are unable to
fully account for the accuracy plateau with an increase in landslide
inventory size. Heckmann et al. (2014) showed in their own Monte
Carlo simulation that additional landslide data yielded diminish-
ing returns, attributing this to a breakdown in an autocorrelated
range. Ultimately, Heckmann et al. (2014) recommended optimiz-
ing inventory size for usage in models.

The stabilization of model AUC and cAUC value distributions
appears to match a rule-of-thumb estimate for minimum sample
size based on the number of model features, as suggested by Green
(1991). Green (1991) noted that 50 + 8x, where “x” represents the
number of features, corresponds to the number of samples needed.
Using this equation, an inventory size of 100 is needed for a model
with six features. cAUC value distributions are less constrained at
a sample size of 100 landslides (plus 100 non-landslides) than at
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Figure 10. Landslide susceptibility maps for a small region in Magoffin County (location shown in Figure 1 inset). The maps display logistic regression probabilities
from the unparsed Monte Carlo simulation iterations with the maximum AUC or maximum corrected AUC (cAUC) values for four select inventory sizes. AUC and
cAUC values are shown in the upper right-hand corners of each map; probability distributions of county-level susceptibility are denoted by line graphs in the lower
left-hand corners.
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Figure 11. Landslide susceptibility maps for a small region in Magoffin County (location shown in Figure 1 inset). The maps display logistic regression probabilities
from the strictly parsed (six retained features) Monte Carlo simulation iterations with the maximum AUC, maximum corrected AUC (cAUC), and mean cAUC values for
four select inventory sizes. AUC and cAUC values are shown in the upper right-hand corners of each map; probability distributions of county-level susceptibility are
denoted by line graphs in the lower left-hand corners. By 500 landslides, models are visually consistent with the full inventory for both AUC and cAUC.
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Figure 13. Landslide susceptibility maps for a small region in Magoffin County
(location shown in Figure 1 inset). The maps display logistic regression proba-
bilities from the best performing (maximum corrected AUC [cAUC]) Monte Carlo
simulation iterations using feature pools with and without topographic wetness
index (TWI). The cAUC values are shown in the upper right-hand corners of
each map; probability distributions of county-level are denoted by line graphs in
lower left-hand corners. When including TWI, there is in an increase in the total
area of high probability; thus, the contrast between higher and lower landslide
probabilities is much sharper.

larger sample sizes. Model performance began to fluctuate around
a maximum cAUC with visually good (i.e., interpretable and close
to normally distributed) maps starting around 500 landslides. With
the correction and full feature parsing, a good map could be chosen
with a minimum sample size as small as 100 landslides with our
Monte Carlo approach; however, variance generally decreased as
landslide inventory size increased, reaching a minimum variance
of 10% with the full dataset. Mean AUC and cAUC both stabi-
lized at approximately 350 landslides similar to the preliminary
investigation (Fig. 3).

Box plot variability in Figures 8 and 9 clearly demonstrates
that very small landslide inventory sizes do not produce stable
map results, although the reduced variability of the AUC values
in the increments > 200 landslides does allude to some addi-
tional information provided by more landslide inventory data in
our study area. As expected, 50 landslides are unable to produce
a stable increment and subsequently useful output maps, even
with correction. The minimum number of landslides needed to
reach stability will likely vary between regions based on incision,
steepness, sediment thickness, vegetation, climate, etc. Thus, we
suggest that using an inventory that is as complete possible over
varied terrain within the area of interest would be expected to
yield more robust model results. Additionally, Figure 7 demon-
strates that model AUC variability generally increased when more
than six features were included. As models and features become
more robust (i.e., using datasets not derived from a DEM that likely
will pass the p threshold), the number of landslides required in an
inventory may significantly increase before stabilizing. Ultimately,
some variability in model results appears inherent in data sampling
regardless of inventory size, thus there is a need to diversify the
types of features used in the models or the quality of data (but not
necessarily the number of examples) in the inventory.

Utility of feature parsing

Isolating the effects of p as a threshold for feature inclusion is an
important step in LR analysis, demonstrated by Figure 6. It would
be impractical to use too many features, the exact number seem-
ingly variable, as highlighted by the probability distributions and
maps of the unparsed Monte Carlo assessments. Our extreme case
using 25 statistical geomorphic features showcases the utility of
our workflow, as many researchers leverage some form of pars-
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ing technique. This level of feature parsing may be less important
with other ML algorithms, such as various decision tree algorithms,
but those approaches are less common in the landslide literature,
and it is difficult to produce susceptibility maps from the results.
While collinearity checking was effective when using DEM deriva-
tives, we highlight the possibility that many more features may be
retained if disparate features (i.e., not all DEM derivatives, such as
soil thickness) are utilized. However, this may not be detrimental
because disparate features may each be useful for fitting. If model
results become overfit with the application of disparate features,
other feature parsing techniques would need to be explored. DEM
derivatives will likely remain important features due to the signif-
icance of high-quality DEMs and ease of generation in landslide
susceptibility modeling (Brock et al., 2020). Despite the potential
inflexibility of the collinearity parser, the presented feature parsing
method still has utility as a parsing method for DEM derivatives.

Utility of correction factor

The boxplots of cAUC results demonstrate that the correction fac-
tor effectively isolated “rare logistic regression events,” which are
quantitively demonstrated to be relatively common when many
input features are selected. These spurious map results (i.e. rare
logistic regression events) (King and Zeng, 2001) are likely not a
result of imbalanced datasets. The datasets used in this study were
specifically balanced, but when using the full suite of 25 statistical
geomorphic features, the ML approaches may have overpredicted
susceptibility. This corroborates observations made by other land-
slide researchers (Steger et al., 2016; Lin et al., 2021). Rare logistic
regression events largely disappeared when using models with
reduced features. The corrected p threshold boxplots were deci-
sive in determining where model stability was the highest. cAUC
values did not follow typical benchmarks for performance—AUC
values less than 0.7 indicate poor performance and less than 0.50
indicate random chance. We suggest cAUC value thresholds based
on accepted AUC thresholds multiplied by a minimum correlation
(0.8); thus, a cAUC of 0.56 (0.8 x 0.7) would provide a serviceable
baseline for “strong” susceptibility results (Table 1). Both the mean
and maximum cAUC stabilize above this threshold for quality map
results.

Assessment of methodology

Feature selection
Using the same data as this study, Crawford et al. (2021) used
a BT algorithm based parsing technique that reduced their LR
features down to 12, with only eight used in map making. This
produced similar map results, but the workflow requires use of an
additional ML approach, in which the process of deciding which
features are parsed can be uninterpretable and subject to data sub-
setting variability. In contrast, the iterative collinearity check and
feature removal based on quantitative assessment of the behavior of
p used here led to quality results while maintaining interpretability.
While BT may be more robust and is preferred by some researchers
(Merghadi et al., 2020), this approach is still vulnerable to lack of
interpretability due to its internal “black box” nature. Relatedly,
Tsangaratos and Ilia (2016) showed that NB achieved more stable
results with less data, which is corroborated by this study (Fig. 6).
Despite these apparent improvements on LR and SVM, the BT
and NB approaches experienced similar AUC plateaus as sam-
ple size increased. This workflow was calibrated using a limited
pool of DEM-derived features. Susceptibility studies often focus
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on DEMs and their derivatives for generating model input data
(Reichenbach et al., 2018), and Maxwell et al. (2021) indicated that
accurate probabilistic slope failure maps did not need non-terrain-
based features. Inclusion of non-DEM specific datasets, such as
root strength index, has been noted to improve results by as much
as 8% (Swallom et al., 2025). However, these model improvements
(like many others in the literature) may need to be reassessed using
a workflow similar to that proposed here. With potential tweak-
ing to the p threshold, features such as quantitative proxies of soil,
lithology, and landcover can be included and tested for model
improvement, in a similar fashion to TWI addition of this study
(Figs. 12 and 13).

Correction factor

Our study demonstrates inherent data variability previously
observed in the literature (Heckmann et al., 2014) and presents
a consistent method to select the most reasonable map. AUC is
not the sole indicator of a good model (Lobo et al., 2007; Goetz
et al,, 2015) and focusing on AUC can be detrimental to the pro-
duction of realistic susceptibility maps. Expert opinion could be an
alternative to AUC, but to identify the most realistic and accurate
model among thousands, these subjective opinions would need to
be objectively quantified. Crawford et al. (2025) showed thata more
normally distributed map surpassed models with higher AUC val-
ues. Considering the timespan of these susceptibility maps based
on the lack of age constraints, we found a normal distribution to
be the best approximation for this inventory. Further, the input
landslide inventories, even when derived from high-resolution
LIDAR terrain interpretation, are likely not fully encompassing
(Lima et al., 2021). As such, when incomplete datasets are used,
it is advisable to select a more stable (i.e., normally distributed)
susceptibility map because incomplete datasets can yield signifi-
cant biases (Steger et al., 2016, 2017). Additionally, the normality-
based correction factor cuts out the extreme probabilities in favor
of non-extreme, more normal maps. Even if selected arbitrarily,
the normal-distribution-based correction serves the purpose of
a high- and low-probability filter, those end member probabili-
ties that generally yield spurious maps despite high AUC values.
AUC is widely recognized, generally interpretable, and calculat-
able; therefore, using an AUC-based correction factor increases the
accessibility of the correction method.

We acknowledge that that a correction factor on model prob-
abilities may cause model results to further deviate from true
landslide probabilities as inferred from the inventory data. Because
our workflow relies on comparison to an idealized probability
distribution for the AUC correction, we started with a normal
distribution as the benchmark. Note that despite choosing a nor-
mal distribution, the best performing cAUC maps have a minor to
moderate positive skew, thus are not excluded (Fig. 11). Different
comparative distributions could be explored further, but the lit-
erature provides little basis for distribution selection. Jai et al.
(2021) found a positively skewed distribution inferred from global
non-landslide areas; their observation could mean that a nega-
tively skewed distribution would be a more suitable comparison
probability distribution.

Observing that landslides are relatively sparse and unevenly
distributed on the landscape (Huang et al., 2024), it may be that
true static landslide susceptibility maps should highlight land-
slides on specific, relatively small portions of hillslopes. Therefore,
the expected probability of a full landscape-scale landslide sus-
ceptibility distribution should be positively skewed toward the
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lower landslide probabilities that cover a majority of the land-
scape. Investigations into the optimal comparison probability
distribution and its potential linkage to topography, lithology, aver-
age climate, and structure are left for future work.

Moreover, cAUC results may be low if the initial data/inven-
tory are poorly behaved. The cAUC approach simply identifies
the ‘best’ map of the iterations, which does not guarantee that it
is good or realistic. Importantly, the baseline workflow presented
here enables those future comparisons to be made by providing
quantitative assessment of noise. By performing an AUC correc-
tion outside of the ML infrastructure, spurious and poor model
results can be assessed and omitted in a systematic fashion. Further,
application of a model correction factor can effectively identify
features for omission (such as seen with our TWI test), leading
to more realism and overall model stability. Detachment of the
correction factor from the ML algorithm steps also avoids a work-
flow with a stronger stepwise approach. Stepwise LR, in which
features are selected by additive ¢-testing within multiple LR, are
sometimes used for data parsing (Van Den Eeckhaut et al., 2010;
Heckmann et al., 2014). Repeat feature selection and further data
sampling are not uncommon (Begueria, 2006; Guns and Vanacker,
2012). However, stepwise workflows are often considered by statis-
ticians to be ineffective (Smith, 2018). Thus, we avoided step-
wise workflows for feature and ML algorithm selection, instead
comparing the full Monte Carlo simulation for each algorithm

type.

Sensitivity approach

Many published landslide susceptibility studies utilizing ML are
likely unreproducible given the 10% model variance on our full
inventory simulation, which is attributable to the selection of train
and test data. Reproducibility could be increased through standard
reporting of the seed used by random number generators in various
software packages. However, a variety of software packages, many
without access to seed-setting functionality, are used by the com-
munity, and the same seeds and programs would need to be used
to achieve the same results. Only robust stochastic or brute force
simulations would be able to assess the number of landslides in an
inventory to consistently obtain the best models.

Model results centered near the means of the AUC value dis-
tributions also produced spurious results when using the full suite
of 25 features. Figure 11 shows that the mean susceptibility map
with six features is similar to, but less normally distributed than,
the maximum cAUC map. This suggests that susceptibility models
were roughly stable across the distribution due to workflow fil-
tering components (i.e., p thresholds and AUC correction). It is
impossible to determine where a single model run, without con-
text, would fit into the larger potential distribution or to claim that
any single model run is the most realistic map result. Significant
variability is seen in similar models (Maxwell et al., 2021; Crawford
et al., 2025), demonstrating that variability in results is not only
possible but has potentially been incorrectly attributed to the inclu-
sion of new layers or methods.

The addition of TWI test demonstrates the importance and
practical application of the approach outlined in this study. Adding
TWTIincreased AUC by 2%, which is significant even after account-
ing for noise (variance) due to selection within the landslide inven-
tory. This apparent improvement is confirmed by findings from
several studies (Jebur et al., 2014; Goetz et al., 2015; Crawford
et al,, 2025). However, when comparing cAUC values, including
TWTI significantly decreased performance of the best model and
reduced mean cAUC by 5%. The implications of this result are that
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many commonly tested features may not increase model perfor-
mance outside of noise, and features that increase AUC may make
susceptibility maps look more unrealistic (i.e., lower cAUC).

Future work

Now that a quantitative workflow to establish the ‘best’ map selec-
tion and uncertainty has been identified, many previously modeled
ideas on landslide parameter suitability and modeling approaches
need to be reassessed. This includes map averaging, hyperparam-
eter specifics, algorithm selection, feature parsing, and negative
sampling approaches. For example, it may be useful to explore
aggregating a subset of map results into a single map, such as a top
quartile range of cAUC for each sample size. Aggregating a sub-
set of results around either the mean or median (Heckmann et al.,
2014) would have been useful for AUC results but unnecessary
for cAUC results because the correction factor removes extreme
results.

Assessing the effects of landslide inventory size and feature
selection in isolation potentially ignores a number of notewor-
thy model optimizations, such as hyperparameter specifications.
The wide variety of hyperparameter specifications can increase
with model complexity. For the LR model, hyperparameters are
comparatively simple. However, hyperparameter variation was not
done in this study because the number of models required for
full assessment (21,000) would have increased exponentially (e.g.,
21,000 x 30). However, it is possible to test models with com-
plicated and significant hyperparameters using the workflow pre-
sented in this study to quantify the impact of hyperparameter
settings. Algorithm selection considerations were also compar-
atively limited, we targeted specifically common and relatively
simple algorithms to determine if there were differences to sup-
port our point that the issues presented are inherent in the data not
in the algorithm. Specific modeling methods may be more robust
against data variability (e.g., maximum entropy; Gomes et al,
2018; Pandey et al., 2020; Valvai et al., 2022) and targeted model-
ing frameworks that include hyperparameter considerations would
also likely improve this workflow. An objective of this study was
to quantify and account for variability from input inventory data.
With that variability recognized, algorithm selection, hyperparam-
eter testing, and input data differentiation can now be performed
and accurately assessed for further model improvement. These
tests do require a full simulation of the Monte Carlo workflow, to
ensure that the changes in performance are not specific to a single
train/test split.

Feature parsing was not performed on the individual subsam-
ples of landslide data because this would have added complexity
to the modeling workflow. Parsing techniques that depend on
the data sampled are likely to be subject to the same variability
observed in the model results, potentially at a larger scale. These
assessments may continue progress towards representative land-
slide susceptibility models based on input data but may not lend
towards modeling stability. Feature parsing based on random sub-
sampling of the inventory will also likely be more sensitive to
incomplete and inconsistent landslide inventories. Woodard and
Mirus (2025) cited problems with landslide data limiting model
performance. While this method attempts to control variability
inherent in landslide datasets, further work on more robust char-
acterization and parametrization of landslide inventories can only
improve assessments like the one presented in this study.

In relation to landslide location inventory, the selection of non-
landslide points can have a significant effect on model variability
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(Hu et al., 2020; Crawford et al., 2025). Random selection of non-
landslide points was used in this work, despite the existence of
more robust approaches to non-landslide point selection (e.g.,
Huang et al., 2020; Khabiri et al., 2023; Zhou et al., 2024; Koch
et al., 2025). A weakness of non-landslide point selection is the
potential of sampling of a landslide, especially if the landslide has
not been mapped. In this study, all non-landslide points were visu-
ally accessed, which showed <2% of non-landslide locations were
near or overlapped with an existing landslide. However, landslide
inventories are often noted to be incomplete (Steger et al., 2016,
2017; Woodard and Mirus, 2025), and in some cases may con-
tain false positives. Until mapping can be more certain, and robust
review of landslide inventories are widespread, selection of pos-
itive and negative samples likely will contribute a small fraction
of errors. Ultimately, non-landslide locations are complex consid-
erations and likely need a full comparison of different selection
approaches using the Monte Carlo workflow presented in this
study.

Conclusions

Much of landslide susceptibility modeling leverages ML algo-
rithms, often without knowing the extent to which the results are
affected by the input data. These input data effects can significantly
affect the output models, reducing reproducibility, comparability,
transferability, and the efficacy of landslide susceptibility mod-
els used by researchers interested in landscape evolution, local
emergency managers, and other end users.

Presented in this study is a workflow to quantify and correct
output model variability from the effects of input data. We lever-
aged a Monte Carlo sensitivity analysis on a LR-based susceptibility
approach. Outside of the model, a rank correlation-based feature
selection method was employed, as well as an AUC correction on
the output LR results. This workflow, including the application of
a correction factor and feature selection method, promoted sta-
bility and helped select realistic map results that may have been
overlooked due to lower performance metrics.

This study highlights the difficulties associated with pursuing
performance metrics without considering map utility, bringing
attention to the importance of producing usable results even if the
chosen model does not have the highest AUC. Moreover, a quan-
titative metric is still necessary to compare results of thousands
of models both within and between study areas—our presented
cAUC has the potential to fill that role. Other than circumventing
AUC skew and yielding practical map results, this sensitivity anal-
ysis delineates a benchmark of noise from inventory effects alone.
Further alterations to the modeling workflow can be assessed for
significance by comparison to this baseline. Models need to be
supported to minimize deviation and fully leverage the available
data—our approach is a step in that direction.

Supplementary material. The supplementary material for this article can
be found at https://doi.org/10.1017/qua.2026.10101.
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