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A new work-ﬂow is proposed to unify the way the community shares Logistic Regression results for landslide
susceptibility purposes. Although Logistic Regression models and methods have been widely used in geomorphology for several decades, no standards for presenting results in a consistent way have been adopted; most
papers report parameters with diﬀerent units and interpretations, therefore limiting potential meta-analytic
applications. We ﬁrst summarize the major diﬀerences in the geomorphological literature and then investigate
each one proposing current best practices and few methodological developments. The latter is mainly represented by a widely used approach in statistics for simultaneous parameter estimation and variable selection in
generalized linear models, namely the Least Absolute Shrinkage Selection Operator (LASSO). The North-easternmost sector of Sicily (Italy) is chosen as a straightforward example with well exposed debris ﬂows induced by
extreme rainfall.

1. Introduction
The concept of landslide susceptibility dates back to Brabb (1984),
being deﬁned as the likelihood of landslide occurring in a given area on
the basis of local terrain conditions. For catchment, regional and larger
scales (e.g. Shou and Lin, 2016) geomorphological mapping represents
the ﬁrst step to create inventories from which pseudo-quantitative or
quantitative methods can be applied using a set of instability factors, in
order to determine the landslide susceptibility for all mapping units
(Hansen, 1984) partitioning the geographic space under study.
Pseudo-quantitative methods typically assign weights to predisposing factor classes based on the frequency of landslides (e.g. Leoni
et al., 2009). These weights are interpreted as the eﬀect of each factor
on landslide occurrence, while their sum over a given area roughly
reﬂects landslide susceptibility. However, these ad-hoc empirical approaches are unable to represent the likelihood (or probability) of
landslide occurrence in a rigorous statistical sense, because they are not
explicitly based on an underlying probability distribution. Conversely,
with statistical methods (e.g. Ciurleo et al., 2017), the concept of susceptibility is intrinsically linked to the probability of landslide occurrence (in a give mapping unit), and therefore these quantitative
methods oﬀer more useful and detailed information by providing precise results that are interpretable from a statistical perspective. Numerous statistical methods have been used in the landslide

susceptibility literature, ranging from Binary Logistic Regression (BLR)
(e.g., Rossi and Reichenbach, 2016), to non-parametric (e.g., Guns and
Vanacker, 2012) and Bayesian approaches (e.g., Lombardo et al.,
2018a), each having their pros and cons. Among these methods, the
most frequently applied is BLR, because of its wide applicability, ease of
use, and software availability. Many geomorphological studies based on
BLR have already been published, either on distinct geographic areas
across the globe (e.g. Steger et al., 2016) or sometimes the same
catchment (Cama et al., 2016), using a pixel-based discretization of
space (Wang et al., 2013) or larger-scale slope units (Van Den Eeckhaut
et al., 2009), focusing on landslide inventories triggered by heavy
rainfall (Lin et al., 2017) or earthquakes (Parker et al., 2017), and they
are often based on a diﬀerent but overlapping set of spatial predictors.
Despite the great variability of modeling approaches and contexts, all
these studies still share similarities that could potentially be exploited
in reviews and subsequent meta-analyses, widening and reﬁning the
perspective on slope responses to landslide triggers. However, there is
currently no widely-adopted standards for presenting BLR results,
hence drastically limiting the scope of such meta-analyses. For example,
the comprehensive review of Budimir et al. (2015) goes through 75
papers with applications across the globe, but because of the lack of
consistency across papers for presenting results, this review is limited to
general considerations, such as identifying and counting the predictors
that are commonly used. Similarly, Pourghasemi and Rossi (2016) limit
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descriptions across papers. Most of the community uses Receiver Operating Characteristic (ROC) curves and their Area Under the Curve
(AUC); however, not always a better insight is provided through confusion matrices and their implications (e.g. Rossi et al., 2010). In this
regard, numerical quantiﬁcation of performances are clearly fundamental although reporting ROCs and AUCs only, does not yield the
geological information of the model hits (True Positives and True Negatives) and misses (False Positives and False Negatives). Single and
multi-fold modeling procedures: This overall framework is further diversiﬁed considering that some papers merely regress the landslide data
once (e.g. Lee, 2014) and publish the corresponding results, while other
authors implement more rigorous multi-fold procedures to describe
estimated model parameters through their mean and variance based on
a number of independent bootstrap replicates (Brenning et al., 2015).
This is the case for the K-fold cross-validation procedures described by
Petschko et al. (2014). Petschko et al. (2014) also mention something of
great relevance which we will further investigate in this contribution.
They highlight the diﬀerences between what we will deﬁne as “true”
landslide occurrence probabilities in contrast to the concept of landslide
“susceptibility”. The way most of the community computes landslide
susceptibility maps, by selecting a priori a balanced number of landslide
presences and absences, provides biased estimates of the “true” pixelbased probabilities. We here clarify this concept through synthetic
numerical simulations (see Supplementary Materials), and show that,
although susceptibility maps look similar in both cases and conclusions
about slope stability are essentially the same, “true” probabilities are
not a linear function of “susceptitiblity” values, and using the former
improve result interpretation over the latter.

their assessment to reporting the frequency of common covariates used
in 220 papers. These qualitative considerations do not provide any
quantitative information on the importance and eﬀect of each predictor.
To facilitate future meta-analyses and quantitative comparisons
across studies, we propose here a list of actions to be taken when
modeling landslide susceptibility with BLR, in order to standardize the
way BLR results are presented. Although the estimated susceptibility
map and corresponding regression coeﬃcients may depend on the
choice of mapping units and general aspects that are dictated by the
context, certain fundamental principles and diagnostic tools should be
adopted more broadly in the geomorphology literature. Our proposed
actions and work-ﬂow, detailed in Section 2, concern six aspects of the
whole statistical analysis procedure: i) Data description; ii) Variable
selection; iii) Assessment of variable importance; iv) Landslide/noLandslide proportion, implications and probability cutoﬀ choice; v)
Predictive performance; vi) Single and multi-fold modeling procedures.
Our proposed framework is illustrated through Section 4, using as a
practical example the Multiple Occurrence of Regional Landslide Event
(MORLE, Crozier, 2005) that took place in North-East Sicily, Italy, on
October 1, 2009. This choice is justiﬁed due to the almost unique
landslide class that was triggered, namely debris ﬂows. This makes the
implementation and interpretation easier also due to the large number
of papers published on this speciﬁc MORLE.
2. Overview of various practices in landslide susceptibility
Data description: The ﬁrst discrepancies among articles can be found
in the way the coeﬃcients of the linear covariates are published, being
standardized only in few cases (e.g. Raja et al., 2017) or simply reported in the majority of contributions (e.g. Erener et al., 2016), if reported at all. The very fact that covariates are generally kept in their
original units hinders the comparison of their impact with respect to
other covariates in the same study area and the comparison of the same
covariate in diﬀerent geographic contexts. Enabling the latter could
open interesting discussions and generalized interpretation on landslide
activations. Variable selection: Variable selection procedures should be
always included in any work-ﬂow for landslide susceptibility to remove
non-informative predictors, avoid model over-complexity and variableinteraction issues and deal with multicollinearity (Marchesini et al.,
2014). This is another case where strong diﬀerences arise among research groups. In some cases, no variable selection takes place (e.g.,
Feng et al., 2016) whereas in the opposite situation, the community
almost unanimously performs a Stepwise Selection (e.g., Eeckhaut
et al., 2010). However, the statistical community has highlighted numerous deﬁciencies for such method since 1990's (Copas and Long,
1991; Derksen and Keselman, 1992; Harrell Jr, 2015) and few cases are
currently available where more eﬀective variable selection procedures
are tested in landslide susceptibility studies (e.g. Castro Camilo et al.,
2017). Assessment of variable importance: Almost no agreement can be
found within the community when assessing the strength of each covariate with respect to landslide occurrences. Few cases take into consideration the p-values for signiﬁcance (Chen and Wang, 2007), other
articles” multiply the maximum value of the variable in the dataset with
its regression coeﬃcient” to obtain a metric deﬁned as Measure of
Parameter Importance (MPI, Guns and Vanacker, 2012) and others
consider the frequency and rank of selection in a stepwise framework
(Cama et al., 2017). Landslide/noLandslide proportion, implications and
probability cutoﬀ choice: Very few articles explore the eﬀects of the balanced or non-balanced sampling scheme used to construct the dichotomous dataset to be ﬁtted (Heckmann et al., 2014; Conoscenti
et al., 2016). Even more rarely, we assess the implications that such
choice produces onto the susceptibility itself (Petschko et al., 2014) and
onto the cutoﬀ value that separates probabilities into stable and unstable predicted conditions (Frattini et al., 2010). Predictive performance: A better agreement must also be found on model performance

3. Study area and landslide inventory
The adjacent catchments of Scaletta and Itala are located on the
eastern side of the Peloritani Belt (Fig. 1b) and included in the center of
the 1st October 2009 storm that caused 37 victims and 0.5 M€ worth of
structural damage. At the time of the disaster the area including the two
catchments was exposed to 75 mm and 23 mm of rain two and one
weeks before the main storm which discharged 250 mm in 8 h (Bout
et al., 2018). As a result, the saturated weathered cover draping over a
parent bedrock of medium to high grade metamorphic rocks (Fig. 1c)
destabilized and gave rise to hundreds of shallow ﬂow-like landslides.
These debris ﬂows have been mapped on the basis of Google Earth
(2006–2010) and orthophotos (six days after) provided by the National
Civil Protection (Cama et al., 2015). Pre- and post- event debris ﬂows
have been intersected to isolate the component triggered by the storm
in 2009.
The total inventory (Fig. 1d) for the two catchments accounts for
1098 debris ﬂows. A histogram and related statistics of the corresponding maximum distance from the crown to the runout zone is
shown in Fig. 2 where it emerges that most debris ﬂows traveled
for > 40 m, indicating high water content and ﬂuidity of the moving
mass.
4. Statistical modeling
4.1. Dataset creation
Several representations of the geographic space have been proposed
throughout the years. These are deﬁned as mapping units (Carrara
et al., 1995) and represent the spatial object partitioning a given study
area. Among various mapping units, we adopt a 2 m-side squared lattice
coinciding with the resolution of the Digital Elevation Model used for
the analyses. The typical approach for building datasets also includes
designing the unstable regions for each landslide triggering location.
Diﬀerences in the literature can be found in groups representing landslide presences as the centroid of the mapped polygons (Hussin et al.,
2016) or as the highest pixel along a landslide crown (Landslide
15
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Fig. 1. Italy and focus on study area (a); Itala and Scaletta catchments (b); Outcropping Lithologies and subcatchments (c); Landslide inventory, 1st October 2009.

Two covariates are categorical and correspond to the i) Outcropping
Lithology (Lentini et al., 2000)1 and ii) Land Use (Corine 20062). The
remaining twelve covariates are continuous, nine of which are obtained
from a pre-event 2 m h-resolution and 0.25 m z-resolution LIDAR Digital Elevation Model (ARTA 2008, Cama et al., 2015). These nine
covariates are: iii) Elevation, iv) Eastness and v) Northness (Lombardo
et al., 2018b), vi) Plan and vii) Proﬁle Curvatures (Heerdegen and
Beran, 1982), viii) Relative Slope Position (Böhner and Selige, 2006), ix)
Slope (Zevenbergen and Thorne, 1987), x) Stream Power Index (Moore
et al., 1991), xi) Topographic Wetness Index (Beven and Kirkby, 1979).
The 15 m resolution xii) Normalized Diﬀerence Vegetation Index
(NDVI) (Rouse Jr et al., 1974) is calculated on the basis of an ASTER
scene acquired on July 2007. Distances to xiii) Fault Lines and to xiv)
Channel Network are computed as Euclidean distances from every pixel

Identiﬁcation Point or LIP, Lombardo et al., 2014). In addition to this,
authors have suggested to widen the instability regions around the
aforementioned locations. This is the case for “seed” or “diagnostic”
areas proposed by Süzen and Doyuran (2004) and Rotigliano et al.
(2011), respectively. The reason behind the two aforementioned approaches is to model landslide instabilities as an areal rather than a
point process. However, in this contribution we avoid seed and diagnostic areas for they may give rise to highly dependent datasets which
in turn will conﬂict with the independence assumption of the likelihood
function described in Section 4.3. As a result the number (1098) and
locations of unstable pixels here coincides with the LIPs. In subsequent
statistical modeling and analysis, a balanced sample of landslide absences will be randomly extracted among the remaining stable pixels.
4.2. Covariates

1
http://www.isprambiente.gov.it/Media/carg/601_MESSINA_REGGIO/
Foglio.html
2
http://www.eea.europa.eu/data-and-maps/data/clc-2006-raster

Fourteen covariates are used to explain the spatial distribution of
landslides, based on the dataset obtained as explained in Section 4.1.
16

Engineering Geology 244 (2018) 14–24

L. Lombardo, P.M. Mai

covariates' original scale. A simple linear transformation can be used to
get the regression coeﬃcients on the original scale from the ones obtained on the normalized scale; this is further detailed in Appendix A.
4.3. Parameter estimation and variable selection via the LASSO
Details on Binary Logistic Regression models are provided in
AppendixA whereas this section will focus on how parameters can be
estimated, and how to perform variable selection using the LASSO
(Tibshirani, 1996).
Suppose that n independent observations y1, …, yn ∈{0, 1} from the
logistic model (5) are available. In our context, these observations represent both landslide presences and absences. For each i = 1, …, n,
denote by xi⋆ = (x1i⋆, …, xpi⋆) the vector of normalized covariates associated to the observation yi, and by π(xi⋆) the probability that the ith
observation equals one. Regression parameters (on the normalized
scale) may be estimated by maximizing the log-likelihood function,
which may be written as

Fig. 2. Distribution of runout distance calculated for each debris ﬂow from the
crown to the deposition area where possible, otherwise to the intersection with
the river network.

(

Table 1
Continuous and categorical predictor list. Throughout the manuscript, IDs are
used in ﬁgures while acronyms and classes are used in the text.
ID

Acronym

Class

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35

Dist2Faults
Dist2Channel
Eastness
Elevation
NDVI
Northness
Plan_Cur
Prof_Cur
RSP
Slope
SPI
TWI
Use111
Use323
Use314
Use221
Use231
Use322
Use223
Use331
Use321
PMAa
FDNa
PMPa
MLEa
FDNb
MLEc
VEP
PMAd
bn4
bn3
gn2
b2
bb
gn3

–
–
–
–
–
–
–
–
–
–
–
–
Continuous Urban Fabric
Sclerophyllous Vegetation
Partially Wooded Land or Degradated Forest
Vineyards
Pastures
Moors and Heathland
Olive Groves
Beaches, dunes, sands
Natural Grassland
Paragneiss to Micaschists
Muscovite Marble
Pegmatite/Aplite
Crenulated Paragneiss/Micashists
Phyllites/Meta-Arenites
Double Micas Marbles
Metarenite/Metapelite
Silicate Marble
Terraced Alluvial Deposit (4th)
Terraced Alluvial Deposit (3rd)
Terraced Marine Deposit (old)
Eluvium/Colluvium
Alluvial Plain Deposits
Terraced Marine Deposit (recent)

)

ℓ β0⋆ , β1⋆,…, βp⋆ =

∑

log{π (x i⋆)} +

i : yi = 1

∑

log{1 − π (x i⋆)},
(1)

i : yi = 0

π(xi⋆)

is linked to the regression parameters through (5). Eﬃwhere
cient algorithms to maximize [1] have been developed, and are freely
available in the statistical software R.
When the number of covariates p is large compared to the sample
size n, when many of these covariates are not signiﬁcant, or when they
are highly multicollinear, the performance of estimators might be
highly aﬀected and strategies to achieve variable selection need to be
found. One convenient and powerful variable selection technique,
which can be viewed as an alternative to stepwise selection methods,
performing simultaneous estimation and variable selection is the Least
Absolute Shrinkage Selection Operator (LASSO). Essentially, the LASSO
maximizes a penalized counterpart of [1], which may be expressed as

(

)

p

ℓλ β0⋆ , β1⋆,…, βp⋆ =

∑
i : yi = 1

log{π (x i⋆)} +

∑
i : yi = 0

log{1 − π (x i⋆)} − λ ∑ βj⋆ ,
j=1

(2)
where λ > 0 is the penalty parameter, which is usually chosen by
cross-validation in order to optimize prediction accuracy. When λ = 0,
(2) boils down to (1), and when λ → ∞, all estimated parameters (ex⋆
⋆
cept the intercept β0⋆) are set to zero, i.e., β1 = ⋯=βp = 0 . In between, it can be shown, thanks the geometry imposed by the penalty
term in (2), that some parameters βj⋆ may be set to zero while others
might be non-zero; by setting some parameters to zero, this automatically achieves variable selection.
4.4. Implementation
We write the code using the statistical software R (see https://www.
r-project.org/) and use the glmnet package written by Friedman et al.
(2009) to implement the LASSO. The adoption of a 2 m-grid mapping
unit partitions the study area into 3.8 · 106 pixels. To maintain a balanced sampling scheme throughout the analyses we i) extract from the
dataset all the cases with a status assigned as 1 (landslide presences)
and ii) merge an equal number of cases with status assigned as 0
(landslide absences) randomly selected from the remaining data. We
then randomly split this smaller dataset into two balanced subsets, each
containing 75% and 25% of the cases, respectively. The ﬁrst subset
(with 75% of cases) is used for ﬁtting whereas the second (with 25% of
cases) is used for validation. This operation is then repeated 500 times
to produce ﬁtted models. For each replicate, the value of the penalty
parameter λ in (2) is re-estimated by 10-fold cross-validation, and a
diﬀerent number of variables is selected by the LASSO. For each of the
500 models ﬁtted, the regression coeﬃcients βj are stored generating a

of the 2 m lattice to the nearest tectonic alignment and channel. All the
covariates are ﬁnally resampled to the 2 m resolution. Their ID, acronym and classes for categorical variables are shown in Table 1, they
will be alternatively used in ﬁgures through the manuscript. Ultimately,
all the continuous covariates are rescaled by substracting their mean
value and dividing by their standard deviation. This last step is crucial
to be able to objectively assess the relative importance of each covariate
by comparing their corresponding estimated regression coeﬃcients. It
might, however, be easier to interpret regression coeﬃcients on the
17
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Section 4.4. The percentage of variable selections is shown in the top
panel in a colour coded bar plot with assigned red and blue for positive
and negative betas, respectively. The sign is assessed at the mean of
each of the 500 coeﬃcients. The lower panel shows the absolute value
of the standardized beta coeﬃcients. As the beta are in the same
unitless scale it is easy to recognize dominant covariates. The interpretation of the standardized betas still indicates that the probability
increases or decreases by a factor equal to the exponential of the beta
value. Whether that would increase or not the probability is lead by the
sign colorcoded above. We also include the percent contribution to the
model (same ﬁgure, second axis to the right). This is done by normalizing the rescaled betas with respect to the maximum beta value.
Fig. 6 shows the results of Jackknife tests (Lombardo et al., 2016b).
Jackknife procedures generate models with one variable only to be
associated with the corresponding models built with all variables but
one. Each model undergoes the same K-fold resampling scheme of the
LASSO-penalized models and their AUCs are compared with a reference
full model made by using all available variables. This allows one to i)
highlight the univariate predictive power of single covariates; ii) stress
the same idea but in a multivariate environment where the importance
of a given covariate is shown in terms of performance drops. This representation here stresses the role of the Slope. This would have appeared to be less relevant than the Elevation only looking at the betas in
Fig. 5. However, both Jackknife tests indicate the Slope to be able to
describe the landslide scenario the most. The Slope-only-model has an
AUC equal to 0.64 whereas the all-but-Slope model reports the greatest
drop with a ΔAUC with respect to the full model equal to 0.01.
Another way to assess the eﬀect of the covariates consists of
studying the bi-variate relations between the spatial distribution of
each covariate against the spatial distribution of the ﬁtted probabilities
(Tziritis and Lombardo, 2016; Schillaci et al., 2017). Fig. 7 summarizes
the responses of the covariate mostly selected by LASSO. Due to the
diﬀerent nature of covariates, for continuous cases we used a 2D kernel
density estimator whereas for categorical variables we created an histogram extracting the probabilities at locations with categorical values
equal to 1. The interpretation of these plots indicates variations in the
debris ﬂow susceptibility in a multivariate domain. This means that
dominant variables should reﬂect their eﬀect while non signiﬁcant
covariates may not have enough inﬂuence to produce a change over the
ﬁtted probabilities.
Few demonstrations of the concept above are shown for Distance to
Faults and Slope where with opposite eﬀects they clearly contribute to
modify the susceptibility despite the co-existing eﬀects of the other
covariates on the susceptibility. As for the single dummies, lithology bb
(Alluvial Plain Deposit) has a negative beta sign and this is reﬂected in
most of the probabilities centered around 0.1. A non-inﬂuential example can be seen in land use 221 (Non Irrigate Arable Land) for its
beta sign is negative but the susceptibility values have an approximate
normal distribution centered at 0.4 and a standard deviation 0.19.

matrix B of dimension 500 by 14, where columns denote covariates and
rows denote replicates. To assess variable importance, we then compute
the proportion of times each covariate was selected, i.e., when the
corresponding regression coeﬃcient βj⋆ was not set to zero by the
LASSO. For each of the 500 replicates, we also compute the proportion
of True/False Positives/Negatives, the Receiver Operating Characteristic (ROC) curve and Area Under the Curve (AUCs), the error rate
(mean(FP|FN)), the ﬁtted probabilities and the response values (susceptibility V S covariates) for each of 3.8 · 106 pixels.
In addition we estimate the best probability cutoﬀ between stable
and unstable conditions (Castro Camilo et al., 2017). This is done by
calculating the Accuracy (TP + TN) divided by the Total Population
(TP + TN + FP + FN) at various probability cutoﬀs. This operation
ensures that the cutoﬀ choice, meant to predict landslide presences
(ones) and absences (zeros) from estimated probabilities, is quantitatively determined rather than subjectively adopted a priori. The idea
behind this test comes from the considerations in Frattini et al. (2010)
and Heckmann et al. (2014) where authors stress the fact that probability cutoﬀs are data-dependent. Here we select the cutoﬀ that maximizes on average the Accuracy across 500 replicates.
5. Results
Fig. 3a demonstrate how we propose to choose the best probability
cutoﬀ by selecting the maximum accuracy value along the dashed curve
expressing the average across 500 random replicates. The community
usually adopts a 0.5 cutoﬀ which is also reﬂected in the present case
conﬁrming its correctness for balanced sampling strategies. Fig. 3b
shows 500 ROC curves and their overimposed mean corresponding to
an AUC of 0.84 and a standard deviation of 0.01. As the ROC/AUC
provides just a lumped measure of model performances, this information is complemented in Fig. 4a with a scatterplot representing the
combination of TP/Observed Positives and TN/Observed Negatives for
each of 500 models.
Even in this case a limited variability is shown with standard deviations of 0.80 and 0.86 along the abscissa and ordinate, respectively.
The mean proportion of TN and TP is 79.70% and 75.02%, respectively.
Considering these central tendencies and their associated variabilities it
emerges a better prediction toward stable conditions.
Error rates in Fig. 4b conﬁrm the overall good performances with a
median value of 0.228 and an inter-quartile distance of 0.008.
Once a strong predictive power and a low variance among replicates
are proven, the geological interpretability of the results can be assessed.
We do this in the domain of the covariates and ﬁnal probabilities.
Speciﬁcally, in this section we combine the results with a commentary
on the main novelty we propose for presenting the covariate eﬀects in a
way that the community can compare even for diﬀerent sites and
events.
For covariates, Fig. 5 summarizes the procedure described in

Fig. 3. Accuracy VS Cutoﬀ plot (a); ROC curves (b). Both cross-validation plots account for 500 random replicates.
18
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Fig. 4. TP proportion VS TN proportion (a). Red lines
correspond to mean values whereas blue and green
lines represent one and two standard deviation intervals, respectively. Error Rates (b). Both cross-validation plots account for 500 random replicates.
(For interpretation of the references to colour in this
ﬁgure legend, the reader is referred to the web version of this article.)

The susceptibility map is calculated as the mean ﬁtted probability
per pixel across 500 replicates and Fig. 8 presents it (a) along with the
corrected probabilities (b) and their respective standard deviations (c
and d) measured in two intervals. Susceptibilities do not strictly correspond to probabilities in a statistical sense. This is due to the eﬀect of
the balanced sample and a detailed discussion can be found in
(Petschko et al., 2014). We here report both the distorted probabilities
corresponding to the susceptibility and their corrected equivalent following the procedure described by Petschko and co-authors. In addition, we extend the discussion from the aforementioned authors by
comparing the eﬀects of balanced and full samples in a simulation study
presented in the Supplementary Materials. In Fig. 8 we reclassify the
corrected probabilities into 5 classes corresponding to 2.5, 25, 50, 75
and 97.5 percentiles. These values are calculated from the true probability distribution extracted at Landslide Identiﬁcation Point locations
in accordance to the suggestions in Petschko et al. (2014). The only
diﬀerence is that Petschko and co-authors use only three quantiles (low,
medium and high probabilities) rather than ﬁve (low, low-medium,
medium, medium-high and high). Despite the patterns in the mean

predictive maps are similar, those in the standard deviation maps are
not. This is due to the fact that the variance of the corresponding odds
computed with the full model or V ar(odds) are not linearly linked to the
variance of the odds obtained with a balanced sample which are multiplied by a constant c. Hence, the latter becomes V ar(c · odds) = c2 · V
ar(odds).
Susceptibility and 95% conﬁdence interval maps provide visual
support for assessing the relative likelihood for debris ﬂow activations.
However, a better insight on the relation between susceptibility and its
stability across replicates is achieved through error plots (Guzzetti
et al., 2006; Lombardo et al., 2016a). Fig. 9 shows the bi-variate distribution of the two aforementioned maps. We opt for a 2D kernel
density estimator for a better visualization. Most of the variability is
conﬁned below 0.05 attesting for coherent replicates despite the 500
resampling iterations. Three peculiar trends emerge from the density
plot. These are also shown in (Lombardo et al., 2015) and are due to
categorical classes highlighted in the map in three areas, two of which
toward the East and close to the coastline while the remaining one is
shown to the West side of the main stream (see Fig. 8).

Fig. 5. Frequency of LASSO selection across 500 random replicates. Red indicates a positive value for the mean beta while blue represents a mean negative
correlation with respect to landslide presences. Variable labels are also valid for lower plots (1st row) and their IDs are shown in the x-axis. Beta coeﬃcients
calculated for rescaled continuous covariates and they are not modiﬁed for categorical classes. Orange line represents non-signiﬁcance (2nd row). (For interpretation
of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)
19
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Fig. 6. Jaskknife tests for continuous and categorical covariates. Only-one-variable models are shown in the 1st row where red lines correspond to a random
prediction performance or 0.5 AUC. All-but-one-variable models are shown in the 2nd row where green lines are the average prediction of the full model. Blue lines
are the average prediction of 500 LASSO penalized replicates. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web
version of this article.)

6. Discussions

emerge on the probability despite its dependency from the multivariate
approach. The best example is that of the Elevation where the susceptibility increases up to its maximum coinciding with an height of
approximately 500 m.a.s.l. These values are lead by other covariates as
they cannot be justiﬁed from the Elevation (negative beta). However,
from the 400 m nick-point to the right tail of the distribution, the susceptibility sharply decreases due to the negative eﬀect of the Elevation.
Mean susceptibility and error maps (Fig. 8) together with error plots
(Fig. 9) are known to belong to level 4 assessment (Guzzetti et al.,
2006). We extend this assessment to account for the probability correction described by Petschko et al. (2014). This topic is not trivial as
the distortion of the balanced sample only allows for a visual interpretation in terms of relative likelihood whereas a corrected probability
is interpretable as the probability of a landslide under similar triggering
conditions. Furthermore, the probability distortion aﬀects the variance
computed for each pixel in a k-fold cross-validation scheme, resulting in
a strong overestimation.
From a geographic perspective, in the present study we modeled
part of the area investigated by Cama et al. (2015) but including the
adjacent catchment to the North (Scaletta Zanclea). Despite the different implementation, mean susceptible areas well coincide with the
self-validated model 2009 by Cama and co-authors whilst the dispersion they encountered is much higher. This can be due to two diﬀerent
reasons. The ﬁrst one being a diﬀerent number of replicates as we run
500 random extractions instead of 10. The second reason could be the
diﬀerent variable selection procedure. Stepwise selection is not as
strong as the LASSO due to the fact that the AIC criterion tends to include more variables while LASSO operates on the domain of the beta
coeﬃcients setting every negligible contribution to a 0 coeﬃcient.
The advantages of implementing LASSO can also be exploited to
improve other susceptibility models. In fact, LASSO is not limited to
statistics and has recently been successfully combined to data mining
methods such as Neural network, Classiﬁcation And Regression Tree
and Support Vector Machine (SVM) (e.g. Goo et al., 2016). Because
engineering geologists and geomorphologists are increasingly using
data mining to generate predictive models for landslides, LASSO could
represent a valid tool too boost performances and reduce overcomplexity at the same time.

What we can infer from the present example is that with respect to
the average debris ﬂow susceptibility model Slope (βSL = 0.53),
Elevation (βEL = −0.71), Distance to Faults (βD2F = −0.44), Northness
(βNN = 0.40) dominate the susceptibility distribution from the four
diﬀerent perspectives described above among continuous covariates.
This can be respectively interpreted as i) a clear eﬀect of the slope over
shallow landslides; ii) topographic control over the rainfall pattern,
which actually got dissipated mid-way between the outlet and the
upper catchment divide; iii) fragmentation of the material in proximity
to tectonic features, consequent release of material from common erosion processes and remotion of potential sources for shallow landslide;
iv) solar radiation control over evapotranspiration processes and consequent retainment of soil moisture in North-facing slopes.
With respect to categorical cases, lithology bb or Recent Alluvial
Deposits (βbb = −2.42), MLEc or Double Micas Marbles (βMLEc = −2.14)
negatively impact the likelihood whereas FDNb or Phyllites to MetaArenites (βFDNb = 0.47) increases the probability. We focused on these
lithotypes as they are frequently included, present a signiﬁcant eﬀect
and widely outcrop in the area bb = 3%, MLEc = 36%, FDNb = 33%.
From an interpretative standpoint their eﬀect can be justiﬁed due to
geotechnical and geomoprhological controls over instability. Phyllites
in the area are strongly weathered and their foliated nature could give
rise to preferential slide zones from micro to macro scales where the
main triggering movement could take place. As regards the other alluvial deposits and marbles, the ﬁrst one typically occupies ﬂat stable
areas whereas the second is a competent rock by nature and thus it is
not easy to mobilize it as part of a shallow landslide process.
Land uses appear to have a limited inﬂuence with the exception of
Use231 or Pastures (βUse231 = 0.50) and Use321 or Natural Grassland
(βUse321 = 0.93). These both positively contribute to slope instabilities
and respectively outcrop for 12% and 7% of the area. They both indicate conditions where no dense vegetation can shield the soil from
direct rainfall impact.
The interpretation can be further improved looking at response plots
(Fig. 7). The eﬀects of Elevation, Slope, Distance to Faults clearly
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Fig. 7. Bivariate distribution between most selected continuous covariates and the corresponding susceptibility value for each mapping unit. Categorical covariates
are presented by summarizing the univariate distribution of the speciﬁc class if present, for each mapping unit. Red lines separate predicted stable from unstable
conditions. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

Fig. 8. Mean (a) and 95% conﬁdence interval (c) maps calculated across 500 random susceptibility replicates. Corrected and reclassiﬁed probabilities (b) and their
standard deviation (d) are indicated by the asterisk. Dashed lines represent contours lines expressing the original density of landslides per meter squared whereas the
over-imposed numbers are the actual densities.

perspective.

7. Conclusion
The community has long invested eﬀorts in developing landslide
susceptibility models. However, no clear standards are still in place
with respect to some key part of the analyses. In terms of methodological development we present the LASSO penalization instead of its
common Stepwise counterpart. Stepwise selection is subjected to a wide
spectrum of disadvantages and technical problems. This is common
knowledge within the statistical community and some the most comprehensive description of these issues can be found in Harrell Jr (2015)
or Miller (2002).
Taking aside the technical considerations, we propose a comprehensive way to present any results for landslide susceptibility studies.
Part of the suggestions were already summarized by Guzzetti et al.
(2006) and subsequently adopted by other authors (e.g. Lombardo
et al., 2015). However, we here propose an update. The ﬁrst step should
always control the correctness of the probability cutoﬀ. This cutoﬀ is
subjected to variation due to the sampling scheme and data as already
reported by Frattini et al. (2010) and Heckmann et al. (2014). The
maximization of the accuracy against a varying cutoﬀ ensures an optimal and quantitative cutoﬀ selection irrespective to the data.
The second consideration relates to the way the community operates in a cross-validation framework. True and False Positive proportions are not always included and this even more common when considering cross-validated results. However, the information conveyed by

Fig. 9. Error plot representing the bivariate distribution between mean susceptibility and its 95% conﬁdence interval.

Ultimately, the work-ﬂow we propose can be used in any context
where landslides are modeled over space, from catchment to territorywide scales and from susceptibility to hazard models. Even for landslide
hazard studies (Ko and Lo, 2018), where the spatial component is initially disentangled from the temporal one during the analyses, LASSO
can contribute to simplify the model whereas the analyses on the covariate role and the validation procedures we present can boost the interpretation of the results from a geological and engineering
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of the community knows and recognizes.
The overall work-ﬂow is intended to provide a guideline for presenting susceptibility results and we believe it could improve the
quality of several papers and more importantly the cross reference/
comparison among contributions, ultimately allowing for meta-analytic
applications or reviews even in landslide susceptibility practices.
Ultimately we investigate the eﬀect of a balanced sample over the
probabilities extending the work of Petschko et al. (2014). Supplementary Materials include simulations and subsequent comparison
between a susceptibilities and corrected probabilities.

confusion matrices complements the compressed information from ROC
and AUC which only describe performances from a numerical perspective.
The third and main message of this contribution relates to the way
the community shares logistic regressed coeﬃcients and/or covariate
eﬀects on models. As things currently are, there is very little chance to
compare diﬀerent coeﬃcients from a paper to another. However, this is
done in other scientiﬁc branches supporting meta-analytic studies.
Meta-analysis within the geological community could improve our
understanding of environmental inﬂuences over diﬀerent landslide
types and triggers. Few authors already present coeﬃcients after standardizing the original covariates and we stress this to be the ideal
choice to be additionally expressed in absolute values. We also compute
the percentage contribution, count the frequency of inclusion, perform
Jackknife tests and response plots to complement the covariate inﬂuence assessment. Doing this could open new interpretation on covariate
eﬀects. A very simple but eﬀective comparison across articles could be
achieved by normalizing the absolute betas as shown in the 2nd row of
Fig. 5 to get an objective inﬂuence expressed in percentage. Furthermore, Jackknife tests are convenient ways to express covariate inﬂuences into AUC values, these being common metrics that every member
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Appendix A. Statistical modeling using binary logistic regression
In classical regression analysis, we seek to explain the variability of a response variable Y in terms of p covariates x1, …, xp, such as the ones
presented in Section 4.2. When such covariates are assumed to be continuous for simplicity, the ordinary Gaussian linear model may be expressed as

Y = β0 + β1 x1 + ⋯+βp x p + ε,

(3)

where β0, …, βp are regression coeﬃcients measuring the eﬀect of each covariate, ε ∼ N(0, σ ) is the random Gaussian component, and
β0 + β1x1 + ⋯ + βpxp is the systematic component, which determines the expected value of the response Y. This framework can be extended in
many ways, e.g., by considering categorical covariates, non-linear eﬀects, or non-Gaussian responses. Generalized linear models (GLMs), which have
been studied in depth and widely applied in a variety of scientiﬁc ﬁelds, can handle responses whose distribution belongs to the linear exponential
family, including the normal, binomial, bernoulli, Poisson, or gamma distributions, among others.
When Y has two possible outcomes 0 and 1 (representing, in our context, landslide presence/absence in a given pixel), a generalized linear model
may be formulated as follows: denoting by π the probability that Y takes the value 1, one sets
2

η (π ) = β0 + β1 x1 + ⋯+βp x p ,

(4)

where η is the link function relating the linear predictor on the right-hand side of (4) to π, i.e., the mean of Y. In other words, Y follows a Bernoulli
distribution with parameter π = η−1(β0 + β1x1 + ⋯ + βpxp). Several link functions may be chosen. A common choice with nice theoretical properties is the logit function η(π) = log {π/(1 − π)} with inverse link η−1(x) = exp (x)/{1 + exp (x)}, leading to Binary Logistic Regression (BLR). It
can be veriﬁed that the odds, i.e., the ratio Pr(Y = 1)/Pr(Y = 0) = π/(1 − π), increase by a factor exp(βj) for a unit increase of the covariate xj, j = 1,
…, p. In particular, in the landslide context, when βj > 0, the covariate xj has positive eﬀect on the landslide occurrence probability, while it has a
negative eﬀect when βj < 0.
Notice that, using the centered and rescaled variables xj⋆ = (xj − mj)/sj, j = 1, …, p, with the mjs and sjs respectively denoting the mean and
standard deviation of each covariate xj, Eq. (4) may be rewritten as

η (π ) = β0 + β1 (s1 x1⋆ + m1)+⋯+βp (sp x p⋆ + mp)
= (β0 + β1 m1+⋯+βp mp) + β1 s1 x1⋆ +⋯+βp sp x p⋆ ,
= β0⋆ + β1⋆ x1⋆ +⋯+βp⋆ x p⋆ ,
β0⋆

(5)
⋆

= β0 + β1m1 + ⋯ + βpmp and βj = βjsj, j = 1, …, p. Hence, the coeﬃcients βj on the covariates' original scale can be recovered from the
where
coeﬃcients βj⋆ on the normalized scale using the relations in (5), and vice versa. Coeﬃcients βj on the original scale are usually easier to interpret,
while coeﬃcients βj⋆ on the normalized scale allow to compare the relative importance of each covariate on the response.
Appendix B. Supplementary data
Supplementary data to this article can be found online at https://doi.org/10.1016/j.enggeo.2018.07.019.
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