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Abstract

Predicting the occurrence of landsliding is of key importance for understanding
the geomorphological development of mountain environments as well as to assess
the potential risk posed by landsliding to human societies in such environments.
Global landslide susceptibility models use a generic model formulation to pre-
dict landslide susceptibility anywhere on the planet from openly available data.
Regional models, on the contrary, use local information on landslide occurrence
to constrain model parameters and may also benefit from better spatial infor-
mation with respect to controlling factors. This study aims to investigate the
added value of the construction of regional landslide susceptibility models (ver-
sus global and continental models) in the western branch of the East African
Rift, a data-scarce landslide-prone tropical environment. First, a comprehen-
sive landslide database containing 6446 instances was compiled for the study
area using Google Earth imagery. Second, three regional data-driven landslide
susceptibility models were developed. Third, the efforts to construct these re-
gional models were quantified by analysing how their quality is impacted by (1)
the use of more accurate, regional peak ground acceleration and geology data,
and (2) an increasing inventory size. Fourth, regional and global/continental

models were compared in terms of predictive power and geomorphological plau-
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sibility. We observe that global/continental landslide susceptibility models are
capable of identifying landslide-prone areas, but lack prediction power and geo-
morphological plausibility when compared to our regional models. Importantly,
this difference in quality is not driven by the use of more accurate and detailed
geology and peak ground acceleration data, but rather by the use of a detailed
regional landslide inventory to calibrate the models. We also show that the
model quality only increases marginally beyond a certain inventory size. We
conclude that the regional landslide susceptibility assessment does provide an
added value compared to existing global models in terms of geomorphological
plausibility and model performance, whereby the largest gain is to be found in
the construction of a regional landslide inventory, rather than the investment
in more detailed covariates or the application of more complex modelling tech-
niques. The latter suggests that the role of controlling variables depends, to
some extent, on the regional context: making adequate susceptibility predic-
tions proves difficult when local conditions are not accounted for by means of a
regional inventory.

Keywords: Landslide inventory, statistical modelling, model complexity,

Google Earth, tropical environment

1. Introduction

Predicting the landslide occurrence is of key importance for understanding
the geomorphological development of mountain environments as well as to assess
the potential risk posed by landsliding to human societies in such environments,
as landslides lead to thousands of casualties per year and significant damage to
the environment and infrastructure, especially in developing countries (Korup)
let all, 2010} [Larsen & Montgomery}, 2012} [Walker & Shiels, [2013; [Froude &]
. Despite this, for most regions, landslide susceptibility (LSS) has

only been assessed using global and continental models (Nadim et al., [2006;

[Hong et al. 2007 [Stanley & Kirschbauml 2017 [Lin et al.l [2017; [Broeckx et al.
2018)). While these models are certainly useful to detect and quantify differences




30

35

40

45

50

55

between regions, their suitability to assess spatial variations within regions is
questionable due to three reasons: (1) these models have not been validated in
the regions concerned, (2) they are often based on the combination of few and
simplified readily available covariates which might be sufficient to reflect broad
continental/global patterns, but not necessarily detailed regional ones, and (3)
when they are data-driven, they rely on a combination of available, regional
datasets. Such a dataset may not be representative for a region in which no
such data are available.

In general, LSS models are based on data-driven methods (e.g. logistic re-
gression (LR) and random forests (RF)), which rely on a landslide inventory to
construct and validate the model (Corominas et all 2014; Reichenbach et al.|
2018). Building a data-driven regional LSS assessment is time-consuming. This
is particularly the case in tropical Africa where the construction of landslide in-
ventories is impeded by fast land rehabilitation (especially in rural areas), poor
field accessibility, and a lack of access to very-high-resolution remote sensing
imagery (Monsieurs et al., [2018; |Jacobs et al.l |2018]).

More specifically, the western branch of the East African Rift (WEAR) is
a tropical environment where society is highly impacted by landslides, yet, at
the same time, data on the spatial and temporal distribution of landslide occur-
rence is scarce for this region (Maki Mateso & Dewittel, |2014; |Jacobs et al., [2016;
Monsieurs et al., [2017). One may question the potential of global/continental
models to accurately predict the frequency and the spatial distribution of land-
slides in this environment as the calibration of these models is based on land-
slide inventories mainly collected in different environmental settings (different
climate, geology and/or geomorphology). This particular region is, therefore,
suitable to address our primary research question, i.e. does a regional LSS
model, based on local data and local landslide inventory significantly outper-
form global/continental models in terms of predicting the spatial distribution
of landslides, and if so, can we identify which factors contribute most to the im-
proved performance? First, we look at how the predictive power is impacted by

(i) the size of the landslide inventory, (ii) the accuracy of spatial covariates, and
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(iii) the choice of the modelling technique. Second, a quantitative and qualita-
tive comparison of the regional LSS model with global and continental models is
made in order to assess their respective predictive power and relevance in terms

of geomorphologic plausibility.

2. Methods

2.1. Study area
2.1.1. Geological setting
The study focuses on a part of the WEAR subject to active continental rift-

ing. More specifically, we focus on the northern part of Lake Tanganyika and

the Kivu Rift (Fig. , where rifting was initiated about 11 Ma due to the di-

vergence of the Nubia and Victoria Plate (Delvaux & Barth| 2010} |Saria et al.|

|2014; [Pouclet et all 2016). The Kivu rift currently opens up at a rate of 2

mm/yr (Saria et all |[2014)) and is associated with active volcanism and seismic

activity (Smets et al., 2016; Delvaux et al.l [2017).

The study area has a diverse and complex geology, whereby most rock outcrop
dates from the Mesoproterozoic, consisting mainly of granites, quartzites, and
pelites. The southwestern part of the region is dominated by gneisses, micas-
chists, and granites of Paleoproterozoic age. Meanwhile, Quaternary basaltic

volcanism has been responsible for the formation of the Virunga volcanic massif

north of Lake Kivu (Delvaux et al 2017). This process led to the damming

of the originally north-oriented drainage of the Kivu Basin and the establish-
ment of a new south-directed rapidly incising drainage system connecting Lake

Kivu with Lake Tanganyika through the Ruzizi valley (Ross et al., 2014 Del-

vaux et all [2017). Slightly methamorphosed glacial deposits of Neoproterozoic

(Cryogenian) age occur in a synclinorium along the western shores of Lake Kivu

and extend 200 km further south (Villeneuve, |1976; Delvaux et al., [2017)).

2.1.2. Landslides in the WEAR
Our study area is characterised, on the one hand, by steep slopes and seis-

mic activity due to rifting processes, and, on the other hand, by high rainfall
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amounts. These factors are considered to be the main triggers of landsliding

globally (Casagli et al.|, [2017; Delvaux et al 2017; Monsieurs et al., [2018). It

is therefore not surprising that global and continental studies have identified

the study area as being prone to landsliding (Hong et al, [2007; Stanley &
Kirschbaum, 2017, [Lin et al [2017; Broeckx et al., [2018)). This was confirmed

through recent local studies using field observations and aerial photography (e.g.
[Maki Mateso & Dewittel [2014; [Mugaruka Bibentyo. et all 2017} [Nibigira et al.
12018; Nobile et al., 2018; Kubwimana et al., |2018]). However, field observations

in the study region were hitherto focused on a limited area (Bukavu, Bujum-
bura, and the west coast of Lake Kivu) and no regional landslide inventory or
LSS assessment is currently available.

Previous studies also showed that, despite the potential role of seismicity,

the majority of recent landslides within the WEAR appear to be triggered by

large rainfall events rather than seismic activity (Monsieurs et al., [2018)). The

high population growth in recent decades (with a current estimated population
density larger than 200 inh./km?) is putting a huge pressure on the natural envi-
ronment through deforestation, road construction, and mining activity. These

problems are certainly to be considered when attempting to explain the spa-

tial distribution of recent landslides (Linard et all [2012} [Stevens et all [2015;
[Michellier et all, 2016} [Monsieurs et all 2017, 2018} [WorldPopl, [2017).

2.2. Landslide mapping from Google FEarth

The landslide inventory was compiled for the entire study area through the

visual interpretation of Google Earth imagery, a technique that has proven to be

adequate in many areas (Corominas et al.,|2014). For 97.4% of the study area, at

least one very-high-resolution (roughly 0.3-0.6 m) cloud-free satellite image was
available for the period between 2000 and 2018, provided by either DigitalGlobe
(www.digitalglobe.com/) or CNES Airbus (www.intelligence-airbusds.
com/|). In some places, such as Bujumbura and Bukavu, detailed coverage for
five or more consecutive years was available. A similar search time per cloud-free

area ratio was applied on each Google Earth image, hence areas with a higher
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Figure 1: a) Elevation in the Kivu Rift region at the 1”7 (£30 m) resolution:

(USGS, [2006a) b) Geology (lithostratigraphical units and faults) in the Kivu rift
region (Laghmouch et all, 2018)). More info with regard to the approximate age,

chronostratigraphy, and main lithological constitution of the units is provided

in Section [2.4] and Table [I] Letters in the lakes: i = Lake Kivu, ii = Lake
Tanganyika. The hillshade was derived from the 37 SRTM data (USGS|,|2006b]).
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imagery density were investigated more thoroughly. In general, landslides can
be recognised by their spectral footprint and/or by the morphological changes
in the landscape due to the depletion and accumulation of slope material, made
visible through the 3D terrain visualisation. The extent of each landslide was
drawn as a polygon including the depletion and accumulation zone. To each
landslide we manually assigned (a) an initiation point in the depletion zone to
extract environmental characteristics and (b) two points adjacent to the feature
to approximate the average slope conditions prior to failure. A differentiation
between ‘shallow’ and ‘deep-seated’ landslides was made, whereby the depth of
shallow landslides did not exceed more than a couple of meters (e.g. Sidle &
Ochiail, 2006; Roering et all 2003). Sliding depth was estimated based on our
observations in the field for a few hundreds of landslides. While this may have
certainly led to errors, the approximate slide depth can in most cases readily be
established by examining the shape and the size of both the landslide scar and
the deposits. The date of the first image where the landslide is visible is taken
as a proxy for the date of occurrence of the landslide, except if the image was
the first of a time series. In addition, we attempted to identify the landslide
trigger, which could be either rainfall or seismic activity. This was done through
in situ field observations and cross-checking with databases for seismic activity
and rainfall-induced landslides Monsieurs et al.| (2018)); |Oth et al.| (2017)
Malamud et al.| (2004) showed that the frequency of landslide surface areas
in a complete inventory mimics the shape of an inverse gamma (I") distribution.
In other words, if the inventory for a certain area displays strong deviations
from this function (assessed through the Kolmogorov-Smirnov test), it may be
considered as ‘non-complete’ and less representative for landslide occurrence in
that region. Hence, in order to assess whether the inventory was biased by un-
equal satellite imagery cover, land rehabilitation, and/or erosion, the landslide
area frequency density was fitted to the inverse I' function. First, this was done
for the entire database. Second, the same procedure was repeated for deep-
seated and shallow landslides separately. This way, it could be assessed whether

both process types, which might be controlled by very different factors, were
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represented well in the inventory.

2.8. Landslide susceptibility modelling

Three different data-driven LSS modelling techniques were used: LR, RF,
and support vector machines (SVM). These approaches were then compared
in terms of model quality. The models were trained using the sklearn package
(pypi.org/project/sklearn/) in a Python 3.4 environment (www.python.org/).

., The first technique, LR, is an excellent tool to predict binary events

|& Lemeshow, [2000)), and is applied more than any other technique in the context
of LSS modelling (Budimir et al., [2015; Reichenbach et al., 2018). The basic

equation of LR is:

1og<1fp) =a+)> Bi X (1)
=1

where P represents the likelihood of landslide occurrence, « is the intercept of
the linear model, X; represents i-th of n predictors, and j; the accompanying
coefficient that has to be fitted to the data. The dependent variable P will take
values in a continuous range between 0 and 1.

The RF algorithm is a method that has gained attention in recent land-

slide literature (e.g. |Catani et al.| 2013 Steger et al., |2016]). This supervised

machine learning algorithm is based on the combination of a large number of
tree predictors, each one of them trained on an independent random sample of
observations and with a random set of predictors. For a binary classification
problem (0/1), a score is produced by averaging the prediction over all trees
001

,  The SVM can be used for both regression and classification problems
but has not received much consideration in landslide literature until
recently (e.g.|Goetz et al.l [2015} [Steger et al [2016). Nevertheless, the technique

has been used in many fields such as image classification and pattern recognition

(Ma & Guo, [2014)), and has been proven to be reliable and stable, especially for

smaller training datasets (Huang et al., [2002; |Chi et al. 2008). In the context of
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a binary classification problem and linear separability of the classes, the SVM
algorithm determines a hyperplane in the predictor space that shows optimal
discrimination between the two classes, i.e. the distance between the hyperplane
and the closest observations of both classes (i.e. the support vectors) is max-
imised. If the two classes are not linearly separable in the predictor space, the
latter is transformed into a higher-dimensional predictor space by means of a
so-called kernel function until such a hyperplane can be found .
Within this study, we trained the SVMs with the radial basis function (RBF)
kernel (e.g. Peng et al [2014} |Steger et al., [2016]). Moreover, the SVM is deter-

mined by two hyperparameters v and C, which, for each model run, were tuned
with a grid search .

LSS prediction is a one-class classification problem, where the only data
available refers to observed landslides. In other words, all observations for
the dependent variable in the landslide inventory are of identical class. By
sampling random locations in the study area and classifying them as ‘non-
landslide points’, the classification problem becomes binary (landslide/non-
landslide~1/0). For the training and validation of all models presented below,
an equal shares sampling design for the landslide/non-landslide data was applied

(e.g. [Petschko et all [2014b; [Steger et al., 2016)).

2.4. Predictors

Based on the work of [Reichenbach et al(2018)), with regard to morphology,

we derived a set of seven predictors (slope, north exposure, east exposure, pla-
nar curvature, profile curvature, distance to the next river, and roughness) from
the 17 (430 m) resolution SRTM elevation model 2006a). The SRTM
elevation data displays a vertical error of a few meters on average (Rodriguez,

|C. E. & Belz, [2006). When other variables such as slope and aspect are com-

puted from this DEM, this error is propagated and aggravated. However, it has
been shown that this derived error is relatively small for steep slopes. Flatter
areas can display a more considerable error, especially with regard to the aspect

(Florynski, (1998} |Zhou & Liu, 2008). We excluded the trivial areas, such as
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flat areas (with a slope < 1o), from the analysis, as they inflate reported model
performance 2012)).

From the DEM, the distance to the drainage network was derived as a hy-
drological predictor. This predictor served as a proxy for the oversteepening of

slopes due to river incision, which might be underestimated by the SRTM DEM

but can result in landsliding (Schmidt & Montgomery} (1995} [Burbank et al.|

1996)). The computation of the drainage network in flatter areas, such as the

Ruzizi river plain between Lake Kivu and Lake Tanganyika, was sensitive to er-

rors in the DEM and its derivatives (Dewitte et al.,|2010]). Hence, the drainage

network had to be digitised manually in these regions.

For the land cover (LC), the 20 m resolution ESA CCI Land Cover model
was used . A total of six LC classes were recognised within the study
area: tree cover, cropland, grassland, shrubs cover, bare areas, and built-up ar-
eas. The use of LC as a predictor in LSS models is debated. The LC conditions

observed now might not be similar to the conditions that were present at the

time of slope failure (van Westen et all |2006}; [Petschko et all [2014a)). More-

over, the type of LC could impart a bias in the inventorying of the landslides

(Montgomery et al., [2000; Petschko et al. 2016). However, it is also well known

that changes in LC due to human activity may change the landslide hazard:

deforestation may increase the rate of slope failure (Jakob, 2000; Montgomery|

2000)), which is also the case for mining and urbanisation (Gill & Mala-
2017). Given the importance of these activities in the study area over the

last decades (Basnet & Vodacek| [2015)), we incorporated LC in our models.

Four different geological predictors were evaluated: lithostratigraphy, peak
ground acceleration (PGA), distance to the nearest active fault, and distance
to the nearest inactive fault. The active faults are related to the recent Rift
formation (late Cenozoic), while the inactive faults predate the WEAR (Pale-
ozoic to early Cenozoic). Several studies have concluded that lithology has a
strong impact on the spatial variation of landslide prevalence, type, and depth

(Henriques et al 2015)). Based on the work of Laghmouch et al| (2018) and

field knowledge, we produced a new regional lithostratigraphical map for the

10
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WEAR, being the product for the region with the highest resolution (Fig. .
A total of 12 classes were distinguished (Table [)).
The PGA and the distances to the fault systems serve as a proxy for seismo-

tectonic activity (e.g. Wilson & Keefer} |1985; |[Khazai & Sitar, 2004), which has

been widely recognised as a contributor to slope failure, either directly as a

trigger (Ugai et all 2012, |Casagli et all 2017) or indirectly by weakening the

substrate (Marc et al.| [2015; [Vanmaercke et al., 2017). Especially for large deep-

seated old landslides, which are the remnants of long-term landscape evolution,

we assume that at least some are earthquake-triggered. Delvaux et al.| (2017)

conducted a seismic hazard assessment for the study area, resulting in a 2.2 km
resolution PGA model that we used in this study. The distance to the fault
systems was derived from a layer composing of active and inactive fault systems

(Smets et all, 2016} Delvaux et all, [2017).

Rainfall, especially extreme events during the wet seasons, is considered to

be a key trigger of recent observed landslides in the region (Jacobs et al., |[2018;

Monsieurs et al) [2018). As a landslide predictor, we used the frequency of

accumulated rainfall threshold exceedance within a certain period. We used

two day and the 10 day periods (e.g. [Pasuto & Silvanol, [1998; |Aleotti, 2004) and

the respective threshold values for these durations were 15 and 25 mm. These

numbers were derived from the threshold model proposed by Rossi et al. (2017)
and calibrated with the least squares method (Eq. (2)).

T = 4.6 D*3Y (2)

where T' [mm)] is the accumulated rainfall threshold in function of the preceding

period D [h]. Rainfall data was extracted from the TAMSAT database (data

from 2005 to 2015) at a 4 km resolution (Tarnavsky et al) 2014; Maidment|
et all, [2014] [2017).

In total, a set of 14 variables was evaluated for the susceptibility analysis
(Table . Prior to the calculations, all layers were resampled to the resolution

of the SRTM elevation data (17 or roughly 30 m), a common practice in LSS

literature (Reichenbach et all [2018). Moreover, |Jacobs et al. (2018)) conducted

11



Age

Chronostratigraphy

Lithostratigraphy

Main lithological constitution

10 Ka - present

Late Quaternary

Recent volcanics

lava, tuff, and ash, deposited in the past
decades and centuries, a result of eruptions of

the Nyiragongo and Nyamulagira.

2-1 Ma

Early Quaternary

Young volcanics

Relatively fresh basalts, deposited + 2 Ma ago.

12-6 Ma

Neogene

Old volcanics

Highly weathered basalt, deposited 11-4 Ma

years ago.

23 Ma - present

Late Cenozoic

Rift sediments

Sand along the lake or swamps more inland.

360-201 Ma Karoo Black shales, tillite, not metamorphosed.

1000-540 Ma Itombwe Black shales, tillite, silicified tillite, weakly

Neoproterozoic
methamorphosed.

Malagarasi Black shales, tillite, silicified tillite, weakly
methamorphosed. Presence of dolomites and
volcanic rocks (basalts).

820-720 Ma Alcalines complex Granitic rocks, intrusive volcanic rocks (rhyo-
Mesoproterozoic lite).

1375-980 Ma Granites two mica and leuco-granites.

1600-1000 Ma Kivu Pelites, quartzopelites, and quartzites at dif-
ferent degrees of weathering.  Moderately
metamorphosed.

2500-1600 Ma Paleoproterozoic Ruzizi and ante-Ruzizi | Gneiss and micaschists, prone to chemical
weathering, and quartzites, resistant to weath-
ering. Strongly methamorphosed.

4000-2500 Ma Archaen Gneiss and micaschists, prone to chemical

weathering, and quartzites, resistant to weath-

ering.

Table 1: Lithostratigraphical units in the WEAR, presented in chronological

order, and based on the work of |Laghmouch et al.| (2018). Note that this table

is only valid for the study area, and not the entire WEAR.

12
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an LSS analysis with similar covariates in the Rwenzori mountains, 150 km north
of our study area, and concluded that this resolution led to the best results.
The predictors were tested for multicollinearity, i.e. whether there were pre-
dictors that can be described as a linear combination of one or more other
predictors. Multicollinearity will lead to a decrease in the precision of coeffi-
cient estimates and might mask the importance of correlated predictors. It will
have a negative effect on hypothesis testing and forecasting. The presence of
multicollinearity between two or more variables was assessed by calculating the
condition indices. A high condition index (> 10) indicates possible problematic
multicollinearity. If two or more variables have a high variance decomposition
proportion (> 0.9) for such a condition index, they suffer from multicollinearity

and only one of them should be retained in the model (Belsley et al., 2005).

2.5. Quality assessment and variable importance

To assess the model quality, we used the Area Under the Curve (AUC) of
the Receiver-Operating-Curve (ROC) (Bradleyl (1996; Brenning), [2012). The
AUC takes values between 0 and 1 and can be interpreted as the probability
that the model will score a random ‘positive’ observation higher than a random
‘negative’ observation (Fawcett, [2006). Thus, an AUC = 0.5 indicates that
the model performs equally well as a random classification, while an AUC =1
denotes a perfect classification. In general, model performance is considered
acceptable if the AUC > 0.7 (Hosmer & Lemeshow), 2000)).

The AUC was derived in two different ways. First, a 10-fold cross-validation
(CV) was applied. The training data was randomly split into 10 parts of equal
size. Subsequently, nine out of the 10 data subsets were used to train the
model, while the remaining subset served as validation data. This procedure
was repeated to train and validate 10 different models, and their average AUC
for the validation datasets was considered to be the overall average AUC (Hastie
et al., 2009 Brenning, 2012). This technique, compared to regular validation
with one possible model, reduces the variation in the assessed model quality

(Jung, |2018)). A second performance measure was calculated through spatial

13



Theme Predictor Units | Res. Source

Slope ° 17
North exposure - 17
Morphology | East exposure - 17
Profile curvature m~! 17
Planar curvature m~! 17 SRTM
Roughness m 17
Distance to
Hydrology m 17
drainage
LC LC - 20 m ESA CCI
Lithostratigraphy - 17 -
Distance to active
m 17 Smets et al.| (2016)
faults
Geology & [Delvaux et al.
Distance to inactive
m 17 (2017)
faults
PGA ms~2 | 2.2 km | Delvaux et al. (2017)
2 day 15 mm
- 4 km
rainfall exceedance
Other TAMSAT
10 day 25 mm
- 4 km

rainfall exceedance

Table 2: Landslide predictors evaluated for the susceptibility analysis, themes

according to [Reichenbach et al|(2018).

14
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cross-validation (SCV), whereby the procedure was analogous to the 10-fold
CV, only this time the data subsets were not generated randomly. Instead, the
data was split according to 10 sub-regions of the study area (Rwanda, Burundi,
and 8 administrative zones in the DRC). This technique allowed to assess the
transferability of the models to new regions (Dewitte et al.l 2006; Brenning),
2012; [Petschko et all 2014bj (Steger et all |2016). Note that within the CV
and SCV, the hyperparameters for the SVM model were tuned for each cross-
validation training set.

Although the AUC is a good indication, it does not serve as a stand-alone
measure for model quality. Firstly, it has been shown that high AUC values
can be achieved with unrealistic LSS maps, and secondly, a reduction of the
database quality through the inclusion of a bias could enhance the predictive
performance (Steger et al., [2016]).

Therefore, we made an assessment of the model sensitivity to variations in
the training dataset. For each of the three considered modelling techniques, 30
models were trained, each time using a different and random inventory subset
of size N, whereby N is the minimal number of landslides in the training data
necessary to build a model of acceptable quality (Section . Finally, for each
approach a scatterplot was derived, whereby each point represented a pixel,
showing the prediction variance on the y-axis and the prediction average on the
x-axis. A smaller variance indicated that the model’s predictions were more
robust.

In order to gain a better insight into the landslide process, we also exam-
ined the importance of the variables in the different modelling approaches was
examined. The importance of each predictor ¢ was assessed by constructing
univariate LSS models and calculating their AUC,;. The higher this univariate
AUC;, the more variability in the spatial distribution of the landslides explained
by the predictor. For each predictor, the AUC; was averaged using 10-fold SCV.

The impact of each predictor was also quantified by means of the odds ratio
(OR), a derivative from the LR model. In the case of continuous predictors,

the OR reflects the increase (OR > 1) or decrease (OR < 1) in odds when the

15



330

335

340

345

350

predictor’s value is augmented with a predefined step. For categorical variables,
such as lithostratigraphy and LC, an OR is defined for each class i of this
predictor, and with reference to a base class..t. The OR of each class; then
reflects the increase in odds when the predictor alters from class,ct to class i,

while all other predictors are given a constant value (Kleinbaum & Klein, |2011]).

2.6. Generating added value through regional LSS: model choice, inventory, or

covariates?

The LSS models are determined by three components: the model archi-
tecture, the landslide inventory, and the spatial covariates and their accuracy.
Methods to compare the added value of the different modelling techniques, which
are not all as straightforward to implement as LR, are described in Section [2.5]

To estimate the number of landslides IV in the inventory above which there is
no significant improvement of the model quality, the three different models were
evaluated with increasing (calibration) database sizes. To reduce the simulation
time, the step size increased with the database size. For each database size n, 30
iterations were performed. During each iteration, the model quality, expressed
as the AUC, was assessed through 10-fold CV and SCV, each time using n
landslide samples and n random non-landslide samples as training data.

The added value of more accurate covariates, specifically PGA and lithos-
tratigraphy, was assessed through the impact on the model quality when their
global counterparts, as used by [Broeckx et al.| (2018), were integrated into the
model instead. The three different models were reconstructed with the global
PGA model proposed by |Giardini et al.[(1999)), and the global lithology dataset
proposed by [Hartmann & Moosdorf| (2012)).

2.7. Comparing regional and continental/global LSS models

The best regional LSS model, selected through the quality assessment, was
compared to a global and a continental L.SS model. The global LSS model was
developed by |Stanley & Kirschbaum)| (2017)) and covers the entire globe. This

model combined data on slope, fault, geology, forest loss, and road networks
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using a heuristic fuzzy approach, and using a resolution of 30”. The continental
model was proposed by |Broeckx et al.| (2018) and is restricted to Africa. This
data-driven model was built with LR using data on slope, relief, PGA, rainfall,
tree cover, and lithology. The inventory contained more than 17,000 landslides,
of which 765 were located in the study area. The spatial resolution was 12”.
Firstly, the discriminatory power of the different models was compared through
the AUC. For the global models, this was calculated using the entire inventory
as validation data. Secondly, the prediction rates of the different models were
compared. For each model, the rate is calculated as the proportion of landslides
in function of the proportion of the study area with the highest LSS (Chung
& Fabbril |2003)). Lastly, since a high quantitative model performance does not
necessarily correspond to a high geomorphological plausibility (Dewitte et al.|
2010; [Steger et al.l [2016)), the regional and global LSS models were compared
visually, after dividing the area into susceptibility classes. For each LSS model,
the highest LSS class constituted of the 10% of the entire study area with the
highest LSS. The lowest LSS class contained the 40% of the study area with the
lowest LSS, while the two intermediary LSS classes covered 20 and 30%.

3. Results and discussion

3.1. Landslide inventory

We compiled an inventory of 6446 landslides (Fig. . Some landslide ex-
amples are displayed in Fig. [3] Figures[Bp and [Bd illustrate how slope failures
were detected predominantly by the spectral signature of the LC changes that
followed the event.

The deep-seated landslides represented 29% of the inventory. 198 of these
landslides were larger than 5 ha. For most of these deep-seated landslides,
initiation was not visible in the available Google Earth imagery, hence their
timing and age could not be estimated. These deep-seated slope failures could
be linked, on the one hand, to seismo-tectonic activity and rainfall, and, on the

other hand, to intrinsic slope evolution and its associated weathering and river
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incision (Dille et al.l [2019). However, these are just basic assumptions, and this
hypothesis would need further analysis (out of the scope of this research).

The shallow landslides represented 71% of the inventory and were smaller
than 1 ha in more than 99% of the cases, the smallest detectable landslide
being 6.35 m?. We observed that their spectral footprint tends to disappear
within a time-span of a few years. Some landslides in cropland were no longer
visible after one year, while the footprint in forest could be preserved for more
than a decade. The vast majority of landslides could therefore be classified as
relatively recent, with a moment of origin at most a decade before the timing
of the oldest high-resolution Google Earth image available for the concerned
region. The majority of these landslides were triggered by rainfall. This was
confirmed by a cross-check with the findings of Monsieurs et al.| (2018]), field
observations in Western Rwanda and around Bukavu and Bujumbura, and the
record of the recent seismic activity in the region (Oth et al.; 2017). In total, 38
major landslide events triggered by rainfall were identified using Google Earth,
where an event is defined as one or more consecutive days with landsliding
(Rossi et al.l [2010b). In one occasion, a rainfall event triggered more than 600
landslides in a few hours (event 5 in Fig. . For each event, all landslides were
included in the database, as it was computed that even very large events with
hundreds of instances do not lead to overfitting the model on a small portion
of the study area (Supplementary Fig. . While we show that many shallow
landslides are directly linked to rainfall conditions, we must acknowledge that
human disturbance also plays a role. While the impact of human activities on
landslide initiation is described in detail for several tens of reported landslides
in the region by [Monsieurs et al.| (2017} 2018) , we are at this stage unable to
grasp the real impact of the changing LC and land use conditions on landslide
initiation.

The inverse I' distribution fits well to the distribution of the deep-seated
landslides (p = 0.246, Fig. . However, the distributions of the shallow land-
slides and of all landslides combined differed significantly from the inverse I'

distribution (p < 0.001 and p < 0.001, respectively), although visually they
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seem to fit rather well and have a clear roll-over point. The graph suggests
that there is a slight over-representation of very small landslides with an area
of 100 m?. This may be due to the fact that human disturbance generates a
disproportionately large number of small landslides (Van Den Eeckhaut et al.|
2007). The powerlaws describing the decay in the tail of the distributions,
varying between -1.818 and -2.801, were of similar magnitude to what other re-
searchers have found (e.g.Van Den Eeckhaut et al.l 2007; |[Havenith et al.,|2015a;
Marc et al., 2017). From these distribution characterizations, we conclude that
the inventory we have built is robust enough to be used for the susceptibility

analysis.

3.2. Predictor selection

The condition indices revealed severe multicollinearity between slope and
roughness, on the one hand, and between the two cumulative rainfall thresholds
on the other hand. Hence, roughness and the number of days where the cumu-
lative rainfall of the past 10 days exceeds 25 mm were discarded as predictors
for LSS.

In total, 12 variables were retained for the LSS modelling: slope, north and
east exposure, PGA, distance to the active faults, distance to the inactive faults,
planar and profile curvature, LC, distance to drainage network, 2 day 15 mm

rainfall exceedance, and lithostratigraphy.

3.83. LSS modelling

Figure [5] shows that LSS is highest along the rift flanks oriented towards
Lake Tanganyika and Lake Kivu. The northwestern, southwestern, and eastern
parts of the region are predicted to be less prone to landsliding by the various
models we tested.

The RF algorithm yielded the highest AUC, when calculated with CV (Ta-
ble [3). The better performance of the model can be explained by the concen-

tration of its higher LSS scores in a smaller area. Due to the non-landslide
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Figure 2: Spatial distribution of deep-seated and shallow landslides in the study

area. i = Lake Kivu, ii = Lake Tanganyika. The capitalised letters represent

the location of the images in Fig. 3} A = Fig. [Bh, B = Fig. Bb, C = Fig. 3, D

= Fig. EP
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Figure 3: Oblique views of landslides in Google Earth imagery. The scales
are approximate: (a) rotational slides, DRC (—3.960°S, 28.927°E) (b) de-
bris flows and debris slides triggered by rainfall event 19 (Fig. , Tanzania
(—4.479°S, 29.698°E) (c) rotational slides at the Ruzizi river near Bukavu (DRC)
and Rwanda (—2.554°S, 28.882°E) (d) rainfall triggered landslides in rainforest
(event 26 in Fig. 2), DRC (—2.603°S, 28.156°E).
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Figure 4: Frequency densities of the entire landslide inventory, the deep-seated
landslides, and the shallow landslides, fitted to the inverse I' distribution. The
powerlaw describing the slope of the lower tail of the distribution is displayed

on the graph.

points being sampled randomly, fewer non-landslide instances would be ‘mis-
classified’” because the higher LSS area is smaller, decreasing the number of
commission errors and hence increasing the overall AUC. When SCV was used,
the RF algorithm and LR were significantly outperformed by the SVM. These
findings suggest that the RF model is more sensitive to overfitting compared to
the SVM and its performance decreases when the model is extrapolated to new
areas. Overall, the LR scores lower or equal to the machine learning algorithms,
suggesting that this is not the optimal model for the LSS analysis in WEAR.
Visual inspection of the variance of the predictions (Fig. @ shows that LR
was least sensitive to variations in the training data. There is a seemingly
parabolic relationship between the mean LSS prediction value and its variance
for all three modelling techniques. For pixels with a very high or very low average

predicted LSS, the prediction is very stable and hence reliable, while there is
more uncertainty for pixels with an intermediate predicted LSS (Guzzetti et al.|

22



460

465

470

475

Model | CV | SCV
LR 82.5 | 80.6
RF 92.8 | 78.9
SVM 91.6 | 84.3

Table 3: Results (%) for AUC of the logistic regression (LR), random forest
(RF) and support vector machine (SVM) models, calculated with 10-fold cross-
validation (CV) and spatial cross-validation (SCV).

2006).

3.4. Variable importance

Although the variable hierarchy differs for the three models, a general pat-
tern could be observed: slope was by far the most important predictor of LSS
(Table [4)). This is not unexpected, as relief is the ultimate driver of landslide
activity (Schmidt & Montgomery| [1995). Planar curvature of the terrain, LC,
and the geological predictors PGA and distance to the active faults appeared
to be of high importance as well, albeit less decisive than slope. Deforested and
concave slopes tended to be the most landslide-prone. At first sight, it might
seem strange that PGA and distance to active faults, proxies for seismicity,
seemed to play a major role, despite our observation that all recent landslides
were rainfall-triggered. However, for older as well as for larger landslides the
trigger remains unidentified, hence a seismic trigger for these features cannot be
ruled out. Another possible reason for the high importance of these variables
could be the role of seismo-tectonic activity as a preparatory factor for lands-
liding, rather than a triggering factor. In other regions, it has been shown that
seismo-tectonic activity weakens the substrate and hence decreases the slope
stability (Huang et all 2013} Marc et all [2015; Havenith et al. |2015b; |Carlini
et al. 2016 Bucci et al., [2016; [Vanmaercke et al., [2017). Most recent land-
slides are rather small (90% is smaller than 2300 m?, and 50% smaller than 620

m?). Data also indicate that in recent years (since 2000) no major earthquakes

23



a) Logistic regression
b) Random forest
c) Support vector machine

LSS

[ Top 10% [ | 130%,60%]
[1110%,30%] [ 160%,100%]
Lakes

(i) Lake Kivu

@ Lake Tanganyika

Figure 5: LSS models derived from the three different data-driven approaches:
(a) logistic regression (LR), (b) random forests (RF), and (c) support vector
machines (SVM).
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Figure 6: Prediction variance in function of the LSS for (a) logistic regression
(LR), (b) random forests (RF), and (c) support vector machines (SVM) model
predictions. For each modelling technique, 30 models were trained on a random
sample of 500 landslides instances, i.e. the minimal training data size to assure

acceptable model performance (Section.

(M > 7) occurred in the region (Oth et al., [2017)). This suggests that major

landslides are probably triggered by seismicity rather than by rainfall events,
which appear to trigger predominantly small, shallow landslides (Chang et al.|
2007; |Saito et al., 2018).

Five variables were of intermediate importance: Rainfall (the two day 15
mm accumulated rainfall threshold exceedance), east- and north exposedness,
distance to drainage, and profile curvature. Although the distance to inactive
faults and lithostratigraphy displayed significant relations to LSS, their role in
the different models seemed of little importance.

By looking at the ORs, a first observation was made regarding the basalts.
The most recent basalts have a lower LSS than the young and old basalts (Ta-
ble [5). This is explained by the degree of weathering which is extremely low

for these recent deposits. The effect of age on weathering and slope stability

has been reported in literature (e.g. |Gallen et all 2015; [Roback et al. [2018).

In line with research in other tropical regions, the most landslide-prone regions
were those covered with unconsolidated rift sediments . Here, the
odds of landsliding were almost seven times higher than the odds of landslide
occurrence in the metamorphic Kivu formations, which is the most common

lithostratigraphy in the region.
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LR RF SVM
Predictor AUC,; | Predictor AUC,; | Predictor AUC;
Slope 80.0 | Slope 73.7 | Slope 82.0
dActive faults 63.7 | Plan. curve 61.7 | PGA 70.1
PGA 63.5 | LC 61.0 | dActive faults 69.7
LC 60.9 | East 56.9 | Rainfall 62.8
Plan. curve 59.3 | North 56.7 | Plan. curve 62.5
dDrainage 55.8 | Rainfall 55.4 | LC 59.8
Prof. curve 55.3 | dActive faults 54.9 | dDrainage 55.7
East 52.9 | PGA 53.4 | Prof. curve 55.6
North 52.8 | dDrainage 52.0 | Lithostratigraphy 55.0
Rainfall 46.4 | Prof. curve 50.0 | East 54.2
Lithostratigraphy 43.6 | Lithostratigraphy 42.5 | North 52.8
dInactive faults 32.2 | dInactive faults 39.3 | dInactive faults 50.7

Table 4: Importance of the predictors in three different models: logistic re-
gression (LR), random forests (RF), and support vector machines (SVM). The

relative importance of the variables is assessed through the comparison of the

univariate AUC,;.

26




500

505

510

515

520

525

Compared to cropland, grassland, and built-up areas, the odds of landslide
occurrence were up to 2 times lower in forest. This observation confirms previous
literature stating that tree cover decreases the LSS by reducing the soil moisture
through evaporation and slope reinforcement by roots (Sidle & Bogaard, 2016)).
Forests cover large parts of the study area with a lower relief; this might have

led to some confounding between slope and LC effects in our models.

3.5. Generating added value through regional LSS: model choice, inventory, or

covariates?

An acceptable performance (Fig. [7)) and a consistent LSS pattern (Supple-
mentary Fig. were obtained for all three regional modelling approaches with
inventories of £500 or more landslides. Further increasing the database size
seems to have a negligible effect on models that relied on LR. For RF, the AUC
kept increasing with approximate rates of 0.10 %/100 instances for CV and de-
creasing marginally with -0.01 %/100 instances for SCV. This means that, in
order to achieve a 1 % increase in the AUC for the RF model, calculated with
CV, at least 1000 additional landslides have to be incorporated in the database.
On the contrary, the negative rate when SCV is used indicates that increasing
the database size decreases the discriminatory power of the model in new areas
excluded from the model training. The AUC increment for the SVM model
was 0.07 and 0.01 %/100 instances, for CV and SCV respectively. Hence, the
SVM benefits from a larger inventory to predict LSS both in areas that were
included and excluded from model training, but the increase is very small when
the model is tested in ‘new’ areas.

Our observations indicate that SVM succeeds slightly better at exploiting
larger database sizes compared to RF and LR, but the gains in model quality
are marginal for inventories larger than 500 landslides. This could be explained
by the SVM having a higher model complexity, and hence being able to better
capture the diversity of landslide processes in large databases without overfitting
the model to the training data (Grayson et al. 2002). The latter may also

explain the decrease in extrapolation ability of the RF model.
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Variable OR | Cliower | Clupper | Step
Slope 4.118 | 3.893 4.361 | 10
PGA 1.311 1.234 1.393 | 0.2
dFault active 0.878 | 0.863 0.894 | 5000
dFault inactive 1.037 1.029 1.044 | 5000
Rift sediments 6.825 5.245 8913 | -
Recent volcanics 0.000 0.000 0.000 | -
Young volcanics 1.758 1.183 2.600 | -
Old volcanics 1.359 1.041 1.775 | -
Karoo 0.000 | 0.000 0.000 | -
Itombwe 0.760 | 0.600 0.965 | -
Lithostratigraphy
Malagarasi 0.069 0.004 0.342 | -
Alcalines complex | 0.132 0.050 0.310 | -
Granites 1.162 0.990 1.365 | -
Ruzizi 1.542 1.376 1.729 -
Archaen 0.605 | 0.317 1.141 | -
Grassland 1.119 0.973 1.286 | -
Forest 0.452 0.400 0.511 | -
Bare areas 1.116 0.412 3.520 | -
ke Shrubs cover 1.013 0.742 1.383 | -
Built-up land 0.939 | 0.302 2,632 | -
Prec. threshold exceedance 1.019 1.017 1.022 | 10
dDrainage 1.073 | 0.785 1.465 | 5000
Plan. curv. 0.733 | 0.700 0.768 | 2 x 10®
Prof. curv. 1.035 1.020 1.050 | 0.001
East 1.004 0.997 1.012 0.1
North 1.006 | 0.999 1.013 | 0.1

Table 5: Odds ratios (OR) for the different predictors, derived from the logistic
regression (LR) model, together with their lower and upper bounds in the 95%
confidence interval. The ORs of the dummy variables are referenced to cropland

for LC, and to the Kivu formations for lithostratigraphy.
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Figure 7: Impact of the size of the training data set on the accuracy and AUC
for the three LSS modelling approaches: the logistic regression (LR), random
forests (RF) and the support vector machine (SVM).

We used an accurate PGA and lithostratigraphy map, constructed specifi-
cally for the WEAR. However, when our models were used with global (open)
datasets, there was very little difference in terms of predictive power. In general,
these datasets had an impact of less than +2% on the accuracy and AUC of
the regional model. Hence, it seems there is only a limited added value of the
regional datasets. Only for RF a decrease by more than 4% is observed when
the global variables are used. Hence, it seems there is only a limited added value

in using regional, accurate datasets for the covariates (Table @

3.6. Comparing regional and continental/global LSS models

The quantitative analysis of the three regional LLS models did not advocate
for an optimal model choice: first of all, SVM stood out in terms of predic-
tive power, displaying high AUC values for CV and SCV. Second, LR yielded
the most robust results, but its predictive power was outperformed or at least
matched by the two machine learning algorithms. Third, RF had the most opti-
mal prediction rate curve (Fig.[8p). In such a case, the combination of LSS can
provide optimal susceptibility assessments. We therefore combined the three

resulting LLS maps (LR, RF, and SVM) in a new model using logistic regres-
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Model cv scv
LR [832 107|803 |03
RF | 921 | —07|746 |-43

SVM | 891 | -25|834 |09

Table 6: Results (%) for the AUC of the logistic regression (LR), random for-
est (RF) and support vector machine (SVM) models trained with the global
lithology and PGA datasets, calculated with 10-fold cross-validation (CV) and
spatial cross-validation (SCV). The difference in quality with the original models
(Table ) is also indicated.

sion (Rossi et al.,|2010a). The combined model scored significantly higher than
each of the original three models, with AUC values of 92.4% and 91.6%, for CV
and SCV, respectively. All three original models had a statistically significant
contribution (p < 0001), indicating they all added relevant information to the
combined model. Therefore, we used this combined model for comparison with
the global/continental LSS models in the study area (Section [3.6]).

The models of |[Stanley & Kirschbaum)| (2017)) and [Broeckx et al.| (2018]) have
a similar discriminatory ability, but were clearly outperformed by the combined
regional LSS model (Table [7]). In the case of the latter model, more than 50%
of the observed landslides fell within the highest LSS class, i.e. within the 10%
pixels with the highest predicted LSS (Fig. [8p). As expected, the LSS classes
assigned by the regional model were more accurate.

The spatial patterns produced by the three standardised models show simi-
larities in terms of LSS class distribution (Fig. E[) The mountain ranges at the
shores of both Lake Kivu and Lake Tanganyika (A) are highlighted as very prone
to landsliding, with the western shores more susceptible than the eastern ones.
The floodplain of the Ruzizi river (B) has, as expected, a low susceptibility, as
has the eastern part of the study area (C). In all three LSS models, the Virunga
mountains north of Goma are highlighted as landslide-prone (D), though the

Nyiragongo and Nyamulagira volcanoes (E) are known for their slope stability,
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Model AUC

Regional model 924
Stanley & Kirschbaum| (2017 74.1
Broeckx et al.| (2018 74.8

Table 7: Discriminatory power of the regional model (i.e. the three models
combined through LR) and two global/continental models, expressed as the

AUC.
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Figure 8: Prediction rates for a) the regional models and b) for the combined,
continental, and global models. The prediction rate shows the proportion of
landslides in function of the proportion of the study area with the highest LSS

prediction. The different LSS classes are displayed on the x-axis.

as they recently erupted and the basalt is barely weathered. For Idjwi Island
(F), the three models highlight the difference between the highly susceptible
east coast and the remainder of the island. This susceptibility pattern seems to
reflect well the distribution of landslides on the island.

Despite the overall similarity, differences are observed in the northwest-
ern part of the WEAR (G), representing a significant part of the study area
(Fig. . This area is indicated as very stable by the regional model, while the
global models predict an intermediate to high L.SS. The regional model matches

field reality, as no landslides were inventoried for this area.
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Figure 9: Standardised LSS for regional and global models: (a) the regional
random forests model, (b) the continental model of Broeckx et al| (2018), and
(c) the global model of |Stanley & Kirschbauml (|201 ?l).
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Figure 10: A highlighted region of the study area, showing the large differences

in LSS between the regional model (a) and continental (b) and global (¢) models

(IBroeckx et al.I, |2018t |Stanley & Kirschbauml, |201 ?li.
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Our findings show that, within our study area where data scarcity is a chal-
lenge, the quality of the regional models is controlled by the size of landslide
inventory, rather than the availability of accurate regionally constructed PGA
and lithostratigraphy (Section or the choice of the modelling technique (Sec-
tion . It is reasonable to assume that this hypothesis is valid at least within
regions of comparable environmental settings (a mountainous, tropical area),
and for models that use similar spatial covariates. Indeed, this finding cannot
be generalized to every region or every application. Henriques et al.| (2015),
for example, found that substituting the available geological map with a more
detailed regionally constructed one did significantly improve the discriminatory
power of their LSS model in Portugal.

However, our analysis does suggest that calibration with local landslide data
is, in any case, very important to maximize the accuracy of predictive LSS maps.
This is, as such, not surprising. It may indeed be assumed that the variables
driving the initiation of landslides (such as slope) are, to a large extent universal.
Nevertheless, their precise role will depend on local conditions. For example, the
role of tree roots may depend strongly on the type of trees and the soil conditions
which control rooting density and depth but also on the hydrological regime of
the area which will control to what extent these roots change the soil moisture
status. Similarly, the role of planar curvature may be more important in areas
with an impermeable substrate (so that water is concentrated in concavities by
throughflow) in comparison to areas with a highly permeable substrate where
most water will infiltrate vertically, regardless of topographical variations.

Our applied methodology can be used by researchers to determine whether
their landslide inventory is sufficiently large, or whether they should make efforts
to increase the database size up to the point that further increasing it does not
longer significantly impact the performance. At present, we do not have a theo-
retical basis to identify the optimal inventory size. Developing such a framework
might be useful to provide other researchers with a sound basis for determining
the necessary sample size for a specific region. It is not only important, however,

that the sample is sufficiently large, it should also be unbiased. Recent shallow
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landslides have a distinct spectral signature and are highly visible, while present
deep slowly moving landslides can only be detected through a thorough visual
analysis of hillslope morphology. Evidently, both types of landslides need to be

sampled accurately when they are present in the concerned area.

4. Conclusions

Although global and continental LSS models have their value for identify-
ing areas with high susceptibility, they should only be applied on the scale for
which they were constructed: within the WEAR we showed that regional LSS
models strongly outperform global and continental alternatives in terms of pre-
dictive power and geomorphologic plausibility. Furthermore, we showed that
the strongest gains in regional model quality were not obtained by investing in
more complex model architecture or by using more accurate geological and seis-
mic data, but by compiling a detailed regional landslide inventory allowing for
a good local calibration. The necessity of local calibration follows from the fact
that regions differ in their hydrology, geology, and vegetation (among others).
Consequently, the precise role of variables in landslide initiation also differs.

The impact analysis of database size on the model quality learned that no or
little improvement was obtained for inventories with more than + 500 instances.
Beyond this point, the gains in quality were considered marginal with a maximal
increase of the AUC of 1% per 1000 additional landslides. We recommend
for future LSS assessments that the inventory compilation is guided by two
principles: 1) a similar search time should be invested in each part of the study
area in order to ensure that the inventory is representative for the region, and 2)
the number of landslides does not necessarily need to be as large as possible. An
impact analysis, similar to the one in this paper, can be used to evaluate whether
the current database size suffices, or whether additional landslides should be
mapped.

The different modelling approaches we used yielded similar results in terms

of model quality, and the LR and SVM models built with the more accurate
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PGA and lithostratigraphy covariates scored maximally 2.5% better than the
models that solely relied on open, less accurate data. For RF, the difference in
quality induced by the more accurate covariates was somewhat more substantial
(4.3%). Considering the effort necessary for the construction of these regional
data layers, their added value in regional LSS modelling in the WEAR can be
questioned: within this context of data scarcity, it is clearly more important to
build a good calibration and validation dataset.

Thus, the recent availability of global and/or continental LSS models should
not discourage the development of dedicated regional assessments. The latter
models offer an insight into the spatial susceptibility pattern which cannot be
reproduced by global/continental alternatives. The construction of a representa-
tive landslide inventory should lie at the root of these regional LSS assessments.
To achieve the latter, the incremental gain in model performance with inventory

size can be used to indicate whether the database is sufficiently large.
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Figure S1: The impact of limiting the maximum number of landslides allowed
per event on the quality of the different LSS models. The model quality was
expressed as the AUC, calculated with spatial cross-validation in order to assess
how the extrapolation ability of the models was affected. Increasing the impact
of events (i.e. increasing the number of landslides allowed per event) seemed to
increase the model quality marginally for LR and SVM, while there is no effect
for random forests. Hence, within our analyses, we decided to include all the
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Figure S2: LSS maps created with (a) logistic regression, (b) random forests,
and (c) support vector machines and only 500 randomly sampled landslides
were used to train each model. No significant changes in the LSS pattern was
observed between these maps and their counterparts that were trained with the
entire database.
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