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Landslides are considered as one of the most disastrous natural hazards worldwide which are responsible for adverse
affects on the natural and human environment. The non-linear and complex nature of the physical but also man-made
processes which leads to the evolution of landslides makes the prediction of landslides a very difficult task
(Pourghasemi et al., 2018). Landslide susceptibility assessments are the main investigation tool capable of providing
valuable information concerning the relation between landslides and landslide-related variables but also the main
investigation tool for zoning landslide prone areas (Tien Bui et al., 2017). Nowadays, it is common practice to apply
Machine learning algorithms along with Geographic Information Systems (GIS) so as to develop landslide
susceptibility models. Numerous applications are found in the literature involving fuzzy logic algorithms, artificial
neural networks and neuro-fuzzy models, ensemble tree-based models and evolutionary population based algorithms
(Hong et al., 2017; Pham et al., 2018; Pourghasemi et al., 2018; Chen et al., 2019). In this context, the main purpose of
the present study was to produce a predictive spatial model for landslide susceptibility by using Machine Learning
methods and GIS. In particular, a Random Forest (RF) model (Dou et al., 2019) was used as the base learning algorithm
for the development of the predictive spatial model whereas the management of the landslide related variables were
achieved using GIS. The developed methodology involved several phases. During the first phase nine spatial variables
related to landslide phenomena were selected and the data of 85 landslide events were analyzed. Analytically, the
elevation, the slope angle, slope aspect, the distance from the river network, the profile curvature, the plan curvature,
the Topographic Wetness Index, the geological formations and the distance from the tectonic features were the nine
variables identified as most important and relevant to the landslide phenomena recorded in the research area. The
second phase involved classifying each variable and weighting them according to the results obtained by the method
Weight of Evidence. The third phase involved a multi-collinearity analysis in order to identify the existence or not of
correlations between the landslide-related variables and to decide their usage and the application of the Learning Vector
Quantization (LVQ) algorithm, so as to evaluate the predictive ability of the variables. During the third phase, the initial
database was separated into training (70% of the total number of incidence) and validating (the remaining 30%) subsets.
The last phase involved the implementation of the RF model and the construction of the landslide susceptibility map,
whereas to evaluate the performance of the developed methodology the area under the success and predictive curve
(AUC) were used. The water basin of the Krikeliotis river located in the Municipality of Evritania, Greece was selected
as a test site to evaluate the predictive performance of the developed methodology whereas several R packages were
used, based on R a language and environment for statistical analysis and graphical presentation (R Core Team, 2017),
whereas ArcGIS 10.3.1 (ESRI, 2013) was used for accessing the spatial data and generating the landslide susceptibility
maps. Based on the results of the multi-collinearity analysis all variables were used during the analysis, since no serious
collinerarity was detected, whereas the LVQ algorithm evaluated as the most important and critical variable the variable
associated with the geological formations, followed by the altitude and the morphological gradient (Table 1).

Table 1. Results of multi-collinearity analysis and importance based on LVQ algorithm.

Landslide variables Variance Inflation Tolerance Index | Importance (LQV)
Factor
Geology formations 1.719 0.581 0.75
Distance from tectonic features 1.146 0.872 0.59
Distance from river network 1.396 0.716 0.51
Elevation 1.391 0.719 0.74
Slope angle 1.752 0.570 0.73
Slope aspect 1.140 0.876 0.61
TWI 1.899 0.526 0.68
Plan curvature 1.515 0.660 0.53
Profile curvature 1.093 0.914 0.52
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During the study a grid search technique was used so as to set the optimal structural parameters mtry (number of
variables used in each model) and ntree (number of produced trees) used by the RF model. For the mtry parameter it
was set to 7 and for the ntree parameter it was set to 2000. According to the results of the RF model, the most important
variables based on the Mean Decrease Accuracy and the Mean Decrease Gini was the elevation and the geological
formations. Figure 1 illustrates the produced by the RF model landslide susceptibility map in which the 21.36% of the
study area is characterized as very high susceptible, the 24.90% as high susceptibility, while the 34.19% as low and
very low landslide susceptibility. Furthermore, by analyzing the training and validation data, the RF model showed an
AUC value of 0.8670 and 0.7851, respectively, whereas the relative landslide density for the very high susceptible zone
was 0.8460 when using the training subset and 0.7242 when using the validation subset.
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Figure 1. Landslide susceptibility based on RF model.

As a concluding remark one can highlight the fact that the identification of areas characterized by very high landslide
susceptibility achieved by this study and also similar studies could be considered as a basic process that should precede
any implementation of infrastructure development projects since it provides crucial information and knowledge
concerning the mechanism responsible for landslide phenomena.
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