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Abstract: This study addresses the peculiarities of the generation of slope movements in the context 

of road infrastructures and provide a predictive mapping of susceptibility to movements on slopes 

adjacent to road infrastructures (rockfalls). An inventory of slopes movements was mapped. From 

the development of the inventory of constant cases of mobilization that is used as a dependent var-

iable, two statistical models can be obtained and compared for the same study area. One of them is 

based on the concept of frequency, whilst the other one is based on the application of a logistic 

regression. The results reveal the preponderant importance of lithology as a predictive variable, 

followed, at a considerable distance, by the slope gradient. Likewise, the importance of an unnatural 

and characteristic variable area of study, such as the presence of artificial cuts, is indicated as a 

causative factor. The results show a high degree of coincidence between the tendency of suscepti-

bility predicted by the model, and the effective presence of empirical mobilization signs on the 

slopes, with Area Under Curve (AUC) values for Receiver Operating Characteristics (ROC) around 

0.8. 
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1. Introduction 

The study of the propensity to slope movements on the slopes adjacent to linear 

road infrastructures (roads, railways, and other similar ones) requires a particular analysis 

of the susceptibility factors, since the high degree of anthropic alteration generates a 

mixed context between the natural and the artificial. In this situation, the conditions in 

which the predisposing factors to mobilization act can change their habitual behavior ([1]; 

[2]; [3]). 

The elaboration of land susceptibility cartographies to mass movements has been 

broadly studied when they occur in a natural environment. On the contrary, work on sus-

ceptibility to mass movements in anthropized environments, has been less frequently 

treated. However, this is the area in which risk studies by mass movements acquire a more 

applied sense, given the strategic nature of the exposed elements (traffic, functional and 

economic activities affected by their interruption, and the infrastructure itself). Authors 

such as [4] have highlighted the importance of solving risk problems that affect infrastruc-

tures in tourist areas. [5] or [6], among others, highlight the importance of mass 
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movements in the functioning of the city as a whole. Roadblocks and traffic stop as a result 

of slope movements are especially traumatic in peri-urban areas, since if mass movements 

happen after torrential rainfall, they do also occur simultaneously to floods of the urban 

area and/or overflows of urban and peri-urban channels. Because of that, the accessibility 

through alternative routes gets difficult, and the situation of crisis, emergency and risk for 

the population increases ([7]; [8]; [9]; [4]; [10]).  

The identification of the points of the route with greater probability of being affected 

by mass movements allows decision makers to give priority to the most urgent preventive 

measures on each road, and thus, to directly contribute to reducing costs post-event, im-

proving safety conditions and the sustainability of the infrastructure. The proposed model 

of susceptibility to mobilization that is presented here can be useful in infrastructures al-

ready built, but it can also be used in the project phase in order to simulate which would 

be the degree of danger for the alternative proposed paths. The subject of matter acquires 

a special interest and topicality in view of the promulgation of regulations that urge to the 

elaboration of specific risk maps for the especially sensitive environments of the so-called 

Critical Infrastructures. 

The ultimate objective of this study is to propose different methodological strategies 

for the elaboration of maps of susceptibility to slope movements adjacent to road infra-

structures, as well as to apply them and compare the results of the different predictive 

models proposed. Two alternative predictive models based on methods of varying de-

grees of complexity will be applied, and the predicted degrees of susceptibility will be 

validated with empirical data (evidence of movement collected in an inventory of slopes 

with detected signs of mobilization and fall). Therefore, the specific objectives addressed 

in this work are the following: 

● To carry out a cartographic detailed inventory of the slopes adjacent to road infra-

structures with effective signs of slope movements. This information will be used 

as a dependent variable in the susceptibility model based on a Weights-of-Evi-

dence method. 

● Prepare a predictive mapping of susceptibility to movement on slopes adjacent to 

road infrastructures. The predictive model is intended to include the particulari-

ties of the mixed environment (natural and artificial) in which the mobilization 

occurs, considering anthropic and natural controlling and triggering factors. 

● To apply two types of methodological strategies of fundamentals and differenti-

ated complexity for the deduction of the susceptibility model, based on the fre-

quency (mode), and logistic regression. 

● Test the predictive potential of susceptibility mapping in a validation experiment. 

● To compare the results obtained through the different methods applied, and to 

conclude on their suitability for the analysis in the context of application. 

1.1. Background and state of art 

The International Association of Engineering Geology (IAEG), together with the 

UNESCO, was pioneered in the 70s of the twentieth century in the development of meth-

odologies to assess and map the susceptibility to mass movements and geological risks. 

Since in 2006, the Thematic Strategy for the Protection of Soil of the European Union rec-

ognized rockslides as one of the eight major threats worldwide, systematic mapping stud-

ies on the susceptibility to gravitational movements have proliferated. A reference contri-

bution in this line is the report "Guidelines for landslide susceptibility, hazard and risk 

zoning for land use planning" ([11]), in which the international working group on land-

slides JTC1 (Joint International Technical Committee on Landslides and Engineering 

Slopes), has attempted to standardize the evaluation and mapping of susceptibility and 

hazard by slope movements. 

In Europe, many countries have developed national inventory landslide maps 

and, subsequently, susceptibility maps. To homogenize this large amount of data, in the 

framework of the European Soil Thematic Strategy, in 2007, the European Soil Bureau Net-

work (ESBN) proposed a project for mapping the susceptibility to landslides on the 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 29 June 2021                   doi:10.20944/preprints202106.0704.v1

https://doi.org/10.20944/preprints202106.0704.v1


European scale (i.e., 1: 1 million). This project has produced the preliminary European 

landslide susceptibility map (ELSUS 1000) ([12]). In Spain, the main contributions have 

been made by the Geological Survey of Spain (IGME), which has published inventory 

maps of rockslides since the 80s, and susceptibility maps at different scales of the different 

studied regions.  

At the academic level, the development of susceptibility maps to mass movements 

has been widely addressed by researchers, although the object of study has preferably been 

the analysis of mass movements in natural environments, without considering the possible 

influence of anthropic factors. Some authors have addressed the problem by assessing the 

propagation distance ([13]; [14]) as well as the form of the potential transit and accumula-

tion areas ([15]). Other authors have tried to adapt the methods to the climatic or physio-

graphic contexts in which they are applied ([12]). 

The mapping procedure has been traditionally treated by using geomorphological 

methods, and progressively, methodologies based on multivariate statistics and GIS tech-

niques ([16]; [17]; [18]; [19]; [11]; [3]; [20]; [21]; among others) were applied. Other authors 

have contributed research in the evaluation of slope movements on rocky slopes. The tech-

niques and methods of the geomechanical approach have been advancing since the contri-

butions of [22], [23], or [24], up to recent proposals by [25] for quantitative hazard and risk 

assessment. 

The proposed methodologies for assessing susceptibility at a detailed scale are 

very different and there is no general consensus among them. These methodologies are 

also conditioned by the amount and type of data available and by the scale of the study 

([26]). Different approaches can be distinguished, such as those of heuristic overlap ([27]), 

statistical with a descriptive sense and supervised allocation of weights ([28] and [29]), or 

inferential, which implies a statistical use, e.g., univariate logistic regression ([30]), or mul-

tivariate. Authors such as [31] and [32] apply a deterministic approach, and others such as 

[33] and [19], apply different techniques to develop cartographies and perform a compar-

ative analysis of their results. 

In the present study, the application of a multivariate logistic regression is used as 

the basis of the methodology. This method has been widely used to perform susceptibility 

mapping for predictive purposes in different countries. ([34], [35]; [36], [37], [38]; [16]; [39]; 

[40]; [41]; [20]; [42]; [43]; [44]). 

Linear infrastructures constitute a very sensitive environment not only because the 

structures themselves can be affected by mass movements, but also because the anthropic 

intervention alters the nature of the slope by varying the original level of susceptibility, 

and thus, modifying the conditions under which the determining and mobilizing activa-

tion factors act ([1]; [2]; [3]; [6]).  

Previous studies of the behavior of mass movements when they occur nearby 

roads and road infrastructures can be cited ([45]; [46]; [47]; [40]; [48]; [29]; [19]; [8]). This 

line of research has been less frequently explored, despite its direct and applied interest, 

especially if it is about road infrastructures that articulate the peri-urban spaces of the city 

([5]), on which a large part of the urban economic and demographic functioning depends 

([7]) 

2. Materials and Methods 

2.1. Study area 

The proposed predictive procedure has been applied to roads of different categories 

in the provinces of Málaga and Granada (Andalusia, Spain). Altogether, a total of 563 

slopes adjacent to the road have been mapped and analyzed, arranged in an overlying or 

underlying way along 76 km of road infrastructure. Specifically, three different sections 

of roads have been selected: 

● Section 1. Road A-357, whose sector of study goes from the town of Casapalma to 

the junction of the A-357 with the A-367 (pk.14 to pk.48). This section runs for 34 

km and is made up of 335 slopes adjacent to the road.  
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● Section 2. Málaga ring road. This area of study goes entirely through the munici-

pality of Málaga. Runs for 15,5 km and is made up of 190 slopes adjacent to the 

road. 

● Section 3. Highway connecting Motril with Granada. This section extends for 26,5 

kms and is made up of 38 slopes adjacent to the road. 

The sections of road infrastructure selected for the study are spread over an area 

characterized by very steep gradients. From the geological point of view, it has a structural 

and tectonic complexity that grants great variability to the area, with juxtaposition and 

superposition of series of very different characteristics (Paleozoic schistose materials, 

Permo-Triassic series of conglomerates, plasters and clays, ultra-basic rocks (hazburguites 

and peridotites) and limestones and Jurassic dolomites, fundamentally). These materials, 

sometimes overlapped, have a high contrast in both the permeability and mechanical be-

havior of the rock, which increases the casuistry of susceptibility to movement. Suscepti-

bility to mass movement on natural slopes close to the study area has been studied by [49] 

and [50]. The [51] has also published a generic cartography of natural risks in the province 

of Granada, which includes the treatment of the risk of mass movements. 

The three study areas are located in a Mediterranean climate area. Concatenation of 

persistent rainy episodes with moderate intensity during several days are frequent, in 

which, at some point, rains of high intensity and with enough kinetic energy are produced, 

and they act as an activating factor of mobilization. This rainfall regime favors the phe-

nomenon called multiple occurrence regional landslide events (MORLEs), where hun-

dreds or thousands of surface rockslides happen roughly simultaneously within a deter-

mined area [52].  

The peri-urban character of some of the infrastructures that constitute the area of 

analysis increases the likelihood of anthropic interventions in the environment, and thus, 

the existence of activating factors of the movement from an artificial origin, which in-

creases the danger. On the other hand, these are areas of very high population vulnerabil-

ity to slope movements. Effects over infrastructures in peri-urban areas produce a territo-

rial dysfunctionality, which affects a high number of inhabitants and basic territorial func-

tions such as the accessibility to housing and workplace, transport and the supply of 

goods, among the most prominent. The specific problems of mass movements in an-

thropized environments and close to road infrastructures have been studied in the context 

of the study area by [7] and [53]. 

All these characteristics show a high probability of mobilization in the selected ar-

eas, as well as a varied casuistry of causative factors, both of which have determined their 

selection. 
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Figure 1. Location of the road sections selected as the study areas. 

2.2. Methodology 

The predictive methodology described in this study proposes that the probability of 

slope movements occurring within a slope was determined by comparing the predispos-

ing and triggering factors of these slopes with those in areas where slope movements have 

occurred ([11]; [54], [55]). The methodology is based on a deterministic model, in which 

the susceptibility to land mobilization is calculated on the basis of the concurrence of fac-

tors predisposing to instability on each slope. As proposed by [38]; [42], among others, 

three steps have been carried out: the knowledge of slope movements type and distribu-

tions; the definition of a set of factors that can be used to predict the occurrence of a slope 

movement and the assessment of statistical relationships between the predisposing fac-

tors and the occurrence of slope movements. 

Two different statistical procedures have been applied for the deduction of the pre-

dictive model. In this way, two predictive algorithms of varying degrees of complexity 

have been obtained, whose effectiveness as predictors has been compared against each 

other. The proposed models have been called WS (Weighted Summation), and BLR (Bi-

nomial Logistic Regression). 

The slope has been used as a spatial and statistical unit of analysis to observe the 

concurrence in space of the predictor and dependent variables. All the slopes adjacent to 

road infrastructures have been delineated (slopes overlying the road and underlying or 

supporting it). Its cartographic delineation has been based on a DEM of 5x5 m resolution 

(IGN) and orthophotos of the area (PNOA). For the delineation of the slopes, the auto-

mated delimitation of half basins flowing, contours, gradients, orientations, and shading 

false relief has been used. This semi-automated procedure has been used as initial sup-

port. The delimitation of slopes, as well as the inventory of movements on them, have 

been completed with a detailed work of photointerpretation and field work [53]. Through 

this semi-automated procedure, a total of 563 slopes of different sizes have been delimited. 

These set of slopes makes up the statistical universe of cases for the inventory of slope 

movements. 

 

2.2.1. Development of the inventory of the slopes with signs of effective mobilization 
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The effective verification of mobilization signs on the slopes of the study area has 

been used as a dependent variable, so these are the data that allow to validate the predic-

tive model. The detected slope movements have been identified and classified according 

to the criteria of [56] and [57]. These are mostly stone falls with deposits on the shoulder, 

and, in other cases, falling and avalanche of blocks.  

For the elaboration of the map of this variable, an inventory with the location of the 

slopes that show signs of mobilization have been carried out, based on the following 

sources and procedures: 

● Field work, with the aim of observing the morphologies that indicate land mobi-

lization (erosion or deposit) on the slopes. 

● Compilation of information from the General Directorate of Roads (action reports) 

about maintenance activities related to the falling of material from the slope to the 

road or to the berm. Georeferencing press news related to traffic breaks due to slope 

movements. 

● Presence in the study area of artificial interventions for slope control (breakwaters, 

retaining walls, berms), which were indicative of previous movements. 

As a result of this task, a mapping of all the slopes movements adjacent to the roads 

has been obtained and classified according to whether if they show, or not, signs of mobi-

lization. Slope movements type have been classified into two large groups: landslides and 

rock falls. The statistical model has been applied only to rockfall and small debris flow 

movements in this research. Slopes with landslides have been removed from the analysis 

since they constitute few cases and are caused by different predisposing factors. A total of 

241 slopes have been selected for the statistical analysis of susceptibility to rockfalls. 

 

 

Figure 2. Slope map with empirical evidence of mobilization. (Detail). 

The selection of predisposing factors has been based on bibliographic criteria ([58]), 

and particular attention has been granted when adding to the usual natural causes artifi-

cial factors that are characteristic of the anthropized environment of the roads, such as 

cuts, irrigation, extractive activity or clearing ([59]; [60]; [61]). No factors related to precip-

itation or seismicity have been included, as they are not spatially discriminatory when 
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working at large-scale. In this sense, [41], observed the difficulty to relate precipitation 

with the concrete occurrence of the movement at a detailed scale. 

The following are the variables that constitute the starting point of the analysis (Fig-

ure 3): 

 

 

Figure 3. Predisposing factors to slope mobilization considered in the analysis. 

2.2.2. Methodology of the predictive Model WS (Weighted Summation). Characterization 

of the combination of causative factors present on the mobilized slopes 

The first step is based on identifying the pattern of causative factors present in the 

group of slopes that have already shown signs of rockfalls, and therefore, have empirical 

evidence of their greater susceptibility to mobilization. It is considered that the slopes on 

which the terrain is more likely to move (they have movement sings) would be those in 

which a greater number of instability conditions are concurrent, that is, a greater number 

of extreme values in the predisposing factors is reached. The concept of repetition of these 

unfavorable values in the set of fallen slopes (frequency of the extreme value in each pre-

disposing variable), will be used to deduce the relative importance of each causative factor 

in the mobilization occurrence. Therefore, it is considered that the variables with a leading 

role in the pattern of susceptibility to the mobilization of the most unstable slopes (group 

of fallen slopes), are those in which the most extreme value is repeated a greater number 

of times. The falling probability of a slope (pi) is obtained by the following weighted sum, 

in which the coefficients βn are the weights, and x the values assigned to each predictor 

variable: 

𝒑𝒊 = 𝜷𝟏 · 𝒙𝟏 + 𝜷𝟐 · 𝒙𝟐 + ⋯ + 𝜷𝒏 · 𝒙𝒏 

As shown below, first, we have worked at the intravariable level, and, for each determin-

ing variable, severity intervals have been differentiated. In a later step, the intravariable 

analysis has allowed us to deduce the indicator coefficients of the relative importance of 

each predictor variable in the instability of the slope, and, finally, to construct a predictive 

algorithm. 

 

2.2.2.1. Definition of intravariable intervals and assignment of scores to classes in the pre-

dictor variables 
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For assigning the intravariable intervals and their corresponding scores, the follow-

ing tasks have been carried out: 

• The check-up of the intensity of the statistical relationship between each predis-

posing variable and the occurrence of slope mobilization. 

• Considering the non-parametric character of most of the predictor variables, and 

the binary of the dependent one (fallen / not fallen slope), frequency histograms of the 

different degrees of the predictor variable path have been developed, as well as the per-

centages of falls that happen at each level in order to analyze the functions that relate each 

independent and dependent variable. Histograms have allowed us to establish the thresh-

olds in which the cause-effect relationship presents more drastic variations, and to define 

intervals in the predictor variable to which a proportional score that runs from 0 to 1 has 

been assigned, being 1 the maximum susceptibility. The representative scores of zero and 

maximum susceptibility to movement in the predictor variables have been established 

from a common threshold, so that they are equivalent between some determining varia-

bles and others. The selected criteria have been: 

o Negligible susceptibility: (Score <= 0.2). Interval that includes all the values of 

the determining variables that coincide with cumulative percentages of slopes 

falling below 10%. 

o Maximum susceptibility: (Score >= 0.7) Interval that includes the values of the 

predictor variable that coincide with a cumulative percentage of falls greater 

than 80%). 

The mobilization susceptibility scores deducted and assigned to each class or interval 

of the predisposing variables are summarized in the following table (Table 1): 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 1. Mobilization susceptibility scores assigned to each class or interval of the predisposing 

variables. 

Predisposing variables 
Variable 

code 
Classes and/or intervals 

Susceptibility to 

mobilization (from 0 to 1) 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 29 June 2021                   doi:10.20944/preprints202106.0704.v1

https://doi.org/10.20944/preprints202106.0704.v1


Lithology stability in slopes (modified 

according to the degree of alteration) 
v01  

Cemented conglomerates and breccias 0,1 

Gneiss 0,2 

Sandstone 0,5 

Harzburguite and peridotite 0,8 

Dolomites 0,9 

Phyllites, Graywacke, Schists, Calcophyllites, 

Metapelites… 0,9 

Internal heterogeneity of the lithological 

series (according to its mechanical 

behavior) 

v02 

Heterogeneous 0,24 

Heterogeneous with similar mechanical behavior 1 

Homogeneous 0 

Presence and type of lithological contacts 

(according to the degree of homogeneity 

of the lithologies in contact) 

v03 

No contact 0 

Heterogeneous lithological contacts (1 or more contacts) 0,47 

Homogeneous lithological contacts (1 or more contacts) 1 

 Presence and type of tectonic 

discontinuity 
v04 

No contact 0 

Concordant or normal contact 0,12 

Thrust fault 0,13 

Discording contact 0,21 

Fault 0,72 

Mechanical contact 1 

Slope gradient v06  

<30% 0 

35% 0,13 

40% 0,25 

45% 0,38 

50% 0,5 

55% 0,63 

60% 0,75 

65% 0,88 

>70% 1 

Presence of artificial cuts (according to the 

gradient and extension) 

v10 

 

<5% 0,07 

10% 0,14 

15% 0,21 

20% 0,29 

25% 0,36 

30% 0,43 

35% 0,5 

40% 0,57 

45% 0,64 

50% 0,71 

55% 0,79 

60% 0,86 

65% 0,93 

>70% 1 
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2.2.2.2. Definition of intravariable intervals and assignment of scores to classes in the pre-

dictor variables 

It has been considered that the process of land falling is the result of a compensated 

association of the set of causative variables, so that the predictive model should be based 

on compensatory techniques ([62]). The procedure for assigning weighting coefficients 

has been conditioned by the non-parametric nature of the data. 

For the estimation of the relative weight that each predictive variable has in the mo-

bilization generation, the statistical analysis has focused on the group of slopes in which 

previous rockfalls have already been observed. The reasoning for deducing the weighting 

coefficients has been based on the calculation of the number of times in which the worst 

susceptibility value is repeated in each of the causative variables. It has been considered 

that the variables that most frequently repeat their worst susceptibility value are those 

that have the greatest incidence in the generation of the fall. At the same time, it has been 

verified that the worst susceptibility value appears poorly represented in each variable 

among the group of not fallen slopes (less than 20%), which consolidates the research hy-

pothesis. 

From this reasoning, the following calculations have been made: 

• The count of the number of times in which the range of greatest susceptibil-

ity of each predictive variable (scores greater than 0.7) is present in the group 

of fallen slopes. 

•The sum of all the modes obtained for each variable, and standardization of 

their values to 1 (value of the total sum). This value becomes the weighting 

coefficient of the variable.  

The formula used to obtain the weights by standardized variables is, in short, the 

following: 

 

𝑽𝒂𝒓𝒊𝒂𝒃𝒍𝒆 𝒘𝒆𝒊𝒈𝒉𝒕 =  
𝑭𝒓𝒆𝒒𝒖𝒆𝒏𝒄𝒚 𝒗𝒂𝒍𝒖𝒆 ≥ 𝟎. 𝟕 𝒊𝒏 𝒕𝒉𝒆 𝒗𝒂𝒓𝒊𝒂𝒃𝒍𝒆 (𝒖𝒏𝒊𝒗𝒆𝒓𝒔𝒆 𝑭𝒂𝒍𝒍𝒔)

𝑺𝒖𝒎𝒎𝒂𝒓𝒚 𝒗𝒂𝒍𝒖𝒆𝒔 ≥ 𝟎. 𝟕 𝒕𝒐𝒕𝒂𝒍 𝒐𝒇 𝒗𝒂𝒓𝒊𝒂𝒃𝒍𝒆𝒔 (𝒖𝒏𝒊𝒗𝒆𝒓𝒔𝒆 𝑭𝒂𝒍𝒍𝒔)
 

 

Once the predictor algorithm was calculated, it has been applied to all the slopes of 

the study area and the data of susceptibility to mobilization have been obtained. The re-

sulting values have been classified in severity intervals for their cartographic representa-

tion. The intervals have been individualized based on the observation of the histogram of 

frequencies. 

 

2.2.2.3. Evaluation of the effectiveness of the WS model 

Once the predictive model was obtained through the WS method, the relationship 

between the measured values and those predicted by the algorithm has been evaluated 

through different analysis strategies. In addition to assessing the level of coincidence 

through percentages of success in the different severity intervals, a confusion matrix has 

been developed, which compares the measured and the predicted values, in order to as-

sess the fitting of the prediction. The sensitivity value represents the ratio of positive val-

ues (value 1, fallen slopes) correctly predicted, whereas the specificity value refers to the 

negative values (value 0, not fallen slopes). In both cases, the model is better fitted when 

high values in these concepts are obtained. The optimal threshold of probability of falling 

or not falling has also been calculated, based on a graph that shows the evolution of sen-

sitivity and specificity, and its point of intersection (0.6 in this case). 

A ROC (Receiver Operating Characteristic) curve has also been developed, which 

represents the percentage of correct positives that a logistic model predicts when the prob-

ability threshold is progressively lowered from 1 to 0. A good model should indicate more 

measured 1 as positive and less measured 0 as positive as the threshold drops. Therefore, 

in a suitable model the curve should rise with a high gradient, indicating that the rate of 
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correct positives (TPR, True Positive Ratio, Y axis) increases faster than the false positive 

ones (FPR. False Positive Ratio, X axis). For this reason, in a ROC curve, the larger the area 

under the curve (AUC), the better the predictive capacity of the model. The data obtained 

in the calibration exercise are shown in the results section. 

 

2.2.3. Methodology for the development of the BLR predictive model (Binomial Logistic 

Regression) 

 

2.2.3.1. Deduction of the predictive equation and evaluation of the effectiveness of the 

model 

The second strategy utilized to make the map of susceptibility to rockfalls is based 

on a statistical model of logistic regression. The binomial logistic regression model is used 

when it is intended to predict the probability of occurrence of a particular event. It is a 

multivariate statistical method that allows to predict the presence or absence of a given 

event according to the values of a set of starting indicators. The binomial logistic regres-

sion allows us to deduce an equation that establishes the underlying mathematical rela-

tionship between a dependent dichotomous variable, and a set of independent predictor 

variables ([59]). For the analysis, variables of different nature and statistical expression 

(continuous or categorical, and with or without normal distribution) can be included. 

In our case of study, the variable dependent on logistic regression acquires value 1 

on those slopes collected in the inventory that have signs of mobilization, that is, that have 

experienced movements (falls). 

The independent variables considered in the analysis (Model BLR.1) are shown be-

low (Table 2): 

Table 2. Susceptibility factors included in the BLR.1 model. 

Independent variables 

 (model BLR.1) 

v01 - Lithology stability on slopes (modified according to the degree of 

alteration) 

v02 - Internal heterogeneity of the lithological series (according to its 

mechanical behavior) 

v03 - Presence and type of lithological contacts (according to the degree of 

homogeneity of the lithologies in contact) 

v04 - Presence and type of tectonic discontinuity 

v06 - Slope gradient 

v10 - Presence of artificial cuts (according to the gradient and extension) 

 

From these data, in a second phase, it has been decided to generate a new regression 

model by eliminating from the procedure the variables with less statistical significance 

(those with p> 0.05) (BLR.2 model), in order to observe whether the restriction clarifies the 

statistical procedure and improves the results. In this second iteration of the entire proce-

dure, the independent variables used have been the following: 

Table 3. Susceptibility factors included in the BLR.2 model. 

Independent variables 

 (BLR.2 model) 

v01 - Lithology stability on slopes (modified according to the degree of 

alteration) 

v03 - Presence and type of lithological contacts (according to degree of 

homogeneity of the lithologies in contact) 

v06 - Slope gradient  

v10 - Presence of artificial cuts (according to the gradient and extension) 
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The regression models have been generated using the “caret” package of R, adjusting 

them to binomial logistic regressions (method=”glm”,family=binomial(link="logit"). The 

cross-validation method k-fold has been used for this (with 10 groups and iterations 

(k=10), choosing the model that maximizes the area under the ROC curve. The optimal 

threshold of probability cuts has been selected from cross-charts of sensitivity and speci-

ficity. From this data, the correctness of the estimation through a confusion matrix, the 

elaboration of the ROC curve, and the calculation of the area under the curve (AUC), 

which is the indicator of the goodness of the model as a predictor, have been verified. 

For the two models generated (BLR.1 model and BLR.2 model) the β coefficients for 

each variable, and their statistical significance have been calculated. These indicators have 

allowed us to discriminate the variables that have the most influence in the production of 

the mobilization, and to decide which ones to eliminate from the analysis in the second 

application of the model. 

Once the coefficients have been obtained and their statistical significance has been 

analyzed, the probability of falling that they predict for each slope is then calculated. This 

information is added to the input data table, which makes its representation and analysis 

possible through GIS. The probability of falling is finally used to make maps of suscepti-

bility to mobilization in a predictive way. 

 

3. Results and discussion 

The first result to comment on is the advantage that the topographic delimitation of 

slopes adjacent to the road offers for the analysis of causative factors. Using this proce-

dure, the statistical unit is scaled to the slope, the basic geomorphological unit in which 

gravitational processes occur. In this way, the cause-effect relationships are directly re-

lated in each spatial unit. When larger spatial units are used, such as the basin ([64]), there 

are problems of generalization of the value of the causative factors that sometimes hinder 

the statistical relationship between cause and effect. The use of the slope as the basic unit 

of analysis also avoids other extrapolation problems associated with MAUP ([65]), which 

have been addressed by authors such as [66]; [67], [68] using different strategies. 

 

3.1. Results of the WS method: method based on the frequency of unfavorable conditions 

 

3.1.1. Weighting coefficients and predictive algorithm obtained 

The weights obtained for each variable, once standardized, are the following (Table 

4): 

 

 

 

Table 4. Weighting coefficients obtained for each predictor variable (WS Method) 

 Rockfall (variables)  

 
Litho 

(v01) 

Slope 

(v06) 
IntHet (v02) 

ArtSlo 

(v10) 

LithoCon 

(v03) 

TectDisc 

(v04) 
TOTAL 

Count (>=0,7) 48 40 30 25 20 16 179 

Percentage with 

respect to 49 FALLS 
0,98 0,82 0,61 0,51 0,41 0,33 3,66 

Weighing 0,27 0,22 0,17 0,14 0,11 0,09 1,00 
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The algorithm has been calculated from 49 fallen slopes and its application has been 

extended to the rest of the slopes that make up the group of non-fallen slopes, which is 

composed of 241 study cases. As can be seen in Figure 4, the results obtained through the 

WS method show that the most influential variables in the generation of the instability of 

the tested slopes are, in this order, the lithology (0.27), the gradients (0.22), and the internal 

heterogeneity of the lithological series (0.17), followed by the presence of embankments 

on slope (0.14), and finally, with a much smaller participation in the process, by the pres-

ence of lithological contacts (0.11) and the presence of tectonic discontinuity (0.09). Lithol-

ogy and weathering degree and spacing have been identified by different authors as key 

factors in the generation of falls. ([69]; [70] and [71], among others). These authors also 

highlight the orientation of discontinuities as a predisposing factor. This variable, alt-

hough it was included in the initial set of predisposing factors to fall, has not been in-

cluded in the statistical analysis due to the difficulty in identifying it on the slopes of the 

study area. Few cases have this information, so they are not statistically representative. 

 

 

Figure 4. Weighting coefficients obtained for each predictor variable (WS Method). 

From this data, the final predictive algorithm obtained is set as a weighted linear 

summation, in the following terms: 

 

Susceptibility to rockfalls =Litho*0,27 + Grad*0,22 + IntHet*0,17 + EmbSlo*0,14 + 

LithoCon*0,11 + TectDisc*0,09 

The algorithm has finally been used to generate predictive maps of susceptibility to 

rockfalls. Representative intervals have been assigned from the observation of the 

frequency histogram. Figure 5 shows an example of cartographic prediction for the study 

area (section 1). 
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Figure 5. Map of susceptibility to slope rockfalls according to the WS predictive model. 

3.1.2. Evaluation of the predictive capacity of the WS model 

 

3.1.2.1. Matching predictive mapping with the inventory map of the mobilized slopes 

The percentage of coincidence between the predictive cartography obtained with re-

spect to the inventory-map of rockfalls observed on slopes has been tested. As can be seen 

in Table 5, the degree of coincidence between the slopes with empirical rockfalls, and 

those cataloged by the predictive model at the high and very high levels of susceptibility, 

stands at 82% of the cases. It should be noted that the predictive model has not registered 

cases at the low threshold, and it highlights that there is only 18% of the cases that are 

represented with the medium values. 

Table 5. Degree of coincidence between slopes with observed rockfalls and those listed by the 

model. 

 LOW MEDIUM HIGH VERY HIGH  

Interval < 0.35 0.35 to <0.6 0.6 to <0.8 >=0.8 
TOTA

L 

Fallen slopes 0 9 27 13 49 

Percentage of fallen slopes 

predicted by the WS Model 
0 18.37 55.10 26.53 100 
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Figure 6. Percentage of fallen slopes in each prediction interval (WS model). 

Below, the simulated data by the predictive model for all the slopes, and their cor-

responding proportion of the intervals of susceptibility likelihood are shown (Table 6): 

Table 6. Simulated data by the predictive model for the selected slopes. 

 ROCKFALLS (SIMULATED SLOPES)  

 LOW MEDIUM HIGH VERY HIGH  

Interval < 0.35 0.35 to <0.6 0.6 to <0.8 >=0.8 TOTAL 

Simulated 0 9 27 13 49 

(%) Simulated 0 18.37 55.10 26.53 100 

 

As can be seen, simulated cases for the very high category represent 7% of the total. 

The simulation proposed by this algorithm indicates that 60% of the slopes have a low 

probability of rockfalls (low and medium intervals), while 40% have a "high" or "very 

high" probability of causing rockfalls. More restrictively, only 7% of the cases have been 

identified with "very high" probability of falling (Figure 7). 

 

 

Figure 7. Percentage of fallen slopes in each prediction interval (WS model). 
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To confirm the validity of the predictive model, a confusion matrix and a ROC curve 

with sensitivity and specificity values have been developed. The probability threshold for 

considering a slope as fallen has been set at 0.6, a value that simultaneously optimizes the 

sensitivity and specificity of the model. As can be seen in Figure 8, the gradient of the ROC 

curve and the value of the Area Under the Curve (AUC) parameter, reveal a high degree 

of correspondence between the observed and the predicted values (AUC = 0.84), and a 

good evolution of the ratio of correct positives and correct negatives of the prediction. All 

these indicators allowed to attribute a high predictive reliability to the WS model. 

 

ROCKFALL_WS (threshold 0.6)  

 

Threshold = 

0.6 

 Real values  Sensitivity 

Missclass = 

0.249 

 0 1  0.714 

Predicted 

values 

0 146 14  Specifity 

1 46 35  0.76 

  192 49   

      

      

Figure 8. ROC curve and values of sensitivity and specificity of the predictive model (WS Model). 

3.2. Results of the BLR models (BLR.1 and BLR.2) Binomial logistic regression 

The results obtained for the two logistic regression models applied are summarized 

in the following tables, which show the results of the confusion matrix, the ROC curve, 

and the corresponding sensitivity and specificity values. 

Table 7. Coefficients of the binomial logistic regression model with all variables (BRL.1). 

Variable  estimated e 

(Intercept) -7.65207 0,00047506 

v01 4.55037 94,66742878 

v02 0.07575 1,078692867 

v03 1.48053 4,395274559 

v04 0.11564 1,122591666 

v06 2.20463 9,066896196 

v10 1.21721 3,377750651 

 

 

 

 

 

 

 

 

 

 

 

 

ROCKFALL_K10 (threshold 0.25) 
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Threshold 

= 0.25 

 Real values  Sensitivity  

 

Missclass = 

0.199 

 0 1  0.837 

Predicted 

values 

0 152 8  Specifity 

1 40 41  0.792 

  192 49   

      

      

Figure 9. ROC curve and predictive validity indicators for the BLR.1 predictive model (logistic re-

gression with all the variables). A probability threshold of 0.25 is considered to classify a slope as 

falling. 

 

Figure 10. Coefficients obtained for the variables according to the BLR.1 predictive model (logistic 

regression with all the variables). 

Table 8. Coefficients of the binomial logistic regression model with a reduced group of variables 

(BRL.2). 

Variable  estimated e 

(Intercept) -7.7109 0,000447918 

v01 4.6998 109,9251852 

v03 1.5439 4,682817693 

v06 2.2040 9,06118585 

v10 1.1911 3,290698986 

 

 

 

 

 

 

 

ROCKFALLS_K10 (threshold 0.25) 
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Section = 

0.25 

 Real values  Sensitivity  

 

Missclass = 

0.178 

 0 1  0.796 

Predicted 

values 

0 159 10  Specifity 

1 33 39  0.828 

  192 49   

      

      

Figure 11. ROC curve and predictive validity indicators for the BLR.2 predictive model (logistic 

regression with a selection of the most significant variables). A probability threshold of 0.25 is con-

sidered to classify a slope as falling. 

 

Figure 12. Coefficients obtained for the variables according to the BLR.2 predictive model (logistic 

regression including the variables with p <0.05). 

As can be seen, the two regression models applied (BLR.1, using all the variables, or 

BLR.2, with the selection of those with the best statistical significance) offer very similar 

results, with a slight improvement in the AUC of the model, which uses a selection of 

variables. In both cases, this indicator presents values that prove the very good predictive 

capacity of the model (AUC = 0.87), comparable to those obtained by logistic regressions 

applied by other authors such as [40], [41], [72], which are around 0.8. For the specific case 

of susceptibility to rockslide, [45] provided an AUC of 0.7, and [73] a ROC index of 98.5%.   

The results for both models are also equivalent in terms of sensitivity and specificity, 

and BLR.1 shows a slightly better result in the ratio of correct positives compared to BLR.2 

(sensitivity = 0.83, and 0.79, respectively), which allows to deduce that the reduction of 

the number of variables does not improve the predictive capacity of the model. The global 

values of the model clearly describe it as a solid proposal, with high predictability. [74],  

from the same logistic regression method, obtained AUC values of 0.9, rated by the au-

thors as excellent. They also gave a lower AUC to the capacity of correct prediction of the 

susceptibility map of the ELSUS 1000 program (0.6), and the one carried out by the Gov-

ernment of Gipuzkoa, with an AUC of 0.7.  

Regarding the influence of each variable in slope instability, the same trend is ob-

served in the two regression models applied. The influence of the variable lithology is 
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much greater than the others: the normalized coefficient value practically multiplies by 10 

the value of the next ranking variable. The second variable is the percentage of gradient, 

with a certain weight in determining the probability of falling of each slope. Finally, the 

variables presence of lithological discontinuity and presence of artificial cuts have little signifi-

cance. The remaining variables have coefficients with low weight or low statistical signif-

icance. It is worthy to note the very high impact of the lithology in the instability process 

that has been observed in this study, since even it is very logical at the theoretical level, it 

cannot always be verified in statistical analyses, due to the categorical nature of the vari-

able, which hinders the association with other causative variables. Usually, this variable 

is introduced in the analysis by assigning a score based on a susceptibility ranking, which 

generates subjectivity errors. In other cases, as suggested by [44], the susceptibility value 

of the lithology is obtained from the density of movement sites observed in each type of 

material, which, in our opinion, forces in a directed way the coincidence with the depend-

ent variable, also constructed through the inventory of movements.  

An example of the cartographic results of the application of the BLR.1 model are 

shown in Figure 13. 

 

 

Figure 13. Susceptibility to falling slopes according to the BLR.1 predictive model (logistic regres-

sion with all the variables). 

The cartographic results of the application of the BLR.2 model are shown in Figure 

14. 
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Figure 14. Susceptibility to falling slopes according to the BLR.2 predictive model (logistic regres-

sion with all the variables). 

3.3. Comparison of the results obtained by the two methodologies used. WS model (frequency) and 

BLR.1 and BLR.2 models (logistic regression) 

 

As shown in Figure 15., the results obtained for the two types of models that have been 

developed (based on frequency and logistic regression respectively), show high repre-

sentative values, with very similar morphology and gradient of the ROC curve, and prac-

tically equivalent AUC (0.84 for the WS model, and 0.87 for the BLR.1 and BLR.2 models). 

The proximity of the results shows, on the one hand, the validity of the predictive capacity 

of the models, and, on the other, it confirms the validity of the WS model, developed 

through a simpler methodological process, and with less complex statistical support. 

However, it has shown a degree of efficacy equivalent to more sophisticated methodolog-

ical procedures. 

 

 

Figure 15. Comparison of the three models. From left to right: weighted sum WS, binomial logistic 

regression with all the variables, binomial logistic regression discarding variables with little signif-

icance (p> 0.05) 
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Regarding the identification of the most influential predictor variables in the creation 

of slope instability, both models coincide in two essential aspects: to highlight the im-

portance of the lithology in the genesis of instability, followed by the gradient and, sec-

ondly, they also show the importance of an unnatural variable, such as the presence of ar-

tificial embankment, in the genesis of rockfall on slopes adjacent to roads. 

4. Conclusions 

The surrounding area of road infrastructures presents a degree of alteration by an-

thropic processes that strongly determines the dynamics of gravitational processes. To 

analyze the susceptibility to land mobilization on the slopes adjacent to road infrastruc-

tures requires a treatment of causative factors adapted to the specific characteristics of the 

environment. The approach used in this work has sought to collect these particularities 

and brings together ad hoc natural and anthropic factors as constrains of mobilization. 

The disparate nature of the conditioning and activating factors of the mobilization, 

and its different expression in statistical terms, makes it difficult to use parametric statis-

tics and linear correlation techniques as an instrument for the deduction of interchangea-

ble relationships. To address this problem, complementary prediction strategies have 

been successfully addressed at work. First, as an alternative analysis strategy, a procedure 

based on the spatial coincidence of the most negative values of each predisposing factor 

with the effective occurrence of slope mobilization (WS predictive model) has been used. 

This procedure has allowed us to establish the relative importance of each determining 

factor in the final generation of the susceptibility to mobilization through a simple but 

effective process. After the application of the predictive model, the results obtained certify 

a high degree of coincidence between the tendency of susceptibility foreseen by the model, 

and the effective presence of empirical signs of mobilization on the slopes. The gradient 

of the ROC curve and the AUC parameter have proven the effectiveness of this model for 

the creation of cartographies of susceptibility to rockfalls. Secondly, a binomial logistic 

regression has been applied to obtain the BLR.1 and BLR.2 models, whose confidence in-

dicators also showed a very good capacity of the equation to estimate the probability of 

landslides. The results of both models show the preponderant importance of lithology in 

the production of rockfalls, followed, at a considerable distance, by the gradient variable. 

The application of logistic regression has enabled the analysis with variables of different 

nature and statistical expression (continuous or categorical, and with or without normal 

distribution), so it is ideal for the case of study, in which they are linked as variable caus-

ative factors of low variability, or even dichotomous character, along with other discrete 

and wide variability. It must be added that the binomial logistic regression with selected 

variables (BLR.2), gets good predictions using only 4 variables, which allows to simplify 

the study processes in other cases. v02 and v04 are discarded due to low significance; this 

means that there is no significant causality regarding the increased probability of falls. 

It is interesting to observe how in the two predictive models obtained, the im-

portance in the genesis of the rockfalls of an unnatural variable, such as the presence of 

artificial embankment, is indicated. This fact points out the convenience of studying mass 

movements that occur in natural environments and have their own functional dynamics, 

as distinct processes with respect to those that take place in anthropized environments. In 

this latter case, it is necessary to analyze in a specific way factors that determine non-

natural mobilization, usually not considered in the predictive cartographies, but which, 

however, can take a leading role in the instability process. The results also speak about 

the relative effectiveness of the construction engineering models in the designing of road 

infrastructures, since it is confirmed that there are abundant cases of slopes with rockfalls 

associated with their construction. It is necessary, therefore, to apply a less sectoral ap-

proach to the prediction procedures, which includes a vision of road infrastructures as a 

mixed nature space, in which natural and artificial processes interact in the genesis of in-

stability. 
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