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Abstract


Landslides are hazardous events that occur mainly in mountainous areas and cause substantial losses of various kinds worldwide; therefore, it is important to investigate them. In this study, a specific Machine Learning (ML) method was further analyzed due to the good results obtained in the previous stage of this research. The algorithm implemented is Extreme Gradient Boosting (XGBoost), which was used to evaluate the susceptibility to landslides recorded in the city of Cuenca (Ecuador) and its surroundings, generating the respective Landslide Susceptibility Maps (LSM). For the model implementation, a landslide inventory updated to 2019 was used and several sets from 15 available conditioning factors were considered, applying two different methods of random point sampling. Additionally, a hyperparameter tuning process of XGBoost has been employed in order to optimize the predictive and computational performance of each model. The results obtained were validated using AUC-ROC, F-Score and the degree of landslide coincidence adjustment at high and very high susceptibility levels, showing a good predictive capacity in most cases. The best results were obtained with the set of the six best conditioning factors previously determined, as it produced good values in validation metrics (AUC = 0.83; F-Score = 0.73) and a degree of coincidence of landslides in the high and very high susceptibility levels above 90%. The Wilcoxon text led to establishing significant differences between methods. These results show the need to perform susceptibility analyses with different data sets to determine the most appropriate ones.
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1. Introduction


Landslides are catastrophic events that occur mainly in mountainous areas and cause substantial losses of various kinds throughout the world [1,2,3]. These losses, evidenced in damage to infrastructure and human casualties, show the impact of these events. One way to counteract this impact is to generate resources that promote prevention and help mitigate their effects. To this end, the susceptibility to landslide occurrence should be analyzed through the generation of Landslide Susceptibility Maps (LSM). Susceptibility is the spatial probability of landslide occurrence, i.e., the possibility of a region being affected by this phenomenon based on certain characteristics (environmental, geological, geomorphological, among others) [4,5].



Susceptibility makes it possible to know the areas with the highest probability of landslides [4,6]; therefore, LSMs optimize landslide risk management and contribute to better territorial planning, since they show the probable distribution of landslides in a sector [7,8]. These mapping resources are useful in places crossed or close to mountain ranges such as the Andes, where tragic events have occurred. Some of them are of recent occurrence as in Colombia: the cases of Mocoa in March 2017 (García-Delgado et al. [9]) and Chocó in January 2024. While in Ecuador, Gulag-Marianza, near Cuenca in March 2022 (Bravo-López et al. [7]) and Alausí in March 2023 (Macías et al. [10]), among others, were recorded. Due to the losses caused by these phenomena, it is necessary that competent institutions make the appropriate decisions and accurately determine the areas susceptible to these phenomena [11].



Previous research [7,12] mentions the importance of Machine Learning (ML), which is based on quantitative methods widely used in Landslide Susceptibility Prediction (LSP) due to its higher predictive accuracy compared to other methods (heuristic, statistical, etc.) [13,14]. In addition, several ML methods have been applied in different study areas around the world, and due to their popularity, they have also been implemented in areas with no previous studies or little research. Specifically, in some regions of Ecuador and Colombia, recent LSP research has been developed with different ML methods such as: Artificial Neural Networks (ANN) [12,15], Random Forests (RF) [7,15], XGBoost [7] and Linear Discriminant Analysis (LDA) [15]. Furthermore, in Ecuador, there is research applying ML such as Guerrero-Rodriguez et al. [16], who improved landslide prediction with deep learning on the Alóag-Santo Domingo highway; or Di Napoli et al. [17], who analyzed landslide exposure in fast-growing cities such as Cuenca (Ecuador). Similarly, in Colombia, Vega et al. [18] generated landslide models in a tropical mountain basin (La Liboriana, Antioquia) using ML and Calderón-Guevara et al. [19] compared susceptibility models based on data (including ML) in the eastern cordillera of the Colombian Andes.



The association between past landslides and conditioning factors in each area should be considered [5], since the susceptibility is different in each sector, mainly due to their intrinsic characteristics and the types of data used [20]. It is still of interest to the scientific community to implement ML models with the appropriate combination of different conditioning factors and their spatial distribution [5,20,21]. Determining the optimal conditioning factors for LSP is still a challenge, as no rule defines which ones are the most important, nor how many are sufficient for a specific analysis [5]. However, several studies have been conducted in which the importance of conditioning factors in various areas has been determined using feature selection algorithms. In the study area proposed for this research, Bravo-López et al. [7] elaborated an analysis of conditioning factors using ML, obtaining six main factors for this area, which are described in that study. This research is pioneering both in the study area and in Ecuador.



Several investigations have combined conditioning factors according to a given criterion. Kavzoglu et al. [5] generated LSM using genetic algorithms in Macka (Turkey). Their 16 factors were classified according to the dependence on a Digital Elevation Model (DEM) or those obtained from satellite images. Al-Najjar et al. [20] implemented LSP combining 14 conditioning factors (morphometric and non-morphometric) in Sajadrood (Iran) applying ML. In the same area, Kalantar et al. [22] compared three sets of conditioning factors for LSP. Liao et al. [23] identified essential conditioning factors for LSM in Wushan and Wuxi (China), grouping 28 factors into geological, environmental, meteorological and human activities. Chang et al. [15] studied 15 conditioning factors for LSP generation in Chongyi (China), classifying them into topographical, geological, hydrological, anthropogenic and land occupation. Of all these studies, none applied XGBoost to obtain LSP.



Previously [7], XGBoost was determined to be the best performing ML algorithm in the study area. Therefore, it was further analyzed in this research. Although XGBoost performs optimally for different types of problems [24], it has recently been implemented in some LSM studies [25,26,27,28,29,30,31]. In all these cases, XGBoost has presented good performance, having as an advantage its ability to avoid overfitting with proper configuration of its regularization hyperparameters [32], although despite its versatility and good performance [33], it can be computationally demanding [24]. There are several approaches to optimize hyperparameters, with Bayesian Optimization (BO) being widely used [29]. BO has been implemented in studies applying XGBoost for LSM [29,34]. It is highlighted that XGBoost significantly reduces overfitting when the configuration of its hyperparameters is appropriate [35], therefore, it is necessary to implement models that consider this test to obtain computationally affordable performance with acceptable prediction results.



This research aligns with previously published studies [7,12] on LSM with ML. For further research, XGBoost was chosen for LSM since this method is not too widely employed and generates good results. First, an optimization of this algorithm was applied by testing its main hyperparameters with a trial-and-error method to verify its computational performance and predictive capability. Second, this study analyzed combinations of conditioning factors to obtain LSM with XGBoost. Out of 15 conditioning factors, the combinations were based on the dependent (ten factors) and non-dependent (five factors) factors of the DEM in a sector of Cuenca, Ecuador, which has no previous studies. Two different random sampling methods were also evaluated and applied to each combination of conditioning factors to verify variations in LSP. Finally, a statistical analysis was performed using the Wilcoxon test to verify the significance of the susceptibility levels determined by each model. The main contribution, besides testing the efficiency of XGBoost optimized for LSM, is to determine whether combinations of conditioning factors based on one criterion (dependence and not on a DEM) and with different types of sampling, improve the performance of LSP in the study area, compared to the results achieved when considering the six most relevant conditioning factors, obtained with the implementation of feature selection algorithms.




2. Materials and Methods


2.1. Study Area


The study area (Figure 1) is the same as previous studies [7,12] and corresponds to the urban area of the city of Cuenca (Ecuador) and a surrounding area in the province of Azuay, located in Southern Ecuador. A landslide inventory was conducted in this area in 2019 [12,36] and is currently being updated. It is important to mention that most of the landslides inventoried (approximately 75%) are rotational. The area is located on a branch of the Andean mountain range and, therefore, has mountainous characteristics, with an elevation that fluctuates between approximately 2300 and 3700 m above sea level (m.a.s.l.). In addition, it has annual rainy periods (between December and May) and dry periods (from June to November) with an average rainfall of 940 mm. The geological characteristics of the study area present heterogeneity of materials and are detailed in Bravo-López et al. [7].




2.2. Materials


2.2.1. Landslides Inventory


The landslide inventory was elaborated in 2019, as a joint work between the Instituto de Estudios de Régimen Seccional del Ecuador (IERSE), of Universidad del Azuay (Cuenca, Ecuador) and Università degli Studi di Napoli Federico II (Naples, Italy), to characterize the landslides that have occurred in the area and to identify the areas susceptible to these events. The inventory covered an area of 380 km2 divided into 36 quadrants of 13.5 km2 to facilitate data collection. The methodology for the preparation of this inventory, in which 710 landslides were recorded (529 rotational landslides, about 75%), was based on field work for the collection of information using the Mobile Application for Regional Landslide Inventories (MARLI) [37]; photointerpretation with Planet satellite images, orthophotos of the area and differential interferometry processes (DInSAR) with COSMO-Skymed and Copernicus Sentinel-1 images to identify ground movements. In addition to rotational landslides, also falls and earthflows are described, with a landslide density per km2 of 45.8 and an average landslide size of 2.2 ha [37]. Most rotational landslides were located in well-weathered andesitic conglomerates with sandstone intercalations, while the highest landslide density value corresponded to shales and sandy clays [7]. The landslide inventory applied in this study is currently being updated to improve the quality of its information and thus improve the accuracy of the models. The technical details of the inventory are described in the studies by Miele et al. [36], Bravo-López et al. [12] and Bravo-López et al. [7].




2.2.2. Conditioning Factors


A fundamental aspect for an adequate generation of LSM, in addition to the landslide inventory, are the conditioning factors of the study area. In this sense, a first analysis was performed by applying ANN in this area using 10 of the 15 available factors [12]. In a second study, the six most important factors resulting from the application of feature selection algorithms were considered [7]. Details of all these factors can be found in Section 2.3.1 of this study and in previous research [7,12]. In this research, the factors were combined based on their dependence or lack of dependence on the DEM, to compare the results of these combinations with those obtained in the previous study mentioned above. Table 1 shows the combination elaborated for the present study. It is relevant to indicate that this combination can be effective to improve the predictive performance of the landslide susceptibility models, especially at a regional level [38].



The information has been obtained from different official sources of the government of Ecuador. Topographic factors were derived from a three meter spatial resolution DEM obtained from Sistema Nacional de Información y Gestión de Tierras Rurales e Infraestructura Tecnológica (SIGTIERRAS) updated to 2010. The land cover map was also obtained from SIGTIERRAS, whose scale is 1:25,000 and is updated to 2018. The distance maps to rivers and roads (scale 1:25,000) were obtained from Instituto Geográfico Militar (IGM) and are updated to 2013. Lithological information was obtained from Sistema Nacional de Información (SNI), using a 1:100,000 scale geological map, updated to 2005. The land cover map was also obtained from SIGTIERRAS, whose scale is 1:25,000 and is updated to 2018. The distance maps to rivers and roads (scale 1:25,000) were obtained from IGM and are updated to 2013. Lithological information was obtained from SNI using a 1:100,000 scale geological map, updated to 2005.





2.3. Methods


Since this study is a continuation of the research carried out in the proposed area, the methodology was applied taking into account certain steps elaborated in those studies. From the landslide inventory data, only those of rotational type were selected. The stages followed in this research were (0) information gathering: landslide inventory and conditioning factors (described in Section 2.2); (1) analysis of conditioning factors for landslide susceptibility prediction (LSP); (2) sampling methods implementation; (3) training and testing data selection; (4) XGBoost model implementation; (5) XGBoost hyperparameter tuning and model performance evaluation; (6) results validation; (7) obtaining landslide susceptibility maps (LSM) and (8) statistical comparison between LSM obtained with Wilcoxon test (Figure 2).



2.3.1. Analysis of Conditioning Factors


In this research, 15 conditioning factors were applied [7,12]. Table 2 shows some details of these factors. In the first stage, the relationship between landslides and the factors was studied by determining their density in each of the classes of factors considered, which made it possible to determine the conditions in which landslides originate [12]; among them, the most important are lithology of shales and sandy clays, crop areas, altitudes between 2700 and 3000 m, slopes lower than 20°, high TWI values and proximity to rivers and roads. In a second stage, multicollinearity analysis was addressed by determining the Spearman correlation coefficient [7,12] or the variance inflation factor (VIF) [7], which led to discarding the factors of solar radiation, SPI and STI, all correlated with each other and with slope, which was retained as a very important and influential factor. Finally, feature selection algorithms were applied using various methods (Classification and Regression Tree (CART), Random Forests, Boruta and Recursive Feature Elimination (RFE)), that determined the most important conditioning factors for the study area [7]: elevation, slope, TRI, lithology, NDVI and distance to roads. In this study, based on previous research, a new approach is proposed. It consists of dividing the set of conditioning factors into DEM-dependent and non-DEM-dependent factors, which is explained below.



Although the main characteristics of the factors used have been described in previous research [7,12], it is important to point out some specific aspects that reflect the relevance of these factors for this study.



Dependent DEM Factors


Elevation is a crucial factor in LSM, especially in mountainous regions. In low elevation ranges, it is associated with human activities and with the presence of loose materials that increase the possibility of landslide occurrence [29], however, high elevation ranges have a greater susceptibility to landslides [39]. The importance of this factor increases if combined with slope, orientation, curvature and lithology, among others [40]. Slope is important because it is related to vegetation growth due to the amount of sunlight it receives [29] and by the susceptibility to landslides themselves, depending on the degree of slope [41], it is also a critical factor in assessing and understanding landslide risk [42]. Orientation (aspect) is directly related to three characteristics that condition soil stability: (i) exposure to sunlight, (ii) moisture accumulation and (iii) vegetation growth [43]. Curvature is important because it is related to the direction of movement of the slides and also influences the speed of the slides [44], it also affects the intensity of soil erosion [29]. SPI is important because of its relationship to the strength of water flows and is an indicator of erosion potential [45]. TWI is an essential hydrological factor, especially in shallow landslides, as it indicates the tendency of water to accumulate and move down the slopes [46]. TPI is relevant because it characterizes the topographic position of a sector with its surroundings and because of its association with the physical processes of slopes [47]. TRI quantifies the roughness of the terrain, which makes it possible to obtain a better topographic characterization that influences the instability of slopes, as well as the runoff rate [48]. STI provides an understanding of the dynamics of sediment transport, which is crucial for understanding landslide hazards and their consequences at specific sites such as dams [49]. Finally, the solar radiation index is important because it influences aspects such as evapotranspiration, which has an impact on soil moisture levels and, therefore, on soil stability [50].




Not DEM Dependent Factors


These factors also play a crucial role in LSM. Land cover is related to the occurrence and distribution of landslides since land use transition processes, such as urbanization, increase the danger of their occurrence [51]. These changes have a significant influence on the susceptibility to landslides, with, for example, abandoned cultivated land being very susceptible to landslides [52]. Distance to roads is important because roads generate disturbances that cause landslides due to the cutting of slopes to build them, which also produces geological disturbances that increase the probability of failures and, therefore, landslides [53]. Distance to rivers and streams is essential because the proximity of these streams to slopes increases water infiltration and soil saturation, leading to changes in slope stability [54]. Furthermore, according to Caputa and Gorczyca [55], there is a higher density of landslides along rivers, which decreases as the distance to the rivers increases. Another critical factor is NDVI, as it provides information on vegetation growth and its spatial distribution. In addition, with the changes reflected by this index, it is possible to identify alterations in the vegetation cover since it indicates areas potentially prone to landslides [56]. Last but not least, lithology is widely used in landslide susceptibility analyses, as it is considered a critical factor in the mechanical and hydraulic properties of bedrock and soil cover [46].



Because the conditioning factors are the same as those previously applied [7,12], they have not been included in this study. The corresponding maps can be found in Section 2.3.1 (p. 8–11) [7] and Section 3.2 (p. 8–9) [12].





2.3.2. Sampling Methods Implementation


Sampling is fundamental in LSM generation, as it improves the accuracy and reliability of the models by incorporating both landslide and non-landslide samples [57,58]. Two random sampling methods were evaluated in the present study. The first is the same as the one applied in the previous stages of this research, i.e., the points were obtained randomly in areas without landslides (labeled with 0) and based on the centroid of the polygons corresponding to landslides (labeled with 1). The points in this sample were generated in a balanced manner (Figure 3a), with 529 points labeled 0 and 529 points labeled 1. The second method consisted of generating a sampling with a larger number of points (5000 samples) (Figure 3b) both in the polygons corresponding to landslides and 5000 points distributed in areas without landslides, similar to the method applied in Herrera-Coy et al. [15]. It is important to consider different sampling methods and strategies, some of them being oversampling and increasing the number of non-slides in areas that do not present this event. With this, the generated models have a greater effectiveness [59]. In both sampling methods, the numerical values of each conditioning factor were considered according to the location of the random points in the areas with and without landslides. As in the previous studies, the cartographic unit used was grid cells.




2.3.3. Training and Testing Data Selection


To evaluate the susceptibility models, the data set for training and testing was divided in a 70–30% ratio [7,12]. The importance of these data sets lies in the fact that they teach the model the classes to predict, check its degree of fit through training data and verify its predictive capability through testing data [60]. In addition, several papers emphasize the use of the 70–30% data ratio in the generation of landslide susceptibility maps, mainly because this approach allows training the models with most of the data in the set and reserving a subset to independently validate the model, which guarantees robustness in the models [40,61,62].




2.3.4. Machine Learning Model Implementation


In this study, LSMs were generated by applying XGBoost due to the good results obtained in the previous stage of this research. In this sense, the values obtained for the area under the ROC curve (AUC) with the test data show a greater predictive power of the XGBoost models, both using 15 and 6 factors (0.87 and 0.85), compared to those obtained with RF (0.79 and 0.80) and ANN (0.63 and 0.73). In this research and to analyze the accuracy of the model considering the different combinations of factors and sampling methods, hyperparameter tests were carried out to determine the most accurate models based on the characteristics described above, as well as on this computational aspect. Next, the main characteristics of XGBoost are described and then the hyperparameter configuration elaborated with the corresponding tuning process is detailed.



Extreme Gradient Boosting (XGBoost)


This algorithm belongs to Gradient Boosting Models (GBM). The main feature of GBMs is to build a set of shallow trees sequentially. Each tree built learns from the previous one and improves it [32]. Shallow trees are weak predictive models in themselves, however, they are boosted and adjusted appropriately, and it is this feature that provides much power to boosting-based algorithms. One of the main features of boosting is that each sequentially trained model is imparted with additional knowledge, which reduces bias and improves overall model performance [35], while gradient boosting implies that parameter tuning is performed iteratively to reduce the cost of the function [32]. XGBoost is one of the most powerful variants of gradient boosting and is itself a decision tree-based algorithm; it is fast, especially when implemented with parallel computing, efficient [33] and versatile since it is useful for classification and regression tasks. Its popularity has increased in recent years for LSM development, although it is used for several applications due to its superior performance compared to other supervised learning algorithms [24]. One of the main features of XGBoost is regularization. This method is useful in tree building process as it prevents the parameters of a model from becoming too large, it also prevents individual predictors from having a large impact on the overall prediction which helps to avoid overfitting (or reduces it), allows to control the complexity of the model [24,35] and improves its computational efficiency [29].





2.3.5. XGBoost Hyperparameter Tuning


XGBoost is a powerful algorithm; however, this power can be increased if its main hyperparameters are properly tuned to generate an optimized model. It is important to mention that XGBoost usually works well with the default hyperparameter settings, although this is not always true, as on occasion, random forests has outperformed XGBoost [35]. Hyperparameters are parameters that are set before the execution of the algorithm and in the case of XGBoost it is possible to configure the traditional ones based on boosting and trees, together with hyperparameters specific to the algorithm in question, whose function is mainly to reduce overfitting, thus achieving lower variability of predictions and therefore greater accuracy [32]. A simple way to tune XGBoost hyperparameters is with the trial-and-error method, used in the previous research stage [7] and chosen for its ease of implementation as a pilot test to verify the results that would be initially obtained with this test. However, in addition to this strategy whose limitation is being too general, it is also possible to implement hyperparameter optimization algorithms such as Bayesian Optimization (BO), Particle Swarm Optimization (PSO), Hyperband Optimization (HO) and Shapley Additive Explanations (SHAP), which are described in detail in Sun et al. [29] and could be implemented in future research in the proposed area. In this study, we continued with the trial-and-error method for tuning, considering additional hyperparameters to those implemented previously [7], in which the essential hyperparameters for the execution of the algorithm were considered, namely: nrounds, max_depth, colsample_bytree and subsample. Three hyperparameters were added in this study: eta, gamma and min_child_weight. The values set for tuning, together with their definitions, taken from Rhys [24], are described in Table 3.



The above values were determined based on those implemented in the previous stage of this research and on the acceptable ranges for each hyperparameter, as defined in the official documentation of the algorithm (DMLC XGBoost Documentation. Available online: https://xgboost.readthedocs.io/en/stable/parameter.html (accessed on 23 August 2024)). It is important to mention that in general, boosting algorithms have many parameters that are difficult to implement and the more they are considered, the more complex the algorithm will be. For this reason, only those considered to be the main ones were chosen [29].



The range of nrounds is [1, ∞]. This parameter does not have a default value; although it is recommended to be 100 or close to it, it depends on the computational characteristics available. The range of max_depth is [0, ∞]. Although it does not have a standard value, the higher its value, the more complex the model will be and the greater the probability of overfitting. The range of eta is [0, 1] and does not have a standard value; however, the lower this value is, the slower the computation process will be. The range of gamma is [0, ∞]. The higher its value, the more conservative the algorithm will be and, therefore, the higher the regularization will be. The range colsample_bytree is [0, 1] but a value around 0.5 is recommended. The range of min_child_weight is [0, ∞]. The higher its value, the more conservative the algorithm will be. The range of colsample_bytree and subsample is [0, 1]. A value close to 0.5 is recommended for both parameters.



Once the hyperparameter tuning is finished, it is possible to determine the ideal values for model generation (these values are described in Section 3); however, to analyze the runtime, an additional test was performed by varying some of them as alternative values. The values of the validation metric (ROC-AUC), according to each set of conditioning factors and considering only the first sampling method, are also detailed in Section 3 to verify the variation of the model accuracy.



An important aspect is that the algorithm, both in this and previous research stages and with its different configurations, was implemented in RStudio Server (version 2022.02.2 Build 485) and executed in a high-performance computer (HPC) of the Corporación Ecuatoriana para el Desarrollo de la Investigación y la Academia (CEDIA), whose performance is detailed in Table 4. The R package caret [63] was used to implement this model.




2.3.6. Results Validation


Validation tools are used to evaluate the predictive performance of a model applied to analyze landslide susceptibility. In this research, as in the previous stages, the predictive ability of the models obtained with the applied algorithm was validated using the area under the receiver operating characteristic (ROC) curve (AUC) method, which, besides being a widely used and intuitive metric, allows an easy comparison of different modeling approaches [64]. As mentioned in previous steps, the “area under the curve” method quantitatively summarizes the ROC curve, describing the predictive ability of a model to predict landslide susceptibility [7,65]. The AUC value quantifies this capacity with values fluctuating between 0 and 1. The closer the AUC value is to 1, the greater the accuracy and reliability of the model; whereas, if the value is 0.5 or less, the prediction is a random guess. Generally, an AUC value of 0.75 or higher indicates that the model would have good predictive performance [64]. The ROC AUC was applied on test data (30%) and was performed with ROCR 1.0-11 [66], pROC 1.18.5 [67] and caret 6.0-94 [63] R software packages.



This study also used the F-Score as a validation metric. F-Score presents a balanced view of the classified data as it is the harmonic mean of the data. In the previous stages of this research, details of this metric have been explained [7,12], however, it is important to note that this metric works adequately with unbalanced data, considering not only the number of prediction errors but also the type of errors that are committed [68]. It should be noted that the higher the F-Score value, the fewer false positives and false negatives the prediction will have, which makes this metric very efficient for implementation in various ML applications [69].



Additionally, in this study, the percentage of landslides for each susceptibility level was analyzed as a validation metric. This method consists of applying spatial analysis techniques to count the number of points corresponding to landslides that fall within each susceptibility level. It is inferred that most of the points should coincide with the high and very high susceptibility levels.




2.3.7. Landslide Susceptibility Mapping (LSM)


Once the hyperparameter tests have been performed and determined their best values to achieve the most optimal model performance, the prediction results are obtained, which are the basis of the LSMs. These results should be organized into classes or levels of susceptibility for which, as in the previous stages of this research, the quantile method was used since it divides the data into classes of equal size, ensuring that each class contains the same amount of data, avoiding that certain classes have too few or too many values, generating a balanced representation of the susceptibility levels and avoiding the proliferation of some of them [70,71]. By convention and to continue with previously elaborated, the same five levels of susceptibility were defined in this study: very low, low, medium, high and very high, using an appropriate range of colors. LSM and spatial analysis procedures carried out in this research were developed entirely with free software (QGIS 3.28, GRASS 8.3.1 and SAGA 7.8.2).




2.3.8. Statistical Comparison Between LSM with Wilcoxon Test


As in the previous study [7], in this one the nonparametric Wilcoxon signed-rank test was implemented to evaluate the statistical significance of pairwise systematic differences between the landslide susceptibility models obtained, considering a significance level α = 0.05. This test is based on the null hypothesis that there is no significant difference between the models. The null hypothesis is rejected if the p-value is less than 0.05 and the z-value is outside the interval from −1.96 to +1.96. If both conditions are met, it is considered that there is a significant difference between the models compared [7,72,73,74,75,76].






3. Results


3.1. Hyperparameter Tuning


In this research, hyperparameter tuning was performed to verify the performance of the algorithm with different sets of conditioning factors and samples. Although boosting algorithms have several hyperparameters, only those implemented in the previous stage of this research and three additional ones whose use is common (see Section 2.3.5) have been chosen. A general analysis was performed using a trial-and-error method with a range of values detailed in Table 3. Table 5 describes the values that optimize the performance of the algorithm, which are similar and, in some cases, equal to the recommended default and alternative values. It is important to note that the alternative values used in the tuning are random and fluctuate between the optimal and default values for each hyperparameter considered. The objective of implementing tuning with alternative values is to verify the variation of both the validation metrics and the execution time of the algorithm since the latter is an important computational parameter when implementing an ML model; therefore, in this analysis, the execution times of both configurations were verified, obtaining significant differences.



Algorithm execution with the best hyperparameters took a considerable time of approximately 11 h, while the alternative test was executed in a much shorter time of approximately 51 min. Additionally, all factor sets and the first sampling were used to determine the performance of the algorithm based on the area under the ROC curve. Table 6 shows the differences with each data set, showing that the best hyperparameter values produce a superior performance, although not so far away from those obtained with the alternative values.




3.2. Machine Learning Models Validation


The values obtained with the ROC AUC and F-Score validation metrics with the test data are shown in Table 7 and Figure 4. Most of the implemented models show acceptable performance (greater than 0.7) except the model implemented with the set of DEM-dependent factors applying the first sampling, whose AUC is 0.68 and its F-Score is 0.61, the lowest of all models for both validation metrics. In this context, the model with the best predictive capacity is the one that considers six conditioning factors with the first sampling (AUC = 0.83, F-Score = 0.73); followed nearly by the model with the same set of conditioning factors, but with the second sampling (AUC = 0.81, F-Score = 0.72). The model that considered the DEM-dependent conditioning factors and sampling 2 has an acceptable AUC value (0.73) and an F-Score of 0.63, although lower than those obtained with the set of non-DEM-dependent conditioning factors, whose values are AUC = 0.79 and F-Score = 0.71 with sampling 1, and AUC = 0.77 and F-Score = 0.70 with sampling 2.




3.3. Landslide Susceptibility Analysis


Once the optimal hyperparameter values were established for the algorithm execution with the established data sets and sampling, LSM of the study area were generated. As in previous studies, pixels that do not correspond to any susceptibility level (mainly belong to water bodies) were discarded. In addition, five susceptibility levels, described in Section 2.3.7 were defined. The six maps obtained have differences based on each data set and sampling applied (Figure 5). All the maps have uniformity in the number of pixels assigned to the susceptibility levels since all the models present values very close to 20% of pixels for each level, as corresponds to the use of the quantile method for classification.



Table 8 shows the number of landslides assigned to each susceptibility level. In all cases the highest number of landslides accumulated at the high and very high levels: 92.8% in the set of six factors (sampling 1) and 73.5% for the same set of factors but with sampling 2; 87.2% in the set of DEM-dependent factors (sampling 1) and 59.6% for the same set with sampling 2; finally, 86.2% in the set of non-DEM-dependent factors and 68.4% for the same set but with sampling 2. Another remarkable aspect is the minimal number of landslides (less than 5% in all cases) that fall in the very low susceptibility level: 0.9% in the set of six factors with the two samplings; 1.1% for the set of DEM-dependent factors (sampling 1) and 2.3 for the same set with sampling 2; 1.7% for the set of non-DEM-dependent factors (sampling 1) and 4.7% for the same set of factors with sampling 2. The distribution of susceptibility levels for each model generated is shown in Figure 6. It is important to point out that these levels not only provide ease of interpretation but also show in a specific way the areas with greater susceptibility, which affects a better planning strategy, especially when landslides fall in the levels that are apparently more susceptible [77].




3.4. Models Statistical Significance Analysis


In addition to the metrics mentioned above, the nonparametric Wilcoxon signed-rank test was used to evaluate the statistical significance of the differences between pairs of landslide susceptibility models. Table 9 shows the results of the Wilcoxon test applied to the six susceptibility models resulting from this research.



The results obtained using the Wilcoxon test analysis reveal notable differences in the efficacy or characteristics of the variants of the XGBoost models analyzed. Specifically, there are significant differences between the 6 factors (sampling 1) and 6 factors (sampling 2) models, as well as between 6 factors (sampling 1), DEM (sampling 1 and 2) and NO DEM (sampling 2), with p-values close to 0.01 and lower. On the other hand, the results indicate that there are no significant differences between the models 6 factors (sampling 2) with DEM (sampling 1); between DEM (sampling 1) with DEM (sampling 2) and NO DEM (sampling 1 and 2) and between DEM (sampling 2) and NO DEM (sampling 2). All of them show values close to and above 0.75.





4. Discussion


4.1. Results Interpretation


The results obtained corroborate the efficiency and good performance of XGBoost; however, with the sets of factors proposed in this study, the performance obtained was lower than that obtained considering the 15 factors for which information is available [7], whose AUC = 0.87. When considering only the six best factors previously determined [7] and with the hyperparameter test implemented to optimize performance, an AUC of 0.83 was obtained with the first sampling, this being the best performance obtained with all the data sets applied. This verifies the veracity of the results obtained with the feature selection algorithms applied in the previous stage of this research; however, it is observed that the overall performance of the algorithm (based on its AUC) has not improved (even it has decreased slightly) when implementing the hyperparameter tuning, which makes it necessary to go deeper into these tunings to understand the causes of this behavior. With the same set of factors, but with the second sampling, the performance shows some decrease (AUC = 0.81), however, it is still a good predictive model according to the values of the implemented metrics. Additionally, with these two data sets, the F-Score value is the highest (0.73 and 0.72, respectively), which supports the good predictive capacity of the model with these data sets, although it is also lower than that obtained with the 15 factors (0.78). On the other hand, the coincidence of landslides in the high and very high susceptibility levels exceeds 90% when considering the first sampling, which is an additional indication of the predictive efficiency of the model. In this case, this percentage is higher than that obtained with the 15 factors, which was approximately 78%. With the second sampling, the coincidence in the aforementioned susceptibility levels decreases, although it is still acceptable since it presents a value of approximately 73%.



The results obtained with DEM-dependent factors set show a much lower performance, which allows inferring that these factors, although important, are not the only ones that should be considered to implement LSP in the study area. When applying this set of factors, the first sampling yielded an AUC of 0.68, a value that could not be considered acceptable; however, when considering the second sampling, the performance shows a certain improvement (AUC = 0.73) that would be considered acceptable. In the case of this data set, F-Score presents the lowest values of all the data sets applied. In this sense, the F-Score value with the first sample is 0.61, and with the second sample, it is 0.63. Although the metrics present low values, it is striking that the coincidence of landslides in the susceptibility levels is not low, since in the first case more than 87% of landslides fall in high and very high susceptibility zones; whereas, in the second case, this coincidence decreases, since approximately 60% of landslides coincide with such levels, being the lowest value of all the analyzed data sets. The values are lower than those obtained with all 15 factors, which indicates the need to use non-DEM dependent factors that introduce variables such as lithology, which are essential for the mechanical strength of materials [46], NDVI as an expression of the vegetation that plays an important role in the stability of the surface layer; or the distance to roads, as an anthropic factor that induces instability [53].



When considering the conditioning factors not dependent on the DEM, interesting and, above all, acceptable results were obtained, which corroborates what was previously said about the importance of these factors. In the case of the first sampling, the AUC is 0.79, and with the second sampling, an AUC of 0.77 was obtained. In both cases, the performance is higher than that obtained with the set of DEM-dependent factors but lower than that obtained with the 15 factors and even with 6 factors, which suggests the need to have a heterogeneous mix of conditioning factors, as this will improve the predictive level of the model. The F-Score values also reflect an acceptable predictive capacity of the model with values of 0.71 and 0.70, respectively, exceeding with some amplitude the results obtained with the DEM-dependent data set and being minimally lower than those obtained with the set of the six best factors. On the other hand, the levels of landslide coincidence in the high and very high susceptibility levels show differences. With the first sampling, the coincidence level of landslides falling into these susceptibility levels is 86%. Although this value is high, it is lower than those obtained with the data sets described above. With the second sampling, the level of coincidence could be cataloged as acceptable since approximately 68% of landslides fall into these susceptibility levels.



What is observed is a reduction in the percentage of movements in models obtained with the second sampling (random) to the first (centroids) in all the combinations of factors considered. This can be explained by the difference in the size of the movements, which is greater in the southern part of the study area than in the northern part, where the size is smaller. Thus, the models obtained with sampling 1 show a greater susceptibility in the northwest zone, where smaller movements are concentrated and therefore more sensitive to the centroid, and also in the south and southeast where movements are greater; in general, the fit of the models with the centroids is good in both zones, hence the high proportions of movements in zones of high and very high susceptibility. On the contrary, the models obtained with sampling 2 show greater susceptibility in the south and southeast, where the largest movements are concentrated and, therefore, a greater number of random points, and not so much in the northwest, where the movements have a smaller size. Hence, when crossed with the centroids, the fit of the centroids with the high and very high susceptibility zones is lower in these models; a crossover with the full landslide area would provide a better fit.




4.2. Comparison with Previous Studies


As mentioned in the introduction, few studies have analyzed combinations of factors to verify the variability of the predictive models, especially those in which XGBoost has been implemented. Most of these studies use the totality of available factors, without factor selection, presenting a very good performance, according to their AUC value. Thus, Badola et al. [25] applied XGBoost in a road corridor in Chamoli (India), obtaining an AUC = 0.91, higher than that achieved in this study. Can et al. [26] obtained an even higher performance (AUC = 0.96) by hyperparameter tuning. Wei et al. [30], despite not performing hyperparameter tuning, obtained a very good performance of the model they implemented with XGBoost (AUC = 0.94). Sahin in his two studies [27,28] where he implemented LSM with XGBoost obtained similar performances (AUC = 0.88 and AUC = 0.89, respectively, which are slightly higher than those obtained in the present study); however, in the second case he did perform a combination of conditioning factors as in our study. Finally, Sun et al. [29] and Zhang et al. [31] obtained an AUC = 0.86, a performance closer to that achieved in the present study; in the first case, no hyperparameter tuning or combination of factors was performed, and in the second, several hyperparameter tunings were performed. The above reflects the scarcity of research applying hyperparameter tests for XGBoost, so new studies should implement these tests with several algorithms to optimize the model performance and obtain better predictive capacity.




4.3. Additional Study Implications


Hyperparameter tuning is necessary and beneficial to optimize an algorithm. Although several ML algorithms have been tested so far in the research, only RF and XGBoost allow this optimization to be performed. XGBoost and boosting algorithms in general could be a scientific reference for landslide susceptibility research [29], however, finding its most accurate performance is a challenge because of the difficulty that this test presents due to the large number of parameters that XGBoost allows to configure. In this research, the tuning process was performed using the trial-and-error method, which determined the best values of the main hyperparameters considered; however, the performance of the algorithm did not improve when compared to the model applied in the previous research [7] in which the fifteen available conditioning factors and a selection of the six most relevant ones were considered. Given this, it would be necessary to implement optimization algorithms such as those implemented in the study by Sun et al. [29], which would help to improve the tuning and, therefore, increase the performance of the model. A particularity that was found in this evaluation consisted of the ostensible difference in runtimes with the optimal and alternative values. Due to this difference, it can be noted that nrounds has a direct impact on the runtime since its variation was significantly higher in obtaining optimal values (see Table 5). Other parameters such as eta, gamma and subsample obtained optimal values lower than the alternative ones, which allows us to deduce that the higher the value of nrounds, the longer the model will take to run; however, if the predictive capacity does not vary significantly, it is possible to choose a not so large value of nrounds to avoid an excessive model execution time.



Regarding the comparison between LSM with the test of Wilcoxon, the presence of significant differences in some pairs and the absence of significant differences in others invites reflection on the consistency and sensitivity of XGBoost. This highlights the importance of deeply understanding how each variable and model configuration affects overall performance, especially in environments where small differences can have significant practical impacts. The results of this analysis provide a solid basis for the continuous improvement and refinement of predictive models based on XGBoost, highlighting the importance of a meticulous evaluation of each model variant before its implementation in applied scenarios. The model with the greatest differences from the rest is the one that uses six factors and sampling 1 (by centroids), while the one with the greatest overall similarities is the one that uses the DEM factors and sampling 2 (random). In general, the models using six factors show more differences between them as a function of sampling (p-value = 0.0198) than the models with non-DEM dependent factors (p = 0.1212), and especially to DEM dependent models (p = 0.8338), which show greater similarities with different sampling. This is explained by the fact that the variables not dependent on DEM are discrete, with sharp breaks between the different units, as opposed to the more gradual nature of those dependent on DEM (continuous variables). Thus, in the first case, the estimation of susceptibility is very sensitive to the position of the centroids and, therefore, the models obtained with centroid sampling may be different from those obtained with random sampling; on the contrary, in the DEM dependent variables, the very gradualness and randomness of the variables means that the position of the centroids is not so decisive, and therefore, the maps obtained with the two types of sampling are more similar. On the other hand, it is observed that in general the models with centroid sampling show a greater difference between them than the models with random sampling; this confirms what was said above, in that the former are more sensitive to changes, in this case to the factors involved, than the latter, which are more stable, due to the greater number and representativeness of the sampling.




4.4. Study Limitations and Future Research


The methodology applied in this study contributes to the analysis of landslide susceptibility in the study area (although it could also be evaluated in other areas), since, from the early stages of the research, it has been sought to find the ML model with the best predictive results, as well as the best combination of conditioning factors that affect such predictive capacity; however, some limitations must still be considered, such as the scarcity of quality data, especially based on official information. In this context, the models run do not consider important parameters such as precipitation levels in the area, deep vegetation aspects or exhaustive land cover details, precisely because of the scarcity of reliable data. Precipitation and meteorological data could be resolved using freely available datasets, such as TRMM or CHIRPS (for precipitation), considering their characteristics to make them useful in the study. Vegetation or land cover data could be modeled using satellite image processing analysis to calculate vegetation or land cover indices. Moreover, although validation metrics reflect a good predictive capability of the model, uncertainty should always be taken into account as part of this type of analysis.



As for future research, the model could be implemented with XGBoost but considering additional hyperparameters, as well as emphasizing the application of hyperparameter optimization algorithms to obtain a new approach that improves the values obtained with the trial-and-error method and, therefore, increases the accuracy of the model. It is also essential to apply new models focused on deep learning, such as convolutional neural networks (CNNs), since deep learning increases the degree of automation and recognition of complex entities in large datasets [78] and, therefore, improves predictive ability. In addition, models could be improved by assessing model sensitivity and robustness by applying extended cross-validation to ensure generalizability of results; investigating interactions between demographic variables and other predictors; evaluating the practical effectiveness of models through case studies; or developing hybrid models by integrating additional ML techniques.



It is also important to consider the practical implications of the research conducted in the study area, especially in high and very high susceptibility zones, as they would be useful for generating preventive and emergency protocols, territorial planning and habitability regulation plans for these sectors. All this is with the objective of reducing the risk associated to landslides, generating a prevention vision and increasing the resilience of people, property and infrastructures.





5. Conclusions


This study analyzed the landslide susceptibility in the area surrounding the city of Cuenca (Ecuador) and used XGBoost for LSM generation because its results have been the best predictive capacity for the study area, according to the findings obtained previously. Several sets of factors were also used: the six best ones, obtained with feature selection in a previous stage: elevation, slope, TRI, distance to roads, lithology and NDVI; the DEM-dependent ones: aspect, curvature, elevation, slope, SPI, STI, TPI, TRI, TWI and solar radiation; and the non-DEM-dependent ones: land cover, distance to roads, distance to rivers, lithology and NDVI. In addition, two sampling methods were tested, the first based on the centroid of the landslides available in the applied inventory, and the second, by intensive point sampling, also based on the landslide polygons.



To optimize the LSP model, hyperparameter tuning was performed based on seven important parameters of XGBoost and applying the trial-and-error method to find the ideal values of these parameters as well as to verify the computational performance of the model. The different LSMs showed different results, as each set of conditioning factors presented specific results, considering the aforementioned sampling methods. In this sense, it was determined that the six best factors obtained through feature selection applying the first sampling present the highest accuracy for the study area, according to the validation parameters and the level of coincidence of landslides in the high and very high susceptibility zones. This finding also confirmed the adequacy of the results obtained in the previous study of this research. On the contrary, and under the same conditions, the poorest result was obtained when applying the set of DEM-dependent factors with the first sampling. Thus, in general terms, the best adjustments are produced with the six selected factors, which integrate both DEM dependent and non-DEM dependent factors, indicating the need to use both sets; and the worst adjustments occur when only the DEM is used, which reinforces the importance of the non-DEM dependent factors, which allow modeling variables that have to do with the resistance of materials, soil support with vegetation cover and the influence of human actions. Sampling also influences the final result, with the former (by centroids) showing slightly better results than the latter (random), except in models obtained with no DEM-dependent factors, where random sampling better captures the discrete spatial variability of these variables. Although these results, together with those obtained in the previously elaborated studies, contribute to the scientific and preventive knowledge of landslides and allow defining crucial aspects to improve the accuracy of LSMs in the area, it is still necessary to implement additional models in future studies and to consider more conditioning factors, as well as to analyze other hyperparameter optimization algorithms, to improve the predictive capacity of the models.



The research line generated with this study and its predecessors provides scientifically grounded inputs for the study of landslides in the proposed area, which has an evident lack of research applying the implemented methods and is prone to suffer the onslaught of these destructive events. These studies are expected to contribute to the management of natural risks in the area and generate a benefit for society in terms of prevention.
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Figure 1. Map of study area with landslide locations. 
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Figure 2. Methodology implemented in this research. 
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Figure 3. Sampling points in the study area: (a) Sample 1, (b) Sample 2. 






Figure 3. Sampling points in the study area: (a) Sample 1, (b) Sample 2.



[image: Algorithms 18 00258 g003]







[image: Algorithms 18 00258 g004] 





Figure 4. ROC curves of ML LSM algorithms implemented. 
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Figure 5. Landslide Susceptibility Maps (LSM) obtained with XGBoost algorithm and factors selection: (a) 6 Factors (sample 1), (b) 6 Factors (sample 2), (c) DEM Factors (sample 1), (d) DEM Factors (sample 2), (e) Not DEM Factors (sample 1), (f) Not DEM Factors (sample 2). 
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Figure 6. Distribution of susceptibility levels per each LSM. 
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Table 1. Conditioning factors combination implemented in this study.
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	Condition
	Conditioning Factors





	Digital Elevation Model (DEM) dependent: 10 factors
	Aspect, Curvature, Elevation, Slope, SPI, STI, TPI, TRI, TWI, Solar radiation



	Not Digital Elevation Model (DEM)

dependent: 5 factors
	Land Cover, Distance to roads, Distance to rivers, Lithology, NDVI



	Most important factors according to feature

selection algorithms: 6 factors [7]
	Elevation, Slope, TRI, Distance to roads, Lithology, NDVI










 





Table 2. Conditioning factors utilized in this research.
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Thematic Variable (Obtained From)

	
Conditioning Factor

	
Source

	
Scale/Resolution






	
Topographical (digital elevation model (DEM))

	
Aspect, Curvature, Elevation, Slope, SPI, STI, TPI, TRI, TWI, Solar radiation

	
SIGTIERRAS-IERSE

	
3 m




	
Land (Soil) Cover (Land cover map Ortophoto Roads layer)

	
Land cover

	
SIGTIERRAS

	
1:25,000




	
NDVI

	
30 cm




	
Distance to roads

	
IGM

	
1:25,000




	
Hydrological (Rivers layer)

	
Distance to rivers

	
IGM

	
1:25,000




	
Geo-lithological (Geological map)

	
Lithology

	
SNI

	
1:100,000








SNI: Sistema Nacional de Información (Quito, Ecuador); IGM: Instituto Geográfico Militar (Quito, Ecuador); IERSE: Instituto de Estudios de Régimen Seccional de Ecuador (Universidad del Azuay).













 





Table 3. Hyperparameter settings of XGBoost model to determine the best values.
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	Hyperparameter
	Definition
	Values





	nrounds
	Number of trees built sequentially in the model
	(80, 300)



	max_depth
	Maximum depth levels at which each tree can grow
	(1, 9)



	eta
	Learning rate: the contribution of each tree to the final result
	(0.01, 0.5)



	gamma
	Minimum amount of division by which a node must improve predictions
	(1, 8)



	colsample_bytree
	Ratio of predictor variables sampled for each tree
	(0.01, 1)



	min_child_weight
	Minimum degree of impurity required in a node before splitting it
	(1, 10)



	subsample
	Proportion of cases to be randomly sampled for each tree.
	(0.1, 1)










 





Table 4. Main HPC features for algorithms execution.
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	Feature
	Version/Amount





	Operating System
	Ubuntu 20.04.5 LTS



	Cores
	16



	RAM
	32 GB



	GPU
	1



	R version
	4.2.0










 





Table 5. Hyperparameter test values to find the most accurate model.
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	Hyperparameter
	Default Values
	Best Values
	Alternative Values





	nrounds
	100
	300
	150



	max_depth
	6
	6
	6



	eta
	0.3
	0.03
	0.1



	gamma
	0
	2
	3



	colsample_bytree
	1
	0.5
	0.5



	min_child_weight
	1
	1
	1



	subsample
	1
	0.3
	0.5



	Runtime (seconds)
	Not executed
	40,169″
	3116″










 





Table 6. AUC values resulting from the hyperparameter test with values established with data from sample 1.
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	Conditioning Factors

Combination
	Model with Best Values
	Model with Alternative

Values





	6 best factors
	0.83
	0.81



	DEM factors
	0.73
	0.66



	Not DEM factors
	0.77
	0.79










 





Table 7. ROC AUC and F-Score values for test datasets.
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	Algorithm
	AUC (Testing)
	F-Score (Testing)





	6 Factors (sampling 1)
	0.83
	0.73



	6 Factors (sampling 2)
	0.81
	0.72



	DEM Factors (sampling 1)
	0.68
	0.61



	DEM Factors (sampling 2)
	0.73
	0.63



	Not DEM Factors (sampling 1)
	0.79
	0.71



	Not DEM Factors (sampling 2)
	0.77
	0.70










 





Table 8. Susceptibility classes per algorithm and percentage of landslides per class.
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6 Factors (Sampling 1)




	
Susceptibility

	
Pixel Amount

	
Pixels (%)

	
Landslides (%)




	
Very low

	
8,494,988

	
19.98

	
0.9




	
Low

	
8,553,872

	
20.12

	
0.8




	
Medium

	
8,522,070

	
20.04

	
5.5




	
High

	
8,466,887

	
19.91

	
15.3




	
Very high

	
8,485,999

	
19.96

	
77.5




	
No data

	
19,736,409

	
-

	
-




	
6 Factors (Sampling 2)




	
Susceptibility

	
Pixel Amount

	
Pixels (%)

	
Landslides (%)




	
Very low

	
8,467,426

	
19.91

	
0.9




	
Low

	
8,566,863

	
20.15

	
7.2




	
Medium

	
8,556,299

	
20.12

	
18.3




	
High

	
8,414,341

	
19.79

	
30.2




	
Very high

	
8,518,887

	
20.03

	
43.3




	
No data

	
19,736,409

	
-

	
-




	
DEM Factors (Sampling 1)




	
Susceptibility

	
Pixel Amount

	
Pixels (%)

	
Landslides (%)




	
Very low

	
8,435,837

	
19.85

	
1.1




	
Low

	
8,567,993

	
20.16

	
4.9




	
Medium

	
8,521,289

	
20.05

	
6.8




	
High

	
8,553,403

	
20.08

	
19.5




	
Very high

	
8,438,526

	
19.86

	
67.7




	
No data

	
19,728,184

	
-

	
-




	
DEM Factors (Sampling 2)




	
Susceptibility

	
Pixel Amount

	
Pixels (%)

	
Landslides (%)




	
Very low

	
8,456,062

	
19.90

	
2.3




	
Low

	
8,501,778

	
20.01

	
13.4




	
Medium

	
8,510,982

	
20.03

	
24.8




	
High

	
8,580,816

	
20.19

	
26.7




	
Very high

	
8,447,410

	
19.88

	
32.9




	
No data

	
19,728,184

	
-

	
-




	
Not DEM Factors (Sampling 1)




	
Susceptibility

	
Pixel Amount

	
Pixels (%)

	
Landslides (%)




	
Very low

	
8,581,382

	
20.23

	
1.7




	
Low

	
8,510,254

	
20.07

	
3.0




	
Medium

	
8,481,102

	
20.00

	
9.1




	
High

	
8,509,505

	
20.06

	
18.5




	
Very high

	
8,330,078

	
19.64

	
67.7




	
No data

	
19,051,719

	
-

	
-




	
Not DEM Factors (Sampling 2)




	
Susceptibility

	
Pixel Amount

	
Pixels (%)

	
Landslides (%)




	
Very low

	
8,462,700

	
19.95

	
4.7




	
Low

	
8,506,056

	
20.06

	
9.1




	
Medium

	
8,415,932

	
19.84

	
17.8




	
High

	
8,585,280

	
20.24

	
26.1




	
Very high

	
8,442,353

	
19.91

	
42.3




	
No data

	
19,051,719

	
-

	
-








Pixel size = 3 × 3 m.













 





Table 9. Wilcoxon test results for susceptibility models.
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	6 Factors (S1)
	6 Factors (S2)
	DEM (S1)
	DEM (S2)
	NO DEM (S1)
	NO DEM (S2)





	6 factors (S1)
	0
	0.0156
	0.0122
	0.0083
	0.0275
	0.0081



	6 factors (S2)
	
	0
	0.9618
	0.4076
	0.3633
	0.0386



	DEM (S1)
	
	
	0
	0.8338
	0.7432
	0.7544



	DEM (S2)
	
	
	
	0
	0.3870
	0.8453



	NO DEM (S1)
	
	
	
	
	0
	0.1212



	NO DEM (S2)
	
	
	
	
	
	0







S1: Sampling 1. S2: Sampling 2. DEM: DEM-dependent conditioning factors. NO DEM: No DEM-dependent conditioning factors.
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