Validation and prediction challenges in data-driven landslide susceptibility mapping: insights from random sampling of training and test data in machine learning models

Online Resource: This supplementary material provides a detailed description of the methods implemented in this study and the optimized hyperparameters used in the architecture of the models.

1. Artificial Neural Network (ANN)
[bookmark: __UnoMark__918_883136026][bookmark: __UnoMark__919_883136026][bookmark: __UnoMark__920_883136026][bookmark: __UnoMark__921_883136026]Artificial Neural Networks (ANNs) are flexible nonlinear methods of machine learning that have been frequently used in landslide susceptibility modelling (Tien Bui et al. 2012; Micheletti et al. 2014; Abu El-Magd et al. 2021; Kumar et al. 2023). Inspired by the structure of human neural networks, ANN architectures are composed of layers organized into interconnected nodes, known as neurons, forming a network of weighted connections (Mehta et al. 2019). A typical ANN structure consists of an input layer, one or more hidden layers, and an output layer. During the training phase, these connections adjust their weights to optimize the network’s response, which enables the model to learn complex patterns from the input data, making it highly effective for prediction tasks (Pham et al. 2017; Youssef and Pourghasemi 2021). A multilayer perceptron is one of the most commonly used types of neural network-based classifiers (Moayedi et al. 2019). 
[bookmark: __UnoMark__922_883136026][bookmark: __UnoMark__923_883136026]We used the backpropagation multilayer perceptron (BMP) algorithm. Training an ANN through backpropagation aims to optimize the network's weights in a backward manner, minimizing errors between the network's predictions and observed values (Xavier and Barella 2024). This process facilitates the learning of complex patterns and enhances classifier performance. However, excessive adjustment to the training data can lead to overfitting (Moayedi et al. 2019). The effective ANN model for landslide susceptibility that we identified used the following parameters: Learning rate = 0.03; Hidden layers = 1 layer with 10 neurons; Number of epochs = 1000; Momentum = 0.2; Activation function = Sigmoid; and Batch size = 100.

2. Random Forest (RF)
[bookmark: __UnoMark__924_883136026][bookmark: __UnoMark__925_883136026][bookmark: __UnoMark__926_883136026][bookmark: __UnoMark__927_883136026]Random Forest (RF) is an ensemble model that combines the simplicity of the decision tree method with the bootstrap aggregating (bagging) technique, which introduces randomness into the learning algorithm's input (Micheletti et al. 2014; Abraham et al. 2021; Teke and Kavzoglu 2024). Bootstrap is a statistical approach that uses sampling with replacement to generate estimates. In this context, this approach constructs a randomized decision tree in each iteration of the learning process, frequently resulting in highly accurate predictions (Witten and Frank 2005). Predictions are made by averaging or taking a majority vote from multiple decision trees. Consequently, the generalization error of the classifier is influenced by the strength of the individual trees in the forest and the degree of correlation between them (Breiman 2001). Due to this randomization strategy, RF models are less prone to overfitting (Youssef and Pourghasemi 2021; Ado et al. 2022).
[bookmark: __UnoMark__928_883136026]The fundamental parameterization that influences this condition is based on the number of trees implemented, the maximum number of predictor variables considered at each node of the trees, and the depth of trees (Steger et al. 2016; Abraham et al. 2021; Hussain et al. 2022). In our study, promising results were obtained using the following parameters: 100 trees; 3 randomly selected predisposing factors per tree; and unlimited tree growth. 

3. Support Vector Machine (SVM)
[bookmark: __UnoMark__929_883136026][bookmark: __UnoMark__930_883136026][bookmark: __UnoMark__1347_883136026][bookmark: __UnoMark__1102_883136026][bookmark: __UnoMark__931_883136026][bookmark: __UnoMark__932_883136026][bookmark: __UnoMark__933_883136026][bookmark: __UnoMark__934_883136026][bookmark: __UnoMark__935_883136026][bookmark: __UnoMark__1117_883136026][bookmark: __UnoMark__1362_883136026]Support Vector Machine (SVM) has been extensively used in landslide susceptibility mapping (Xu et al. 2012; Steger et al. 2016; Pham et al. 2018; Zhu et al. 2018). A review on landslide susceptibility mapping using support vector machines is presented by Huang and Zhao (2018). SVM is characterized by its capacity to determine a hyperplane that maximally separates data into different classes (e.g., landslide and non-landslide) by the greatest possible margin (Pham et al. 2018; Zhu et al. 2018; Youssef and Pourghasemi 2021). For non-linearly separable data, SVM uses kernel functions to map the data into a higher-dimensional space (Tien Bui et al. 2012; Steger et al. 2016). Four types of kernel functions are commonly used: linear, polynomial, radial basis function and sigmoid (Hong et al. 2018). Each kernel type employs a distinct transformation function, which significantly influences the model's performance (Tien Bui et al. 2012). According to Zhu et al. (2019), the advantages of the SVM method include its effectiveness in addressing challenges associated with small sample sizes, non-linearity, and high-dimensional pattern recognition. 
[bookmark: __UnoMark__936_883136026][bookmark: __UnoMark__937_883136026][bookmark: __UnoMark__1123_883136026][bookmark: __UnoMark__1368_883136026]In this work, we utilized the Sequential Minimal Optimization (SMO) algorithm for training a support vector classifier. SMO is an efficient algorithm for reducing misclassification and enhancing the performance of SVM (Moayedi et al. 2019; Pham et al. 2019; Ado et al. 2022). For additional details on the SMO algorithm, see Platt (1998). The best performance for the classifier was achieved using the following parameters: Polynomial kernel, E = 4 (polynomial kernel exponent) and C = 0.5 (complexity parameter). The parameter C controls the trade-off between maximizing the margin and minimizing classification errors, thereby influencing its generalization capability. High values of C produce more stringent models that tend to accurately classify training data, potentially increasing the risk of overfitting. The exponent of the polynomial kernel, E, defines the complexity of the nonlinear data transformation. Higher values of E create high-order polynomial functions, enabling the model to capture complex interactions among variables. However, this flexibility can increase the risk of overfitting, thus making the model sensitive to data variations, especially when the dataset is small.

4. Logistic Regression (LR)
[bookmark: __UnoMark__938_883136026][bookmark: __UnoMark__1981_883136026][bookmark: __UnoMark__940_883136026][bookmark: __UnoMark__941_883136026][bookmark: __UnoMark__942_883136026]Logistic Regression (LR) is the most widely used approach in landslide susceptibility mapping (Reichenbach et al. 2018; Lima et al. 2022). It is a multivariate statistical technique applied to dichotomous dependent variables, indicating the absence or presence of the phenomenon under investigation (Süzen and Doyuran 2004; Gorsevski et al. 2006). Mathematically, LR employs the logarithmic transformation of odds to express the relationship between predictor variables and the probability of the event of interest (Hong et al. 2024). This relationship is formulated as a weighted linear combination of the predictor variables (Pham and Prakash 2017; Chen and Fan 2024). Subsequently, the logistic function is applied to convert the result into a comprehensible probability, ensuring that the outcomes remain within the range of 0 to 1 (Ado et al. 2022). The results of this model are often visualized using an S-shaped (sigmoidal) curve, which illustrates the smooth transition of the event's probability as a function of the predictor variables.

5. Discriminant Analysis (DA)
[bookmark: __UnoMark__943_883136026]Discriminant Analysis (DA) based classifiers are popular statistical techniques in landslide susceptibility modeling (Corominas et al. 2014; Lima et al. 2022). These approaches are typically used to classify observations into predefined categories from linear combinations of predictor variables that maximize the separation between groups. Thus, the process of separating groups involves constructing a discriminant function based on a linear combination of predictors that best discriminates between the classes. 
[bookmark: __UnoMark__944_883136026][bookmark: __UnoMark__945_883136026][bookmark: __UnoMark__946_883136026][bookmark: __UnoMark__947_883136026]We applied Fisher's Linear Discriminant Analysis (FLDA) (Fisher 1936), which performs one-dimensional classification by maximizing the distance between the means of two classes while minimizing their variance (Pham and Prakash 2017; Wang et al. 2020). This method is most effective for linearly separable data, though it can also be applied to non-linearly separable datasets, with a likely reduction in model performance (Dao et al. 2020). Furthermore, the method is sensitive to violations of the assumptions that the predictor variables are independent and normally distributed, and that the variance-covariance matrices of the groups (landslide and non-landslide) are homogeneous. Such violations may bias the results and lead to less reliable predictions (Santacana 2001). 

6. K-Nearest Neighbors (KNN)
[bookmark: __UnoMark__948_883136026][bookmark: __UnoMark__949_883136026][bookmark: __UnoMark__950_883136026][bookmark: __UnoMark__951_883136026][bookmark: __UnoMark__952_883136026][bookmark: __UnoMark__953_883136026]K-Nearest Neighbors (KNN) is a non-parametric and lazy learning algorithm (Hussain et al. 2022) that has been successfully applied in landslide susceptibility modeling (Abraham et al. 2021; Ado et al. 2022; Tehrani et al. 2022; Kumar et al. 2023). The classification structure of KNN depends on calculating the distance from a target point to its K closest neighbors, with the classification decision determined by the majority vote of these neighbors (Tien Bui et al. 2017; Avand et al. 2019). Therefore, choosing the appropriate K value is a crucial step in the KNN process, as it significantly affects model performance (Abu El-Magd et al. 2021). As observed by (Moayedi et al. 2019), although Euclidean distance is the most commonly used, KNN can also be applied with Manhattan, Minkowski, and Chebyshev distances. The application of the KNN method was performed using the IBK algorithm (instance based learning with parameter K), with the most promising results obtained by employing Euclidean distance and setting the number of neighbors K = 8. Smaller values of K make the model more prone to overfitting, while higher values of K help reduce the noise effects in the training data (Kumar et al. 2023). 
 
7. Decision Trees (DT)
[bookmark: __UnoMark__954_883136026][bookmark: __UnoMark__955_883136026][bookmark: __UnoMark__956_883136026]A decision tree (DT) is a hierarchical model developed from a set of decision rules (Tien Bui et al. 2012; Pradhan 2013). The structure of a decision tree includes nodes, starting from the root node, branching into child nodes, and ending in leaf nodes where classification takes place (Park et al. 2018). Tree growth begins at the root node, where the attribute that most effectively classifies the dataset is chosen according to a specific attribute selection criterion grounded in the concept of entropy, which quantifies the degree of disorder within the system (Yeon et al. 2010). The tree subsequently splits repeatedly, forming new nodes that incorporate the most significant attributes until the data is arranged into homogeneous groups. 
[bookmark: __UnoMark__957_883136026][bookmark: __UnoMark__958_883136026]To implement the decision tree approach, we employed the J48 algorithm, a Java-variant of the C4.5 algorithm (Quinlan 1993), one of the most widely used decision tree approaches for classification (Tanyu et al. 2021). The decision tree classifier was performed unpruned, which can increase the risk of overfitting. However, a minimum threshold of 2 instances per leaf was set to control the tree’s complexity. Increasing the minimum number of instances required to split a node simplifies the decision tree, reduces overfitting, and enhances the model's generalization ability. Additionally, the algorithm was allowed to remove branches that do not contribute to training error reduction, resulting in a more streamlined tree. This adjustment further simplified the decision tree, ultimately improving the model's generalization capability.

8. Naive Bayes (NB)
[bookmark: __UnoMark__959_883136026][bookmark: __UnoMark__960_883136026][bookmark: __UnoMark__1437_883136026][bookmark: __UnoMark__1192_883136026][bookmark: __UnoMark__961_883136026][bookmark: __UnoMark__962_883136026][bookmark: __UnoMark__1198_883136026][bookmark: __UnoMark__1443_883136026]Based on Bayes' Theorem, the Naive Bayes (NB) method calculates the conditional probability of landslide occurrence given the presence of predisposition factors. It is a straightforward, widely used, and intuitive approach to classification. However, the method is highly sensitive to violations of the independence assumption among the parameters. Consequently, the use of highly correlated predisposition factors may lead to inaccurate probability estimates and diminish classification performance (Pham et al. 2017). According to Abraham et al. (2021), the NB algorithm requires no hyperparameter tuning and demonstrates a lower processing time. Although it is not widely employed in landslide susceptibility mapping, previous studies have reported efficiency rates exceeding 90% (Miner et al. 2010). For a detailed explanation of the NB technique, refer to Tsangaratos and Ilia (2016).

9. Rule Learning (RL)
[bookmark: __UnoMark__963_883136026][bookmark: __UnoMark__964_883136026]In rule-based classifiers, decision-making or classification tasks on a dataset are performed using an explicit set of rules, which can often be expressed as IF-THEN rules. Despite their popularity and recognition as an alternative to decision trees (Witten and Frank 2005), rule-based systems are rarely utilized in landslide susceptibility modeling. We employed the JRip algorithm, an enhanced variant of the IREP algorithm (Cohen 1995), that implements the Repeated Incremental Pruning to Produce Error Reduction (RIPPER) technique. 
[bookmark: __UnoMark__965_883136026][bookmark: __UnoMark__1207_883136026][bookmark: __UnoMark__1452_883136026][bookmark: __UnoMark__966_883136026]According to Fürnkranz and Kliegr (2015), RIPPER was the first rule-learning system to effectively address the issue of overfitting. The JRip classifier operates through several stages: growth, pruning, optimization, and selection (Panigrahi and Patra 2016). In these phases, the JRip classifier generates a sequence of individual rules by adding conditions, pruning, and optimizing them to simplify the model and enhance its generalization ability by eliminating unnecessary conditions that may lead to overfitting. In the study area, unpruned models demonstrated superior performance.
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