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Abstract 

 

Landslide susceptibility models (LSMs) are essential to mitigate the danger of landslides, and 

with a changing climate posing potential risks to model accuracy, it is vital to understand the 

role that precipitation plays within LSMs and the effect shifting climatic conditions may have 

on model accuracy. This study produced a logistic regression LSM in the Blue Ridge Mountain 

region of North Carolina for the 2001-2020 period in order to understand the significance of 

precipitation as a predictor, observe the change in landslide occurrence an increase in 

precipitation intensity could cause, and analyze the change in accuracy between models trained 

on one precipitation regime when applied to differing climate conditions. The model exhibited 

high accuracy, with an average AUC score of 0.85, with no signs of overfitting. Precipitation 

was the second most significant predictor after slope, with extreme statistical significance 

(p<0.0001) and a 58% susceptibility rise per standard deviation increase. Additionally, a 

precipitation sensitivity analysis found that a change in precipitation in the study area led to a 

significant change in the model’s landslide predictions. The results of a decadal cross-validation 

showed an 8% decrease in overall accuracy and a 9% rise in Type I errors when applied to a 

decade with differing precipitation conditions. The decadal results did, however, also highlight 

a potential landslide inventory bias, which could have held undue influence over the model. 

Overall, the results of the study suggested that precipitation is a vital predictor within the LSM, 

and that changes in climate could potentially lead to decreased accuracy within landslide 

models. Further research is encouraged into this vital issue.  
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1 Introduction 
 

Landslides are one of the most destructive natural hazards in the world, and were responsible 

for a global death toll of roughly 160,000 from 1995 to 2014 (Haque et al., 2019). In addition 

to the tragic loss of life, the direct economic loss from landslides is estimated at $20 billion 

annually worldwide (Sim et al., 2022). Used as a general term for large-scale, downhill 

movement of rock, soil, and debris, landslides are considered most dangerous at higher 

velocities, although slower movements can still cause major damage to buildings and 

infrastructure (Hetley, 2010). Precipitation is a major trigger of landslides, with 79% of non-

seismic fatal landslide events being triggered by rainfall in the period 2004 to 2016 (Froude & 

Petley, 2018). With climate change increasing the frequency and intensity of precipitation in 

many parts of the world (Tahroudi, 2025; Blenkinsop et al., 2021), it is estimated that the risk 

of landslides will similarly increase in affected areas (Gariano and Guzzetti, 2016).  

Landslide susceptibility models (LSMs) are a vital part of modern hazard mapping, and are 

used to highlight areas considered vulnerable to landslides based on local conditions. The types 

of models used for susceptibility mapping can be broadly divided into five groups: heuristic or 

opinion-driven models, statistical models, physical-based or deterministic models, machine 

learning models, and neural network or deep learning models (Reichenbach et al., 2018; 

Merghadi et al., 2020). The models in these groups vary in their specific functionality, but their 

general idea is the same: use data that describe landslide conditioning factors, or predictors, 

present at locations where landslides have and have not occurred in the past, and apply this 

understanding to a study area. This means that although LSMs can assess where a risk of 

landslide exists, they cannot predict when a landslide will occur. According to Nocenti et al., 

(2023), LSMs are not temporal assessments of landslide predictions, but are more limited to a 

spatial modelling of landslide risk based on historical data. This highlights one of the most 

significant limitations of susceptibility models: the issue of temporal transferability.  

Because LSMs are built and trained on historical landslide data, the characteristics of the 

past determine the model's understanding of the conditions that result in landslides. When those 

conditions, such as precipitation, change over time, the model may lack the understanding of 

how this affects the susceptibility of an area. This point is echoed in a study about the effect of 

climate change on landslides: “The use of a spatially established relationship to predict changes 

through time… relies on the spectrum of reconditions occurring through time matching those 

that influenced the original spatial relationship” (Cozier, 2010). The quasi-static assumptions 

regarding predictors are generally acceptable when considering predictors that change in 

centennial or millennial-scale, such as slope, geology, or soil type. However, this may present 

a problem when considering predictors that change over a smaller timescale, such as 

precipitation. Although there are emerging attempts to address temporal issues regarding 

precipitation using event-based or dynamic models, many studies developing LSMs use static, 

long-term precipitation variables, such as multi-decade annual averages (Ling et al., 2022; 

Shahabi and Hashim, 2015; Sun et al., 2018), which do not consider precipitation intensity, its 

short-term variations, or its potential rise. With global landslide susceptibility expected to rise 

in high-emission scenarios (Duan et al., 2025), continued research into the effect changing 

precipitation will have on current day susceptibility models is vital.  

This study will explore the issue of temporal transferability by assessing the role of 

precipitation in an LSM in the Blue Ridge Mountain area of North Carolina. Specifically, this 

study will develop and train a statistical based, logistic regression landslide susceptibility model 

based on a series of predictor variables for a 20-year study period, 2001 to 2020, and thereafter 

examine the role of precipitation in the model, its strength within it, and its effect on 

susceptibility predictions across several precipitation scenarios. This study seeks to address 

three main objectives: How significant is precipitation as a predictor to an LSM for this study 
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area? Would an increase in precipitation cause a similar increase in the predicted quantity of 

landslides in the study area? Is the accuracy of an LSM trained on one set of historical 

precipitation data significantly worsened when predicting landslides with different precipitation 

conditions? Answering these questions will lead to a clearer understanding of an important issue 

within landslide susceptibility modelling, and hopefully shed light on the potential need for 

future research and study within the topic. 

1.1 Study Area 
The area chosen for this study was the Blue Ridge Mountains of North Carolina, a part of the 

Southern Appalachian Highlands, itself a part of the larger Appalachian Mountains.  The study 

area was defined as the North Carolinian counties within the Appalachian Regional 

Commission’s (ARC) official map of Appalachia. The region was chosen for its history of 

landslide activity, as well as the considerable role precipitation plays in their occurrence. The 

southern Blue Ridge province, mainly situated in southeastern Tennessee and western North 

Carolina, features some of the highest elevations in the United States east of the Rocky 

Mountains, and experiences high mean annual precipitation due to movement of occluded low-

pressure fronts and hurricane remnants from the warm, moist air of the Gulf Stream. These 

topographic and climatic conditions combine to cause frequent and recurring rapid mass 

wasting processes in the region (Clark, 2008). Wooten et al. (2016) corroborates these claims, 

finding that storms in the region trigger hundreds of debris flows roughly every 9 years. 

Furthermore, cyclonic storms from the Gulf Stream have triggered hundreds to thousands of 

debris flows in various surges since 1916.  

The Appalachian Mountains are a well-known geographical feature of the eastern United 

States. They were, along with its sub-regions such as the Blue Ridge Mountains, created 

roughly 270 million years ago, when the African continental plate collided with the North 

American continental plate (Clark, 2001). Today, the geology of the Blue Ridge Mountains are 

largely dominated by metamorphosed sandstone and shale, which has through dynamic 

chemical weathering produced generally acidic soils supporting varying species of flora (Pittillo 

et al., 1998). The Appalachian-Blue Ridge forests are among the most biodiverse forests in 

North America, being home to 158 species of trees, with low elevations generally home to 

deciduous trees, transitioning to coniferous spruce-fir forests beyond roughly 400 meters 

altitude (Bement, 2024). The climate of the region prevents the creation of an alpine zone tree-

line, thus the forests generally extend all the way to the mountaintops. Although building 

density has increased throughout the Southern Appalachian Mountains in recent decades, it is 

still generally dominated by forest cover (Turner et al., 2003). 
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Figure 1: A map of the study area, the Blue Ridge Mountain region of North Carolina. 

 

2 Methods 
The work undertaken in this study can be described in several distinct steps. They will be 

broadly described here before going into relevant detail in the following methodology sections. 

Firstly, an examination and scrutinization of multiple landslide databases was performed. This, 

and many other functions within this study, was undertaken by the use of Esri’s ArcGIS Pro 

program. This procedure entailed a review of each database’s accuracy and relevance before a 

final inventory was selected. Secondly, an initial investigation of the study area was undertaken; 

involving examining precipitation trends and landslide occurrence within the area. A study 

period was also defined: limiting the scope of the study to a 20-year period from 2001 to 2020. 

Thirdly, there was a broad ranging literature search, mainly to understand the various landslide 

conditioning factors considered by studies into the topic. This allowed the finalization of a list 

of predictor data to be used in the model. The fourth stage was data acquisition and 

harmonization. This process involved exploring regional, national, and international databases 

to find relevant geographical data. This data was then downloaded and examined to ensure its 

relevance and accuracy to the study. If found to be a relevant data source, it was then 

harmonized to the predetermined cell size, extent, and coordinate system (NAD 1983 UTM 

Zone 17N). Fifth, the data was extracted for each layer and combined into one dataset based on 

a set of historical landslide points and generated non-landslide points to be used as the training 

and validation dataset within the model. The end result was a dataset with a total 1406 points, 

each with a value from every predictor raster from where the point intersected with them. Sixth, 

a logistic regression model was designed and coded in Python. This model was put through 

several rounds of testing to determine the most accurate combination of predictors for a refined, 

final model. Seventh, the finalized model was used to project a series of precipitation scenarios, 
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where precipitation in the validation set was altered stepwise from 25% to 200% of its original 

values to see the impact of increased precipitation on the model’s landslide predictions. This 

data was then analyzed to understand the potential impact of increased precipitation within the 

study area according to the model. Finally, the dataset was divided by decade and used for two 

models, which were trained and cross-validated. The results were then used to analyze the 

potential change in accuracy due to a change in precipitation within the datasets. 

 

2.1 Landslide Inventory 
The most vital part of the data needed for this study was the database of known historical 

landslide points. The dataset was chosen based on a set of criteria including scope, accuracy, 

and total landslide inventory. Landslide Inventories across the United States ver. 2.0 (Belair et 

al., 2022) was chosen due to its initial inventory containing over 200,000 known landslide 

points throughout the United States, a large number of those being within the study area and 

period, as well as the inclusion of a confidence metric. The confidence metric was a semi-

objective criteria calculated for each landslide point based on the methods of landslide 

identification, such as media reporting or geohazards mapping, and the accuracy of the data 

used, such as high resolution lidar or coarser alternatives. This confidence metric expressed the 

authors’ certainty of both the temporal and spatial accuracy (B. Mirus, personal communication, 

April 17, 2026). All landslide points with less than high confidence were therefore removed 

from consideration to ensure that the model received only the highest quality dataset available.  

There were other considerations before finalizing the landslide points as well. There are a 

multitude of subclassifications for landslides, with the general movement types like rockfalls, 

topples, and spreads each having their own subclassifications depending on the material, such 

as rock or soil (Hungr et al., 2014). For the purpose of this study, all types of landslides were 

considered regardless of classification. Additionally, as seen with the subset of original 

landslide points in Figure 2, there were potential issues of oversampling in one section of the 

study area. This was due to a large storm event in 2018, which seemingly triggered a substantial 

number of landslides in a southern portion of the study area, between Asheville and 

Spartanburg. This area therefore featured considerable quantity points within very close 

proximity to one another (<100 meters). In order to limit the effect of autocorrelation and 

possible skewness in the dataset caused by the extreme clustering, the points were subjected to 

a minimum distance filter within ArcGIS, wherein any group of landslide points within 100 

meters of each other was limited to a single point, deleting the rest from the dataset. This was 

to ensure that the model was given a more balanced dataset which reduced, but did not 

eliminate, the effects of the clustered landslide points. After the reductions in sample size, the 

final landslide inventory included 703 landslides, with roughly 170 from the 2018 landslide 

event.  

An inventory of known landslide points is vital to a landslide susceptibility model, but just 

as vital are the inputs which describe the conditions where landslides did not occur. This 

combination of landslide and non-landslide points was used by the model to understand the 

conditions where landslides were likely to occur and not occur in. Here, a decision must be 

made regarding the ratio of landslide to non-landslide points. Higher ratios, such as 1:1 or 1:2, 

may lead to overfitting of the model (Tang et al., 2023), but lower ratios, such as 1:50 or 1:100, 

may lead the model to understand that predicting every point as ‘no landslide’ will be the most 

mathematically accurate no matter the inputs. With these facts in mind, a ratio of 1:1 was 

decided to be the most fitting for the study. For every year where a landslide happened, an equal 

number of non-landslide points were generated, creating a total of 1406 landslide and non-

landslide data points for the model to consider. When data extraction occurred, precipitation 

values were taken from the corresponding year the landslide and non-landslide points belonged 
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to, in order to present as temporally sensitive precipitation data as possible. It is important to 

note that all other predictors were static and unchanging year-to-year, as they were deemed not 

as prone to a reliable and relevant shift as precipitation. 

 

 
Figure 2: A map displaying the final landslide inventory (red), the generated non-landslide points 

(green), and a subset of the original landslide inventory for the area (yellow), highlighting the 2018 

cluster. 

2.2 Predictor Layers 
In order to run the landslide susceptibility model, predictor layers would first need to be 

decided, acquired, and harmonized. The values from these layers would then be extracted by a 

multi-point extraction function, producing a final dataset of 1406 landslide and non-landslide 

points with predictor data for each point. 
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Table 1: A catalog of all predictors used in the study, including resolutions, database names, and 

sources. 

 

 

2.2.1 Precipitation 

Because of the purpose of this study, to highlight the role that precipitation plays on landslide 

susceptibility models, the precipitation variable was the most vital predictor. Initially, annual 

precipitation was used, although later application within the model proved this metric to be of 

limited use as a predictor of landslides. Annual precipitation data was obtained through the 

PRISM Group, housed in the College of Engineering at Oregon State University, and part of 

the Northwest Alliance for Computational Science and Engineering (NACSE). The PRISM 

dataset contained total annual precipitation for the entire continental United States. The data 

contained 800m resolution data, a reasonably good resolution for precipitation data on a 

national scale. As with all predictor layers, this data was downloaded, projected into the correct 

cell size, extent, and coordinate system (NAD 1983 UTM Zone 17N). 

As precipitation intensity is a more relevant metric to evaluate landslides (Guzzetti et al., 

2008), maximum daily precipitation was also acquired and used within the model. This 
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precipitation metric was deemed far more representative of landslide susceptibility than annual 

precipitation data, as many landslides are triggered by short-term extreme rainfall (Li et al., 

2025). This data was obtained through the NASA web data source, the Application for 

Extracting and Exploring Analysis Ready Samples (AppEEARS). The daily precipitation itself 

belonged to a dataset called Daymet: Daily Surface Weather Data, from NASA’s Oak Ridge 

National Laboratory Distributed Active Archive Center (ORNL DAAC). The maximum daily 

precipitation was calculated for each year, 2001 to 2020, with a resolution of 1km. 

2.2.2 Elevation-based predictors 

This study contained five elevation-based predictors. One DEM, and four layers derived from 

it: slope, aspect, and plan and profile curvature. Elevation was expected to be a relevant 

predictor for this region due to the mountainous landscapes, and was thus one of the first layers 

finalized. The DEM was obtained through the United States Geological Survey (USGS), 

through an online data collection application called The National Map (TNM) v2.0. This 

provided an elevation layer for the study area whose original coordinate system, NAD 1983, 

and cell resolution, 1-arc second, became the standard for the entire study. Five separate DEM 

layers were downloaded, combined, and clipped to the study area to produce the final DEM 

layer. 

Slope was another predictor that was chosen, as the angle of a slope can be an extremely 

effective predictor for landslide susceptibility. The slope layer was derived from the DEM, as 

were the aspect and curvature layers. Aspect can play a role in the susceptibility of slope failure, 

due to increased evaporation and generally higher vegetation on southern-facing slopes (Çellek, 

2021). Likewise, curvature can play a large role in the stability of a slope, with the shape of the 

horizontal slope (plan curvature) and the downhill slope (profile curvature) changing both the 

susceptibility, intensity, and accumulation of debris. In profile curvature, a convex curvature, 

or an outward bulge, is represented by negative numbers. Concave, or inward dips, are 

represented by positive numbers. The neutral value or zero means a flat, linear surface. For plan 

curvature, the relationship is reversed; a convex curvature is positive, while a concave, valley-

like surface is described as negative (Çellek, 2024). 

2.2.3 Lithology 

The incorporation of lithology in LSMs is vital, as the geologic profile of an area can 

significantly affect its landslide susceptibility (Alcântara et al., 2025; Cui et al., 2025). For this 

study, the layer used was the State Geologic Map Compilation (SGMC) Geodatabase of the 

Conterminous United States by Horton et al., 2017. The data was imported as a polygon layer 

spanning the continental United States, containing various levels of geologic information. The 

level used within the study was a general lithology layer, which was subjected to harmonization 

and rasterization. 

2.2.4 Distance to Streams/Rivers 

Another predictor that was deemed important to the modelling was distance to streams, as 

proximity to hydrological features can affect the slope stability (Hamal et al., 2026). The 

database that was chosen for this area was the NHDPlus High Resolution Hydrography 

Framework for the Nation database (Buto & Andersson, 2020). There were a few issues with 

the data that needed addressing. Firstly, as the study area crossed several river basin maps, five 

separate databases were needed. The hydrographic data was combined into one layer and then 

clipped. The second issue was that the database was extensive, and included even minor 

ephemeral waterways. As the final layer would be a simple distance accumulation, all 

waterways would be treated equally by the model. This meant that even small, ephemeral 

streams would have just as much input as large, permanent rivers. Therefore, limitations were 
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made to the data. Any watercourse that did not fit the description “streamriver” or 

“ArtificalPath” (to include manmade alterations to the hydrography), and did not have a 

geographical name were excluded from the layer. This decision was made to attempt to limit 

the layer to a reasonable level of hydrographic detail. A rasterization function followed by a 

distance accumulation function were then run to produce a final distance to streams/rivers 

predictor layer. 

2.2.5 Distance to Roads 

Distance to roads is an anthropogenic predictor that can have a significant impact on soil 

stability and landslide risk (He et al., 2025), and was therefore found to be a vital inclusion in 

the study. The raw data was acquired from the USGS National Transportation Dataset (NTD), 

created with data from the U.S. Census Bureau. Two major and minor road layers were 

downloaded for North Carolina, which were then combined, clipped, and rasterized. A distance 

accumulation function was then run to produce a final distance to roads layer. 

2.2.6 NDVI 

Vegetation plays a vital role in landslide susceptibility, with its inclusion integral in producing 

comprehensive and accurate models (Li and Duan, 2024). It was therefore paramount to include 

an accurate vegetation index within the model. The USGS EROS Visible Infrared Imaging 

Radiometer Suite (eVIIRS) was chosen as the dataset to represent this. Specifically, their set of 

Normalized Difference Vegetation Index (NDVI) data, which is used to highlight the health 

and density of vegetation at 375m resolution. This dataset was downloaded for the United 

States, and then subjected to harmonization procedures in order to produce a final NDVI layer 

for the study area. 

2.2.7 Land Cover 

Land cover is among the more fundamental predictors in landslide susceptibility, and has been 

found to influence both the size and mobility of landslides (Pratama et al., 2025). The land 

cover data used in this study was obtained through the Annual NLCD Collection 1.0, which is 

a land cover dataset provided by the USGS. The original dataset included four layers that 

together covered the study area, so they were combined and clipped to the desired coordinate 

system, cell size, and extent. This dataset suffered from some errors, however, including 

mislabeling and some restricted NoData issues, which were not discovered until the final model 

testing. Furthermore, the land cover group names were at the same time found to be problematic 

and often vague. Group 21, for example, was described in the source data as “Perennial 

Ice/Snow to Developed, High Intensity”. Similarly, group 81 was defined as “Developed, High 

Intensity to Open Water”. These issues in labeling would not affect the model functionality, as 

land cover was a categorical predictor which was divided into sub-predictors based on groups, 

however, did affect the interpretability of the results. When interpreting the results, a subjective 

decision was made as to what the group name best described. For example, group 21 was 

analyzed as Developed, High Intensity. Fortunately, the dataset was still usable within the 

model despite the limited errors, as labels did not matter for the final model (due to 

categorization), and the NoData issues were limited enough to be negligible, only affecting 37 

out of 1406 points. 

2.2.8 Soil Type 

Soil type affects soil stability, which in turn affects the landslide susceptibility of an area. 

Therefore, soil type can be a crucial parameter in landslide modelling (Alcântara et al., 2025). 

The soil type database used in this study was the Gridded Soil Survey Geographic (gSSURGO) 

Database, provided by the United States Department of Agriculture (USDA). Though the 
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database provided multiple raster layers and database tables, however, they were not initially 

linked within the database. Thereby, multiple corrections to the data needed to be applied before 

a harmonized version of the soil layer could be finalized. Unfortunately, the soil type layer 

experienced severe errors upon being extracted and imported into the model, likely due to the 

necessary joining of attribute tables. These errors were, unlike the land cover errors, severe 

enough that the final soil type layer could not be reasonably utilized by the model, and was left 

out of the final analysis due to time limitations. 

2.3 Logistic Regression Model 
The model chosen for this study was based on an analysis of LSMs in current literature. Initially, 

a fuzzy logic-based design was considered, however, a logistic regression model was ultimately 

chosen due to a variety of factors. Firstly, although more advanced alternatives such as machine 

learning or neural network models have been found to be highly accurate, their interpretability 

is limited (Youssef et al., 2023). Logistic regression is a ‘white box’ model, whose inner 

functions and coefficients can be more easily interpreted than ‘black box’ models like neural 

networks. This was a better fit for a study more focused on the relative strength and impact of 

a potentially changing variable than raw model accuracy. Secondly, logistic regression models 

can be run through simple coding programs such as PyCharm, and can be implemented with 

minimal programming expertise. Logistic regression models allow for the relative simplicity of 

less advanced heuristic models like fuzzy logic or AHP models, while excluding the subjectivity 

of opinion-based weights in favor of mathematical objectivity (Okoli et al., 2023). In fact, some 

studies have found that although heuristic models are simple, the subjectivity introduced can be 

problematic for both accuracy and reproducibility (Reichenbach et al., 2018). Thirdly, the time 

restrictions of the study limited the scope at which models could realistically be designed, 

trained, and analyzed. 

Logistic regression is a statistical model used for binary classification. In the case of 

landslide susceptibility, this is whether or not a location is likely to experience a landslide. As 

explained in Atkinson and Massari (1998), a logistic regression model first standardizes the 

data, then calculates a linear combination for all predictor variables, called the log-odds or logit 

(Equation 1). It does this by assigning a weight, or coefficient value, to each variable 

representing their importance and direction of effect through a process called maximum 

likelihood estimation. The logit value z, derived from Equation 1, can then be subjected to a 

logistic sigmoid function (Equation 2), compressing the outcomes into a probability range 

between 0 to 1. Once the coefficients are determined, they can be more easily interpreted by 

exponentiating them to produce odds ratios (Equation 3), which more easily highlight the size 

and direction of the predictor’s influence. An odds ratio of more than 1 means an increase in 

landslide susceptibility per unit increase while an odds ratio of less than 1 means a decrease. 

 

𝑙𝑜𝑔𝑖𝑡(𝑝𝑖) =   𝛽0 +  𝛴ⁿᵢ=1𝛽ᵢ𝑥ᵢ 1 

 

𝑃 (𝑌 = 1) =  1/(1 +  𝑒−𝑧) 2 

 

 𝑂𝑅 =  𝑒𝛽ᵢ 3 

 

The model was run using Python scripts which utilized the scikit-learn and statsmodels 

Python packages to run various combinations of model training splits, predictions, and 

applications. Artificial intelligence models (Google Gemini and Anthropic’s Claude) were used 

for assistance in writing and understanding the code required to run the model, although all 

decisions about model design and functions were made independently, without AI assistance. 

The scripts are described in more detail in the following methods section. 



16 

 

2.4 Model Testing 

2.4.1 Precipitation Trend Analysis 

Before model testing could begin properly, precipitation trends in the study area were examined 

in order to contextualize the analysis and create a fundamental base for the study’s objectives. 

Annual total and maximum daily precipitation were plotted to test for a significant increase 

through the study period. The values were taken from the average cell value of each metric’s 

yearly precipitation layers. Additionally, maximum daily precipitation was divided into two 

decades, 2001-2010 and 2011-2020, so that the distributions in maximum daily precipitation 

per the decades could be compared and analyzed. 

2.4.2 Input Data Analysis and Transformations 

On top of trend analyses, an additional set of criteria were analyzed to ensure the data was ready 

for model testing. The first was a collinearity test, which analyses if multiple input data describe 

a similar trend. If two or more predictors are collinear, so-called multicollinearity, a logistic 

regression model would struggle to disentangle the affected predictors, and produce unreliable 

coefficient values, odds ratios, and p-values. The collinearity test can be interpreted through the 

VIF score, or Variance Inflation Factor, a measurement of how well an input's variance can be 

anticipated by another input. The higher the VIF for a predictor, the more redundant the 

predictor is for the model. A VIF score below 5 is acceptable, whereas above 5 indicates 

moderate collinearity. A predictor with a VIF score above 10, however, has high levels of 

collinearity, and any results derived from its use could be problematic. As multicollinearity 

within the model could pose an issue for the objective of this study, this test was run on all 

predictor data to diagnose potential issues pre-model testing. Decisions could then be made 

regarding the relevance and the potential exclusion of predictors found to be collinear. 

The next analysis involved evaluation of predictor distributions. When a logistic regression 

model functions, it assumes a linear relationship between the continuous predictors and the log-

odds of the outcome, meaning equal increments in the predictor should produce equal changes 

in the log-odds. If a predictor has a heavily skewed distribution, the model struggles to apply 

this predictor, as extreme values at the tail end of the distribution can significantly bias the 

calculations. Before the data can be introduced into the model, the distributions of each 

predictor were examined for skewness and, if found to be necessary, were transformed to a 

more balanced distribution. 

2.4.3 Initial Model Testing 

The first round of model tests were done to gain an initial understanding of the model’s accuracy 

and the coefficient values and significance of each predictor. These coefficients, translated as 

odds ratios, would form the baseline understanding of how important each predictor was to the 

model. A coefficient value or odds ratio could not alone be used to analyze the predictor’s 

strength within the model, however, as even a high coefficient value could be due to random 

chance within the model. These statistics would therefore be supplemented with p-values for 

all predictors, showing the statistical significance of each coefficient. A large coefficient with 

a low p-value (<0.05), for example, would indicate a strong and influential predictor within the 

model. Additionally, because of the standardization function performed by the model on all 

continuous data within the dataset, the effect of each continuous predictor could be measured 

by effect per standard deviation. Categorical data, conversely, would be transformed into a 

separate predictor per group within the model, effectively turning the lithology layer, for 

example, into several different predictors by group: sedimentary, metamorphic, etc. Their effect 
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would then be measured not against a standard deviation, but as a direct comparison to the first 

group, the so-called reference group. 

The initial model tests were run using a train-test split, which divided the dataset (the 

extracted landslide and non-landslide points and their associated predictor values) into a set of 

training and validation data, using a 70%/30% split. The training data would be used to fit the 

model and estimate the relationship between predictor data and landslide occurrence, while the 

validation data would be used to assess the predictive performance of the model. Numerous 

data and accuracy metrics were outputted to assess the model, including the aforementioned 

coefficient values, odds ratios, and p-values, as well as the AUC metric. The AUC, or Area 

Under the Curve, is a measurement of how well the model discriminates between two classes, 

in this case: landslide and non-landslide. Among the most commonly reported validation 

metrics in landslide susceptibility models (Reichenbach et al., 2018), AUC calculates the 

proportion of landslides correctly predicted against the proportion of non-landslides incorrectly 

predicted across all possible classification thresholds from 0 to 1, allowing for an evaluation of 

model accuracy. 

Additionally, because the model would simultaneously conduct the requested test on both 

the validation data as well as the same training data it was fitted on, an analysis of potential 

over-fitting could also be done. Over-fitting could be inferred from a large discrepancy between 

the training and the validation data AUC scores, indicating the model simply memorized the 

training data instead of developing a true understanding of the relationships between predictors 

and landslides. To ensure that the results were not skewed by a potentially favorable random 

sampling, the script was run five times, each with a new random state within the Python code. 

These five iterations were then averaged to obtain one initial testing result, which was used to 

garner understanding of the initial model’s coefficients and general accuracy. Additional 

measures of fit would be used to judge model accuracy, such as pseudo R2, a measurement of 

explained variance akin to the R2 metric in linear regression, and log-likelihood, a probability 

metric used to compare models (Allison, 2014). 

2.4.4 AIC Testing 

Once an analysis was conducted on the initial model, different combinations of predictors could 

then be tested to discern the most efficient model. Predictors were removed based on their 

coefficient scores from the initial testing, although different combinations even excluded 

several of the most significant predictors to ensure methodological soundness. These 

combinations were tested by removing the test-train split and allowing the model to train on the 

100% of the dataset. The lack of a training split meant the output data (AUC, coefficients, p-

values) would be optimistic, and thus invalid compared to the more fairly tested 70/30 model. 

This did not matter for this test, however, as the only metric used to judge the combinations 

was the AIC, or Akaike Information Criterion, a metric solely built to compare models, not 

accuracy. The AIC compares models based on how well they fit the observed data per predictor 

used by punishing the addition, and rewarding the removal, of predictors that do not add 

predictive power to the overall fit. By comparing the AIC scores of various combinations of 

predictors, a final model could be produced, with all unnecessary predictors removed. Judging 

which predictors remained in the final model could garner a further understanding of the 

significance of the predictors used in this study. Following this, the final model could be applied 

and its results evaluated to determine potential changes from the initial model’s accuracy, 

coefficient values, and overall fit. 

2.4.5 Landslide Susceptibility Map 

With the final, most efficient model identified, a landslide susceptibility model could also be 

produced. This was done by applying the final model to every cell within the study area, a total 
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of nearly 32 million. This was done to showcase the model’s understanding of the area and 

provide evidence for the efficacy of the predictors used within the model. 

2.4.6 Precipitation Sensitivity 

In order to analyze the effect a change in the precipitation predictor could potentially have on 

the model’s projection of landslide occurrence, the model was then tested using simulated 

maximum daily precipitation values. Using the standard 70%/30% train-test split, the 

precipitation data within the validation set was altered to simulate different precipitation 

scenarios. The values were altered stepwise by a multiplier: 25%, 50%, 75%, 100% (as a 

baseline comparison), 125%, 150%, 175%, and 200%. For each precipitation multiplier, a 

landslide prediction would be made for the validation dataset, with any point at 50% 

susceptibility or above being classified as a landslide. The predictions were made across five 

random states per multiplier, for a total of 40 tests. The number of points predicted to experience 

landslides were then averaged, plotted, and analyzed to assess the significance a changing 

precipitation variable would have on the model’s landslide predictions. 

2.4.7 Decadal Model Analysis 

To attempt to answer one of the main objectives of the study, whether a changing precipitation 

variable can lead to a change in accuracy in LSMs, a decadal comparison of models was 

conducted. By sorting the dataset into two subsets based on year, two decadal models could be 

trained; Model A (2001-2010) and Model B (2011-2020). The models would be trained using 

a train-test split (70%/30%), and would be tested against its own training and validation data, 

as well as 100% of the other decade. Additionally, each model performed a landslide prediction 

of the other decade’s dataset, using the same 50% classification as the sensitivity analysis. 

Comparing the results of each model’s decadal cross-validation could therefore provide a basic 

understanding of how future changes in precipitation data could potentially affect an LSM 

trained on historical data within this study area. 

3 Results 

3.1 Precipitation Trend Analysis 
Both total annual and maximum daily precipitation were tested for significant increases through 

the study area. This was done by taking the average raster value for every year, then applying 

a regression analysis to the trends. The tests revealed a significant increase (p<0.05) in annual 

precipitation within the study area in the period 2001 to 2020. Although there was variance 

within the trend, with an explained variance (R2) of 0.21, the test found a p-value of 0.04, 

indicating that the climate in the study area was significantly changing within the study period. 

The regression analysis did not, however, find a statistically significant (p<0.05) increase in the 

maximum daily precipitation across the study period. With a minimal explained variance of 

0.006 due to extreme variance, the test produced a p-value of 0.76, confirming that there was 

no statistically significant increase in max daily precipitation in the study area from 2001 to 

2020. 
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Figure 3: Graphs illustrating both the average annual and max daily precipitation across the entire 

study area for the years 2001 to 2020. Trend lines, equations, and R2 values are included. 

A comparison in maximum daily precipitation values between decades was also performed. 

As illustrated in Figure 4, Decade A (2001-2010) experienced increased variance and higher 

maximum precipitation values than Decade B (2011-2020). The result of a two-sample 

Kolmogorov-Smirnov test (Figure 5), a non-parametric statistical test which analyses the 

difference between cumulative distributions of samples, corroborates the significant difference 

between decades (D = 0.323, p<0.001). Although a minimal p value is expected when 

comparing samples of this size in a Kolmogorov-Smirnov test, the D statistic is still useful to 

quantify and confirm the visual difference seen between the distributions. 

 

 

 
Figure 4: A histogram comparison between 2001-2010 and 2011-2020, highlighting the increased 

variance in the earlier decade. 
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Figure 5: The results of a two-sample Kolmogorov-Smirnov test on the two sets of max daily 

precipitation data from each decade, highlighting the significant difference in precipitation variance. 

The D statistic and p-value of the test are included. 

3.2 Input Data Analysis and Transformations 
Before model testing, the input predictor data were tested for collinearity and skewness. Upon 

testing of the original dataset, significant multicollinearity was found. As presented in Table 2, 

both slope and DEM displayed moderate levels of collinearity, while the NDVI and the annual 

precipitation exhibited high levels of collinearity. A new test was run with an updated predictor 

dataset, removing the DEM predictor and replacing the precipitation variable with maximum 

daily precipitation instead. This new combination produced greatly improved collinearity 

levels, although a moderate collinearity between the new precipitation variable and NDVI was 

still observed. 
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Table 2: A table showing the result of the collinearity tests on the initial and updated predictor 

datasets, with DEM removed and annual precipitation replaced with max daily precipitation. 
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Figure 6: The predictor histograms for DEM, distance to streams/rivers and roads, NDVI, and 

maximum daily precipitation before and after log transformations were applied. 
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3.3 Initial Model Testing 
Testing was done on five iterations of the initial model with all relevant predictors included, 

and then averaged to get a set of initial test results. The model results highlighted a few key 

initial findings. Seven of the predictors (nine if counting sub-groups) were found to be 

statistically significant (p<0.05), with four exhibiting particularly extreme statistical 

significance with miniscule p-values (p<0.0001): slope, max daily precipitation, distance to 

roads, and land cover 43 (Grassland/Herbaceous). Of these, slope demonstrated the strongest 

effect on the model. With a coefficient score of 1.49, meaning an odds ratio of 4.45, slope had 

the effect of a 345% increase in landslide susceptibility per standard deviation (SD) increase of 

slope. Maximum daily precipitation also exhibited significant influence over the model, with a 

59% increase in susceptibility per standard deviation increase. Distance to roads showed a 

51.2% decrease per SD increase, or that landslide susceptibility decreased the further from a 

road a point was. Other predictors showcased statistically significant influence as well, for 

example profile curvature. In the initial model testing, one SD increase in profile curvature, or 

an increase in concavity, increased landside susceptibility by 24%. Aspect and NDVI also both 

showed roughly 19% decrease in susceptibility per SD increase. 

Of the categorical predictors, lithology proved statistically insignificant to the model, with 

no lithology type proving more effectual than the reference. Land cover, however, did show 

relevant differences between the predictor groups, with land cover 22, or Barren Land, 

indicating a near 400% increase compared to the reference layer of Developed, High Intensity. 

Moreover, land cover groups 41 (Mixed Forest) and the aforementioned 43 

(Grassland/Herbaceous), constituted a significant decrease in susceptibility when compared to 

the reference layer. 
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Table 3: The coefficient scores, odds ratios, effect sizes, and significance for all predictors used within 

the initial model. Slope is highlighted as the most significant predictor, alongside maximum daily 

precipitation and distance to roads.  

 

 

When examining general model accuracy, the AUC scores can be assessed. The mean 

validation AUC score was 0.84 with only a 0.01 standard deviation across five iterations of the 

model. Similarly, the training AUC across five iterations was 0.86 with a 0.0005 SD, meaning 

an average AUC gap of only 0.02. Additionally, a pseudo R2 value of 0.35 falls well within the 

scale of acceptable accuracy (0.2 to 0.4), while a log-likelihood of -444.8 can be used to 

compare to the later finalized model. 
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Table 4: A table presenting accuracy metrics for the initial model. Notable is the high accuracy and 

low AUC gap between the validation and training data, indicating no overfitting. 

 

 

3.4 AIC Testing 
In order to solidify a final model, an AIC test was performed to determine the most efficient 

combination of predictors. The first test involved a model including all predictor data, which 

exhibited an AIC score of 1336.13 (Table 5). This score was bettered by the next version, Model 

2, which removed the distance to streams/rivers layer. The additional removal of both the DEM 

and plan curvature layers led to a model with the lowest AIC score, 1331.48 for Model 4 (DrDPl 

model). The further removal of various predictors were found to instead increase the AIC score, 

meaning a decrease in fit per predictor. For methodological soundness, additional variations 

were run, including the removal of highly significant predictors, however no other predictor 

combination reached an equal or lower AIC score than Model 4. Notable was the large increase 

in AIC when removing either the max daily precipitation or the distance to roads predictors 

from Model 4, with an increase of 35.4 (Model 13) and 76.07 (Model 14) respectively. 

Additionally, the removal of the lithology predictor increased AIC, despite insignificance 

during initial testing. Following the selection of the optimal model configuration, the finalized 

model was then tested using the same methods as the initial model. Upon testing, the final 

model displayed only a marginal increase in AUC, predictor significance, and overall fit 

(Appendix A), highlighting that the removal of insignificant predictors had minimal impact on 

overall model performance. 
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Table 5: The results of the AIC testing for all predictor combinations, with model number and names, 

AIC scores, and layers removed compared to the initial model. The final model combination is bolded. 

 

 

3.5 Landslide Susceptibility Map 
In order to test the applicability of the model, the trained and fitted model was used to produce 

a landslide susceptibility map of the study area. As illustrated in Figure 7, the lowland regions 

along the eastern part of the study area around Lenoir and Morganton are characterized by 

consistently low susceptibility. A clear elevation change can be seen on the susceptibility map 

as it extends northeast across the study area from the south, dividing the lowland regions from 

the Blue Ridge Mountain chain. Similarly, the valley region stretching along Highway 26 from 

the south-central portion of the study area into the central region, through Asheville, 

experiences a similar level of consistent low susceptibility. The southwest region of the study 

area, along the borders to Tennessee and South Carolina, are also associated with generally low 

susceptibility. 
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The most pronounced area of high susceptibility, conversely, is the southwest-central region 

stretching from the Nantahala National Forest to Asheville. A similarly high level of 

susceptibility can be seen north of Lenoir in the northeast portion of the study area. A general 

pattern can be gleaned from the map, with the regions along the Blue Ridge Mountains facing 

a considerably higher risk of landslides than lowland, mainly eastern areas. 

 

 
Figure 7: A landslide susceptibility map of the study area, highlighting landslide-prone areas based 

on 20% intervals of landslide susceptibility. Notable is the low susceptibility within the eastern 

lowland areas, as well as the high susceptibility found in the mountainous areas.  

3.6 Precipitation Sensitivity 
A sensitivity analysis was also conducted for various precipitation scenarios, testing stepwise 

multipliers of 25% to 200% of the original max daily precipitation values. The results, presented 

in Table 6, can be assessed to develop a deeper understanding of the strength that precipitation 

has in the model, as well as provide basic estimation of how changes in precipitation in the 

study area could potentially change the area’s landslide susceptibility. As seen in TABLE, 

stepwise increases in maximum daily precipitation led to an increasing landslide prediction rate 

within the model. With a 50% increase in maximum daily precipitation, the model’s landslide 

prediction increases by 10%, whereas a doubling of precipitation leads to a 16% increase 

according to the model. Larger changes are seen in the opposite way, with a 50% decrease 

resulting in a 14% decrease in landslide predictions. When plotted, the data can be seen as a 

logarithmic relationship, matching the log transformation applied to the precipitation data pre-

model. 
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Table 6: A table showing the results of the precipitation sensitivity analysis, with average counts for 

the predictions given five iterations, as well as changes from baseline and stepwise increases. A 

logarithmic increase in landslide occurrence is observed per stepwise multiplier.  

 

 

 
Figure 8: Graph illustrating the logarithmic increase in landslide prediction per stepwise increase in 

the precipitation multiplier.  

3.7 Decadal Model Comparison 
The results of the decadal cross-validation indicated a decrease in accuracy for both models 

when predicting cross-decade compared to the accuracy within their own decade. The overall 

accuracy of Model A, based on precipitation data from the decade with the more extreme 

precipitation values (2001-2010), dropped around 4%, while the AUC declined from 0.86 to 

0.81 when cross-validating into the less variable precipitation decade (2011-2020). Model B, 

trained on the more stable decade, experienced a larger drop of roughly 8% overall accuracy 

and 0.08 decline in AUC when validating into the more extreme decade. 



29 

 

The overall accuracy was not the only metric measured, however. As seen in FIGURE, 

Model A experienced a sharp decline in sensitivity, or landslides correctly identified, when 

comparing within-decade to cross-decade (77% to 65%). Correspondingly, Model B’s 

specificity, or non-landslides correctly identified, decreased by over 17% (77% to 60%) when 

comparing within to cross-decade. This is again evidenced when examining the confusion 

matrix. Model A’s cross-validation yielded a decrease in proportional true positives while an 

increase in false negatives (Type II errors). Conversely, Model B demonstrated a marked 

decline in true negatives and an increase in false positives (Type I errors). 

 
Table 7: The results of the decadal model cross-validation, with accuracy and prediction changes. The 

percentage values in the confusion matrix are the proportion of predictions within the same column. 

Notable is the decrease in accuracy for both decadal cross-validations, as well as the changes in 

sensitivity and specificity.  

 

 

The coefficient analysis of the models highlights notable differences. Although Model B’s 

coefficients look similar to both the initial and final full dataset models, Model A finds 

significance in only the distance to roads and slope predictors, although both exhibit a marked 

increase in effect size. Notable are profile curvatures and land cover, both of which were close 

to statistically significant (p<0.05), as well as the insignificance of the max daily precipitation 

predictor, showing the potential impact of the high variance of precipitation within this decade. 
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Table 8: Showing the coefficients, odds ratios, and significance of the decadal models. Notable is the 

lack of significance in most predictors in Model A, indicating proportionally higher influence of the 

landslide points from the second decade.  

 

4 Discussion 

4.1 Precipitation Trend Analysis 
An observed increase in annual precipitation in the study area contextualized the objectives of 

analyzing changes in accuracy of LSMs across shifts in precipitation. The insignificant trend 

seen in maximum daily precipitation, however, limited the ability of the study to examine the 

effect a yearly change would have on a landslide susceptibility model’s accuracy. Nevertheless, 

notable differences were observed in the variance and distribution of extreme precipitation 

values when comparing the two decades of the study period. This disparity provided the basis 

for a comparative analysis between decadal models. 

4.2 Input Data Analysis and Transformations 
As stated in the results, multiple predictors exhibited moderate to high collinearity in the initial 

analysis. The collinearity of slope and elevation was anticipated, given slope is derived from 

the elevation layer. Nevertheless, the collinearity meant the DEM was excluded from initial 

tests. Notably, the annual precipitation and NDVI predictors displayed exceptionally high 

collinearity. This was likewise unsurprising, given increased growth rates often accompany 

higher precipitation rates. This did, however, further highlight the limited use of annual 

precipitation as a landslide predictor. These findings, alongside literature identifying extreme 

rainfall as a stronger trigger of landslides than cumulative rainfall (Zhao et al., 2025), informed 

the decision to replace annual precipitation within the model with the intensity-based maximum 

daily precipitation. This replacement, and the exclusion of the DEM layer, lowered collinearity 

to more acceptable levels for data testing. Notable still was the moderate collinearity between 
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maximum daily precipitation and NDVI, which would have to be considered when analyzing 

model results. 

4.3 Initial Model Analysis 
The most significant predictor within the initial model was determined to be slope, with an 

effect nearly six times larger than the nearest predictor. This finding was consistent with 

expectations given the predictor’s direct impact on soil stability (Hamal et al., 2026) and the 

prominence of the mountainous terrain within the study area. It was further corroborated by a 

study examining the landslide susceptibility of a smaller part of the study area, which likewise 

found slope to be the most significant predictor within the model (Agboola et al., 2024). The 

second strongest predictor was maximum daily precipitation, a result that directly addressed the 

first major objective within the study; identifying the significance of precipitation as a predictor 

within the model. The extreme significance of precipitation (p<0.0001) indicated that it was a 

vital predictor for landslide susceptibility modelling within the study area, aligning with prior 

literature on the subject (Bezerra et al., 2025). Distance to roads was similarly identified as an 

especially significant predictor, with susceptibility decreasing considerably the larger the 

distance from a road. This is consistent with past literature on the subject, which found that road 

construction could disturb the equilibrium of natural slopes and play a crucial role in their 

failure (Kaushal et al., 2025). This result could also, however, reflect a potential sampling bias 

within the landslide inventory. Because landslides occurring near roads are more likely to be 

reported and documented accurately, the confidence metric applied by the authors of the 

inventory could disproportionately favor more accessible and clearly reported incidents. 

Therefore, it is possible that the use of only high-confidence landslides within the study could 

have inadvertently biased the samples toward more road-adjacent landslides. 

Both the vegetation index and the land cover sub-predictors mixed forest and 

grassland/herbaceous highlighted similar relationships, with an increase in vegetative cover 

associated with decreased landslide susceptibility. This reaffirms the consensus in literature, 

which finds vegetation increases soil stability and shear strength (Lann et al., 2024). Notably, 

according to the model, a shift from high density developed to barren land would see a dramatic 

increase in landslide susceptibility. Although urbanized areas are often associated with high 

landslide susceptibility (Rohan et al., 2023), some studies have found susceptibility in both 

developed and barren land (Hamal et al., 2026). This suggests the substantial difference in 

susceptibility found in the results may be more reflective of potential inconsistencies within the 

original land cover classification than a genuine geophysical relationship. 

Model accuracy was also calculated, demonstrating that the initial model was highly 

accurate, with high stability over five random iterations. Additionally, the minimal AUC gap 

between training and validation sets confirmed there were no indications of overfitting within 

the model. These metrics illustrated the model’s capability of accurately calculating 

susceptibility of landslides within the study area. 

4.4 AIC Testing 
AIC testing revealed the most efficient configuration of predictors to be Model 4, with the 

distance to streams/rivers, DEM, and plan curvature removed. Given these predictors displayed 

limited value in the initial model testing, the minimal change in accuracy between the initial 

and final model was an expected outcome. Notable was that the removal of the otherwise 

insignificant lithology predictor reduced predictive ability in the model. This can be potentially 

explained by the handling of categorical predictors in the model, as each group within the layer 

is assigned to a unique sub-predictor. Although these may not present significant predictive 

power on their own, their combined influence may be enough to significantly affect the model 

when removed entirely. Additionally, the removal of both the precipitation as well as distance 
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to roads predictors resulted in a considerable drop in predictive ability, again demonstrating the 

significance of the precipitation variable within the model. Notably, however, the removal of 

the distance to roads layer produced a larger increase in AIC than the removal of max daily 

precipitation, despite the larger effect size of the former. This is likely explained by the 

moderate collinearity between maximum daily precipitation and NDVI. Because the AIC score 

considers predictive power per distinct variable, predictors with moderate levels of collinearity 

may be considered as providing less independent predictive power than their coefficient and 

effect size may suggest. The low collinearity of the distance to roads predictor likely therefore 

meant its unique predictive contribution was more fully reflected in the AIC score than 

maximum daily precipitation. 

4.5 Landslide Susceptibility Map 
The spatial patterns analyzed in the final landslide susceptibility map are consistent with 

relationships identified in model testing. As the most significant predictor, slope’s influence is 

reflected in the distribution of susceptibility across the map, with mountainous regions 

exhibiting increased susceptibility and lowland areas considerably less affected. Additionally, 

the potential orographic effect of the Blue Ridge Mountains, driven by its sharp increases in 

elevation, likely affects the precipitation regime within the study area. As the southerly 

movement of moist, warm air from the Gulf of Mexico pushes across the mountains, orographic 

lifting induces release of precipitation (Baldwin, 2007), a process likely represented by the 

increased susceptibility observed in the higher elevation areas southeast of Asheville. The final 

landslide susceptibility map highlighted similar patterns to existing literature, with Lin et al. 

(2024) producing a multi-hazard earthquake and landslide susceptibility map with comparable 

distributions. This lends support to the validity and relevance of the predictors employed within 

the model. 

4.6 Precipitation Sensitivity Analysis 
The stepwise increase in predicted landslide occurrence across precipitation multipliers 

demonstrates the model’s predictions are directly affected by changes in precipitation. The 

results in this analysis indicate that according to this model, a shift in maximum daily 

precipitation could lead to a significant change in the number of predicted landslides within the 

study area. The observed logarithmic relationship of the data is to be expected given the log 

transformation applied to the original data, however the strength in prediction response 

indicates precipitation’s vital role as a landslide predictor within the model. Furthermore, the 

results found within this sensitivity analysis suggest that LSMs trained on one climate regime 

may potentially exhibit reduced accuracy under differing precipitation patterns, a relationship 

that is further explored in the following section. 

4.7 Decadal Model Comparison 
A decrease in both overall accuracy as well as AUC in both decadal cross-validations suggested 

the accuracy of the models were affected but not entirely compromised. Notably, Model B, 

trained on the decade exhibiting more stable precipitation values, experienced a proportionally 

larger drop in accuracy and AUC when validating into the more climatically variable 

precipitation regime of Decade A, than Model A’s cross-validation. This could indicate that 

models trained on more stable climatic conditions may struggle when applied to periods 

characterized by more extreme precipitation patterns. More specifically, the change in 

sensitivity and specificity within each model’s cross-validation is of particular note. Model A’s 

drop in sensitivity during cross-validation, and concurrent proportional rise in false negatives, 

indicated that the model underestimated landslide occurrence within the more stable 

precipitation regime of Decade B, possibly a consequence of the model associating more 
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extreme precipitation values with elevated landslide probability. Conversely, Model B 

exhibited a marked increase in false positives when cross-validating, suggesting a systemic 

overprediction of landslide occurrence when applied to a more extreme precipitation regime. 

This more cautious approach is likely a result of a model trained on more stable precipitation 

interpreting increased precipitation variability with increased landslide susceptibility. 

The coefficient values of each model, however, reveal a potential issue with the decadal 

comparison methodology. While Model B displays predictor significance broadly similar to the 

full dataset model (2001-2020), Model A identifies significance in only two predictors: slope 

and distance to roads. Although several predictors exhibit p-values approaching significance, 

the insignificance of the precipitation predictor may invalidate Model A’s cross-validation. 

Furthermore, the marked difference in coefficient values between the decadal models may point 

to an issue discussed earlier in the report: the landslide inventory. The close alignment between 

Model B and the full dataset model’s coefficient values may suggest the majority of the full 

model’s predictive power is derived from the 2011-2020 period. Given a substantial proportion 

of this period’s landslide points originate from the 2018 landslide cluster highlighted in the 

landslide inventory section, this raises the possibility of a systemic bias within the model 

towards the conditions associated with that event. Although this bias may limit the relevance 

of Model A’s cross-validation results, Model B’s cross validation still retains analytical value. 

Model B’s observed decline in predictive ability when validating across a differing precipitation 

regime suggests that the accuracy of an LSM trained on one set of historical precipitation data 

is indeed affected when predicting landslide susceptibility in contrasting precipitation 

conditions, directly addressing the third objective within the study. 

4.8 Limitations and Suggestions for Further Research 
Possibly the most relevant limitation within the study was the issue of potential landslide 

inventory bias, discussed in the previous section. Due to the prominence of the 2018 landslide 

event within the inventory, approximately 170 points of the 703 total, the model could be 

heavily influenced to primarily represent the conditions present there. Despite measures 

implemented to reduce the influence of the event, including a 100-meter minimum distance 

filter, the limited predictor significance identified in the 2001-2010 decadal model suggest a 

disproportionate influence of the 2011-2020 decade, and thus likely the 2018 cluster within it. 

Further research into the subject is encouraged to encompass a larger, more varied landslide 

inventory to avoid potential biases caused by single landslide events. Moreover, errors and 

inconsistencies identified in the later stages of the study limited the applicability and 

interpretability of several predictor layers. Most notably, the soil type layer was excluded from 

analysis following identification of critical processing errors which left the layer invalid. 

Similarly, the broad classification found within the land cover layer reduced interpretability of 

analysis results, limiting the understanding that could be gained regarding land cover types and 

landslide susceptibility. Additionally, reprojection required due to the extreme variation in 

spatial resolutions of acquired predictor layers introduced potential interpolation errors. An 

additional potential bias includes the distance to roads predictor, which was derived using a 

simple distance accumulation function. As the influence of distance to roads on landslide 

susceptibility reasonably becomes irrelevant beyond a certain distance, a simple accumulation 

function may not accurately represent this relationship, potentially inflating the significance of 

the distance to roads predictor. This concern may be unwarranted, however, as the similarly 

derived distance to streams/rivers predictor was among the most consistently insignificant 

predictors within the study. This observation suggests the accumulation function alone may not 

be responsible for the significance of the distance to roads predictor, though the potential 

limitation is still noteworthy. 
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Another notable limitation was the use of a logistic regression-based model instead of more 

advanced model alternatives. Logistic regression models assume a linear relationship between 

the predictors and the log-odds, something that is rarely the case in the natural world. 

Additionally, as the collinearity tests highlighted, the assumed independence of the predictors 

may also be faulty, as many predictors have complex, interdependent relationships not 

considered within the model. Other alternatives, such as random forest or neural network 

models, are more able to capture the predictor’s complex, non-linear relationships, and may 

therefore be more valid models to apply. Finally, logistic regression models may be sensitive 

to outliers within the data, and despite efforts to reduce this limitation with log transformations, 

it is still noteworthy in the case of potential extreme values. Given the limits of logistic 

regression outlined above, future research into the topic would benefit from the use of more 

advanced modelling techniques, such as neural networks or deep learning models, which are 

more capable of capturing the complex interdependencies between landslide conditioning 

factors. 

A further significant limitation concerns the precipitation variable used within the study. 

While annual precipitation was identified as an ineffective landslide predictor and was 

subsequently replaced with the more relevant maximum daily precipitation, daily interval 

precipitation data is still an imperfect predictor of landslide occurrence. Bezerra et al. (2025), 

for example, found that 48-hour metrics were the ideal metric for landslide susceptibility. 

Alternatively, effective antecedent precipitation (EAP), a metric that tracks the effective 

cumulative rainfall in the days leading up to a landslide event, has been found to have a much 

stronger correlation to landslide occurrence than other precipitation indices (Cheng et al., 2025). 

Additionally, a study using compound temporal precipitation, a multitemporal predictor 

constructed by jointly considering both long- and short-term precipitation data, found a 

significant increase in AUC across multiple experiments (Wang et al., 2026). Further research 

into the subject would benefit from the incorporation of more advanced precipitation metrics, 

such as EAP or compound temporal precipitation, which could more accurately observe the role 

of precipitation predictors within landslide susceptibility models. 

5 Conclusion 
This study developed and evaluated a logistic regression landslide susceptibility model for the 

Blue Ridge Mountain region of North Carolina, addressing three key objectives concerning the 

role of precipitation within the model and temporal transferability. The developed model 

demonstrated consistently high predictive accuracy across all random iterations, with the final 

full dataset model exhibiting an average AUC score of 0.85 with minimal variance, and 

displayed no signs of overfitting to the training data. Slope was identified as the most significant 

predictor within the model, followed closely by maximum daily precipitation, addressing the 

first major objective of the study. The extreme statistical significance of precipitation 

(p<0.0001) and its substantial effect size confirmed precipitation as a critical predictor within 

the landslide susceptibility model. The precipitation sensitivity analysis, meanwhile, 

demonstrated a relationship between increasing precipitation and predicted landslide 

occurrence within the model, addressing the second objective of the study. The stepwise 

increase in precipitation and the subsequent rise in predicted landslides within the dataset 

suggested a strong relationship between precipitation and landslide occurrence. Due to the 

logarithmic transformation of the raw precipitation data, however, diminishing returns were 

observed in landslide occurrence per stepwise increase in precipitation. 

The decadal cross-validation addressed the third and most central research objective, with 

results of the study suggesting that the predictive accuracy of an LSM trained on one 

precipitation regime is affected when validating against a differing set of precipitation 

conditions. Particularly noteworthy was the proportionally larger drop in accuracy in Model B, 
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trained on the more stable decade, when cross-validating into the more variable decade. 

Additionally, the marked increase in false positive errors within the same cross-validation 

suggested models based on more stable climatic conditions may experience an increasingly 

cautious overprediction of landslide occurrence when faced with more variable precipitation 

regimes. Noteworthy, however, was the potential landslide inventory bias associated with the 

over-representation of the 2018 landslide event, which may have disproportionately influenced 

model behavior and largely invalidated the decadal cross-validation for the first decade. 

Collectively, this study’s findings indicate that maximum daily precipitation plays a vital 

role as a predictor for landslide susceptibility, and that change in the variable causes a 

significant response in the accuracy and predicted occurrence of landslides for logistic 

regression LSMs within the study area. More broadly, these findings highlight the potential 

issue of temporal transferability within landslide modelling, and that further research is 

encouraged into the potential effect of a changing climate on LSM accuracy in the near future. 
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7 Appendix 

7.1 Appendix A 
This appendix contains the results of the final model test, which displayed little change from 

the initial model. Small increases in AUC can be noted, as well as slight changes in effect sizes 

for predictors, although the changes were deemed minimal enough to not be included in the 

results.  

 

 

 

 

  



41 

 

7.2 Appendix B 
The histograms of predictors which were log transformed were highlighted in the results 

section, while the remaining histograms are displayed here. The remaining predictors were 

found to not need log transformations due to a relative normality in their distributions or the 

categorical nature of the predictor making transformations invalid.  

 

 



      l o g i t  (   p  i ) =       𝛽 0 +   𝛴 ⁿ  ᵢ  = 1 𝛽 ᵢ x ᵢ # 1


      P    ( Y = 1 ) =   1 /  ( 1   +     e  − z ) # 2


        O R   =     e  𝛽 ᵢ # 3

