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The Slanské vrchy Mountains, a volcanic mountain range in eastern Slovakia, is a region critical for engineering-geological
research due to the widespread occurrence of diverse forms of slope deformation, conditioned by geological structure, ero-
sion, and gravitational processes, as well as by anthropogenic influences. Given the ongoing research, current attention is
focused on applying advanced methods for the registration, investigation, and statistical evaluation of slope deformation
structures. In this context, the use of a fifth-generation digital elevation model (DEM 5.0), created using airborne laser scan-
ning (LIDAR), is highly relevant due to its sub-metre accuracy. This model provides an excellent basis for generating para-
metric maps essential for analysing landslide susceptibility. A critical paradox has emerged: DEM 5.0 captures the terrain
after a landslide has occurred, including post-failure features such as steep scarps, which can lead to a misleading interpre-
tation of the original slope conditions. In contrast, older, less precise models, such as DEM 3.5 derived from topographic
maps, offer a more suitable representation of the pre-landslide terrain. This is because they better reflect the conditions un-
der which landslides initially formed, avoiding the distortion introduced by post-deformation features. This discrepancy sig-
nificantly impacts parameters such as slope angle, relief curvature and aspect. This study critically examines this issue by
comparing parametric maps derived from DEM 3.5 and DEM 5.0 for the southern Slanské vrchy mountains. While the engi-
neering-geological and land cover maps remain consistent across all three analyses, the DEMs yield differing spatial infor-
mation for elevation, slope, aspect and curvature. Our findings, validated by receiver operating characteristic (ROC) curves
and area under the curve (AUC) values, indicate that analyses using DEM 3.5 consistently yielded a higher predictive accu-
racy (e.g., AUC of 84.18% for the multivariate model) compared to DEM 5.0 (AUC of 80.89%). This highlights that superior
accuracy does not always translate to better suitability for specific geomorphological applications. LIiDAR (DEM 5.0) excels
at mapping and delineating existing slope deformation structures within GIS, but for generating susceptibility maps, it neces-
sitates removing landslide-affected areas and interpolating the original terrain.

=

Key words: landslide susceptibility, Slanské vrchy Mountains, DEM resolution, LiDAR, accuracy paradox.

INTRODUCTION these phenomena have a significant negative impact on the en-
vironment and the socio-economic sphere, justifying the need
for their thorough study.

The Slanskeé vrchy Mountains, a volcanic mountain range in Landslide susceptibility mapping is a critical tool for geo-

eastern Slovakia, are highly prone to slope failures, making the
region a key focus for engineering-geological studies. The re-
gion is characterized by diverse slope deformation structuress,
such as landslides and block slope failures, which are condi-
tioned by geological structure, erosion, and gravitational pro-
cesses, as well as by anthropogenic influences. Consequently,
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hazard management. It represents the likelihood of a landslide
occurring in a specific area based on local terrain conditions
(Brabb, 1984; Guzzetti et al., 1999). Susceptibility assessments
focus on forecasting the spatial distribution and proneness of
the landscape to slope failure (Guzzetti et al., 2005; Paudits,
2005). Over the past few decades, statistical methods have
proven to be a robust approach for this purpose (Carrara, 1983;
Chung and Fabbri, 1999).

The territory of Slovakia has a long history of landslide sus-
ceptibility assessments employing these methods, with a foun-
dational study by VIcko et al. (1980) laying the groundwork, fol-
lowed by a surge in research after 2002 (e.g., Paudits and
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Bednarik, 2002; Jurko, 2003; Ondrasik et al., 2005; Varga,
2006; Paudits, 2006; Bednarik, 2007; Krumpalova, 2008;
Magulova, 2009; Bednarik and Paudits, 2010; Grman et al.,
2011; Bednarik et al., 2014a). More recently, authors have fo-
cused on refining these models by incorporating advanced data
sources. For example, Busa et al. (2019) investigated landslide
susceptibility in the KoSice Basin and the Slanské vrchy using a
DEM 3.5, while Tornyai and Koudelka (2024) assessed a re-
gion near Cadca with the newer DEM 5.0.

Since 2017, Slovakia has undergone systematic airborne
laser scanning (ALS), yielding a fifth-generation digital eleva-
tion model (DEM 5.0). This model boasts sub-metre accuracy
with a raster resolution of up to 1 x 1 metre. Its high detail en-
ables the identification of numerous geomorphological fea-
tures, even in inaccessible areas or beneath dense vegetation.
As highlighted by Steger (2020), precise airborne digital eleva-
tion models are increasingly used by many researchers as a
basis for geomorphological analysis, including the creation of
parametric maps for statistical landslide susceptibility assess-
ments. Tools such as ArcGIS Pro and Quantum GIS are com-
monly used for processing these datasets. The widespread
adoption of Airborne Laser Scanning (LIDAR) has revolution-
ized geomorphological research, providing high-resolution digi-
tal elevation models with sub-metre accuracy (Liscak et al.,
2022). These highly detailed DEMs are invaluable for identify-
ing subtle geomorphological features, even in inaccessible or
densely vegetated areas. Consequently, many studies have
utilized high-resolution LIDAR-based data as a primary source
for creating parametric maps essential for landslide susceptibil-
ity analysis (Tornyai and Koudelka, 2024).

However, the use of high-resolution DEMs for this applica-
tion is not without its challenges. The scientific community is
currently debating whether superior accuracy and detail always
lead to improved predictive capability (Ahmed et al., 2025). A
number of studies have highlighted a critical paradox: while
high-resolution models excel at capturing intricate, real-world
features, they may also introduce noise or distortions that are
detrimental to susceptibility modelling (Okoli et al., 2023).This is
because these models, such as DEM 5.0, accurately represent
the terrain in its post-failure state, capturing features like steep
landslide scarps and accumulation lobes that are the result of a
landslide, not its cause (Guimpier et al., 2022). This can lead to
a misinterpretation of the original, pre-landslide slope condi-
tions, skewing the susceptibility analysis and affecting key pa-
rameters such as slope angle, curvature, and aspect.

Given these considerations, the primary objective of this pa-
per is to directly compare landslide susceptibility assessments
using parametric maps derived from both the older DEM 3.5
and the newer, high-resolution DEM 5.0. While input maps for
lithology and land cover are identical, the core difference lies in
the maps for elevation, slope, aspect, and relief curvature which
are derived from the two distinct DEMs. Our findings, verified
using ROC curves and AUC values, demonstrate that the anal-
ysis using the older DEM 3.5 yielded a higher predictive accu-
racy. This finding challenges the conventional assumption that
a higher resolution is always superior for susceptibility model-
ling. Instead, it suggests that for LIDAR data to be effectively
used for this purpose, a significant pre-processing step may be
required to remove existing landslide features and interpolate
the terrain before the landslide was triggered.

GEOLOGICAL SETTING

The central point of the area is the stratovolcano Velky
Mili¢, which has an elevation of 893.5 m a.s.l. This locality, situ-
ated southeast of KoSice city, is defined by the cadastral territo-
ries of 17 municipalities in the KoSice Region (Fig. 1).

Most of these municipalities have experienced intense
manifestations of slope deformation in the recent past. The year
2010 is characterized in the context of Slovakia as the “year of
landslides” (Grman et al., 2010; Liscak et al., 2010), when, after
heavy rainfall, many examples of slope deformation originated
or were reactivated, especially in eastern Slovakia, including
our study area. The affected municipalities include, for exam-
ple, Nizna Mysla, Vysny Caj, Slanec and Nizna Hutka. The
southern boundary of the area is formed by the state border with
Hungary. The total area of the territory studied is 189.6 km?.

From a geomorphological perspective, the area evaluated
is situated in the southern part of the Slanské vrchy mountain
range and belongs to the Alpine-Himalayan system, the Car-
pathian subsystem, the Western Carpathian province, the Inner
Western Carpathian sub-province, and the Matra-Slanec Area.
Part of the KosSicka kotlina (KoSice Basin) also falls within the
extent of the territory (Mazur and Luknis, 1978).

From a geological perspective, the Slanské vrchy is part of
the East Slovak Neogene Volcanics belt, which lies on older
Neogene strata. Their formation dates back to the Badenian to
Pannonian ages. Currently, they represent an eroded remnant
of extensive original volcanic structures (Kaliciak and Zec,
1995). In addition to Neogene strata, Quaternary deposits are
also found in the area, specifically those of slope (deluvial),
proluvial, eolian, and fluvial origin (Kaliciak et al., 1996).

Landslides represent the dominant type of slope deforma-
tion structures in the study area. These failures predominantly
developed in the peripheral parts of the mountain range, specifi-
cally in contact zones with Neogene strata. Here, their forma-
tion is conditioned by the lithological interface between the im-
permeable volcanic rocks and the overlying, less competent
Neogene clay strata. This interface often leads to the concen-
tration of groundwater and high pore water pressure, severely
reducing slope stability. Within the central volcanic structures,
landslides are present in deep valleys sculpted by erosion. Ad-
ditionally, block slides, block fields, scree slopes and boulder
fields are present in the study area (Nemcok, 1982).

MATERIALS AND METHODS

DIGITAL ELEVATION MODELS IN SLOVAKIA,
PARAMETRIC MAPS AND INPUT DATA

Digital Elevation Model 3.5 (DEM 3.5) represents the
Earth’s surface devoid of objects, consisting of a point set with
defined spacing that contains coordinate and elevation data.
Fundamentally based on DEM 3, which was developed through
the vectorization of topographic maps (primarily at 1:10,000
scale, supplemented by 1:25,000), DEM 3.5 was originally cre-
ated to generate contour lines for cartographic representation,
with certain areas also enhanced using elevation data from the
Basic Map of the Slovak Republic 1:10,000 (ZM SR 1:10,000)
series. The Military Topographic Institute of the Slovak Army
historically generated gridded data from these sources at reso-
lutions such as 10 x 10 to 100 x 100m; however, for our specific
purposes, we utilized the vectorized contour lines at 2 m inter-
vals, from which a raster was subsequently created with a cell
size of 1x1 m. Furthermore, DEM 3.5 corrects errors present in
the original DEM 3, such as incorrectly entered contour line ele-
vations, by correcting erroneous points through deletion and
subsequent remolding using surrounding data, contour lines
from the 1:10,000 Basic Map, or data from DEM 4.

In the Slovak Republic, the full-scale use of airborne laser
scanning began in 2017. During this period, the Geodesy, Car-
tography and Cadastre Authority of the Slovak Republic (GCCA
SR) started systematic scanning of the entire state territory,
which was completed in May 2023. Scanning was generally
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Fig. 1. Map of study area (processed in QGIS, data based on GCCA SR ortophoto map)

performed during the non-vegetation period, from November to
April of the following year. Planning also required consideration
of meteorological conditions such as precipitation, fog, and es-
pecially snow cover.

The primary output of the scanning process is a point cloud,
which, after post-processing, is used to derive either a Digital
Surface Model (DSM) or a Digital Elevation Model (DEM). The
DEM 5.0 is generated as a raster (GRID) with a 1x1 m resolu-
tion. This model is interpolated from the classified points as-
signed to the “ground” class within the point cloud. The interpo-
lation method used is the Inverse Distance Weighting (IDW) al-
gorithm, employing an exponent of 2 and a maximum of 12
neighboring points. The accuracy of the DEM 5.0 is high, with a
reported horizontal accuracy of 0.03 m and a vertical accuracy
of 0.09 m (Leitmanova and Galova, 2023). Most suppliers are
also capable of detailed classification of the point cloud, which
allows for the simultaneous generation of the DSM 1.0. This
model is likewise generated in GRID format with a 1 x 1 m reso-
lution and interpolated from selected point cloud classes (spe-
cifically excluding “low point (noise)” and “high point (noise)”),
using the same IDW algorithm as for the DEM 5.0.

The statistical analysis itself was preceded by the creation
of parametric maps. For our purposes, we selected the follow-
ing seven parameters that influence slope stability:

— map of registred landslides,

— reclassified thematic engineering-geological map,

— land cover map,

— elevation map,

— aspect map,

— slope gradient map,
— curvature map.
All data were processed in the QGIS software environment
with a raster resolution of 1 x 1 metre. For the purpose of land-
slide susceptibility assessment, three input maps were kept
consistent across all three analyses: a map of registred land-
slides, a reclassified thematic engineering-geological map and
a land cover map. The crucial difference lies in the derivation of
the remaining four parametric maps: elevation, slope orienta-
tion (aspect), slope gradient, and relief curvature. These maps
were generated independently of both DEM 3.5 and DEM 5.0,
allowing for a direct comparison of their influence on the result-
ing susceptibility models.
The first parameter evaluated is the map of registered land-
slides. The inventory for the susceptibility analysis utilizes 364
identified landslides. We focus exclusively on this type of move-
ment, as other slope deformation structures (e.g., block slides)
represent different mechanisms and stability factors, making
them unsuitable for the current statistical model. The activity
states of these landslides are categorized according to the re-
gional classification of Nemcok (1982; Table 1) into three main
categories (Fig. 2):
— active (14.44%): currently moving or recently moved;
— dormant/potential (67.34%): temporarily stable, but ca-
pable of renewed movement under critical conditions
(e.g., heavy rainfall or earthquake);

— stabilized (18.22%): movements have ceased, typically
due to long-term natural changes or human intervention,
making them currently safe.
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Fig. 2. Landslide map of study area (data based on Liscak et al., 2018)

Table 1

Distribution of landslide cla§ses W|th|n the entire study area

(km* and 9

Activity [Number of landslides/Area [km?ZJArea [%]Area total [%]
Active 114 6.38 14.44 3.37
Dormant 191 29.75 67.34 15.69
Stabilized 59 8.05 18.22 4.25
SUM 364 44.19 |100.00 23.30

For international comparability, the movement types are
cross-referenced with the globally accepted classifications of
Varnes (1978) and Hungr et al. (2014). Landslides together ac-
count for 23.30% of the total study area.

The landslide map itself was compiled based on the project
“ldentification, Registration, and Engineering-Geological Map-
ping of Slope Deformations” (Liscak et al., 2018). This project
included the actual field mapping of slope deformation struc-
tures, with their boundaries subsequently refined using DEM
5.0 data. The landslide boundaries are thus delineated with
sub-metre accuracy, ensuring a high-quality, up-to-date inven-
tory for the susceptibility analysis.

The second parametric map is the reclassified engineer-
ing-geological map, derived from the original 1:10,000 scale
mapping produced during the project “Identification, Registra-

tion, and Engineering-Geological Mapping of Slope Deforma-
tions” (Liscak et al., 2018). The lithology of the study area was
reclassified into six fundamental classes. Neovolcanic rocks
form the bedrock of the area, represented by various types of
andesite lavas and their volcanoclastic equivalents. The sedi-
mentary cover is dominated by Quaternary slope (deluvial)
(loamy-stony and debris-clay deposits) and fluvial deposits
(gravels, sands and silts). The Neogene strata, which are criti-
cal for slope stability, belong primarily to the Stretava Formation
(KoSice gravels) and consist of a heterogeneous mixture of
gravels, clays, sands and tuffaceous horizons. Aeolian (loess
and loess-clays) and proluvial deposits (alluvial fans) represent
a smaller portion of the territory (Table 2). A significant advan-
tage of this map is that DEM 5.0 visualizations, specifically
shaded relief and positive openness methods, were employed
to refine the mapped lithological boundaries with high precision
(Fig. 3A).

The third parameter analysed is the land cover map. The
primary data source was the vector map (GCCA SR, 2024) de-
rived from the ZB GIS catalogue (Geodetic and Cartographic
Institute Bratislava), which was subsequently reclassified into
eight categories. The territory is dominated by forest stands,
consisting mainly of deciduous and mixed forests typical of the
Slanské vrchy Mts., and arable land, which prevails in the
lower-lying basins. Other categories include shrubland (repre-
senting transitional woodland-shrub stages), gardens, and
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Fig. 3A - reclassified thematic engineering-geological map (data based on Liscak et al., 2018); B — landcover map (data based

on ZB GIS catalogue)
Table 2

Distribution of engineering-geological
classes within tpe entire study area
(km* and %)

Class| Genetical type |Area [km?JArea [%
1 Slope deposits 67.69 | 35.70
2 | Fluvial deposits | 25.59 13.50
3 | Aeoliandeposits 7.29 3.84
4 | Neogene strata | 16.20 8.54
5 |Proluvial deposits| 2.86 1.51
6 |Neovolcanic rocks| 69.98 36.91

meadows (permanent grasslands). Human-impacted areas are
represented by built-up areas and transport infrastructure, while
the smallest portion of the territory consists of water bodies
(Fig. 3B). The detailed percentage representation of each cate-
gory is provided in Table 3.

The fourth parameter is the elevation map, derived from
both DEM 5.0 (Fig. 4A) and DEM 3.5 (Fig. 4B). The model was
reclassified into 8 classes using a uniform 100-metre vertical in-
terval. This classification was chosen over the traditional
geomorphological belts of Slovakia (Mazur and Luknis, 1978) to
achieve a more balanced and statistically robust distribution of
data across the classes.

The starting threshold for the elevation intervals was set at
212 m a.s.l. This specific value was adopted to maintain meth-
odological continuity with previous landslide susceptibility re-
search in the Slanské vrchy Mts. (e.g., Busa et al., 2019). By
preserving these specific interval boundaries, we ensured that

Table 3

Distribution of land cover clazsses within the
entire study area (km” and %

Class| Description Area [km?]Area [%]
1 [Transport infrastructurel  0.96 0.51
2 Built-up area 1.63 0.86
3 Meadows 6.22 3.28
4 Arable land 67.58 35.64
5 Shrubland 8.69 4.58
6 Forests 98.00 51.69
7 Gardens 5.64 2.98
8 Water bodies 0.88 0.46

the new models derived from both DEM 3.5 and DEM 5.0 re-
main directly comparable with existing regional datasets and
previous statistical evaluations.

For both digital elevation models, the distribution of classes
is nearly identical. The most significant portion of the territory is
situated within the 212—-312 m a.s.l. range. Detailed area repre-
sentation and percentage shares for all elevation classes are
summarized in Table 4.

The aspect map is a crucial parameter, as it significantly in-
fluences the microclimatic conditions of the slopes. Slope orien-
tation affects the intensity of solar radiation, which directly im-
pacts evapotranspiration rates and soil moisture retention
(Paudits, 2005). Furthermore, slope aspect plays a role in the
spatial distribution of precipitation. In the Western Carpathians,
including the Slanskeé vrchy Mts., prevailing winds from the west
and north-west often create a rain-shadow effect. The wind-
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Table 4

Distribution of elevation classes within the gntire study area based on DEM 5.0 and DEM
3.5 (km” and %)

Class|interval [m a.s.l.]JArea DEM 5.0 [km?[Area DEM 5.0 [%]Area DEM 3.5 [km2JArea DEM 3.5 [%
1 (<212) 34.51 18.20 34.80 18.35
2 (212-312) 60.14 31.72 59.97 31.63
3 (312-412) 38.06 20.07 37.94 20.01
4 (412-512) 29.01 15.30 28.90 15.24
5 (512-612) 15.86 8.36 15.80 8.33
6 (612-712) 7.57 3.99 7.72 4.07
7 (712-812) 3.70 1.95 3.70 1.95
8 (>812) 0.76 0.40 0.78 0.41

ward slopes (W, NW) are typically exposed to higher cumula-
tive rainfall and more frequent intense precipitation events,
which can lead to increased pore water pressure and the sub-
sequent triggering of landslides.

This parameter was reclassified into nine classes: the eight
cardinal directions and flat terrain. The distribution of slopes
based on aspect varies slightly between the two models. In both
DEM 5.0 (Fig. 5A) and DEM 3.5 (Fig 5B), west-facing slopes
dominate the study area, while south-facing slopes and flat ter-
rain have the smallest representation. The comprehensive sta-
tistical distribution of aspect classes for both models is summa-
rized in Table 5.

Slope gradient is a fundamental factor in slope stability
analysis as it directly determines the components of gravita-
tional force. An increase in the slope angle leads to higher

shear stress acting along the failure surface. In our assess-
ment, this parameter was integrated as a continuous variable
reclassified into nine classes according to Matula et al. (1983),
allowing for the identification of critical threshold angles.

The analysis reveals that the majority of the study area
(~65%) is characterized by slopes ranging from 3 to 17°. Within
this range, the most frequent inclinations are between 7 and
11°, which correspond to the typical geomorphological setting
of the landslide-prone peripheral zones of the Slanské vrchy
Mts. A significant finding is the discrepancy in steeper terrain
representation; the high-resolution DEM 5.0 captures a much
larger portion of slopes above 31° (1.95%; Fig. 6A) compared to
the older DEM 3.5 (0.15%; Fig. 6B), which heavily generalizes
extreme relief features. All detailed values are summarized in
Table 6.
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Distribution of slope aspect classes within th

Table 5

entire study area based on DEM 5.0 and DEM

3.5 (km” and %)

Class| Interval [°] IArea DEM 5.0 [km?]Area DEM 5.0 [%]Area DEM 3.5 [km?|Area DEM 3.5 [%]
1 flat (1) 0.25 0.13 0.1 0.06
2 N (337.5-22.5) 22.98 12.12 21.76 11.47
3 | NE (22.5-67.5) 24.28 12.81 24.35 12.84
4 E (67.5-112.5) 22.46 11.84 21.89 11.54
5 |SE (112.5-157.5) 17.42 9.19 17.97 9.48
6 | S (157.5-202.5) 16.58 8.75 16.28 8.58
7 |SW (202.5-247.5) 23.13 12.20 22.02 11.61
8 | W (247.5-292.5) 34.03 17.95 35.49 18.72
9 INW (292.5-337.5 28.48 15.02 29.75 15.69

Slope curvature is a critical parameter for assessing surface
processes, as it controls the acceleration and convergence of
water runoff and material transport. Profile curvature affects the
flow velocity, while planform curvature influences the spatial
concentration of surface water (Mitasova et al., 1995). In this
study, we distinguish three primary geomorphological forms:
convex, concave, and linear.

A crucial methodological step was defining the interval for
linear (planar) forms. Based on the regional characteristics and
to maintain consistency with previous susceptibility research in
the Slanské vrchy Mts. (e.g., Busa, 2019), we adopted the
threshold values from Tornyai and Duncko (2013), ranging from
-0.00025 m™" to 0.00025 m™".

The results reveal a fundamental discrepancy between the
two models. The high-resolution DEM 5.0 is almost evenly di-
vided between convex and concave forms, with linear forms

representing only a negligible portion of the area. This distribu-
tion highlights the LIDAR model’s ability to capture micro-relief
complexity, although at certain scales it may appear as a “com-
plex overlay” of overlapping features (Fig. 7A). In contrast, the
DEM 3.5 is dominated by linear forms, which is a direct conse-
quence of the smoothing effect and lower resolution of the
source data, leading to a more generalized representation of
the terrain (Fig. 7B). Detailed quantitative data for all curvature
classes are summarized in Table 7.

FREQUENCY RATIO

The Frequency Ratio (FR) method is a quantitative statisti-
cal approach widely used for landslide susceptibility mapping.
Its popularity stems from its straightforward calculations and
easy-to-interpret results, making it an ideal choice for GIS-ba-
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Fig. 6A - reclassified slope gradient map of the study area processed in QGIS using DEM 5.0 data; B — DEM 3.5 data

Table 6

Distribution of slope gradient classes within the entire study area based on DEM 5.0
and DEM 3.5 (km* and %)

Class|interval [°]Area DEM 5.0 [km?|Area DEM 5.0 [%]Area DEM 3.5 [km?]Area DEM 3.5 [%]

1 (<2) 24.40 12.87 24.43 12.89

2 (2-3) 13.51 7.13 11.96 6.31

3 | (3-5) 31.10 16.40 3217 16.97

4 (5-7) 29.19 15.39 34.02 17.95

5 7-11) 35.37 18.66 39.70 20.94

6 | (11-17) 27.22 14.36 28.79 15.19

7 | (17-20) 8.75 4.61 8.62 4.55

8 | (20-31) 16.37 8.63 9.58 5.05

9 (>31) 3.69 1.95 0.29 0.15
sed analysis. The core principle of the method is to quantify the (A;, /A,) [1]
spatial relationship between landslide occurrences and individ- FR= ( Al A)

ual environmental factors. The resulting FR values serve as
weights for each class of a given parameter, reflecting its rela-
tive importance in landslide formation (Gulbet and Getahun,
2024).

The key step in the FR method is calculating the frequency
ratio for each discrete class (category) within a given parameter
(e.g., lithology, slope or aspect). The FR value is obtained by
comparing two ratios:

— the ratio of the area of landslides within a given class to

the total landslide area in the study region;

— the ratio of the total area of that class to the total area of

the entire study region.

Mathematically, this principle is expressed by the following
formula:

where:-A; — the area of a parameter’s class that is affected by a
landslide; A, — the total landslide area in the entire study region; A, —
the total area of the given parameter’s class; A — the total area of the
entire study region.

The resulting FR values can be interpreted as follows:

— FR>1-this value indicates that the given class is highly
susceptible to landslides, as they occur more frequently
within this class than would be expected.

— FR <1 —this value suggests low susceptibility.

— FR = 1 — this value indicates average susceptibility,
meaning landslides occur within this class at a rate simi-
lar to that of the entire study area.
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Fig. 7A - reclassified curvature map of the study area processed in QGIS using DEM 5.0 data; B — DEM 3.5 data

Table 7

e gntire study area based on DEM 5.0 and DEM 3.5

Distribution of curvature classes within t(l|1(

m* and %)

Classl Interval [m™] IArea DEM 5.0 [km?]Area DEM 5.0 [%]Area DEM 3.5 [km?]Area DEM 3.5 [%]|
1 | convex (< —0.00025) 93.27 49.19 62.32 32.87
2 llinear (—0.00025-0.00025) 4.29 2.26 70.93 37.41
3 | concave (>0.00025) 92.04 48.54 56.36 29.72

After calculating the FR values for all classes of each pa-
rameter, the original raster layers are reclassified. The initial
class values are replaced with the calculated FR values. This
step is crucial because it transforms qualitative or quantitative
environmental data into weights that express their significance
in landslide formation.

The next step is to create the final susceptibility map by
summing all the reclassified raster layers. The resulting map,
where each pixel holds the cumulative sum of the FR values
from all influencing parameters, represents a cumulative land-
slide susceptibility index. Areas with a high sum of FR values
are identified as zones of high susceptibility, while those with a
low sum are considered stable.

BIVARIATE ANALYSIS

Bivariate statistical analysis of the landslide susceptibility is
based on the comparison of a landslides occurrence and a set
of the input factors that affect the stability slopes. As mentioned
before, all input factors are prepared in form of a raster (or a
grid) as a set of parametrical maps (or index maps; Paudits et
al., 2014, or thematic data layers; Pourghasemi et al., 2012)
with the same geometrical properties: grid origin, grid resolution
and area selection studied. The raster resolution for each

parametrical map is 1 x 1 m (1 m?), with total number of cells
within the area under study after geographic selection equal to
189 609 740 (m?).

The landslide parametrical map represents a spatial dichot-
omous variable with only two possibilities, such as a presence
or absence of landslide cell within the study area. These two
possibilities form a mutually exclusive and exhaustive system of
the events, since the two events cannot happen at the same
time. They also refer to disjoint events where the probability be-
tween them will have a zero value — there is no probability for
them to occur simultaneously; or their intersection is an empty
set; or these two events have no outcomes in common:

P(110) =P(0nT) =0 [2]

The notion “exhaustive” refers that an event (one of them)
must occur. Let us denote by A the study area, discriminated
into a total N(A) number of cells (189 609 740 in our case). The
code “1” will represent a raster cell with the presence of a land-
slide (positive cells) and code “0” is its complement such as:

N(1)+ N(0) = N(A) 3]
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In the other words, the sum of number cells with landslide
and without landslide is equal to the total number of cells within
the study area. Since the presence or absence of landslides
within the study area form an exhaustive system of events, their
respective probabilities P will sum up to 1:

N |
N(A)

N(O)

_ _ (4]
Ny ~PO+PO)=1

Let us consider an individual factor as “F’. As noted above,
we have a set of the individual input factors F;; i =1, ..., n; in
form of the parametrical or index maps. We will use the letter “F’
instead of “P” for the parametrical map, so as not to create con-
fusion with a probability notation.

Now, we assume that F; is originally categorized into m
classes of discrete indices; j= 1, ..., m; (for instance geology or
landcover) or has continuous factor values and these are subdi-
vided into m; discrete index classes (for instance slope or as-
pect). The process is known in the GIS community as a (pri-
mary) reclassification. From the point of view of probability the-
ory, the m classes of a factor i represent a set of outcomes with
a set of distinct possibilities that exhaust the possible results. By
definition, given a finite set of outcomes, the probability of each
outcome is a number between 0 and 1, assigned in such a way
that the sum of the probabilities of all outcomes is equal to 1 —
neither more nor less.

The total number of cells for the m classes of the ith factor
within layer F; is equal to N(A):

nj=1,.,m; [5]

iN(FU) =N(F)=N(A)fori=1,...,

Analogously to the landslide parametric map, a set of m;
classes of a factor F; form a mutually exclusive and exhaustive
system of events, and summation of their individual probability
of occurrence is equal to one (their intersection is an empty set):

M) o g

-1

—

Each factor map F; is overlapped with the landslide inven-
tory map to obtain a number of landslide pixels for each individ-
ual class j of the factor map — hence the bivariate analysis.

Many bivariate methods have been proposed and applied in
landslide susceptibility analysis. An excellent review can be
found in Liand Lan (2023). In this article, we followed the meth-
odology proposed by VIcko et al. (1980), known as the entropy
index or index of entropy (Li and Lan, 2023).

The method proposed is based on a process of weighting of
an information coefficient, which is obtained from the standard-
ised difference of a factor entropy and its maximum entropy.
The methodology workflow starts with calculation of the relative
frequencies of the positive landslide cells within the jth class of
factor Fj, 1; ;, to the total cells of the jth class of factor F;, F; ;:

_ N(1i,j) [7]

The ratio s, in VIcko et al. (1980), denoted as the “probabil-
ity” of landslide occurrence for each class jth of factor F;, F; ;. We
denote those relative frequencies as “R” instead of “P”, which
will be reserved for probability in the following text.

The next step is to normalise every relative frequency R; |
relative to the sum of all probabilities to get the “probability den-
sity” (VIcko et al., 1980):

R, [8]

It has been claimed (Li and Lan, 2023) that the ratio repre-
sents the conditional probability of landslide presence, given as
Fi ;. The conditional probability is equal to the ratio of landslide
pixels’ intersections with the jth class of factor Fi

R_:N(m ;) _P(1nF, )

YN PR,

[0l

=P(1,)

Unfortunately, the summation of the conditional probabili-
ties P(1|F; ) for all classes of a given factor is not equal to 1 (the
universal condition). Only the conditional probabilities of land-
slide appearance given F; ; and landslide absence given F; ;
sum up to 1 because, as stated before, the “presence” and “ab-
sence” of a landslide are mutually exclusive and exhaust a sub-
area F; ;. This means the summation of all conditional probabil-
ity for each of the classes j = 1, ..., m; of any factor F;leads ex-
actly to the number of classes m of the factor F.. In other words,
the landslide presence itself does not constitute an exhaustive
system of the events without its complement. The conditional
probability P(1|F; ;) indicates that we are considering the proba-
bility of landslide presence relative to the factor class F; ;.

Let us take a deeper look at “probability density”. The proba-
bility can be expressed as follows:

N(1~F,;)/N(F, ;) P(1F,)

[nGeor, v )] SR,

(10]

j=

The equation can be written in form of a conditional proba-
bility:

MO FAND POOR) o !

N(1)/ N(A) P(1)

This time, the conditional probabilities P(1|F; ;) sum up to 1.
Since in practice we are not interested in subareas without land-
slide occurrences, the set of classes j of factor i, F; j, within the
landslide subareas constitutes a mutually exclusive and ex-
haustive system of the events. In fact, if we consider that P (1) =
0, then the roles of F; jand 1 are interchangeable because F; ;N
1 is the same as 1 n F; jand it follows that:
P(1nF, ;) =P(P(F 1) or P(F ;1) = P(m ) 12

The classes m of mutually exclusive events constitutes a
set of random outcomes of a respective factor i, which is consid-
ered as arandom variable. Given a set of the probabilities of the
occurrence of m; classes within the landslide subareas, the en-
tropy of a random variable can be written as:
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] ) 1) |[13]
H; = - it [P’l/ '|092(P,-,,-)] orH; = Zj:l1 l:P” oo (PH

ij

where —log(P; ), or logx(1/P; )), is the information content
C;of arandom event F;, which is a function increasing in an indi-
rect way as the probability of P; ; decreases.

The entropy in terms of the information content expresses
the expected amount of information transferred by identifying
the possible outcomes of a random trial:

H =E[C,]1=E[-log,(P,,)] [14]

where E is the expected value operator. The expected value
is calculated as a linear combination (weighted average), where
the weights for each information content C; is given by the re-
spective probability P;; with respect to the universal condition
that the sum of the probabilities is one. From the above, the en-
tropy of a random variable quantifies the average level of uncer-
tainty associated with the variable’s possible outcomes.

The final entropy of a factor F; is compared to its maximal
entropy. Under the universal condition that the sum of probabili-
ties equals to one, the maximum entropy discrete probability
distribution among m mutually exclusive events is the uniform
distribution:

P,j:ifor j=1,...,m [15]
TR

!

The expression states that the least informative distribution
would occur when there is no reason to favour any one of the
class j over the others. In that case, each class has the same
probability to occur, which leads to the uniformity of the proba-
bility distribution — nothing is more probable than the other.
Then, the entropy would be equal to its maximum possible
value, which is given as:

2 o 18
Hoae = =2 P, -logz(P,, )] = —2{14092[,”} log, ()]

= m;

The entropy can be therefore be seen as a numerical mea-
sure, which describes how uninformative a particular probability
distribution is. It ranges from zero for total classes of factor
F;i (m;=1) as completely informative, to logz(m;), which results in
a completely uninformative situation. When the entropy is zero,
it is a case of impossibility with probability P;; = 0 for all or m;— 1
classes j, or total certainty with probability P;;= 1 for one class .
In these cases, there is no uncertainty at all; simply because
there is no choice.

The standardised difference between the maximal entropy
and entropy defines the information coefficient /;

(17]

The information coefficient ranges from 0 to 1, depending
on how close is the entropy of a factor F; to its maximal entropy.

Bivariate statistical analysis of the landslide susceptibility
results in an continuous output variable, spatially distributed on
an input grid covering a study area. The output variable is ob-
tained as a linear combination of the secondary reclassified in-
dices and the weights for each input factor. The secondary re-
classification is based on the calculated probability score,

where a class with no occurrence within the landslide gets the
index equal to zero and the class with the highest probability
gets the value equal to the topmost index of the primary reclas-
sification and so on. The respective weights w; for the input fac-
tor F; are calculated as the product of the information coefficient
Iy and the average probability:

w, =1 P, [18]

To ensure unbiased estimation of the landslide sustain-
ability values, the weights obtained were normalised to respect
the universal condition that the weights sum up to 1:

Sw -1 (19

The final linear combination of the landslide sustainability
values LSS is calculated in the form of a weighted average as a
product of the calculated weights w; and the secondary reclassi-
fied classes of factor:

LSS=3F w, [20]

i=1

MULTIVARIATE ANALYSIS

Multivariate statistical analysis represents an advanced
method applied in landslide susceptibility assessment, which
involves the combination of all input data layers (Bednarik et al.,
2014b). Unlike bivariate statistical analysis, this approach does
not incorporate a weighting process for individual parameters
during the susceptibility evaluation (Holec et al., 2018).

In the case of conditional analysis, the mutual combination
of input parametric maps results in a table containing all possi-
ble combinations of categories across all input maps. The out-
comes of these combinations are new spatial units referred to
as Unique Conditional Units (UCUs). These are formed by the
spatial overlaying of individual categories from the parametric
maps onto each other and represent a quasi-homogeneous
unit (Paudits, 2005).

Landslides located within the resulting combinations (areas
with landslides are assigned a value of 1, areas without land-
slides a value of 0) are then ranked based on their calculated in-
tensity of occurrence. This intensity is expressed as the ratio of
the number of UCU cells with landslides to the total area of the
UCU, and the results are subsequently ordered in descending
order for the individual combinations, acquiring values ranging
from 0 to 100%. Values approaching 100% are considered the
most unfavourable from the perspective of landsliding (Holec et
al., 2013).

LANDSLIDE SUSCEPTIBILITY ANALYSIS
AND RESULTS

REPRESENTATION OF LANDSLIDES WITHIN INDIVIDUAL
PARAMETRIC MAPS

Analysing the representation of landslides within the individ-
ual parametric map classes provides key insights into the fac-
tors influencing their formation and distribution. For each pa-
rameter, a table is provided showing the distribution of individ-
ual classes in km? and percentages. In the case of elevation,
aspect, slope, and curvature, the tables show separate values
for both the DEM 5.0 and DEM 3.5 models.
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Table 8

Distribution of engineering-geological classes

within the landslide-affected area (km2 and %)

From a lithological perspective, the overwhelming majority
of landslides are concentrated within slope (deluvial) deposits.
These are primarily composed of loams and sandy loams, but
also include stony-loamy deposits, debris-clay deposits, and
sandy-loamy gravels with rock fragments. The high concentra-
tion of landslides in these units is attributed to their unconsoli-
dated nature and high permeability. This heterogeneous mix-
ture is highly susceptible to rapid saturation during heavy rain-
fall, which increases pore water pressure and significantly re-
duces the shear strength of the material.

Furthermore, a significant portion of failures is linked to the
contact between the volcanic bedrock (neovolcanic rocks) and
the underlying Neogene strata. In this geological setting, the
rigid andesites and their volcanoclastic equivalents commonly
overlie the plastic clays and silts of the Stretava Formation (and
Kosice gravels). This lithological interface, which also contains
sands and tuffaceous horizons, acts as an impermeable sliding
base. Groundwater accumulating at this boundary creates ideal
conditions for the development of failure surfaces, leading to
the high landslide density observed at the transition between
the mountains and the basin. The complete distribution of land-
slides across all engineering-geological units is detailed in Ta-
ble 8.

Regarding land cover, the highest landslide density is ob-
served in forest stands and arable land. The high representa-
tion in forested areas is typical of the steeper, higher-elevation
zones of the Slanské vrchy Mts., where ancient landslides are
commonly stabilized by vegetation but remain a dominant part
of the geomorphological record. The significant occurrence on
arable land, however, points to the influence of human activity;
intensive agricultural use on the foothills can disrupt slope equi-
librium and alter natural drainage patterns, especially on sensi-
tive Neogene substrates. These findings are summarized in
Table 9.

The analysis of elevation reveals a clear landslide “hotspot”
in the 212-312 m a.s.l. range for both the DEM 5.0 and DEM
3.5 models. This altitudinal belt corresponds to the transitional
zone between the volcanic mountain range and the sedimen-
tary basin. This zone is characterized by a critical combination
of increased slope gradients and the presence of land-
slide-prone Neogene strata at the surface. As elevation in-

- - > —s Class| Description Landslide [km?]Landslide [%)]

CI?SS gﬁg?ggg};ﬁ; Landggdgs[km ]Lan(é%hgg % 1 [Transport infrastructure 0.18 0.40
2 | Fluvial deposits 0.02 0.06 5 BK/'I't'“dp area ?'22 g'gi
3 |Aeolian deposits 0.63 1.44 : A e; °|WS S 546 3200
4 | Neogene strata 6.1 13.83 5 Srlaw‘ EI and 2.28 5'17
5 |Proluvial deposits| __ <0.01 <0.01 : Fgure ;2 55 08 1990
6 |Neovolcanic rocks 10.77 24.37 - Gardens 534 529
8 Water bodies 0.04 0.08

Table 9

Distribution of land cover classezs within the land-
slide-affected area (km”and %)

creases above 512 m a.s.l., the landslide frequency drops sig-
nificantly, as these higher areas are dominated by more compe-
tent, massive volcanic units with higher internal stability. De-
tailed area and percentage shares for each elevation class are
shown in Table 10.

Despite the significant differences in the resolution of the
two models, the distribution of landslides across elevation
classes for both DEM 5.0 and DEM 3.5 is remarkably similar.
The percentage values for individual intervals differ only mini-
mally. This suggests that the overall altitudinal distribution of
landslides is not fundamentally influenced by the differing levels
of detail present in the two digital elevation models. This finding
corroborates that the main altitudinal belts prone to landslide
development remain consistent regardless of the underlying
DEM used.

The distribution of landslides based on slope aspect reveals
significant spatial patterns that point to the influence of local me-
teorological and microclimatic conditions. Instead of a dis-
persed distribution, a clear concentration of landslide-affected
areas is observable along specific orientations.

A direct comparison of both digital elevation models reveals
a consistent trend: the highest concentration of landslides is sit-
uated on west-facing slopes, followed by northwestern and
northeastern aspects. This higher frequency on windward
slopes (W, NW) is likely linked to the prevailing wind directions
in the Slanské vrchy Mts., which bring the majority of precipita-
tion-bearing fronts. These slopes are exposed to higher cumu-
lative rainfall, leading to more frequent saturation of the deluvial
cover and the underlying Neogene clays. In contrast, the lower
proportion of landslides on south- and south-east-facing slopes
may be attributed to higher solar radiation and increased eva-
potranspiration, which help maintain lower soil moisture levels.

It is important to emphasize that these results represent the
spatial frequency and concentration of existing landslides within
specific classes, rather than a final susceptibility assessment.
The consistency between the DEM 5.0 and DEM 3.5 models
confirms that the directional influence on landslide occurrence
is a robust geographical feature of the area, although the
lower-resolution model tends to slightly over-represent the area

Table 10

Distribution of elevation classes within the landslide-affected area (km” and %)

Class|interval [m a.s.l.JLandslide DEM 5.0 [km?]Landslide DEM 5.0 [%]Landslide DEM 3.5 [km?|Landslide DEM 3.5 [%
1 (<212) 3.08 6.98 3.04 6.89
2 (212-312) 19.76 44.72 19.92 45.07
3 (312-412) 10.63 24.05 10.54 23.86
4 (412512) 6.22 14.07 6.17 13.97
5 (512-612) 3.22 7.29 3.21 7.27
6 (612-712) 1.07 2.42 1.08 2.45
7 (712-812) 0.21 0.47 0.22 0.49
8 (>812) 0.00 0.00 0.00 0.00
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Table 11

Distribution of aspect classes within the landslide-affected area (km? and %)

Class Interval [°] Landslide DEM 5.0 [km?]Landslide DEM 5.0 [%]Landslide DEM 3.5 [km?|Landslide DEM 3.5 [%
1 flat (1) 0.04 0.09 0.02 0.05
2 | N (337.5-22.5) 5.34 12.08 5.24 11.87
3 | NE (22.5-67.5) 5.91 13.37 6.44 14.57
4 | E (67.5-112.5) 4.94 11.17 4.99 11.30
5 |SE (112.5-157.5) 4.19 9.49 4.01 9.07
6 | S (157.5-202.5) 4.06 9.18 3.63 8.23
7 |SW (202.5-247.5) 5.88 13.32 5.28 11.94
8 | W (247.5-292.5) 8.05 18.22 8.60 19.47
9 INW (292.5-337.5) 5.78 13.08 5.97 13.52
Table 12

Distribution of slope classes within the landslide-affected area (km” and %)

Class|interval [°JLandslide DEM 5.0 [km?]Landslide DEM 5.0 [%]Landslide DEM 3.5 [km?|Landslide DEM 3.5 [%
1 (<2) 1.59 3.61 0.57 1.24
2 (2-3) 2.08 4.72 1.26 2.82
3 (3-5) 7.96 18.01 8.47 19.23
4 (5-7) 9.66 21.87 12.17 28.10
5 | (7-11) 12.02 27.21 14.21 32.10
6 | (11-17) 6.54 14.81 5.90 13.07
7 | (17-20) 1.43 3.23 0.80 1.73
8 | (20-31) 2.25 5.09 0.76 1.63
9 (>31) 0.64 1.46 0.04 0.07
Table 13
Distribution of curvature classes within the landslide-affected area (km” and %)
Class| Interval [m™] Landslide DEM 5.0 [km?]| Landslide DEM 5.0 [%] |Landslide DEM 3.5 [km?]| Landslide DEM 3.5 [%]
1 Convex (< —0.00025) 21.80 49.33 16.52 37.38
2 Linear (—0.00025-0.00025) 0.90 2.03 14.84 33.58
3 Concave (>0.00025) 21.49 48.64 12.83 29.03

of western aspects due to its inherent smoothing effect. The de-
tailed statistical shares for all aspect classes are summarized in
Table 11.

Slope gradient is one of the most critical factors for slope
stability as it directly governs the distribution of gravitational
forces. Anincrease in slope angle leads to a higher shear stress
acting along potential failure surfaces, while simultaneously de-
creasing the normal stress component that contributes to fric-
tional resistance. In the context of the Slanské vrchy Mts., iden-
tifying the critical slope thresholds is essential for understanding
where the balance between driving and resisting forces is most
frequently disturbed.

The analysis of landslide distribution across slope classes
reveals that the highest concentration of deformation structures
in both models occurs within the 5 to 11° range, with a peak in
the 7-11° interval. This confirms that landslides in the study
area are primarily tied to moderate slopes, where thick accumu-
lations of deluvial deposits on a sensitive Neogene substrate
create a high potential for failure. Detailed quantitative data for
all slope classes are shown in Table 12.

A significant discrepancy between the two models arises in
the steeper categories (>17°). The high-resolution DEM 5.0
identifies a much higher proportion of landslide areas in these
steep intervals compared to DEM 3.5. This is due to the
LiDAR-based model's ability to accurately capture the internal
micro-morphology of landslides, such as steep headscarps,
secondary scarps, and tension cracks. These features com-
monly exhibit gradients far exceeding the original slope angle.

While DEM 5.0 provides a superior representation of the
present-day geomorphology, these high-gradient values repre-
sent the result of the landslide process rather than the condi-
tions that initiated it. In contrast, DEM 3.5, due to its lower reso-
lution and inherent smoothing effect, filters out these post-fail-

ure micro-features. This generalization results in a distribution
that reflects the macro-relief rather than the specific landslide
anatomy. In susceptibility modelling, this distinction is crucial,
as the extreme slopes captured by high-resolution models can
disproportionately influence the statistical weighting of steeper
classes.

The analysis of landslide distribution across terrain curva-
ture classes provides essential insights into the hydrological
and geomorphological processes governing slope instability.
Curvature directly influences the dynamics of surface runoff
and the spatial concentration of soil moisture, which are primary
triggers for failure in the clay-rich substrates of the Slanské
vrchy Mts.

Based on the DEM 5.0 data, the landslides show a nearly
equal distribution between convex and concave terrain forms,
while linear (planar) forms represent only a negligible share.
This balanced distribution is highly characteristic of the com-
plex, hummocky micro-relief typical of landslide bodies. The
high-resolution LIiDAR data captures the intricate alternation of
secondary scarps and depressions (concave forms), where wa-
ter tends to converge, and accumulation lobes or transverse
ridges (convex forms). This suggests that the model is captur-
ing the internal morphological complexity of the landslide itself,
rather than just the pre-failure slope.

In stark contrast, the DEM 3.5 data shows a significantly
higher proportion of landslides within linear forms. This disparity
is a direct result of the smoothing effect and lower resolution of
the older model, which fails to detect the subtle micro-topo-
graphic features of the landslide surface. By generalizing these
features into planar surfaces, the DEM 3.5 loses critical infor-
mation regarding water convergence zones, which are essen-
tial for accurate susceptibility mapping. The detailed statistical
distribution for all curvature classes is summarized in Table 13.
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Fig. 8A — landslide susceptibility map of the study area based on DEM 5.0; B — DEM 3.5 results of the frequency ratio
(processed in QGIS)

Table 14

Distribution of landslide susceptibility classes based on frequency ratio
analysis using DEM 5.0 within the ent;re study area and landslide-affected
area (km” and %

Class| Description Area [km?]|Area [%]Area landslide [km?JArea landslide [%]
1 [Very low susceptibility| 19.15 | 10.10 0.04 0.08
2 Low susceptibility 44.81 23.63 3.77 8.53
3 |Moderate susceptibility 57.96 | 30.57 12.82 29.01
4 High susceptibility 46.33 | 24.44 17.34 39.25
5 |Very high susceptibilityy 21.35 11.26 10.22 23.13

RESULTS

This study utilized three distinct statistical methods fre-
quency ratio, bivariate analysis, and multivariate analysis to as-
sess landslide susceptibility. Given that each method was ap-
plied to two separate datasets derived from DEM 5.0 and DEM
3.5, a total of six landslide susceptibility maps were generated.
The performance of each map was evaluated using a Receiver
Operating Characteristic (ROC) curve, which will be shown
along with a detailed table for each method.

For all six of the final susceptibility maps, the continuous in-
tensity values were reclassified into five distinct classes: very
low, low, moderate, high, and very high. Initially, we attempted
to use the “natural breaks” method for reclassification, but the
results were unsatisfactory, as a significant portion of the land-
slide-affected area was incorrectly categorized into the lowest
susceptibility class. Therefore, this reclassification was per-
formed using the Geometrical Interval method. The following
sections provide a detailed overview of the results for each ana-
lytical approach, including the susceptibility maps, comprehen-
sive tables that show the distribution of these classes across

both the entire study area and specifically within the land-
slide-affected zones, and the corresponding ROC curves that il-
lustrate the predictive performance of each model.

Frequency ratio analysis of the DEM 5.0 data shows that the
‘High susceptibility’ class covers the largest portion of the study
area (24.44%; Fig. 8A). The ‘Very high susceptibility’ class,
which covers 11.26% of the study area, contains 23.13% of all
mapped landslides. The ‘High susceptibility’ class contains an
even larger portion, with 39.25% of landslides found within its
boundaries. Together, these two classes contain a combined
62.38% of the total landslide area. Conversely, the ‘Very low
susceptibility’ class, covering 10.10% of the study area, con-
tains only a negligible 0.08% of landslides (Table 14).

The DEM 3.5 data shows a different distribution (Fig. 8B).
The ‘High susceptibility’ class covers the largest portion of the
study area (30.19%), with the ‘Very high susceptibility’ class
covering a substantial 25.75%. This model demonstrates even
greater predictive power. The ‘Very high susceptibility’ class ac-
counts for a remarkable 50.48% of all mapped landslides, while
the ‘High susceptibility’ class contains an additional 35.38% of
the landslides. In total, these two classes constitute 85.86% of
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Table 15

Distribution of landslide susceptibility classes based on frequency ratio
analysis using DEM 3.5 within the entjre study area and landslide-affected
area (km” and %

Class| Description Area [km?]Area [%]Area landslide [km?]Area landslide [%)]
1 [Very low susceptibility| 19.92 10.51 0.02 0.04
2 Low susceptibility 27.23 14.36 1.61 3.64
3 |Moderate susceptibility 36.39 | 19.19 4.62 10.45
4 High susceptibility 57.24 | 30.19 15.63 35.38
5 |Very high susceptibilityy 48.82 | 25.75 22.30 50.48

the landslide area. The ‘Very low susceptibility’ class, covering
10.51% of the study area, contains only a minimal 0.04% of
landslides (Table 15).

The predictive performance of the Frequency Ratio models
was validated using Receiver Operating Characteristic (ROC)
curves. The model based on DEM 3.5 achieved an Area Under
the Curve (AUC) value of 76.18%, indicating a high level of ac-
curacy. In comparison, the model using DEM 5.0 showed a
slightly lower predictive performance, with an AUC value of
74.58%. The results demonstrate that the model derived from
the DEM 3.5 was more effective at concentrating the observed
landslides into the highest susceptibility classes (Fig. 9).

For the Bivariate Analysis using DEM 5.0, the ‘Very high
susceptibility’ class covers a significant portion of the study area
(21.22%; Fig. 10A). More importantly, this class contains the
largest share of landslides, accounting for 38.30% of the total
landslide area. The ‘High susceptibility’ class, which covers
19.19% of the study area, contains an additional 30.87% of the
landslides. Cumulatively, the two highest classes account for

69.17% of the total landslide area. In contrast, the ‘Very low
susceptibility’ class, despite covering 14.13% of the area, con-
tains a negligible 0% of the landslides, highlighting the model’s
effectiveness at identifying stable areas (Table 16).

The Bivariate Analysis of the DEM 3.5 data shows a very
similar distribution (Fig. 10B). The ‘Very high susceptibility’
class, covering 19.78% of the study area, captures 38.34% of
all mapped landslides. The ‘High susceptibility’ class accounts
for an additional 31.02% of landslides, while covering 20.05%
of the study area. Together, these two classes concentrate a
cumulative 69.36% of the total landslide area, a result almost
identical to the DEM 5.0 model. The ‘Very low susceptibility’
class (13.72% of the study area) also contains a minimal 0.01%
of the observed landslides (Table 17).

The predictive performance of the Bivariate Analysis mod-
els was again validated using ROC curves. The model based
on DEM 3.5 achieved an AUC value of 75.77%, indicating a
high level of accuracy. In comparison, the model using DEM 5.0
showed a slightly lower predictive performance, with an AUC
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Fig. 9. ROC curves for Frequency ratio
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Fig. 10A — landslide susceptibility map of study area based on DEM 5.0; B — DEM 3.5 results of bivariate analysis
(processed in QGIS)

Table 16

Distribution of landslide susceptibility classes based on bivariate analysis using
DEM 5.0 within the entire study area and landslide-affected area (km*and %)

Class| Description IArea [km?JArea [%]/Area landslide [km?JArea landslide [%]|
1 _[Very low susceptibility] 26.79 | 14.13 0.00 0.00
2 Low susceptibility 48.40 | 25.52 5.40 12.23
3 |Moderate susceptibility] 37.81 19.94 8.21 18.60
4 High susceptibility 36.38 | 19.19 13.63 30.87
5 |Very high susceptibility 40.23 | 21.22 16.92 38.30
Table 17

Distribution of landslide susceptibility classes based on bivariate analysis using
DEM 3.5 within the entire study area and landslide-affected area (km* and %)

Class Description Area [km?]Area [%]Area landslide [km?]Area landslide [%]
1 |Very low susceptibility| 26.01 13.72 0.00 0.01
2 Low susceptibility 44.75 | 23.60 4.09 9.26
3 |Moderate susceptibility] 43.34 | 22.86 9.45 21.38
4 High susceptibility 38.01 20.05 13.71 31.02
5 |Very high susceptibility] 37.51 19.78 16.94 38.34

value of 74.33%. This result is consistent with the Frequency
Ratio findings, showing that the model derived from the DEM
3.5 was more effective at concentrating the observed land-
slides into the highest susceptibility classes (Fig. 11).

The results from the multivariate analysis using DEM 5.0
data shows 29,749 different unique combinations, of which 921
reached a 100% probability of slope deformation occurrence.
As an example, we can mention the unique conditional unit
(UCU) labeled as combination 1 3 1 1 2 4. In this case, it refers
to slope deposits, an elevation between 312 and 412 ma.s.l., a

slope of 0-2 degrees, flat terrain, linear terrain curvature, and ar-
able land. The first ten most unfavorable combinations out of
the total number are listed in Table 18.

Using multivariate analysis of the DEM 5.0 data, the ‘Moder-
ate susceptibility’ class covers the largest portion of the study
area (27.06%; Fig. 12A). From a validation standpoint, the ‘Very
high susceptibility’ class, which covers 9.47% of the total area,
accounts for 25.83% of all mapped landslides. The ‘High sus-
ceptibility’ class contains a significant portion of the observed
landslides, with 45.16% of the landslide area. Together, the two
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Fig. 11. ROC curves for Bivariate analysis

Table 18

First ten most unfavourable combinations from multivariate analysis using the DEM 5.0 data

Order| UCU |Lithology[Elevation|SlopelAspectCurvaturelLand coverArea [m?]Landslide layer overlay [%]
1 (131124 1 3 1 1 2 4 1543 100
2 [155333 1 5 5 3 3 3 798 100
3 1655434 6 5 5 4 3 4 635 100
4 1655414 6 5 5 4 1 4 606 100
5 655514 6 5 5 5 1 4 591 100
6 131123 1 3 1 1 2 3 582 100
7 1655534 6 5 5 5 3 4 563 100
8 121126 1 2 1 1 2 6 412 100
9 lp41116] 6 4 1 1 1 6 351 100
10 1656434 6 5 6 4 3 4 327 100

highest susceptibility classes account for 70.99% of the total
landslide area. In contrast, the ‘Very low susceptibility’ class,
despite covering 23.30% of the study area, contains only 0.72%
of the landslides (Table 19).

The results from the multivariate analysis using DEM 3.5
shows 16,366 different unique combinations, of which 594
reached a 100% probability of slope deformation occurrence.
As an example, we can mention the unique conditional unit
(UCU) labeled as combination 14 55 3 4. In this case, it refers
to slope deposits, an elevation between 412 and 512 ma.s.l., a
slope of 7-11°, a south-east-facing aspect, concave terrain cur-
vature, and arable land. The first ten most unfavorable combi-
nations out of the total number are listed in Table 20.

The multivariate analysis of the DEM 3.5 data shows a nota-
bly different distribution (Fig. 12B). The ‘High susceptibility’
class covers 26.98% of the study area, a proportion very similar
to that from DEM 5.0. However, the ‘Very high susceptibility’
class, covering 17.10% of the study area, accounts for a re-

markable 45.55% of all mapped landslides. The ‘High suscepti-
bility’ class contains an additional 38.61% of landslides. In total,
these two classes concentrate a cumulative 84.16% of the
landslide area. The ‘Very low susceptibility’ class for this model,
covering 26.96% of the study area, contains a minimal 0.41% of
landslides (Table 21).

The final evaluation of the multivariate models predictive
performance, as shown by their Receiver Operating Character-
istic (ROC) curves, corroborates the consistent trend seen
across all methods. The DEM 5.0 model achieved a high Area
Under the Curve (AUC) value of 80.89%. However, the DEM
3.5 model once again outperformed it, with a higher AUC value
of 84.18% (Fig. 13).

Across all three analytical methods — frequency ratio,
bivariate analysis, and multivariate analysis — a consistent trend
emerged. In each case, the DEM 3.5-based models demon-
strated superior predictive power over their DEM 5.0 counter-
parts. The multivariate analysis produced the most accurate re-
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Fig. 12A — landslide susceptibility map of the study area based on DEM 5.0; B — DEM 3.5 the results of multivariate analysis
(processed in QGIS)

Table 19

Distribution of landslide susceptibility classes based on multivariate analysis
using DEM 5.0 within the entil('ﬁ s;udydao;e)a and landslide-affected area
m"~ an (]

Class| Description Area [km?]Area [%]Area landslide [km?]Area landslide [%]
1 [Very low susceptibility| 44.19 | 23.30 0.32 0.72
2 Low susceptibility 25.62 13.51 2.27 5.13
3 |Moderate susceptibility] 51.31 27.06 10.24 23.16
4 High susceptibility 50.53 | 26.65 19.95 45.16
5 |Very high susceptibilityl 17.96 9.47 11.41 25.83

Table 20

First ten most unfavorable combinations from multivariate analysis using DEM 3.5 data

Order| UCU |Lithology[ElevationiSlopelAspect/CurvaturelLand coverjArea [m?] Landslide layer overlay [%]
1 145534 1 4 5 5 3 4 7921 100
2 134522 1 3 4 5 2 2 7600 100
3 155434 1 5 5 4 3 4 6714 100
4 1644623 6 4 4 6 2 3 6579 100
5 W425227] 4 2 5 2 2 7 6469 100
6 645413 6 4 5 4 1 3 6319 100
7 134613 1 3 4 6 1 3 6208 100
8 [136835 1 3 6 8 3 5 5940 100
9 [144524 1 4 4 5 2 4 5532 100
10 1646128 6 4 6 1 2 8 5370 100
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Table 21

Distribution of landslide susceptibility classes based on multivariate analysis
using DEM 3.5 within the entire study area and landslide-affected area
(km2 and %)

Class| Description Area [km?]|Area [%]Area landslide [km?JArea landslide [%]
1 [Very low susceptibility| 51.13 | 26.96 0.18 0.41
2 Low susceptibility 17.96 9.47 1.06 2.40
3 |Moderate susceptibility 36.93 19.48 5.76 13.03
4 High susceptibility 51.16 | 26.98 17.06 38.61
5 |Very high susceptibility] 32.43 17.10 20.13 45.55
1.1 -
—DEM 5.0
—DEM 3.5
0.8 0.9 1

Fig. 13. ROC curves for multivariate analysis

sults for both DEMs, indicating that the use of multiple influenc-
ing factors simultaneously significantly improves the overall
predictive capability. Nevertheless, the consistent outperfor-
mance of the DEM 3.5 models across the board confirms that
for the purpose of landslide susceptibility mapping in this region,
the older, less detailed DEM is a more effective input due to its
inherent smoothing of post-failure terrain features.

DISCUSSION

This study successfully applied statistical methods (fre-
quency ratio, bivariate, and multivariate analysis) to assess
landslide susceptibility in the southern part of the Slanské vrchy
Mts. A key contribution was the use of the fifth-generation digital
elevation model (DEM 5.0) with a high resolution of 1 x 1 m.
Both models demonstrated a high capability to identify areas
susceptible to slope deformation, which was corroborated by
high AUC values and, in particular, a high concentration of ex-
isting landslides within the two highest susceptibility classes.

However, a key finding of our work is the demonstration of
the significant influence of digital elevation model resolution on
the results. In every method used, the older, less detailed DEM

3.5 consistently outperformed the high-resolution DEM 5.0 in
predictive accuracy. The reasons for this paradoxical result can
be visually demonstrated by examining a specific, recently ac-
tive landslide located near the village of Vysny Caj. This land-
slide, first registered in 1990 and highly active in 2010, is a shal-
low, translational-rotational slide that developed on slope
(deluvial) clays and Neogene strata. A drone image of this land-
slide (Fig. 14) provides a clear visual context for the following
analysis. The raw DEM 5.0, while providing a clear and precise
view of the terrain after a landslide event, also captures mor-
phological details that can skew the analysis.

The high-resolution DEM 5.0 allows for a highly detailed vi-
sual analysis of the terrain (Fig. 15). Its precise contours make it
possible to accurately delineate the boundaries of existing land-
slides, including their main body, accumulation lobes, and even
fine features like surface cracks. While this model is invaluable
for detailed geomorphological mapping and making invento-
ries, it becomes problematic for susceptibility modelling

When we derive the slope map from DEM 5.0 (Fig. 16A), its
high resolution captures the extremely steep angles of the land-
slide’s scarp face and other sharp breaks in the terrain. These
steep slopes, which can exceed 31°, are a consequence of the
landslide (post-failure morphology), not a condition that caused
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Fig. 14. Vysny Caj landslide — drone image

Active landslide
I 'Dormant landslide

Fig. 15. Vysny Caj landslide — detailed DEM 5.0 visualisation of the terrain




Daniel Grega et al. / Geological Quarterly, 2026, 70, 4

1I
;

|
@D
«
@
=3
Q.
°
—

A
N

SILF e iR, j

lp# -4 4t

VIS N o N
o\‘_‘l ' ' '

50 0

¥

BRECLCEN

o

—
@D

«Q
@D
=
o

A
N

VIO s NoTw N
c>\‘_\I ' ' '

50 0 50 100 m

__TNEED

4 Legend (°)
[ Flat

Legend (°)
I Flat

B (N) [3375 - 225 B (N) (3375 - 225)
[J(NE) [ 225 - 67.5] [_J(NE) [ 225 - 67.5]

[_I(E) [675- 1125] [_I(E) [675-1125]

— . [ (SE) [1125 - 157.5] [ (SE) [1125 - 157.5]
~ - L [1(S) [1575 - 202.5] S5 [ I(S) [157.5 - 202.5]
B (SW)[202.5 - 247.5] - [ (SW)[202.5 - 247.5]

1o (W) [2475 - 292.5] 1o (W) [247.5 - 292.5)

I (NW)[292.5 - 337.5] I (NW)[292.5 - 337.5]

| Legend (m™")
I Convex (< - 0.00025)

[ |Linear (- 0.00025 - 0.00025)
[ Concave (> 0.00025)

Legend (m-7)
I Convex (< - 0.00025)

[ I Linear (- 0.00025 - 0.00025)
I Concave (> 0.00025)

Fig. 16. Vysny Caj landslide — DEM 5.0 visualistation (left) for slope map (A), aspect map (C),
curvature map (E) and DEM 3.5 visualisation (right) for slope map (B), aspect map (D)
and curvature map (F)




22 Daniel Grega et al. / Geological Quarterly, 2026, 70, 4

it. Including these values in a susceptibility model can lead to in-
accurate predictions. In stark contrast, the DEM 3.5 slope map
(Fig. 16B) significantly generalizes these features due to its
smoothing effect, presenting a much more uniform slope distri-
bution that commonly obscures the true morphological com-
plexity.

The aspect map derived from DEM 5.0 (Fig. 16C) accu-
rately shows the main slope orientation but also captures cha-
otic, micro-scale variations created by small cracks, uneven
surfaces, and irregular accumulations within the landslide body.
These abrupt changes in aspect are largely irrelevant for pre-
dicting pre-failure conditions and introduce statistical noise.
Conversely, the DEM 3.5 aspect map (Fig. 16D), with its lower
resolution, provides a much smoother and generalized repre-
sentation of slope orientation, effectively filtering out micro-vari-
ations but also losing fine details.

Similarly, the curvature map from DEM 5.0 (Fig. 16E) cap-
tures intricate, micro-topographic features. It records sharp
convexities at the top of the scarp and pronounced concavities
in the accumulation area, along with a complex mix of forms in
between. While a susceptibility model should ideally identify
broad convex areas of initiation and concave areas of accumu-
lation, the high-resolution data’s fine-scale features obscure the
statistical signal of the pre-failure terrain. The DEM 3.5 curva-
ture map (Fig. 16F), in turn, generalizes these features, show-
ing a much broader distribution of linear forms due to its inher-
ent smoothing, thereby losing critical information on water con-
vergence/divergence at a micro-scale.

The analysis of landslide distribution across individual pa-
rameters confirmed the significance of known predisposing fac-
tors. Geological conditions exert the most significant influence,
with a dominant concentration of landslides in slope and Neo-
gene strata (>74% of the landslide area combined) underscor-
ing their susceptibility to destabilization, especially in contact
zones with volcanic rocks. Slope angle is also critical, with the
highest incidence of landslides on slopes inclined at 3-11°,
which is typical for translational and rotational landslides in this
geological environment. The distribution of landslides by eleva-
tion and land cover reflects the spatial arrangement of geologi-
cal units and human activities in the study area.

This finding underscores a critical point: when selecting in-
put data for landslide susceptibility models, higher resolution is
not always the best choice. It is more important to choose a
dataset that accurately represents the environmental condi-
tions preceding a landslide, which, in this case, is paradoxically
provided by the older, less precise DEM. It is important to note
that the static statistical models used are based on the analysis
of predisposing factors and do not explicitly include dynamic
triggering mechanisms such as intense rainfall. Future re-
search could focus on integrating hydrological, hydrogeological
data and more detailed engineering-geological information for a
more comprehensive assessment of landslide susceptibility
with a temporal dimension.

CONCLUSIONS

This study successfully applied three statistical methods
frequency ratio, bivariate analysis, and multivariate analysis to
assess landslide susceptibility in the southern part of the
Slanskeé vrchy Mts. The models demonstrated strong predictive
capabilities, effectively identifying and delineating landslide-
prone areas.

A central finding of this research highlights the profound im-
pact of digital elevation model (DEM) resolution on the reliability
and accuracy of susceptibility modelling. Contrary to expecta-
tions, the models based on the high-resolution DEM 5.0 consis-
tently showed lower predictive accuracy (as shown by lower
AUC values) compared to those using the older, coarser DEM
3.5. This paradox is directly linked to the DEM 5.0’s ability to
capture micro-topographic features such as landslide scarps,
accumulation lobes, and surface cracks that are a result of
slope failure, not a cause. By smoothing out these post-failure
features, the DEM 3.5 ironically provided a more realistic repre-
sentation of the terrain’s pre-failure conditions, leading to more
accurate susceptibility maps.

It is important to note, however, that this “accuracy paradox”
is particularly relevant at the detailed scale of active or recent
landslides. In the case of much larger, older landslides, even
the DEM 3.5 may capture the “post-failure” state, as reflected in
historical contour lines. For the purpose of future modelling with
high-resolution DEMs, a potential solution could be the recon-
struction of the terrain “pre-landslide” by removing the land-
slide-affected areas from the DEM 5.0 and interpolating the sur-
face. In this regard, a promising avenue for future research is
the development of Al tools specifically designed for this pur-
pose, capable of automating the process of terrain reconstruc-
tion for susceptibility analysis.

The resulting landslide susceptibility maps, particularly
those derived from the DEM 3.5, serve as an invaluable tool for
enhancing land-use planning and implementing preventive
measures. They offer a highly detailed and practical overview of
landslide susceptibility, making them applicable in various con-
texts. However, it is crucial to emphasize that these maps do
not, under any circumstances, supersede the necessity for thor-
ough, site-specific engineering-geological surveys. This distinc-
tion is paramount for ensuring responsible application of the
maps in decision-making processes and for mitigating potential
legal liabilities.

In conclusion, this work not only provides a sophisticated
assessment of landslide susceptibility in the Slanské vrchy, but
it also offers a critical insight into the complex relationship be-
tween data resolution and model performance in geohazard re-
search. The study demonstrates that for certain applications,
such as landslide susceptibility modelling, the goal is not merely
to use the highest resolution data available, but to select data
that best represents the relevant predisposing factors of the
phenomenon being studied.
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