Understanding the mechanisms of landslide path dependency (LPD): The role of topography,
post-landslide soil properties, and earthquakes
by

Harsimran Singh Sodhi

B.Sc., Punjab Agricultural University, 2019
M.Sc., Forest Research Institute (Deemed to be University), 2021

AN ABSTRACT OF A DISSERTATION

submitted in partial fulfillment of the requirements for the degree

DOCTOR OF PHILOSOPHY

Department of Geography and Geospatial Sciences
College of Arts and Sciences

KANSAS STATE UNIVERSITY
Manbhattan, Kansas

2026



Abstract

Landslides are one of the most important geohazards, causing widespread damage to
human life, infrastructure, and ecosystems. They commonly occur in mountains and are controlled
by a combination of conditioning factors, such as slope morphology, soil, and geology, as well as
triggering factors, including rainfall, earthquakes, and volcanic eruptions. In addition to these
controlling factors, a recent study demonstrates that landsliding is also dependent on its history.
One such process in landslide-prone areas is landslide path dependency (LPD), which was detected
in Collazzone (Italy) and later confirmed in central Nepal. LPD refers to the tendency of earlier
landslides to cause subsequent landslides through one or more legacy effects. Although LPD was
detected, the mechanism controlling it remains unclear. This dissertation investigates the
mechanisms behind LPD by examining the impacts of topography, post-landslide alterations in
soil physical properties, and earthquakes. The study areas for this dissertation are Collazzone in
the Umbria region (Italy) and the Nepal Himalayas.

In Chapter 2, results show that LPD is stronger in downslope directions than in lateral
directions. This pattern is likely due to a landslide soil-feedback mechanism controlling subsequent
landslide processes. In Collazzone, many landslides occurred on slopes with concave downslope
and lateral profiles, so landslide deposits remain on the hillslope rather than being fully removed.
During heavy rainfall, water accumulates and pore pressure increases in these deposits, enhancing
downward susceptibility and therefore greater LPD in the downslope direction.

In Chapter 3, the impacts of landslides on soil physical properties were investigated.
Results show that soil organic carbon (SOC) stocks and surface soil resistance are significantly
lower in landslide-affected soils than in adjacent stable soils immediately after failure. However,
these differences gradually decrease with landslide age, and some soil properties within the
landslide show a convergent trend with those of the adjacent soil within approximately 7-10 years.
Chapter 3 results show that landslides transiently impact soil properties, creating conditions
favorable for LPD.

In Chapter 4, the impacts of extreme events, i.e., earthquakes, on LPD were investigated.
To study the relationship between earthquakes and LPD, the Collazzone inventory (1937- 2014)
was divided into pre- and post-earthquake periods associated with the 1997 and 2009 earthquakes.
The results show that earthquakes in Collazzone did not affect rainfall-triggered landslide

occurrences; however, they strengthened the overall LPD by increasing overlap between



successive landslides, i.e., landslides tend to overlap more with earlier landslides after an
earthquake. One possible explanation is that shaking intensity, as measured by the Modified
Mercalli Intensity (MMI), was 4-5 (light to moderate shaking), indicating that these earthquakes,
rather than producing widespread hillslope damage, preconditioned areas near earlier landslides,
resulting in more overlaps and thus a greater LPD effect.

To test whether this impact is consistent across different geomorphic settings, a similar
analysis was conducted in Nepal following the 2015 earthquakes. In contrast to Collazone, the
Nepal earthquakes were stronger and had a greater impact on the MMI scale (7-8.6, very strong to
severe shaking). Correspondingly, rainfall-triggered landslide numbers were higher in Nepal in the
few years after the 2015 earthquakes than in the pre-earthquake period, decreasing to pre-
earthquake levels in 4 years, but the impact on LPD was low. One possible reason is that the 2015
earthquakes caused more direct hillslope damage wherever they were felt, triggering additional
landslides, even in previously unaffected areas, resulting in a low apparent LPD. The conceptual
model that emerges from this is that earthquakes under light to moderate shaking conditions can
either precondition slopes near existing landslides and thereby strengthen LPD or, under strong
shaking, may cause greater hillslope damage and trigger landslides even in previously landslide-
unaffected areas, leaving LPD unaffected. Overall, this dissertation demonstrates that LPD is
controlled by a combination of topographic, soil, and seismic processes. Topography and post-
landslide-altered soil properties create a landslide-soil feedback loop that favors LPD, while

earthquakes modify overall LPD.
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To test whether this impact is consistent across different geomorphic settings, a similar
analysis was conducted in Nepal following the 2015 earthquakes. In contrast to Collazone, the
Nepal earthquakes were stronger and had a greater impact on the MMI scale (7-8.6, very strong to
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Chapter 1 : Landslides and its path dependency

1.1.  Landslides and their impact

A landslide is the movement of rock mass, soil, debris, or artificial fill downslope (Cruden,
1991; Simonett, 1997). Landslides are present on every continent and play a significant role in the
landscape evolution (Gariano & Guzzetti, 2016). They are one of the important geomorphic
processes that shape topography by transferring sediments and soil mass from elevated land by
denudation and depositing them in valley floors and sedimentary basins (Jemec Aufli¢ et al., 2023).
Landslides are frequent in mountainous regions; however, they are not limited to these areas. They
can also occur in incised valleys in locations of otherwise low slope, lake margins, fjords, and on
the seafloor along the edges of the continental shelves (Clague & Stead, 2012). Landslides
significantly impact human life and infrastructure. From 2004 to 2016, landslides killed
approximately 4000 people per year worldwide, and in the United States, they killed 25-50 people
per year (Pollock & Wartman, 2020). In addition to causing loss of life, they cause extensive
damage to buildings, roads, railways, and other infrastructure. Landslides occur in 50 states of the
United States and cause $1-2 billion in losses per year (USGS, 2012). Globally, since 2000,
landslides have claimed tens of thousands of lives and are predicted to cost $20 billion per year
(Sim et al., 2022). Landslides disrupt transportation networks, significantly impairing regional and
economic activity, increasing network vulnerability, and restricting accessibility (Q. Zhang et al.,
2020). Other impacts of landslides on the environment include damage to vegetation, destruction
of agricultural crops, changes in surface and subsurface water hydrology, and impacts on flora and
fauna (Nikolic, 2014).

Landslides are classified according to the system proposed by Varnes (1978) (Table 1.1;
Figure 1.1) and updated by Cruden and Varnes (1996) and the International Geotechnical Society’s
UNESCO Working Party on World Landslide Inventory (WP/WLI; Table 1.2). Later, Hungr et al.
(2014) classified landslides based on forming material types (Table 1.3) and geomorphological
analysis. Moreover, landslides can be classified according to the geometry of the failure surface:
translational or rotational. A translational slide is the downslope movement of soil or rock along a
planar surface under gravity, whereas motion on a curved surface is known as a rotational slide

(Jackson, 2013).



Table 1.1: Classification of slope movements (Cruden & Varnes, 1996; Varnes, 1978)

Coarse Grained Fine Grained
Movement Rock (Bedrock)
Material Material

Fall Rock fall Debris fall Earth fall
Topple Rock topple Debris topple Earth topple

Slide Rock slide Debris slide Earth slide
Spread Rock spread Debris spread Earth spread

Flow Rock flow Debris flow Earth flow

Table 1.2: Classification of landslides based on velocity

Velocity Class Description Velocity (mm/s)
7 Extremely Rapid 5000
6 Very rapid 50
5 Rapid 0.5
4 Moderate 0.005
3 Slow 0.00005
2 Very slow 0.0000005
1 Extremely slow -




Table 1.3: Classification of landslides based on material types

Material Description Field description Unified Soil classes
Strong Strong — broken with hammer
Rock
Weak Weak — peeled with knife
Stiff
Plastic, can be molded when wet, has dry GC, SC, CL, MH, CH,
Clay Soft
o strength OL, and OH
Sensitive
Plastic, unsorted remolded, and close to
Mud Liquid o CL, CH, and CM
Liquid Limit
. Dry Nonplastic or low plasticity, granular, ML
Silt, sand, gravel, . . .
Saturated sorted. Silt particles cannot be seen with SW, SP, and SM
and boulders
Partly saturated naked eye GW, GP, and GM
Dry SW-GW
Debris Saturated Low plasticity, unsorted and mixed SM-GM
Partly saturated CL, CH, and CM
Peat Organic
Ice Glacier




TOPPLE

SPREAD

FLOW

Figure 1.1: Landslide types according to Cruden and Varnes (1996) (Hungr et al., 2014)

1.2.  Triggering and Conditioning factors causing landslides

Landslides are influenced by multiple factors, including triggering and conditioning factors
(Figure 1.2). Triggering factors are external processes that disrupt slope stability and initiate a
landslide, including intensive rainfall, snowmelt, earthquakes, and human activities (Jaafari,
2024). Earthquakes and other factors can also trigger underwater landslides, also known as
submarine landslides (Hampton et al., 1996). Submarine landslides can trigger tsunamis that
damage coastal areas. Whereas landslide conditioning factors are long-term environmental and
geological conditions that control the probability of landslides, they do not directly trigger them.
The landslide prediction system analyzes the relationship between landslide occurrences and
selected conditioning factors (B. Kalantar et al., 2019). Therefore, identification of appropriate

conditioning factors is important for predicting potential landslide areas. These include
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topographical, geological structural, and other environmental factors, such as land use and land
cover, distance from rivers, etc. (Liao et al., 2022). Actual conditioning factors are difficult to
measure at large scales and to incorporate into susceptibility models; therefore, parameters such
as indices or distance variables are used to represent them, which are known as proxy variables.
These proxy variables are generally derived from digital elevation models (DEM) to represent
hillslope topographic conditions, land cover, lithology, and soil data. For example, distance from
rivers is used as a proxy for fluvial erosion and slope undercutting, which can lead to landslides
(J. G. Liu et al., 2004). Therefore, steep slopes near rivers are more susceptible to landslides than
those farther away. Similarly, topography, represented by slope, aspect, and curvature, conveys
hillslope stability. Steeper slopes, such as those in the Himalayas, are more susceptible to
landslides due to stronger gravitational pull. Lithology is another important conditioning variable
that influences landslide susceptibility. For instance, eroding landscapes developed on marly
lithology, which are common in many circum-Mediterranean regions, are susceptible to
landsliding. This situation has been observed in Collazzone, where hillslopes are largely developed

on marly deposits and clay-rich soils, which favor shallow landslides (Guzzetti, Galli, et al., 2006).



Figure 1.2: Triggering and Conditioning Factors of landslides

1.3. Landslide inventory

A landslide inventory is a database that provides basic information about landslides. They
consists of records of the location of landslides, the date of their occurrence, the direction of
landslide movement, information about the material involved and its estimated thickness, and the
types of landslides that have produced identifiable geomorphic evidence (Wieczorek 1984; PaSek
1975).

Landslide inventories are classified by event, scale, mapping type, and approach. Event-
based inventory records landslides to have occurred due to individual triggering events, such as
earthquakes and precipitation (Karakas et al., 2024). Based on the type of mapping, the landslide
inventory is classified as an archive or a geomorphological inventory. Archive inventory refers to

the landslide database prepared from existing written or recorded sources, whereas the



geomorphological inventory consists of landslides prepared from expert interpretations of aerial
imagery and can be recognized by geomorphologists (Ardizzone et al., 2023).

Landslide inventories are produced using conventional methods and advanced methods.
Conventional methods of mapping landslide inventory include geomorphological field mapping
(Brunsden, 1985) and stereo aerial photo interpretation (Ardizzone et al., 2007). Advanced
methods include mapping using advanced satellite remote sensing and artificial intelligence (B.

Fang et al., 2021; Bernat Gazibara et al., 2019; Chandra & Vaidya, 2024; X. Liu et al., 2018).

1.4. Landslide susceptibility and its modelling

Landslide susceptibility means the probability of a landslide occurring in an area based on
topography and environmental conditions (Brabb, 1984). It refers to the potential for terrain to be
impacted by future landslides. Susceptibility does not account for landslide size, although separate
assessments can be conducted for landslides of different sizes (Reichenbach et al., 2018).
Moreover, it does not account for the temporal probability of the landslide occurrence (Samia,
2018). Therefore, landslide susceptibility is considered static and independent of time.

Landslide susceptibility can be estimated using qualitative, quantitative, and semi-
quantitative methods. Qualitative methods of susceptibility assessment are subjective, as the
weights assigned to parameters that contribute to vulnerability are determined by experts'
knowledge and experience (Biswakarma et al., 2023). Whereas, quantitative methods use
deterministic, statistical, mathematical modelling, and artificial intelligence techniques, which are
more realistic and objective (Wang et al., 2021; Shen et al., 2024). Qualitative-semi-quantitative
methods combine the other two methods (Biger & Ercanoglu, 2020; Y. Wang et al., 2021).
Methods to assess landslide susceptibility are based on some assumptions: 1) landslides leave
identifiable evidence, 2) landslides are controlled by physical laws that can be analyzed
statistically, empirically, and deterministically, 3) past and present landslides inform future events,
and 4) their occurrence can be predicted using heuristic, statistical, and physical models
(Reichenbach et al., 2018).

An important and commonly overlooked decision in landslide susceptibility modeling
(LSM) is the selection of the mapping unit; the most commonly used are pixels and slope units,
while others include terrain, geo-hydrological, political, and topographic units (Reichenbach et al.,
2018). Pixel-based mapping unit is the most commonly used in LSM. Pixel-based models account
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for spatial variation of explanatory factors across each pixel; however, they rely on information
based on a single pixel, thus neglecting correlations between the pixels (Liao et al., 2022). In
contrast, slope units capture spatial neighborhood by averaging values of explanatory variables
across a defined range of pixels; however, they may mask the local variability of these factors
within the unit (Chang et al., 2023). As a result, areas with contrasting conditions may be
represented by the mean, thereby reducing the ability to capture localized conditions that influence
landslide occurrence.

Landslide hazard (Figure 1.3) is a distinct term often confused with landslide susceptibility.
Landslide hazard refers to the likelihood, frequency, and size of a landslide and is more difficult
to determine than susceptibility, as susceptibility is the spatial component of hazard (Guzzetti,
2006; Guzzetti et al., 2005). The combination of landslide susceptibility, landslide inventory, and
landslide hazard mapping defines landslide risk, which reflects potential loss of life and social,

economic, and environmental damage (Samia, 2018).
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Figure 1.3: Conceptual model of landslide hazard assessment (Sun et al., 2025)

1.5. Concept of landslide path dependency

The concept of landslide path dependency (LPD) was detected by Samia et al. (2017a),
which emerged from a concept of complexity theory and non-linear dynamics (Phillips, 2006; A.

J. A. M. Temme et al., 2015). According to the complexity theory, geomorphic systems are non-



linear, that is, output cannot be linked to input through a simple direct linear relationship due to
the presence of thresholds, feedbacks, self-organization, storage, and saturation (Murray et al.,
2014; Phillips, 2014). According to Phillips (2006), landscape evolution is path-dependent, i.e.,
the current landscape depends on past events. Applied to landslides, when a slope fails, it changes
the surface morphology, soil properties, vegetation, and slope geometry (Chen, 2009; Schuster &
Highland, 2003; K. Singh et al., 2014; van Westen et al., 2006) all of which change landslide
susceptibility. Therefore, landslide history can be considered a form of path dependency in shaping
changes in landslide susceptibility.

The theory, i.e., geomorphic systems carry forward the memory of past events through
non-linear dynamics, provided the scientific basis for Samia et al. (2017a) to test whether LPD
existed in Collazzone, Italy, leading to its detection. Samia et al. (2017a) defined LPD as the
mechanism by which previous landslides influence the probability, location, and size of
subsequent landslides through a legacy effect. Slopes that have already failed do not simply
recover and return to their background state; instead, they retain their past history in the form of
physical and hydrological signatures, such as altered soil, slope steepness, and vegetation. In some
cases, landslides may reduce susceptibility through a negative feedback mechanism, for example,
by lowering slopes, leading to less susceptibility to future landslides (A. J. A. M. Temme, 2021a).
However, landslides can also increase susceptibility through positive feedback loops, such as the
formation of a weakly permeable soil layer along a sliding surface, which increases the pore
pressure and thus landslides within that layer (Duzgoren-Aydin & Aydin, 2006; Parry et al., 2000).
This latter behavior forms the basis of LPD as it increases the probability that new landslides will
overlap or occur adjacent to pre-existing landslides (Roberts et al., 2021; Samia et al., 2017b). If
LPD holds, then landslide susceptibility cannot be static, as previously stated, but rather dynamic
over time, as the history of the landslide is important in determining it. LPD is not only found in
Collazzone but also in Nepal, indicating that it is not site-specific; it occurs across different
geomorphic settings (Roberts et al., 2021). Therefore, in susceptibility assessments, it is important
to incorporate past events alongside other conditioning factors.

Moving beyond the detection of LPD, Samia et al. (2020) proposed a framework to
quantify LPD to capture the strength, spatial extent, and temporal decay of path dependency using
space-time clustering (STC) derived from Ripley’s K function using a multi-temporal landslide

inventory. By fitting an exponential decay function between STC and the time difference between



landslides, they found that LPD is higher within 60m of a landslide, and decays over a timescale
of 17 years. Building on this methodological approach, Samia et al. (2020) tested its practical
application by incorporating path dependency variables (maximum smoothed STC value and sum
of all smoothed STC values) in a pixel-based LSM. It was found that incorporating path-
dependency variables alongside conventional topographic variables significantly improved LSM
performance. Therefore, LSM is not only a function of present geomorphic and climatic conditions
but also depends upon past landslide events.

Apart from quantifying LPD, Samia et al. (2017a) also investigated the roles of the
geometry (size and roundness) and spatial location of previous landslides in predicting the
occurrence of follow-up landslides. They found that larger landslides are associated with a higher
risk of a follow-up landslide. Moreover, they stated that landslide shape and topographic
properties, including DEM derivatives such as the topographic wetness index, topographic position
index, LS factor, slope, and aspect, are important for predicting whether a follow-up landslide will
occur.

Samia et al. (2017a) also quantified LPD by fitting an exponential function to the number
of follow-up landslides (measured as fractional overlaps) and the time difference between the
initial and follow-up landslides. Based on this approach, they found that susceptibility is 15 times
higher and returns to pre-background values after 15 years. This means that earlier landslides
transiently affect the slope, temporarily increasing its susceptibility to subsequent landslides.
However, this susceptibility decreases with time as hillslopes progressively recover. This analysis
was conducted for the entire inventory, excluding extreme events such as earthquakes and
snowmelt, thereby highlighting an important research gap regarding how these external events
may modify LPD. Moreover, earthquakes can act as a preconditioning factor for future landslides
by weakening hillslopes without immediately triggering them. Parker et al. (2015) showed that
earthquakes can weaken hillslopes and influence the spatial distribution of landslides triggered by
later earthquake events beyond what is explained by time-independent factors. Similarly, Marc et
al. (2015) studied the relationship between climate-normalized landslide rates and earthquakes and
found that, immediately after an earthquake, climate-normalized landslide rates were higher and
tended to return to background levels within 1-4 years. As earthquakes precondition future
landslide occurrence by reducing slope strength and altering soil physical conditions, it is

important to investigate whether these extreme events modify LPD.
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1.6. Research gaps

Previous research proved the existence of LPD in Collazzone and Nepal (Roberts et al.,
2021; Samia et al., 2017b), however understanding the underlying mechanism behind LPD
remains lacking. In hillslopes, gravitational processes direct the movement of sediments and water
along the direction of the maximum slope gradient; therefore, it is unclear whether the LPD effect
varies in the downslope (along the direction of maximum gradient) and lateral directions
(perpendicular to downslope). Samia et al. (2020, 2017a) conducted a quantitative analysis of LPD
in Collazzone using Ripley’s K function and showed that landslide susceptibility is dynamic,
remaining higher near recent landslides; however, they did not explain the mechanisms underlying
this pattern. Also, when calculating Ripley’s K, they measured spatial distance using the
Pythagorean theorem and therefore treated distance as isotropic, without separating it into
downslope and lateral components. Yet hillslope processes might be anisotropic, as gravitational
transport occurs along the steepest descent. Therefore, it remains unclear whether LPD or spatial
association between earlier landslides and subsequent landslides is stronger in the downslope
direction or in the lateral direction.

Moreover, landslides modify soil properties through the landslide-soil feedback loop
mechanism (Samia et al., 2017b; A. J. A. M. Temme, 2021a). During a landslide, soil is smeared
along the slide surface, and it may displace in the downslope direction, leading to clay-rich deposits
near the landslide’s toe. These deposits have more water holding capacity due to more clayey
content, which increases the pore pressure due to rainfall and thereby increases the likelihood of
landslides in the downslope direction, contributing to anisotropic patterns of follow-up landsliding.
Moreover, previous work (Roberts et al., 2021; Samia et al., 2017b, 2017a) emphasized landslides’
geometric and topographic properties derived from DEM influence subsequent landslides;
however, the role of soil properties as a mechanism remains unexplored. For example, Van Eynde
et al. (2017) studied the impact of landslides on soil properties and reported that landslides lower
soil organic carbon (SOC), and SOC increases progressively with landslide age, becoming similar
to undisturbed soils after approximately 60 years. They also found that soils within a landslide
contain higher levels of rock fragments and sodium ions than adjacent undisturbed soils. Moreover,
Mirus et al. (2017) demonstrated that landslides reduce hydraulic conductivity, porosity, and
drainage efficiency, resulting in prolonged water saturation and subsequent landslides. If

landslides transiently alter soil hydrological and other physical properties, then they may increase
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slope susceptibility during the recovery phase. Therefore, it is important to investigate whether
landslide-induced changes in soil properties constitute a key process causing LPD.

It has also been observed that earthquakes precondition future landslides by inducing
mechanical damage and reducing ground strength, even when an immediate landslide does not
occur. This can result from cracking, dilation, and brittle failure induced by earthquakes, leading
to weakening of the hillslope (Parker et al., 2015). Moreover, Marc et al. (2015) reported that
rainfall-triggered landslides were higher immediately after major earthquakes than in the pre-
earthquake period, and their rate decreased progressively over the following few years. Similarly,
in Nepal, following the 2015-Gorkha earthquake (My = 7.8), landslide rates were higher than
coseismic levels even 3.5 years after the earthquake (Kincey et al., 2021). Together, these studies
demonstrate that earthquakes do impact hillslopes by weakening their strength and stability and
increasing susceptibility to future landslides. Both LPD and earthquake preconditioning show that
past events influence future landslide occurrences, yet an important question remains unresolved:
whether earthquakes amplify or suppress LPD, nor is it known whether the strength and duration

of path dependency change after major seismic events.

1.7.  Objectives

Based on existing research gaps in LPD, the overall goal of my dissertation is to understand
the underlying mechanisms of LPD by investigating the roles of geomorphic factors, soil
properties, and earthquakes that may drive it. To achieve this goal, my dissertation pursues three

primary objectives:

Objective 1: To investigate whether the LPD is anisotropic by separating spatial distance into
downslope (along the direction of maximum descent) and lateral directions (direction
perpendicular to downslope).

In this objective, I will evaluate whether the LPD in Collazzone occurs more in the downslope
direction or whether the lateral direction is equally or more important. This objective will enhance
a scientific process-based understanding of the LPD mechanism on hillslopes, which controls the
development of subsequent landslides. Separating the spatial distance into downslope and lateral
components will help determine whether LPD is stronger in the downslope, where gravitational

forces and sediment transport are dominant, or in the lateral direction.
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Objective 2: To examine whether landslide produces transient changes in soil physical and
hydrological properties in Collazzone, and to analyze how long the soils within landslides differ
from adjacent stable soils. Can this timescale and transient alteration in physical properties be a
mechanistic driver of LPD?

This objective will explore the LPD mechanism in Collazzone by investigating whether landslides
produce transient changes in soil physical properties. I will examine how long soil properties
within landslides remain altered relative to stable soils, and whether these alterations create

conditions for LPD.

Objective 3: Analyze whether earthquake preconditioning affects LPD in Collazzone and other
geomorphic settings.

In this objective, I will investigate how extreme events, such as high magnitude earthquakes, alter
LPD in Collazzone and examine whether their impact is visible in other geomorphic settings, such
as central Nepal. In contrast, non-extreme events include lower-magnitude earthquakes and more
frequent processes such as seasonal rainfall, which induce gradual changes in slope stability.
Specifically, I will examine whether LPD becomes stronger or is suppressed after a large
earthquake. By comparing LPD responses in Collazzone and Nepal, this objective will determine
the impact of earthquake preconditioning on LPD, and test whether it differs across geomorphic

conditions.
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Abstract

Landslide susceptibility is controlled not only by predisposing factors but also by landslide
path dependency (LPD): the tendency of past landslides to increase the probability of subsequent
nearby landslides. LPD remains poorly investigated despite its importance in determining
spatiotemporal landslide patterns. Existing methods use only geographic coordinates, obscuring to
the role of relative topographic position on hillslopes, which may hold clues to the LPD
mechanisms.

We focused on shallow landslides at a site in Italy, using a 3104-landslide multi-temporal
landslide inventory (1939 - 2014). We aimed to examine whether LPD can be quantified using
topographic coordinates by measuring the distance between consecutive slides in downslope and
slope-lateral directions. This would allow a more process-based interpretation than the use of
relative geographic coordinates. For confidence-testing, we used simulated annealing to create 20
artificial multi-temporal landslide inventories that replicated the real inventory’s characteristics
but lacked LPD. We then calculated Ripley’s K to measure the space-time clustering of landslides

and analysed its relationship with the slope-lateral distance (dL), downslope distance (dD), and
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time difference (dT) between landslides. If the Ripley’s K of the observed inventory is greater than
that of the artificial inventory, it is interpreted as evidence of LPD. Our results reveal that Ripley’s
K of the observed inventory, compared to the artificial inventories, is initially 47 times larger, and
decreases nonlinearly with increasing dL, dD, and dT. It is thus possible to capture the impact of
earlier landslides on susceptibility along downslope and lateral directions, with the downslope
direction having a greater and longer impact. This provides clear evidence that the unresolved
process behind path-dependency is slope-anisotropic, with downslope emerging as a dominant

control on LPD.

Keywords: Landslide path dependency, simulated annealing, Ripley’s K, spatial temporal

clustering, landslide susceptibility.

2.1. Introduction

Landslides are among the most severe geohazards in mountainous regions worldwide,
affecting these regions' societal and economic stability (Pyakurel et al., 2024; A. Singh et al.,
2024). They are primarily triggered by rainfall, earthquakes, snowmelt, and anthropogenic
activities (Guzzetti et al., 2009; Malamud et al., 2004; Meusburger & Alewell, 2008).
Understanding and predicting landslide patterns is a challenging task that is of both scientific and
societal interest and that may help save lives and protect infrastructure from damage.

The probability of a slope failure occurring at a specific site based on the local
characteristics is known as landslide susceptibility (Guzzetti et al., 2005; Kovacs et al., 2019;
Reichenbach et al., 2018). Susceptibility assessments rely on records of historical landslide
occurrences and aim to relate these records with topographic and remote sensing datasets. Many
such datasets have been used in assessments to predict locations most prone to future landslides
(Yeon et al. 2010; Kayastha et al. 2013; Liu et al. 2019; Nhu et al. 2020). Although logistic
regression approaches have been the most popular, machine learning (ML) methods have recently
been adopted to more flexibly estimate the relations between landslides and environmental factors
(Tehrani et al., 2022).

However, susceptibility assessment commonly ignores the transient or permanent impacts
of landslides on soil properties, vegetation, and slope morphology (Noviyanto et al., 2020; Samia
et al., 2017b; K. Singh et al., 2014; van Westen et al., 2006). This is either because the maps and
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satellite imagery used as explanatory factors are not updated between landslide events, or because
these datasets do not capture changes caused by previous landslides at all. Not accounting for these
impacts creates apparent path dependency in the landslide systems: new landslides seem to be
impacted by the legacy of previous landslides rather than present-day environmental conditions
(Samia et al., 2017b). The empirical characterization and quantification of this effect have started
only recently, and its mechanistic underpinning remains unknown (A. Temme et al., 2020).

Recent studies show that measuring the spatio-temporal strength of path dependency in
geographic space (i.e., in the latitude-longitude plane) is at least possible (Samia et al., 2020). Path-
dependent landslides were found to be larger, rounder, and more likely to experience a new,
overlapping landslide over the next decade (Samia et al., 2017b). Additionally, Samia et al. (2018)
concluded that including landslide path dependency (LPD) in landslide susceptibility assessment
drastically improved the performance of conventional models in the landslide-prone Collazzone
area (Samia et al., 2020). Adopting Samia et al.'s (2017) methodology, Roberts et al. (2021)
confirmed the existence of LPD in the Himalayas and found that the length of the landslide
inventory, the size of the research region, and the size and type of the mapped landslides all have
an impact on the rate and magnitude of the quantified LPD dynamics. This confirms the existence
of LPD across differing geomorphic settings and suggests that it should be more widely considered
in landslide susceptibility assessments.

Samia et al. (2020) adopted Ripley's (1976) K function in one spatial and one temporal
dimension to measure the extent of landslide clustering. In this work, the space dimension was the
Pythagorean distance between landslide centroids in the geographic coordinate plane, and the time
dimension was the time between consecutive landslides. Samia et al. (2020) found that the
observed Ripley’s K values were well captured by an exponential decay function of the space and
time dimensions, using a characteristic decay time of about 17 years, and a characteristic decay
distance of about 60 m. Thus, keeping all other factors constant, the probability of landslide
occurrence near a previous landslide was initially about 45% higher and decreased by a factor of
e (Euler’s number) every 17 years and every 60 meters from a previous landslide to a background
susceptibility value that is no longer determined by the time-space proximity of previous
landslides. The characteristic decay parameters, which separately capture the importance of the
space and time distance to previous landslides, have been found helpful in studying the spatial-

temporal relationships between multi-temporal landslides (Samia et al. 2018, 2020). However,
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reducing the spatial relation between consecutive landslides to the Pythagorean distance between
them is unsatisfactory because it assumes that the pattern of landslide-on-landslide impact is
independent of landscape morphology, and it does not help us understand the mechanism behind
path dependency. Thus, a method is needed to quantify path-dependency that uses metrics derived
from the relative landscape position between subsequent landslides on the same hillslopes.

Here, we introduce and test such a method that quantifies landslide path dependency in a
geomorphologically relevant manner. We hypothesized that the impact of previous landslides on
landslide susceptibility is optimally captured along two perpendicular spatial directions, the
downslope and the slope-lateral direction, as opposed to the single, slope-blind metric used so far.
We expect path dependency effects to differ between the downslope and lateral directions,
potentially suggesting the mechanisms underlying path dependency and improving susceptibility

assessment.

2.2. Study Area and data

The 80 km?large Collazzone area (Figure 2.1) lies in the central Italian province of Perugia,
in the Umbria region. The area’s geology comprises alternating layers of recent river deposits
along the valley floors, continental deposits of gravel, sand, and clay, as well as sandstone, marl,
travertine, and thinly layered limestone (Lombardo et al., 2020; Volpe et al., 2022). The terrain is
primarily hilly, with elevations ranging from 145 m near the Tiber River flood plain (North-
Northwest of Todi) to 634 m at Monte di Grutti, and the lithology and bedding plane attitude affect
the shape of the slopes, as well as the quantity and frequency of the landslides (Lombardo et al.,
2020; Santangelo et al., 2015). The region's soils have a fine or medium texture, a thickness that
ranges from a few decimeters to more than one meter and is characterized by a xeric moisture
regime which is typical of the Mediterranean climate. The mean annual temperature and
precipitation in Collazzone are 13.8 °C and 859 mm, respectively (Climate-Data.org, 2025). Many
landslides have occurred in the area over the last decades, ranging in size and volume from deep

seated to shallow slides and flows (Guzzetti, Galli, et al., 2006).
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Figure 2.1: Collazzone study area (left map) and Umbria region in Italy (right upper map)

2.2.1. Multi-Temporal landslide inventory description

For the Collazzone region, a comprehensive multi-temporal landslide inventory (Figure 2.2),
which exclusively includes shallow landslides, is available from 1939 to 2014 (Guzzetti,
Reichenbach, et al., 2006; Samia et al., 2018). The initial inventory was created at a 1:10,000 scale
by visual interpretation of aerial images acquired unsystematically between 1941 and 1997 at
scales varying from 1:13,000 to 1:33,000, while the landslides that occurred from 1999 to
December 2005 were mapped through field surveying of the area following extended rainy periods
(Samia, 2018). Stereo satellite images taken in March and May 2010 were used after similar events,
while 2013 and 2014 slope failures were mapped using stereo pairs from GEOEYE and
WorldView sensors, respectively (Ardizzone et al., 2013; Samia et al., 2017b). The landslide age
was determined from aerial photograph dates and the morphological features of landslides:

landslides appearing fresh on the aerial photographs were assigned the date of that imagery, while
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older-looking landslides were attributed to the time between the imagery in which they were first
identified and the date of earlier imagery (Samia et al., 2017b).

The study area was divided into geomorphological areas by a series of previously defined
“slope units”, confined by drainage and division lines (Alvioli et al., 2016; Samia et al., 2018). In
total, 894 slope units are identified for Collazzone (Guzzetti, Galli, et al., 2006). We used these
slope units and the time of landslide occurrence to select landslide pairs that share slope units but
are not from the same time — assuming that only landslides in these pairs possibly share a path-

dependent relationship.
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Figure 2.2: Multi-temporal landslide inventory of Collazzone study area overlying on hillshade
image
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2.3. Methods

The first step in the LPD analysis was to structure the landslide inventory by retaining
important parameters: landslide ID, time of occurrence, and the latitude and longitude of landslide
centroids. This was followed by integrating topographic attributes, including elevation, slope
steepness and aspect, derived from a Digital Elevation Model (DEM). The DEM source was the
ASTER version 3, with a spatial resolution of approximately 30 meters, created in 2019 and

downloaded from NASA’s Earthdata Search website.

Based on this dataset, we used simulated annealing (Figure 2.3) to create 20 artificial multi-
temporal landslide inventories that share topographic properties with the observed multi-temporal
landslide inventory, but that do not have spatial clustering or dispersion, such that there is no
landslide path dependency. It means that each landslide occurs independently, without being
influenced by the location of previous landslides.

Landslides in the artificial inventories also share the relative temporal frequency observed
in the original landslide inventory. After that, we calculated Ripley’s K from the real and 20
artificial landslide inventories. The Ripley’s K values from the artificial inventories were then
compared with the Ripley’s K values from the real inventory. The 20 sets of ratios between
artificial and real Ripley’s K values were used to calculate confidence bounds on the impact of

downslope and lateral distance.
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Figure 2.3: Flowchart of Methodology — Simulated annealing generating artificial landslide
inventory from the real multi-temporal landslide inventory, followed by spatial distance
calculations. Ripley’s K is used to quantify LPD.

2.3.1. Simulated annealing

Simulated annealing (SA), an optimization process (Metropolis et al., 1953) was used to

randomly place the same number of landslide centroids in the landscape as observed in the real
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multi-temporal landslide inventory while as closely as possibly matching the mean and standard
deviation of the slope steepness and aspect of the landslides in the real inventory. We leveraged
the “spsann” package (Samuel-Rosa, 2019), version 2.2.0, in R and used that package’s user-
specified optimization function (optimUSER) to calculate the mean and the standard deviations
(sd) of the slope steepness and aspect values of the simulated landslide centroids. The average
difference between these values and the corresponding values from the observed inventory was

calculated as:

|tan(e)real - tan(e)Slml |areal - aSlml |0tan(6)_real - O-tan(e)_siml (2'1)

Error = ——
|tan(0)eqil |G eal |0tan(6)_real |

|0a_real — Og_sim |

+ )

| Oq_real |

where tan(0)req; , tan(®)gm, Trears Fsim» Otan() real> Otan().sim> Oa_reals Oa_sim are,
respectively, the mean slope of the real landslide points, mean slope of the current simulated points,
mean aspect of the real landslide points, mean aspect of the current simulated points, standard
deviation of the slopes of the real landslide points, standard deviation of the slopes of the current
simulated points, standard deviation of the aspect of the real landslide points, and standard
deviation of the aspect of the current simulated points respectively.

The error value from equation (2.1) was used in simulated annealing as the objective function,

1.e., the quantity that is minimized.

2.3.2. Calculation of spatial distances

The distance between the centroids of both landslides in a pair, along the slope-plane, is
defined as the Pythagorean product (d) of the slope-lateral distance (dL), and the downslope
distance (dD) (Figure 2.4):

d= /dl? + dD? (2.2)
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The downslope distance (dD) is the distance between landslides along the steepest downslope

direction:

Ah
_ 2.3)
db Sin(©)’

where Ah is the difference in the elevation of the two landslides and O is the steepness of the

hillslope.

Then, dL, the lateral distance between any two landslides on the same hill slope unit, can be

calculated from equations (2.2), and (2.3):

2 2.2)
dL. = J d* = (Siﬁ?e))

Figure 2.4: Downslope distance (dD) and lateral distance (dL) between two landslides on
the same hillslope
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2.3.3. Ripley’s space time K function for quantification of landslide path dependency

To quantify the LPD in spatial and temporal dimensions we used Ripley's (1976) K
function. A particular point distribution is often compared to a random distribution using Ripley's
K-function; in other words, the null hypothesis that the points are randomly and independently
distributed is tested against the point distribution under examination (Kiskowski et al., 2009; Pu
& Bell, 2017). While Ripley’s K is mainly used to assess spatial point clustering, Diggle et al.
(1995) extended into spatial-temporal setting, and further extensions of Ripley’s K into multiple
dimensions can be made (Dixon, 2014). Practically, in our case, a cuboid (Figure 2.5) defined by
a lateral distance, a downslope distance, and a temporal distance from the centroid of a first

landslide is used to define Ripley’s identity function as:

(dll < db, 11] < dL, and tij < dT (2.4)

1,
l@p.avar (dij Iy tiy) = { 0, otherwise

where dD, dL, and dT are the current maximum distances in the downslope, lateral, and time
directions, respectively, determining the spatial and temporal extent of the analysis.

Here, 1 and j are two landslide centroids, and d, 1, and t are the downslope distance, lateral distance,
and time respectively between two landslide centroids. This function results in a value of 1 when
a landslide is inside the cuboid produced by the centre of the previous landslide and a value of zero

when a landslide is outside that cuboid.
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2dT

Figure 2.5: Space-time cuboid. The red point represents the centroid of a given landslide
around which a space-time cuboid is formed. The cuboid’s dimension is a function of dL,
dD, and dT, with its sides extending 2dL, 2dD, and 2dT, respectively. This cuboid
represents the spatial and temporal dimension so that if any younger landslide that falls into
the cuboid will receive I(4p ar,qry €qual to ‘1°in Eq. (2.4).

Using this identity function, summing over all observed landslides and dividing by the number of

landslides and landslide intensity gives the observed Ripley space-time K function (K):

K (dD,dL,dT) =

Yic1 Xj#1 Lapanar (dij, Lij, ti)], (2.5)

Xst- n

where A, the average space-time landslides intensity, is given by

_ n (2.6)
)\St - a(R) X (tmax - tmin)

Here, n is the number of landslides in the landslide inventory, a(R) is the total study area
size, and ty,,x and t,,;, are the start and end times of the landslide inventory. In our case, these
values are 3104 for n, 79632683 m? for a(R), 2014 and 1939 for t,,,cand tp,;, respectively. Thus

At equals 5.19 e-07 landslides per square meter per year.
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Equation (2.5) results in one value of Ripley’s K for every combination of dL, dD, and dT.
We calculated Ripley’s K for dT ranging from 2.5 years to 27.5 years with an increment of 2.5
years, and dL and dD ranging from 10m to 250m with an increment of 10m. Thus, 3750 Ripley K

values were generated per landslide inventory.

In simpler cases where it can be assumed that landslides are randomly distributed in space-
time, the corresponding expected value for Ripley’s K function, for comparison with the observed
value, is merely a function of Ag; and the size of the cuboid:

2.7)

n

1

K (dD,dL,dT) = o n Z Z E [I¢ap,ar,ary (djj, Lij, t3)]
St =1 G

However, in our case the expected distribution of landslides in space-time is not random —
for instance, landslides are more likely to happen in steeper terrain. We have therefore repeated
the calculation of the observed Ripley’s K values for all 20 artificial inventories and compared

these values to the Ripley’s K values from the real inventory.

2.34. Edge correction

When examining spatial point patterns near the boundary or edge of a study region,
Ripley’s K exhibits bias because the likelihood of observing an event decreases when part of the
cuboid extends beyond the study area. To address this issue, Ripley proposed a two-dimensional

edge correction technique (Ripley, 1979), which we adapted and applied here.
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Figure 2.6: Projected space-time cuboid for performing edge corrections. A section of a

hill slope is the single slope unit. The projected area of the hill slope is the 2D projected

area of the slope unit. A and A represent the area inside and outside the projected cuboid
area, respectively.

Starting from our three-dimensional setting, the space-time cuboid is projected with basic

trigonometry to ground level as a 2D rectangle (ignoring the time dimension, Figure 2.6). A spatial

weighting factor (ws) is then calculated, representing the fraction of the rectangle that is in the
study area:

A
WsT At A

(2.8)

where A represents the part of the 2D rectangle that is inside a slope unit, while A’ is the area that
lies outside a slope unit.

The time weight (wy) is calculated based on the position of space-time cuboid. If the space
time cuboid lies within the time range (ty,ax — tmin), then wy is given the value of 1; however, if

the space-time cuboid extends beyond this range, the time weight is calculated based on the
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fractional overlap. The final space time weight w is calculated by multiplying ws and wi. We then

corrected our Ripley K values for the edge effect by dividing w.

2.3.5. Meta modelling STC values

When the observed Ripley’s K (K) for the real multi-temporal landslide inventory is larger
than Ripley’s K for the artificial multi-temporal landslide inventories (K), landslides are clustered
at separations of dD, dL, dT, and in the opposite case, landslides are dispersed. Using this as a
starting point, we define space time clustering (STC), which signifies the tendency of landslides

to occur together in space and time (Samia et al., 2020) as:

R (dD,dLdT) 1 (2.9)

STC (dD, dL,dT) = K (dD,dL,dT)

STC > 0 indicates clustering, while STC < 0 indicates the dispersion of landslides. Since we have
20 artificial multi-temporal landslide inventories, we have 20 values of STC for every combination
of dD, dL, and dT. This allows us to perform confidence testing on whether STC is larger or
smaller than zero and to calculate an average of the 20 STC values for every combination of dD,

dL, and dT.

Samia et al. (2020) fitted an exponential decay function to his similarly calculated STC
values to summarize the impact of time and Pythagorean distance on STC. For more flexibility,
we used the Generalized Additive Model (GAM) to predict STC values using dD, dL, and dT as
independent variables. GAM can handle complex and non-linear relationships between response
and independent variables (Hastie & Tibshirani, 2014). Concretely, we fitted the following

equation to our STC values:

STC = B, + f(dD) + f(dL) + f(dT) + e, (2.10)
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where [3, is the value of the intercept, e is the model error, and f(dT), f(dL), f(dD) represent

smooth nonlinear functions of dT, dL and dD, respectively.

2.4. Results

24.1. Validity of Simulated annealing approach

Simulated annealing results (Table 2.1) revealed a low overall error (4.79%), confirming
that the simulated inventories closely match the real landslide inventory. From the four similarities
that we sought (mean slope, standard deviation of slope, mean aspect, and standard deviation of
aspect), the median error of the mean of slope is 18.24% - much higher than the other errors. This
is because of a few landslides that occurred on rare very steep terrain in the real multi-temporal
landslide inventory. The simulated annealing process did not often randomly place artificial

landslides in these rare locations before the process timed out.

Table 2.1: Simulated annealing errors for the four aspects of the real inventory that were

requested to be replicated in each artificial inventory

Median error in the 20

Parameter artificial inventories
Error in the mean of slope 18.24%
Error in the mean of aspect 0.07%
Error in the standard deviation of slope 0.80%
Error in the standard deviation of aspect 0.06%
Overall error 4.79%

2.4.2. Empirical STC values

STC (i.e., the measure of clustering) decreases with increasing dT, dL and dD (Figure 2.7).
The predicted STC value from the GAM model when dT, dL, and dD are all equal to zero is 47.26.

In other words, landslide susceptibility is 47 times higher immediately after earlier and nearby
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landslides occur. STC decreases faster with increasing dL than with increasing dD (Figure 2.8).
To assess model performance, we analysed the statistical significance of GAM, which showed
significant relationships between STC and the predictors dT, dL, and dD with a p-value less than
2e-16. The model achieved a high adjusted R? value of 0.98. For comparison, a linear model also

showed a general decrease in STC with an increase in spatial and temporal distances, albeit without

capturing the nonlinear trend in the data.
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Figure 2.7: Hexbin density, GAM and Linear model trend for log STC and other predictors (dT,
dL, dD).
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~

Figure 2.8: Surface plot showing variation of log STC as a function of downslope and lateral
distance.
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2.5. Discussion

2.5.1. Path dependency quantification

The quantification of LPD using Ripley’s space-time K function indicates that path
dependency (represented by the STC measure) decreases non-linearly as time, lateral, and
downslope distance between landslides increase, indicating a positive but diminishing influence
of nearby landslides on subsequent landslide susceptibility (Samia et al., 2020). This confirms the
findings by Samia et al. (2020), who reported that STC is influenced by proximity to earlier
landslides, and it decays exponentially in space and time. Our analysis reveals that the effect of
LPD is stronger in the downslope direction than in the lateral direction. Therefore, we accept our
hypothesis that the impact of earlier landslides is more optimally captured in along two
perpendicular spatial directions, with the downslope direction showing stronger influence than the
lateral direction. A possible reason for the stronger LPD effect in the downslope direction is a
positive feedback loop of the soil-landslide system (A. J. A. M. Temme, 2021b) in the downslope
direction. As landslides move downslope, they smear the soil, thus creating weakly permeable soil
layers that decrease the water permeability in the soil. This results in water saturation, which
increases the soil’s pore pressure, making the hillslope susceptible to future landslides in a
downslope direction (Parry et al. 2000; Duzgoren-Aydin and Aydin 2006). Our findings are

consistent with this theory, but do not prove it.

The nonlinear decreasing relationship between STC and the time difference between
landslides indicates that landslides that are closer in time are more strongly clustered, whereas
landslides separated by a higher temporal distance show reduced clustering. The possible reasons
for the decreasing temporal trend are: 1) slope stabilization from vegetation regrowth and repair
of soil structure and cohesion, 2) removal of topographic instabilities due to subsequent landslides,
and 3) gradual break up of a possible weakly permeable layer by root growth and other forms of

bioturbation (Samia et al., 2017b).
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2.5.2. Implications for landslides mapping

Most existing landslide inventories are limited to a single period and do not consider the
spatial effects in lateral and downslope directions. From such inventories, it is difficult to capture
the propagation impact of past landslides on subsequent landslide susceptibility. In the geomorphic
environments where the likelihood of landslides happening in the downslope direction is stronger
than in the lateral direction, this may lead to spatially biased landslide susceptibility assessment
when the LPD effect is not considered. In other words, if the downslope effect on landslides is
strong, landslide susceptibility assessment might be biased in the lateral direction, making
downslope areas appear safe. On the contrary, if the downslope effect on landslides is
overestimated, landslide susceptibility maps might show safe areas to be landslide-prone in the
downslope direction. Therefore, there is a need for more multi-temporal, comprehensive, and
multidirectional landslide inventories to map landslide susceptibility accurately. The ways for
preparing the multi-temporal landslide inventory include conventional and new techniques,
including visual interpretation of aerial photographs and remote sensing methods such as Synthetic

Aperture Radar (SAR) and other radar technologies (Guzzetti et al., 2012).

2.5.3. Redefining Landslides from purely spatial term to a multi-dimensional process

Traditionally, landslides were considered purely spatial events defined as the gravitational
movement of rock, debris, or earth (Gariano & Guzzetti, 2016). The landslide susceptibility
assessment was based on static factors such as topography, geology, distance from roads,
curvature, and elevation. Apparently, susceptibility is considered time-invariant; in other words,
landslides occur independently. However, Samia et al. (2017) claimed that landslides are time-
variant; landslide susceptibility may change over time, and the effect decreases with time.
Therefore, they gave different meanings to landslides by adding a temporal dimension, as spatial
conditions and the temporal impacts of earlier landslides determine the landslide susceptibility.
We extended Samia et al.'s (2017) approach by showing that landslide susceptibility is dependent
on spatial and temporal conditions and the directional relationship to earlier landslides. In other

words, the lateral and downslope directions distinctly affect landslide occurrence. In the dynamic
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landslide susceptibility framework, spatial, temporal, and directional information of past
landslides must be integrated with the predisposing factors for assessing landslide hazards
accurately. When landslide happens during rainfall event, susceptibility in and around such
landslides is increased at exponential rate. As a result, even a moderate amount of rainfall can
trigger subsequent landslides, specifically in the downslope direction where landslide
susceptibility is higher. Thus, a landslide is a complex, dynamic, and multi-dimensional process

caused by spatial, temporal, and directional force interactions.

2.6. Conclusion

In our study area near Collazzone, Italy, quantification of landslide path dependency shows
that the path dependency effect differs in lateral and downslope directions. Therefore, the impact
of earlier landslides on landslide susceptibility is best captured when considering these two spatial
dimensions in addition to the temporal dimension. Importantly, the downslope direction exerts a
stronger influence on landslide path dependency than the lateral direction. Therefore, spatial
dimension—specific downslope distance and the temporal dimension should be incorporated in
landslide susceptibility models to enhance the prediction accuracy and make the model more

dynamic.
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Abstract

Landslides cause various forms of damage and environmental changes, including
significant alterations to soil properties. Understanding these changes in soil physical properties
following a landslide can provide insight into potential mechanisms influencing hillslope
instability in areas affected by earlier landslides. In this study, we investigated the effects of
landslides on soil physical properties by analyzing samples from 5 landslide sites in Collazzone
area near Perugia in Italy, where landslides occurred less than 11 years ago. We compared soil
properties between landslide-affected locations and adjacent stable locations to assess temporal
and spatial variations. Our results indicated that shortly after a landslide, slide soils exhibit lower
bulk density, reduced surface soil resistance, and lower soil organic carbon stocks than in stable
locations. In contrast to findings in the literature, hydraulic conductivity differences were not
statistically significant. We also found that landslides transiently affect soil physical properties,
with differences between slide and stable locations being more immediate after failure, gradually
decreasing with landslide age, showing a trend toward convergence within approximately 7-10

years.

Keywords: landslides, soil properties, soil organic carbon, soil hydraulic conductivity, landslide

path dependency, soil resistance
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Highlights
e Landslide soils remain altered with respect to stable soils for at least 7-10 years
e Landslide soils show reduced soil organic carbon stock in youngest landslide
¢ In young slides, slide soils has less surface soil resistance than stable soils.

e No significant differences in median grain size between slide and adjacent stable soils.

3.1. Introduction

Landslides are among the most widespread and destructive natural hazards globally (Rossi
et al., 2017). They pose a serious threat to human life and infrastructure, causing socio-economic
disruption, casualties, and long-term environmental damage (Van Eynde et al., 2017). In forested
areas, landslides destroy vegetation and change soil physical, chemical, and biological properties
(Btoniska et al., 2018; Cheng et al., 2012). Landslides also reshape topography by altering slope
height, shape, and steepness (Tao et al., 2020), thereby causing significant soil loss, sediment
deposition, and mixing of soil material (Van Eynde et al., 2017).

Beyond the immediate physical impact on the environment, landslides are long-term
geomorphic processes that reshape the landscape. Landslides lower slope steepness by transferring
soil from the head scarp to the toe, thereby reducing the gradient and soil thickness, and generally
increasing slope stability, and decreasing future landslide susceptibility (Prancevic et al., 2020; R.
G. Singh et al., 2008; A.J. A. M. Temme, 2021a). However, landslides can also temporarily create
conditions that enhance future landslide susceptibility - a phenomenon known as landslide path
dependency (Samia et al., 2017b). For instance, landslides may create a thin, weakly permeable
soil layer beneath the landslide body that increases water saturation, elevates pore pressure, and
increases the likelihood of triggering additional landslides (Duzgoren-Aydin & Aydin, 2006; Parry
et al., 2000). This generally occurs in areas with frequent shallow landslides. Landslides can also
change soil properties by exposing the underlying parent material (C horizon) by removing the
upper soil layers (O, A, and B horizons) and transporting them downslope (Goyal et al., 2022).
Such redistribution can result in a mix of pedogenic stages across a landscape - for example, a
landslide may remove a Podzol, exposing a Regosol, thus resetting the soil formation process
(Geertsema et al., 2009). These changes in soil properties can be long-lasting even after removing

the visible damage.
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Because of their geomorphic and pedological impacts, landslides also change hydrological
conditions, which, in turn, control slope stability. Hydrologically, landslides are caused by one of
three conditions: 1) a loss of frictional strength due to the advancement of the wetting front after
rainfall or snowmelt (Matsushi et al., 2006), 2) groundwater rise leading to exfiltration through
fractured bedrock (Montgomery et al., 2009), and 3) development of positive pore pressure when
infiltration raises the piezometric head above a low-conductivity layer (Alessio, 2019). Landslides
have been known to change the conditions under which such hydrological mechanisms may occur.
For instance, translational landslides can disrupt soil structure, reduce micro- and overall porosity,
and decrease hydraulic conductivity, thereby limiting hillslope drainage. This case has been
demonstrated by Mirus et al. (2017), who compared the soil properties of a recently landslide-
affected hillslope in Washington, United States, with those on an undisturbed hillslope next to the
landslide. They found that the slope affected by the landslide had less vegetation, weaker soil
structure, lower matrix porosity, and lower hydraulic conductivity than the undisturbed hillslope.
This resulted in altered hillslope hydrology, causing earlier seasonal wetting, elevated antecedent
pore pressure, and prolonged saturation compared to undisturbed hillslopes. These conditions can
lead to repeated landslides on the landslide-disturbed hillslope.

In other words, landslide-caused changes in soil physical and hydraulic properties may
contribute to apparent path dependency, the situation in which previous landslides affect future
landslide susceptibility. Landslide path dependency was first identified in Collazzone, Italy (Samia
et al., 2017b). Samia et al. (2017) found that path dependency in Collazzone is strongest within 10
years following a first landslide and gradually decreases thereafter. These authors suggested that
the decrease in path dependency occurs as hillslopes stabilize due to either vegetation regrowth,
the recovery of soil structure and soil cohesion, or the removal of topographic instabilities that
remained after earlier landslides, or a combination of these factors. Later, Samia et al. (2020)
quantified landslide path dependency spatio-temporally, showing that the probability of a
subsequent landslide decays to the background level with a characteristic timescale of 17 years
and a spatial scale of 60 meters from the previous landslide. Similarly, path dependency has been
observed in the Nepal Himalayas, where Roberts et al. (2021) found that the degree of path
dependency additionally depends upon the size and type of landslides. However, so far, the

underlying mechanism behind landslide path dependency remains enigmatic.
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Here, we test the hypothesis that landslides cause transient changes in the properties of
soils, which make subsequent landslides more likely in a natural laboratory in Collazzone (Umbria,
Italy), where shallow translational landslides without strong vegetation and slope morphological

impacts are frequent.

3.2. Study Area

The Collazzone study area (Figure 3.1) covers 80 km? in the Perugia Province, located in
Umbria, Italy (Galli et al., 2008; Guzzetti, Reichenbach, et al., 2006) in the river Tiber catchment.
The area’s elevation is between 145m to 634m above sea level, and the slope steepness has an
average value of about 10° (Guzzetti et al., 2009). The terrain is hilly, with asymmetrical valleys,
and slope morphology is controlled by lithology and attitude of bedding, and exhibits gravel, sand,
clay, travertine, sandstone, marl, and limestone from the Lias to Holocene (Guzzetti, Reichenbach,
et al., 20006). Soil thickness ranges from a few decimeters to 1 meter, having a fine to medium
texture and a xeric moisture regime.

Most precipitation is in October and November, with an average rainfall of 884mm from
1921 to 2001. Many landslides have been recorded in Collazzone, ranging from large, deep-seated
landslides to small, shallow ones (Guzzetti et al., 2009). Most landslides are triggered by events

such as intense, prolonged rainfall and rapid snowmelt (Ardizzone et al., 2007; Cardinali et al.,

2000).
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Figure 3.1: Geological map of the Collazzone (Umbria, Italy) overlaid on hillshade. The

numbered red triangles (1-5) indicate the shallow landslides where soil samples were collected.

3.3. Methods

3.3.1. Data Collection and Sample Preparation

Five recent landslides of different ages were selected across different landslide-prone slope
units in Collazzone. The selection criteria were accessibility, relatively good control over landslide
age, and the arable use of the land to ensure that vegetation differences due to landsliding were
minor. To estimate the dates of landslide occurrence, we first used Google Earth Pro's time-slider
tool to inspect the imagery of pre- and post-landslide events. These estimated time intervals were

then refined by analyzing the rainfall records from the nearby Collepepe weather station. In all

five cases, there was a single intensive rainfall event in the interval indicated by the aerial photos.
We assigned the date of this event to the landslide. Landslide polygons were digitized from the

post-landslide Google Earth Pro image. Penetrometer readings were recorded, and soil samples
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were collected from 2 to 9 July 2024. During fieldwork, most days were cloudy, with rainfall
recorded only on 3 July.

Slope steepness of the landslides varied from 8° to 13° and was therefore only moderately
steep, and landslide length ranged from 58 to 159 meters. In all five cases, the landslides did not
reach the channel network and halted still inside their slope unit. The size of the landslides varied
significantly, from 585 m? to 3066 m?. The time between landslide occurrence and soil sampling
ranged from about 3 years to up to 10 years (Table 3.1). These five landslides also differ in
topographic properties, underlying soil and geological settings. Landslide 1 is developed on
limestone-derived soils, landslide 2 and landslide 3 on marl, landslide 4 on sand-silt, and landslide

5 on sandy material.

Table 3.1: Details of landslides with climate based predicted landslide dates, time lag to soil

sampling, landslide size, topographic properties, lithology and soil texture

Age of )
Age of Landslide
Date of precursor  Size
Slide Location landslide ) Slope Length Lithology Texture
occurrence landslide  (m?)
(y) (m)
)
42.8687° N,
L1 07-2024 10 >77 1178 8° 58 Limestone Silt
12.4652° E
42.8809° N, None
L2 12-2017 6.6 1163 12° 65 Marl Silt
12.4471° E known
42.8816° N,
L3 08-2020 39 6.6 585 13° 68 Marl Silt
12.4473° E
Sandstone
42.8455° N,
L4 07-2014 10 >47 3066 9° 124 - Silt
12.4357° E
siltstone
42.9103° N, Silt-
09-2021 2.8 39 1994  12° 159 Sandstone
12.4073° E loam
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For each landslide, four locations were selected: two inside the landslide (which we called
‘slide’) and two outside (which we called ‘stable’). A pair of slide and stable locations were
selected both at the top and at the bottom of each landslide (Figure 3.2). At each location, soil
samples were collected from the surface and at 30 cm depth using a cutting ring sampler to quantify
soil physical properties (Figure 3.3). We hypothesize that there is a significant difference in soil
properties between the slide and stable locations in each slide-stable pair. Specifically, we expect
higher bulk density, lower soil organic carbon, and lower soil hydraulic conductivity at slide
locations than at stable locations. In contrast, we hypothesize that soil texture does not differ
significantly between slide and stable locations.

Similarly, soil penetrometer readings were taken between the slide and stable locations at
both top and bottom positions, with measurements taken at a mean spacing of approximately 2
meters to capture the possible impact of sliding on soil resistance. We hypothesize that slide

locations have lower soil resistance than stable locations.
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Figure 3.2: Soil sampling locations and penetrometer transects across five landslides (1-5) in
Collazzone (Italy). For each landslide, the left panel shows the geometry, and the central and
right panels show the aerial imagery of the corresponding landslide. Blue dots in the right panel

are the soil sampling locations, and blue dashed lines indicate the penetrometer transects
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extending from stable to slide (landslide-affected) areas. Codes indicate landslide ID, position,
and location: L1TSI = landslide 1 Top-Slide, L1TSt = Top-Stable, L1BSI = Bottom-Slide, L1BSt

= Bottom-Stable (similarly up to L5). Black arrows indicate the direction of a landslide.

Figure 3.3: Procedure to take soil samples at the landslide site. A) Collection of surface soil

samples, B-C) Excavation of a 30cm deep pit to access subsurface soil, D) Sampling of soil from

30cm depth below the ground surface.

Laboratory analysis followed the procedures outlined by Blume et al. (2011) to measure
sample mass, volume, bulk density, and soil organic carbon (SOC) stock. Before analysis, soil
samples were contained in steel cylinders or plastic tubes and stored until measurements in
waterproof plastic wrapping in the refrigerator at 2 to 4°C. Outer surfaces were then cleaned, and
excess material was removed to create an even surface without disrupting the soil structure.
Following cleaning, the ring diameter, ring height, and unfilled height were measured to calculate
the soil sample volume and surface area. Weight was measured in the field-fresh state. Samples
were then dried at 40°C for three days inside the steel cylinders or plastic tubes, followed by
weighing. This preparatory step is recommended by Blume et al. (2011) as it prevents biological

and chemical alterations to soil samples.
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3.3.2. Saturated hydraulic conductivity and bulk density measurement

The hydraulic conductivity of the soil samples was determined using the Ksat system based
on Darcy’s law (Meter Group, 2025) with water temperature maintained at 10°C. The samples
were saturated in their rings for three days using a base plate with a coffee filter inside the water
container to prevent material loss. Measurements were repeated three times. Ultimately, the best-
fitting curve measurement was selected, followed by weighing the samples in their saturated state.
Following Ksat measurements, samples were transferred into crucibles and dried at 105 °C for
three days to ensure complete water evaporation and uniform drying (Blume et al., 2011).
Following drying, samples were cooled in a desiccator and weighed. Samples were then sorted
and sieved into fine earth (<2mm), coarse fragments (stones), and coarse organic material fractions
using the procedure given by Blume et al. (2011). Each fraction was weighed, and the bulk density

was calculated using the Blume et al. (2011) procedure.

3.3.3. Loss on ignition and soil organic carbon stock

To determine loss on ignition, a random sub-sample (approximately 8 g) of the dried fine
earth fraction was weighed and carefully grinded. Samples were placed in a muffle furnace at
450 °C for 5 hours. Then the samples were weighed. This procedure is a modification of the Blume
et al. (2011) method and avoids 550 °C heating to prevent thermal alteration of the samples, which
contained marls and limestones from which carbonates could potentially oxidize. Water content,
loss on ignition, and residue on ignition (expressed as mass percentage) were calculated, and soil

organic carbon stocks were determined following the approach of Poeplau et al. (2017).

3.3.4. Grain size analysis

The grain size analysis was conducted using a Malvern Mastersizer 3000. Sub-samples
from ignited samples were sieved (<2mm) and hydrated using demineralized water to allow clay
particles to soak and expand. A small portion of the saturated sample was then transferred into the
suspension chamber until an obscuration of about 5-6% was achieved. The remaining aggregates
were broken apart through stirrer motion and 60 seconds of ultrasonic treatment at 80% intensity.
Three measurements were averaged per sample. The goal was to maintain the standard error

between the three measurements below 3% for the d10 and median grain size of the sample, and
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below 5% for the d90 grain size. To avoid long measurement sessions, d90 standard errors above
5% were tolerated when repeated measurements failed to improve the results, and the overall shape

of the grain size distribution (GSD) curves remained similar.

3.3.5. Statistical analysis

A three-way analysis of variance (ANOVA) was applied to evaluate the impacts of landsliding on
soil properties. Position (Top vs Bottom), location (Slide vs Stable), and depth (Surface and
Subsurface) were used as factors. The response variables included saturated hydraulic
conductivity, bulk density, total water content, soil organic carbon stock, grain size distribution,

and soil resistance.

3.4. Results

The saturated hydraulic conductivity of the soil samples (Ksat, Figure 3.4) varies between
slide and stable locations across individual landslides (L1-L5), slope positions (top vs. bottom),
and soil depths (surface vs. subsurface). Ksat was higher at slide locations compared to adjacent
stable locations, except in landslide 3. Mean Ksat values were more than twice as high at slide
locations (147 cm day™') than at stable locations (63 cm day™'), though this difference was not
statistically significant (p = 0.12). Similarly, no significant slide-stable differences were observed
when interaction terms were included. At the top and bottom slope positions, Ksat was higher at
slide locations than at stable locations.

The largest slide-stable contrast was observed at the bottom subsurface, where slide
locations showed substantially higher Ksat (253 cm day™!) than stable locations (47 cm day™'; p =
0.06).
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Figure 3.4: Comparison of saturated hydraulic conductivity (Ksat) between slide and stable

locations across different landslide sites, slope position, and soil depth. Bars show the mean Ksat

values and the error bars represent standard error.

The total water content (TWC, Figure 3.5) does not display a clear trend with increasing
landslide age, although the youngest landslide (L5) has the lowest average TWC of all slide and
stable locations in the 5 landslides. Slide locations overall show slightly higher TWC (17.4%) than
stable locations (15.9%), but the difference is not statistically significant (p = 0.41). Also, at the
top (i.e., close to scarp) and bottom (i.e., close to toe) locations separately, slide soils have

marginally higher TWC than stable soils, but this difference is also non-significant.
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Figure 3.5: Comparison of Total Water content (TWC) between slide and stable locations across
different landslide sites, slope position, and soil depth. Bars show the mean TWC, and the error

bars represent standard error.

Bulk density (Figure 3.6) was significantly higher at the stable locations (1.48 g cm™) than
at slide locations (1.40 g cm™; p=0.02). The interaction between position and location was non-
significant. At the top and bottom slope positions, bulk density was lower at the slide location than
at the stable location. The interaction between depth and location revealed distinct patterns. At the
surface, bulk density differences between slide (1.38 g cm™) and stable (1.37 g cm™) locations
were negligible (p = 0.88). However, in the subsurface, stable soils (1.59 g cm™) have significantly
higher bulk density than slide soils (1.43 g cm™; p < 0.05).

At the top position, surface soils exhibit no significant bulk density differences, while
subsurface soils at stable locations (1.61 g cm™) have higher bulk density than slide locations (1.50
g cm™; p = 0.09). A similar pattern is found at bottom positions, where subsurface soils again
showed significantly lower (p <0.01) bulk density at slide locations (1.35 g cm™) than stable

locations (1.57 g cm™).
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Figure 3.6: Comparison of bulk density between slide and stable locations across different
landslide sites, slope position, and soil depth. Bars show the mean bulk density and the error bars

represent standard error.

The difference in soil organic carbon (SOC) stock (Figure 3.7) between slide and stable
locations was greatest at the youngest slide (L5), where slide location exhibited lowest SOC stock.
The difference in SOC stock was minimum at the oldest slide (L1). At both top and bottom
positions, stable locations had higher SOC stocks than slide locations; however, the differences
were not statistically significant. A similar pattern was observed for the interaction between soil

depth and location.
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Figure 3.7: Comparison of SOC stock between slide and stable locations across different
landslide sites, slope positions, and soil depths. Bars represent the mean SOC stock, and error

bars indicate the standard error.

As expected, median grain size (Figure 3.8) did not differ significantly (p = 0.18) between
the slide (18.4 um) and stable landslide (12.6 um) locations. Similarly, no significant differences
were observed between the top and bottom positions or between surface and subsurface, and all

interaction terms were non-significant.
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Figure 3.8: Comparison of median grain size between slide and stable locations across different
landslide sites, slope positions, and soil depths. Bars represent the mean median grain size, and

error bars indicate the standard error.

The penetrometer readings (Figure 3.9) reveal distinct and consistent patterns and
differences in soil resistance across different positions between stable and slide locations for all
landslides. In general, soil resistance is higher at the stable landslide locations compared to slide
locations, a pattern observed at both top and bottom landslide positions. Landslide 5, the youngest
landslide, exhibits the highest mean surface soil resistance at the top position, while the lowest
mean surface soil resistance values occur at the top position of Landslide 1, the oldest landslide.
The relationship between soil resistance and landslide age varies by position and depth. At the
surface of top landslide positions, mean soil resistance values consistently decrease with increasing
landslide age. However, subsurface resistance at the top position fluctuates and does not follow
this trend. At bottom positions, the trend reverses: surface resistance fluctuates with age, while
subsurface soil resistance shows a non-linear increase with landslide age: it rises from the L3 to

L2, decreases slightly at L4, and then increases again at the oldest landslide (L1).
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Figure 3.9: Penetrometer-measured soil resistance (MPa) with depth across five landslides. Each

plot shows top and bottom positions, except for landslide 5, where only top was measured. The

bottom position of landslide 5 was excluded because narrow base and steep scarp prevented

accurate penetrometer insertion and stable measurements.

The Pearson correlation matrix (Figure 3.10) highlights a strong negative relationship

between bulk density and hydraulic conductivity (r = -0.40). Bulk density also showed weak

negative correlations with total water content (r = -0.23) and the median grain size (r =-0.01), and

a weak positive correlation with soil organic carbon stock (r = 0.10). Median grain size showed a

negative relationship with SOC stock (r = -0.55) and total water content (r = -0.41), and a weak

positive correlation with hydraulic conductivity (r = 0.20). Similarly, soil hydraulic conductivity

showed a weak relationship with the SOC stock (r = 0.06) and the total water content (r = -0.15).

Finally, SOC stock and total water content exhibited a weakly positive correlation (r = 0.23).
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Figure 3.10: Correlation matrix showing relationships among different soil properties: BD (bulk
density), Median Grain Size, Ksat (saturated hydraulic conductivity), SOC stock (soil organic
carbon stock), TWC (total water content). Positive correlations are shown in blue, and negative
correlations are shown in red, with circle size and color intensity proportional to the Pearson

correlation value.

Soil properties vary with landslide age (Figure 3.11) at both stable and slide landslide
locations, with differences generally most pronounced shortly after failure and decreasing over
time. This is most strongly the case for the SOC stock, bulk density, and soil resistance. At younger
landslide sites, slide soils contain lower SOC stock (18 Mg ha™' + 3 Mg ha™') compared to stable
soils (35 Mg ha'+ 6 Mg ha™'). However, SOC stock at slide location (L.1) increases to 37 Mg ha™!
+ 2 Mg ha™! after 10 years, converging towards values at stable site (36 Mg ha™' +£2 Mg ha™).

Similarly bulk density and soil surface resistance are initially lower at slide locations (1.46 g cm™

51



+0.04 g cm™ and 2.4 MPa + 0.2 MPa) than at stable sites (1.59 gcm==+0.05 gcm™ and 2.8 MPa
+ 0.2 MPa), with the difference progressively decreasing after 7 years.

In other cases, TWC, GSD and Ksat show a weaker relationship with landslide age. TWC at
younger landslide slide locations is lower (8% = 1%) compared to stable locations (14% =+ 2%)).
As the landslide age increases, TWC at slide locations exceeds that at stable locations; however,
the difference becomes negligible after approximately 7 years. Grain size distribution, expressed
as median grain size, indicates that soils at both slide (45.6um £ 12.1um) and stable (20.8um =+
2.4um) landslide locations are initially poorly sorted. GSD decreases with landslide age, and the
differences between slide and stable locations diminish within approximately 4 years. Ksat values
exhibit large variation, particularly at slide locations. With landslide age, no specific trend can be

highlighted except that 4 out of 5 landslides have higher Ksat at slide locations that the stable

locations.
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Figure 3.11: Variation in soil properties with landslide age for slide and stable locations.

3.5. Discussion

Among the soil properties we measured (Table 3.2), bulk density, SOC stock, and soil

resistance showed the most consistent differences between slide and stable locations. Surprisingly,
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bulk density was significantly lower at slide locations than at stable locations, directly
contradicting our initial expectation of higher bulk density in slide soils. The difference in bulk
density between slide and stable locations is mostly in the sub-surface soils (p<0.05), whereas at
the surface, the difference is negligible. One possible reason for higher bulk density in the sub-
surface at the stable locations may be due to natural prolonged compaction by topsoil over time
and the development of plow pans caused by prolonged tillage, as Adhikari et al. (2014) reported
for Danish agricultural soils. At the slide locations, the lower bulk density in the subsurface layer
may then be due to disturbance of this expected pattern during landsliding, by disrupting pre-
existing compact layers and increasing pore space through fracturing, cracking, and mixing of soil
layers.

A further reason for lower bulk density at the slide locations in the subsurface might be
due to greater biodiversity than at stable locations. We found a variety of organisms, including
beetles, spiders, mixed insects, and snails, at slide areas, which were more numerous than at stable
locations. Zhang et al. (2021) reported that adding organisms such as bacterial manure decreases
the soil bulk density. Microbes and insects breed in soil, penetrate it, increase soil porosity, reduce
bulk density, and enhance hydraulic conductivity. An initial reduction in bulk density through
mixing of soil layers might be stronger and persist longer in this way than without increased
biological activity at depth.

Similarly, soil resistance was lower at slide locations than at stable locations, supporting
our hypothesis for this property. We expected soil resistance to be lower because penetration
resistance decreases with increasing water content (Lardy et al., 2022), and we expected slide
locations to have higher water content. Indeed, slide locations had higher total water content than
stable locations, but the difference was not significant.

Importantly, the contrasts in bulk density and soil resistance between slide and stable
locations were strong in younger slides and diminished strongly with landslide age, becoming
minimal after 7-10 years. This suggests that, compared to adjacent stable soil conditions, landslides
do affect soil bulk density, soil resistance, and soil moisture content, but these changes are
temporary. Soil properties tend to recover until the differences between slide and stable locations

eventually disappear.
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Table 3.2: Difference in soil properties between slide and stable locations averaged across all 5
landslides, along with corresponding statistical significance. The positive values (+) indicate
values are higher at slide locations than stable locations, while negative (-) values indicate values
are lower at slide locations compared to stable locations.

Soil Property Difference between slide and stable p-value
locations

Saturated hydraulic +84 cm day™! 0.12

conductivity

Total water content +1.5% 0.41

Bulk density -0.08 g cm™ 0.02

Soil organic carbon stock -5 Mg ha'! 0.08

Median Grain Size +5.8um 0.18

Surface soil resistance -0.2 MPa <0.05

We found that total SOC stock was greater at stable locations than in the slide locations
with marginal statistical support (p = 0.08); therefore, we provisionally accept our hypothesis,
awaiting further data points. Landslides generally reduce SOC stock at the hillslope level by
eroding carbon rich soil horizons and exporting it downslope (Btonska et al., 2018). Several
researchers have reported lower SOC in soils of recent landslides as compared to undisturbed soils
because lower surface soil has low SOC and other nutrients that get exposed and relocated (Goyal
et al., 2022; Reddy & Singh, 1993; K. P. Singh et al., 2001; Sparling et al., 2003; Wilcke et al.,
2003). This decline is due to geomorphic removal of the organic rich and biologically active soil
layer during landsliding, which exposes immature subsoil horizon, and thereby resetting soil
development process.

Older slide locations have higher SOC stocks, and the difference with stable locations
becomes minimal after 10 years. This finding is consistent with that of Van Eynde et al. (2017),
who reported that soil organic content is directly proportional to the age of the landslide. The
possible reasons for increased SOC with landslide age are vegetation regrowth, re-accumulation
of organic inputs (e.g., leaf litter, plan residues, and root biomass), soil structure stabilization
(Schomakers et al., 2018). This indicates that the impact of landslides on SOC is transient and that
soil organic carbon gradually recovers as the ecosystem stabilizes with time. The original decrease

in SOC stock during or soon after a landslide occurs may be due to mixing with the deeper
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subsurface during sliding (although we still observe lower SOC stocks in slide locations than stable
locations at 30 cm under the surface), or due to accelerated decomposition of organic matter after
a slide happens - possibly due to the observed lower bulk density and corresponding better aeration
of slide locations relative to stable locations.

Saturated hydraulic conductivity was higher at slide locations than at adjacent stable
locations, although the difference was non-significant, so we fail to accept our hypothesis. This
pattern is opposite to that shown in the study by Mirus et al. (2017) at a landslide location in
Mukilteo (Washington, USA), who observed higher hydraulic conductivity at stable locations than
slide area. The difference may be due to variations in geomorphic settings. Moreover, lower soil
resistance and bulk density may have contributed to higher hydraulic conductivity in slide areas
than in nearby stable landslide locations. Saturated hydraulic conductivity was lower at the
landslide initiation area (top position) compared to the zone of accumulation (bottom position) for
both slide and stable landslide locations. However, bulk density was higher at the top than at the
bottom position for the slide as well as the stable locations. The elevated bulk density at the head
scarp likely reduced soil porosity, resulting in lower hydraulic conductivity at the head scarp
(Frene et al., 2024).

Median grain size, an indicator of soil texture, did not differ significantly between slide
and stable locations. Therefore, for this type of landslides, soil texture appears to remain
unchanged. Apparently, landsliding does change aggregate-level soil physical properties by
redistributing soil materials, but fails to affect the textural mix involved in moving. In our case,
there was no clear textural differentiation between soil horizons at stable locations, and thus no
possibility that mixing during sliding would erase this difference. It is conceivable that in other
settings, where soils are stable for long enough to develop textural differentiation, for instance
with an A-E-Bt horizonation, landsliding would impact surface and subsurface median grain size
by erasing this differentiation. Such impact would likely be transient only over timescales of
thousands of years.

Overall, our results suggest that landslides in Collazzone substantially and transiently
impact soil physical properties, while leaving soil texture largely unchanged. Slide soils differ
from adjacent stable soils shortly after the landslide, but for some properties (SOC stock, surface
soil resistance, and bulk density) this difference progressively diminishes with increasing landslide

age, becoming minimal after 7-10 years after the landslide, indicating convergence of slide soil
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properties toward stable soil conditions (Figure 3.12Figure 3.12). This temporal evolution of soil
properties provides a physical basis for understanding patterns of landslide recurrence in
Collazzone. Earlier, Samia et al. (2017) reported that landslides in Collazzone increased
susceptibility to subsequent landslides for about 10 years following the initial failure. Our results
suggest that transient changes in soil physical properties caused by landslides can be the reason
for elevated susceptibility during post-landslide window. Reduced bulk density, soil resistance,
lower SOC, and more water content at slide locations collectively reduced soil strength, soil
cohesion, shear stress, thereby increasing the landslide susceptibility. As soil properties gradually
recover and the difference between soil properties at slide and stable locations becomes minimal,
the landslide susceptibility might decline back to its previous levels, determined by semi-
permanent location properties such as slope steepness, concavity, and the lithological properties

of the region.

Arable land

Adjacent stable soil Adjacent stable soil

Socslide ~ Socstahle
BDinde 2 BDstahle
Resistance,;q ~ Resistance e

Socslide < Socslable
BDinde < BDstable
Resistance,q < Resistance,pe

Slide soil Slide soil

Figure 3.12: Conceptual diagram illustrating transient impact on soil organic carbon (SOC)

stock, bulk density (BD), and surface soil resistance.

3.6. Conclusion

This study demonstrated that landslides in Collazzone significantly altered soil physical
properties across slope positions, locations, and depths, over a timescale of up to 10 years. Shortly
after landslides, soils within slide locations exhibit lower bulk density, soil resistance, and reduced
soil organic carbon stocks compared to nearby stable soils, which may increase their susceptibility
to follow-up landsliding. However, these differences gradually decrease with landslide age, and

most soil properties at slide locations converge with those in stable locations within 7 to 10 years
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following the landslide. This transient recovery provides a process-based explanation for empirical
observations of landslide path dependency in Collazzone, where landslide susceptibility remains

elevated for a decade following initial failure.
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Abstract

Earthquakes have a significant impact on landslide occurrence, including immediate
triggering and preconditioning for future landslides by altering slope stability conditions. There
has been significant research investigating the impact of earthquakes and subsequent
preconditioning on landslide susceptibility; however, the impact of earthquakes on landslide path
dependency (LPD) across different geomorphic settings remains unexplored. This study compares
the impact of earthquakes on landslides and their path dependency in Collazzone (Italy) and the
central region of Nepal. We analyzed the impact of earthquakes on the geometry and topographic
properties of landslides, as well as on the properties of landslides that cause follow-up failures and
those that do not. In Collazzone, landslide occurrence did not increase significantly after recorded
earthquakes, whereas in Nepal, there is a significant increase in monsoon-triggered landslides after
the 2015 earthquakes, which then decreases to pre-earthquake level within 4 years. Moreover, the
2009 earthquake significantly affected key landslide properties and their path dependency, leading
landslides in Collazzone to shift to lower elevations. However, in Nepal, post-2015 landslides were
larger, steeper, and occurred at higher elevations than pre-2015 landslides, indicating that the
Nepal earthquake tended to precondition slopes near ridges, where many monsoon-triggered

landslides occurred, whereas in Collazzone, rainfall-triggered landslides tend to occur near valleys
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following the earthquake. In both regions, landslides that followed path dependency were larger
than those that did not. Moreover, in Collazzone, we found that path dependency strengthened
after an earthquake, unlike Nepal. In Collazzone, lower shaking intensity (4-5 MMI) due to 1997
and 2009 earthquakes likely preconditioned slopes near earlier landslides, increasing overlaps and
strengthened LPD, while in Nepal, earthquakes were strong (7-8.6 MMI) causing widespread
hillslope damage, triggering landslides both near and even farther from earlier landslides, and did
not overall increase LPD. Therefore, the impact of earthquakes on LPD depends upon their

intensity and the area’s geomorphology.

Keywords: earthquakes, landslide path dependency, preconditioning, landslide properties,

shaking intensity

4.1. Introduction

Landslide mitigation generally depends upon landslide hazard assessment, which forecasts
the statistical likelihood of future landslides occurring at particular locations (Guzzetti,
Reichenbach, et al., 2006). Reliable hazard assessment requires a clear understanding of factors,
both natural and anthropogenic, that control landslide occurrence. These factors can broadly be
categorized into conditioning and triggering factors. Conditioning factors represent the
topographic, hydrological, anthropogenic, and environmental factors, which include slope angle,
elevation, aspect, distance to drainage, distance to roads, land cover, among many others (Meena
et al., 2022); while triggering factors are events acting on the hillslope, including intensive rainfall
or earthquakes, that directly initiate a landslide (Rodriguez et al. 1999; Wang and Sassa 2003;
Malamud et al. 2004; Mugagga et al. 2012; Regmi et al. 2013; ProkeSova et al. 2013; Jaafari 2024).
The relationships between causes and triggers are complex because a single triggering factor can
produce different responses in landslide occurrence due to interactions among conditioning factors
and legacy effects from past events (He et al., 2022; Phillips, 2006).

Landslide susceptibility assessments have been commonly considered time-invariant, i.e.
landslide susceptibility is assumed to remain constant over human and infrastructure relevant
timescales . However, recent studies show that landslide susceptibility changes over time and may
depend upon past landslide events as well as external triggers. Samia et al. (2017) demonstrated
that the locations of earlier landslides and the time interval between landslides affect future
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landslide susceptibility. This effect, in which future landslide susceptibility increases due to nearby
earlier landslides, was termed landslide path dependency (LPD) (Samia et al., 2017b). Building on
this work, Samia et al. (2017b) quantified the path dependency effect using a follow-up landslide
fraction index, showing that landslide susceptibility increases 15-fold immediately after a
landslide. Moreover, Samia et al. (2020) found that the path dependency, initially higher,
decreases exponentially by a factor of e every 17 years and every 60 m of horizontal distance from
earlier landslides, ultimately reaching a background value where path dependency is negligible.
This effect is also seen in the Nepal Himalayas, where Roberts et al. (2021) showed that landslide
path dependency is not only due to the spatial-temporal association of earlier landslides but also
depends on the total number of landslides, the size of the study area, and the size/type of the
landslides. Therefore, it was shown that LPD exists in different geomorphic settings.

In addition to LPD, earthquakes as well as external triggers may significantly affect future
landslide susceptibility and occurrence. Large earthquakes (Myw > 6.6) can trigger thousands of
landslides, causing significant damage to life, destroying infrastructure, and blocking rivers
(Bayram et al., 2023; M. Kobayashi, 2014; Xu et al., 2022). For example in China, the Haiyuan
(1920), Wenchuan (2008), Lushan (2013), and Jiuzhaigou (2017) earthquakes cumulatively
triggered more than 69500 landslides, causing damage to life and property (Lu et al., 2022). More
importantly for this study, Marc et al. (2015) studied the post-trigger evolution of landslide rates
after four significant earthquakes (1993 Finisterre, Papua New Guinea; 1999 ChiChi, Taiwan;
2004 Niigata, Japan; 2008 Iwate, Japan), all of which had moment magnitude (My) greater than 4.
Their analysis found that landslide rates significantly increased immediately after an earthquake
and gradually decreased to a background value within 1 to 4 years. Marc et al. (2015) tentatively
attributed the observed trends to a reduction in ground strength followed by recovery. In contrast,
in regions with low to moderate seismicity, direct relationships between earthquakes and landslides
are difficult to identify. However, Vanmaercke et al. (2017) showed that weaker but more frequent
earthquakes exhibit stronger correlations with sediment yield, suggesting a possible cumulative
impact on landslide susceptibility also for such weaker triggers over a longer time scale.

Despite progress in understanding landslide path dependency and earthquake-induced
landslides preconditioning, existing studies have largely focused on earthquakes as either
triggering events, or, as conditioning processes that weaken soil and slope over time (e.g.,

Vanmaercke et al. 2017; Zhang et al. 2024). However, no research has been conducted that
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quantifies the impact of triggers such as earthquakes on LPD, resulting in a significant research
gap in understanding the spatial and temporal evolution of landsliding.

Earthquakes may change path-dependency parameters, such as the characteristic decay
time and the value of the characteristic spatial distance from earlier landslides. These effects may
arise from earthquake magnitude-distance relationships, in which the impact on landsliding
depends on magnitude and distance from the epicenter (Keefer, 1984). After an earthquake, slopes
do not fail randomly or all at once; instead, landslides continue to occur over time as the ground
weakens (Leshchinsky et al., 2021). This is also seen in the case of the 1998 Chi-Chi earthquake
in Taiwan. Landslide rates remain elevated during subsequent rainfall, with rates being 59-66%
higher than baseline levels, even when total seasonal rainfall was much lower than average
(Chuang et al., 2009; Leshchinsky et al., 2021). These data suggests that earthquakes may weaken
slopes, making them more susceptible to landslides during remarkable rainfall levels. Therefore,
it is extremely important to study post-seismic landslides across different climatic and tectonic
settings and to examine how earthquakes in these settings affect LPD.

This paper aims to quantify how large earthquakes (My > 4) modify LPD. We hypothesize
that earthquakes increase existing levels of LPD, such that after an earthquake landslides will more
often follow each other in the same location. We operationalize this as the hypothesis that
earthquakes increase the landslide overlap fraction. To test this hypothesis across different
geomorphic settings, our objectives are to: 1) Calculate landslide overlap index from multi-
temporal landslide inventories in Italy and Nepal, and 2) compare this index and properties of
landslides that cause follow-up and landslides that do not follow up immediately before and after

large earthquakes.

4.2. Study areas

4.2.1. Collazzone, Italy

The Collazzone area (Figure 4.1) covers approximately 80 km? within the Perugia Province
of the Umbria region, Italy, with elevations ranging from 145 m along the Tiber River floodplain
to 634 m at Monte di Grutti (Guzzetti, Galli, et al., 2006). The geology consists of recent fluvial
deposits, continental gravel, sand, and clay; travertine deposits; sandstone; and marl in varying

proportions, and thinly bedded limestones (Volpe et al., 2022). The area has a Mediterranean
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climate, with precipitation mainly occurring between October and December, and from February
to May (Lombardo et al., 2020). The natural triggers of landslides are intense rainfall events and
rapid snowmelt (Ardizzone et al., 2013; Cardinali et al., 2000). Soils vary in thickness from a few
decimeters to more than one meter, have fine to medium textures, and exhibit a xeric moisture
regime. Landslides are widespread, encompassing a wide range of types and volumes, from old,

deep-seated slides to shallow slides and flows (Guzzetti, Galli, et al., 2006).
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Figure 4.1: Landslides (Ardizzone et al., 2013) in the Collazzone study area overlaid on DEM
downloaded from SRTM using Google Earth Engine. Locations of two significant earthquakes
affecting Collazzone: the 1997 earthquake in Perugia (M = 6.0) and 2009 earthquake in
L’Aquila (Mw = 6.3).
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4.2.2. Nepal

The selected Nepal region (Figure 4.2) covers approximately 45000 km? within the central-
eastern Nepal Himalaya (Jones et al., 2021). Most of the landslides in Nepal are triggered by
monsoon rainfall. The selected central region covers catchments across all four major tectonic
units of the Nepal Himalaya: Sub, Lesser, Greater, and Tethyan Himalaya (DeCelles et al., 2001).
These tectonic units are characterized by different geomorphologies and geological settings
(Roberts et al., 2021). For example, the Tethyan Himalaya Sequence consists of late Proterozoic
to Eocene sedimentary rocks, separated from the high-grade metamorphic rocks of the Greater
Himalayan Crystalline Complex by the South Tibetan Detachment System, which is characterized
by top-to-north kinematics (Burchfiel et al., 1992). In contrast, the Greater and Lesser Himalaya
are underlain by lower-grade metamorphic, metasedimentary, and sedimentary rocks (Robinson et
al., 2001; Upreti, 1999). The Sub-Himalayan Sequence mainly consists of Cenozoic foreland
sedimentary rocks (Yin, 2006).
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Figure 4.2: Nepal central region including all mapped landslides from 1988 to 2018 (Jones et al.
2021). Landslides and the central boundary of Nepal are overlaid on a DEM downloaded from
SRTM using Google Earth Engine. Also shown are the epicenters of five major earthquakes (Myw

= 6.3 — 7.8) relevant to landslide occurrence.

4.3. Methods

4.3.1. Data acquisition

For Collazzone (Italy), we used the multi-temporal landslide inventory from 1937 to April

2014, mapped using aerial photographs and stereo remote sensing from GEOEYE and Worldview

images (Ardizzone et al., 2013). A detailed description of this inventory, including its preparation,

time-slice mapping, age of landslides, spatial-temporal uncertainties, and frequency-area

relationships, is given in (Guzzetti, Reichenbach, et al., 2006; Samia et al., 2017b). For Nepal, we
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used Jones et al.'s (2021) multi-temporal landslide inventory developed from 15-30 m Landsat
4/5/7/8 imagery. It consists of 29 time-slices, with each slice representing a single monsoon season
between 1988 and 2018, excluding 2011 and 2012 due to Landsat-7 scanline errors (Alexandridis
et al., 2013).

Earthquake data were obtained from the USGS earthquake catalog. Initially, we selected
earthquakes with a My, > 4 , as they can possibly trigger landslides (Keefer, 1984). For Collazzone,
earthquakes were extracted for the period 1937-2014, and for Nepal, 1988-2018, consistent with
the temporal range of the respective landslide inventories. The centroid of each study area was
used as the reference location for subsequent earthquake filtering. Filtering was based on the
magnitude-distance relationship from Keefer (1984) which identifies the distance over which an
earthquake of a certain magnitude is capable of causing landslides.

In the Collazzone region, most earthquakes (Figure 4.3) fall outside Keefer's (1984)
threshold distance, i.e., they have limited influence on landslide occurrence between 1937 and
2014. However, two earthquakes lie within the threshold distance. These occurred in September
1997 (My, = 6) and April 2009 (My=6.3). In the central region of Nepal, five landslide-relevant
earthquakes occured between 1988 and 2018: one in August 1988 (Mw = 6.9), two in April 2015
My= 7.8 & 6.7), and two in May 2015 (Mw= 7.3 & 6.3) fall within the magnitude-distance
threshold proposed by Keefer (1984).

Therefore, for the Collazzone region, we selected landslide inventories from 1981 to 1997
(pre-1997 earthquake), from 1999 to 2009 (between the 1997 and 2009 earthquakes), and post-
2009 inventories to evaluate LPD. For the Nepal central region, we considered time slices spanning
2009-2014 (pre-2015 earthquakes) and 2015-2018 (post-2015 earthquakes). The 1988 Nepal
earthquake was excluded from this analysis because no landslide inventories were available prior

to that event.
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Figure 4.3: Identification of earthquakes impacting landslides based on Keefer (1984) distance-
magnitude relationship in Collazzone (left plot) and Nepal central region (right plot). D is the
distance between the epicenter and the study area’s centroid. The dashed line is the threshold

curve that separates earthquakes capable of triggering landslides from those unlikely to produce.

4.3.2. Quantifying earthquake impact on landslide properties

To answer this question, we first calculated the direct impact of earthquakes on landslide
geometric and topographic properties using the Wilcoxon rank-sum test. Then we compared the
impact of earthquakes between landslides, that have a follow up landslide and landslides that do
not, using the Aligned Rank Transform (ART) Test, a non-parametric alternative to two-way
analysis of variance (ANOVA) (Wobbrock et al., 2011).

Geometric properties included landslide size and shape, with the shape quantified using the
roundness index, as calculated by Samia et al. (2017a) and Roberts et al. (2021). A roundness value
approaching 1 indicates more circular landslides, whereas a value closer to 0 represents elongated
forms. Topographic factors included elevation, slope, Northness, Eastness, topographic position
index (TPI), topographic wetness index (TWI), plan and profile curvature, LS factor, and relative
slope position (Guisan et al., 1999; Jiang et al., 2018; Panagos et al., 2015; Pucha-Cofrep & Fries,
2025; Samia et al., 2017a; A. J. Temme et al., 2022). Northness refers to how much slope faces
north, which represents the cosine of the aspect angle, while eastness refers to how much slope

faces east, which is calculated as the sine of the aspect angle.
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4.3.3. Quantifying earthquake impact on landslide path dependency

To quantify LPD in the few years before and after earthquakes, we calculated the follow-
up landslide fraction (eq (4./)) as defined by Samia et al. (2017b). Follow-up landslides (Samia
et al. 2017b) are those that shows spatial association, i.e., that are inside, overlap, or touch an
earlier; if a landslide lies entirely outside the earlier time slice, showing no overlap or contact, it is
not considered a follow-up landslide. If a landslide is spatially associated with landslides from
multiple earlier time slices, it is considered a follow-up with respect to the most recent preceding
landslide, not earlier time slices. With these definitions, we calculated the follow-up landslide

overlap index (p) before and after earthquakes as (Samia et al., 2017a):
_ FLp,  AS (4.1)

X

P TL,  ALny

where FLt; is the number of follow-up landslides in the younger time slice T2, TLt is the total
number of landslides in T», AS (m?) is the study area, and ALt (m?) is the area affected by
landslides in the older time slice Ti. The first division in eq (4.1) captures the fraction of landslides
that follow others, the second division normalizes that for the size of the target (i.e. how much area
was available to overlap with)

We calculated the landslide overlap index (p) for four time-slices before and after the earthquake

to evaluate the impact of the earthquake on p.

4.4. Results

4.4.1. Landslide occurrence in Collazzone and Nepal central region

In Collazzone, during the pre-1997 earthquake period (1981 to 1997), landslide occurrence
ranged between 63 and 413 per inventory year (Figure 4.4). Between 1997 and 2009, landslide
activity showed variability, and ranged between 17 and 224 per inventory year. Post-2009
earthquake period (2009 - 2014) landslide ranged from 118 to 217 per inventory year. On the
contrary in central Nepal, ignoring co-seismic landslides, during the pre-2015 earthquake period
(2009 - 2015), landslide occurrence was lower (175 — 507 landslides per inventory year) than
during the post-2015 earthquake period (406-1328 landslides per inventory year). The 2015

earthquakes in Nepal led to a raised frequency of monsoon-triggered landslides in 2015, followed
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by a gradual decline in subsequent years. This effect was not apparent in Collazzone after the 1997

and 2009 earthquakes.
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Figure 4.4: Number of landslides triggered in Collazzone, Italy (top) from 1981 to 2014, and in

central Nepal (bottom) from 2009 to 2018. Red bars represent the non-co-seismic landslides at a

specific time of the year, while green bars represent subsequent landslides occurring later within
the same year. Dashed blue lines represent earthquakes that happened at a particular time.

4.4.2. Impact of earthquake on geometric and topographic properties of landslides

To evaluate the independent impact of earthquakes on landslides (assuming no path
dependency), we selected time slices immediately before and after each earthquake. In Collazzone,

for the 1997 earthquake, the pre-event includes landslides that occurred in 1991 and 1997, while
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the post-event includes landslides that happened in 1999 and May 2004. Similarly, for the 2009
earthquake, the pre-event comprises the December 2004 and December 2005 time slices, whereas
the post-event includes landslides that occurred in March 2010 and May 2010.

In Collazzone, the 1997 earthquake significantly increased landslide size (0.22 + 0.02 ha
to 0.38 = 0.06 ha; p < 0.01), while mean elevation significantly decreased (257 m to 246 m; p =
0.03). No other landslide properties showed statistically significant differences (Table 4.1).

For the 2009 earthquake, several properties exhibited significant changes. This time,
landslide size decreased significantly after the earthquake (0.26 + 0.04 ha to 0.18 + 0.02 ha; p =
0.03). Elevation (279 m to 271 m) and roundness (0.85 to 0.76) decreased significantly, indicating
that landslides after the 2009 earthquake were more elongated and occurred at lower elevations.
Among topographic properties, TPI decreased, while TWI increased significantly. Moreover, LS
factor increased significantly from 9.03 to 10.06. Other properties did not show statistically

significant differences.

Table 4.1: Impact of earthquakes on geometric and topographic properties of landslides before
and after earthquakes in Collazzone

1997 Earthquake 2009 Earthquake
Parameters
Before After p-value Before After p-value
Size (ha) 0.22 +0.02 0.38 £0.06 <0.01 0.26 +£0.04 0.18 £0.02 0.03
Roundness (-) 0.87 + 0.04E-01 0.89+0.01 0.55 0.85+0.01 0.76 £0.01 <0.01
Elevation (m) 2.57E+02 +2.4 2.46E+02 + 6.01 0.03 2.79E+02 +4.61 2. 71E+02 + 4.86 0.03
Slope (°) 11.1£0.16 11.48+0.32 0.29 11.09 + 0.24 10.73 £ 0.21 0.29
-0.16E-02 + 0.14 -0.25E-01 +
Northness (-) 0.03 0.14 £0.07 0.05 0.01 £0.05 0.82
Eastness (-) -0.36 +0.03 -0.44 + 0.06 0.13 -0.35 +0.04 -0.33 £ 0.04 0.5
TPI (m) -0.94 £ 0.1 -0.59+0.23 0.15 -0.35+0.15 -0.87£0.14 0.01
TWI (radians™) 7.11+0.05 7.03 £0.12 0.7 6.82+0.07 7.22+0.07 <0.01
Profile Curvature (-) 0.35E-01 +0.01 0.04 £0.03 0.98 0.19E-01 £0.02  2.8E-02 +0.02 0.61
-0.57E-01 + 0.83 -0.33E-01 +
Planform Curvature (-) 0.01 -0.065 £ 0.02 0.02 -0.07 £ 0.01 0.08
LS factor (-) 10.05 + 0.21 10.26 +0.41 0.31 9.03+£0.3 10.06 + 0.33 0.03
Relative Slope Position (-) | 0.37 = 0.99E-02 0.33£0.02 0.07 0.33+£0.01 0.36£0.01 0.18

To evaluate the impact of earthquakes on landslides in Nepal's central region (assuming no
path dependency), we selected two time slices immediately preceding (2013 and 2014) the 2015
earthquake and two time slices after it (2015 and 2016).
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In Nepal, the size and mean elevation of landslides also increased significantly after the
series of 2015 earthquakes (Table 4.2). Roundness decreased significantly, indicating that
landslides were more elongated in the post-earthquake period. Moreover, slope values were
significantly higher after the earthquake (31.68 + 0.32° to 34.38 + 0.21°; p < 0.01), suggesting a
shift towards steeper terrain. Among topographic properties, TPI and LS factor significantly
increased after earthquakes, while northness and relative slope position significantly decreased.

All other properties did not show significant differences before and after 2015 earthquakes.

Table 4.2: Impact of earthquakes on geometric and topographic properties of landslides before
and after 2015-earthquakes in Nepal’s central region

2015 Earthquakes
Parameters
Before After p-value

Size (ha) 0.75+£0.08 1.11 +£0.05 <0.01
Roundness (-) 0.79 £ 5.0E-03 0.76 £ 3.3E-03 <0.01
Elevation (m) 1.35E+03 £24.09 1.75E+03 £+ 3.6E-36 <0.01
Slope (°) 31.68 £0.32 3438 +£0.21 <0.01
Northness (-) -0.59 £ 0.01 -0.62 = 0.01 0.04
Eastness (-) 0.23 +0.02 0.24+0.01 0.84
TPI (m) 4.41E+04 +9.59 4.43E+04 + 6.61 <0.01
TWI (radians™) 6.29 £ 0.05 6.24 £0.03 0.56
Profile Curvature (m™) 4.2E-02 +0.02 5.8E-02 = 0.01 0.39
Planform Curvature (m™") -2.1E-02 + 0.02 -3.7E-02 £ 0.01 0.87
LS factor (-) 52.51 £2.07 54.74 £ 0.93 <0.01
Relative Slope Position (-) 0.50+0.01 0.48 £4.7E-03 0.04

4.4.3. Impact of earthquakes on geometric and topographic properties of follow-up and

non-follow-up landslides.

To evaluate how earthquakes modify the geometric and topographic properties of path-
dependent landslides, the inventory was divided into pre- and post-earthquake periods around the
1997 and 2009 earthquakes that affected Collazzone. For the 1997 earthquake, the pre-event period
includes landslides that occurred between 1985 and 1997, whereas the post-event period comprises
landslides from 1999 to December 2004. Similarly, for the 2009 earthquake, the pre-event period
covers landslides recorded between May 2004 and December 2005, and the post-event period

covers landslides recorded between March 2010 and April 2013. These periods were intentionally
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selected because earthquake impacts on landslides are typically transient, as reported by Marc et
al. (2015).

The 1997 earthquake did not have a significant impact on landslide size when comparing
the pre- and post-earthquake periods (Table 4.3). However, the landslides that experienced follow-
up landslides were larger than those that did not. Moreover, the interaction between the 1997
earthquake period and landslide roundness was statistically different between follow-up and non-
follow-up landslides.

Compared with the 1997 earthquake, the 2009 earthquake produced more pronounced
changes in the geometric and topographic properties of landslides. Landslides that experienced
follow-up are larger than those that do not, both before and after the 2009 earthquake. Also, the
interaction between earthquake period and the follow-up status was significant.

In the post-2009 earthquake period, landslides with follow-up status have a higher mean
elevation than those without follow-up. In the pre- and post-2009 earthquake period, the mean
slope of landslides that cause follow-up were significantly higher (11.20 = 0.40; 11.87° + 0.53°)
than the landslides that do not cause follow-up landslides (10.92 + 0.25; 10.43° + 0.22°). This trend
was absent in the pre-1997 and post-1997 periods.
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Table 4.3: Impact of earthquakes on geometric and topographic properties of landslides that
cause follow-up (Y) and those that do not cause follow-up (N) before (b) and after earthquakes

(a) in Collazzone. Only significant properties are shown.

Parameters Follow-up 1997 earthquake 2009 earthquake
before after p(b=a) before after p(b=a)
Y 0.48 + 0.08 0.41=0.13 0 0.51+0.13 0.19+ 0.03 0.03
Size (ha) N 033 £0.04 0.37 + 0.06 0.24 + 0.02 0.17 + 0.02
p (Y =N) <0.01 0.29 <0.01 0.01
Y 0.79 + 0.02 0.90 + 0.01 oor | 087002 0.77 4 0.01 001
Roundness (-) N 0.84 % 0.01 0.88 % 0.01 0.85+0.01 0.76 + 0.01
p (Y =N) 0.10 0.01 0.48 0.56
+ + + + + +
| v |asseresas GOURE o ROTEE 0T o
Elevation (m) N 25E+02+£4.17  2.40E+02 +5.97 271E+02+5.19  2.63E+02 = 4.98
p (Y =N) 0.18 0.86 0.04 0.04
% 11.88 + 0.46 1082£054 | 1120£040 11.87+0.53 0.50
Slope (°) N 11.14 +0.29 11,73 +0.39 10.92 + 0.25 1043 +0.22
p (Y =N) 0.66 0.11 0.02 0.19
% -0.16 j(;lo'%E' 025£0.02 | 0.18£0.10 0204011 068
Northness (-) N -0.17 + 0.05 0.10 = 0.08 | 042E-01£005 0.65E-01£005
p (Y =N) 0.42 0.47 0.81 <0.01
Y 7.19+0.16 7.02+0.18 0ol 6.75+0.13 723+0.12 001
TWI (m) N 733+0.12 7.04+0.16 7.00 = 0.08 722 +0.08
p (Y =N) 0.85 0.65 0.82 0.22
Y 11.46 + 0.55 9.51+0.83 03 9.21 + 0.60 12.16 + 0.87 037
LS factor (-) N 10.90 + 0.42 10.54 + 0.46 9.45 + 0.34 95240233
p (Y =N) 0.83 0.08 0.03 0.03
Relative Slope Y 0.38 % 0.03 035+0.04 | 031003 0.33+0.03 0.1
Position () N 0.42 +0.02 032 +0.03 0.33 % 0.02 037 +0.02
p (Y =N) 0.74 0.25 0.40 0.74

In Nepal, the landslides that cause follow-up, size (1.34 ha to 1.96 ha) and elevation (132

m to 146m) significantly increased after the 2015 earthquakes, indicating that post-earthquake

landslides that cause follow-up are larger and located at higher elevations. Also, landslides that

exhibit path dependency are larger than those that lack this mechanism. Other properties of

follow-up and non-follow-up landslides before and after 2015 remain non-significant (Table

4.4).
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Table 4.4: Impact of earthquakes on geometric and topographic properties of landslides that
cause follow-up (Y) and those that do not cause follow-up (N) before (b) and after earthquakes
(a) in Nepal. Only significant properties are shown.

Parameters Follow-up 2015 earthquakes
Before (b) After (a) p(b=a)
Y 1.34+0.23 1.96 £0.57 <001
Size (ha) N 0.96 £ 0.05 0.96 £0.03
p(Y=N) <0.01 0.59
Y 0.80 £0.02 0.76 £0.01 0.01
Roundness (-) N 0.80+0.01 0.77 £0.03E-01
p(Y=N) 0.40 0.99
Y 1.32E+03 + 1.5E+02 1AGE+03 +
6.5E+01 <0.01
Elevation (m) N 1.39E+03 + 1.6E+03 +
0.26E+02 0.16E+02
p(Y=N) 0.11 1.00
Y 4.41E+04 + 49.94 4.42E+04 + 24.05 <001
TPI (m) N 4.41E+04 +10.26 4.42E+04 + 5.84
p(Y=N) 0.12 0.95

4.4.4. Impact of earthquake on landslides overlap index.

In Collazzone, prior to the 1997 earthquake, the overlap index was generally lower (Figure
4.5). Following the 1997 earthquake, overlap index values increased and were associated with
shorter time differences, indicating stronger landslide path dependency. Moreover, the mean
overlap index was higher in the post-1997 earthquake period than in the pre-1997 period.
Similarly, before the 2009 earthquake (the period between the post-1997 earthquake and the pre-
2009 earthquake), the overlap index was lower compared to the post-2009 period, and the mean
fractional overlap index was higher in the post-2009 period compared to pre-2009 period. This
indicates that path dependency became stronger.
In Nepal, there is no clear difference in the overlap index (Figure 4.6) before and after the 2015

earthquakes.
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Figure 4.5: Relationship between the overlap index (p) and time difference (AT) for landslides

in Collazzone. Plots show overlap trend before the 1997 earthquake (left), between the 1997 and

2009 earthquakes (middle), and after the 2009 earthquake (right). Blue line represents the mean
overlap index for respective periods.
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Figure 4.6: Relationship between the overlap index (p) and time difference (AT) for landslides
in the central region of Nepal. Plots show overlap trend before the 2015 earthquakes (left) and
after the 2015 earthquakes (right). Blue line represents the mean overlap index for respective
periods.
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4.5. Discussion

4.5.1. Impact of earthquakes on landslide properties and their occurrence under different

geomorphic settings.

The different patterns of landslide occurrence in Italy and Nepal showed how earthquakes
affect landslides across different tectonic, geomorphic, and climatic settings. In Collazzone, we
did not observe a significant increase in landslide occurrence immediately after the 1997 or 2009
earthquakes compared to pre-earthquake periods. Apparently, in this setting with marly lithology,
Mediterranean climate, and moderate steepness of landsliding hillslopes around 11°, earthquakes
did not cause additional landsliding.

However, in Nepal's central region, the frequency of monsoon-triggered landslides
increased significantly immediately after the 2015 earthquakes compared to the pre-earthquake
period. Landslide frequency gradually returned to normal background levels by the end of 2018.
This pattern closely resembles the transient post-seismic landslide pulse identified in Taiwan by
Marc et al. (2015), who demonstrated that landslide rates are higher after large earthquakes and
then decay over several years probably due to progressive recovery of ground strength following
coseismic damage. Our observations for the Nepal dataset are likely related to this mechanism.
Like in Taiwan, earthquakes in the central region of Nepal, probably reduce slope strength, and
increase landslide susceptibility, which is likely why monsoon-triggered landslides were high
immediately after the 2015 earthquakes, consistent with the findings reported by Jones et al.
(2021). As fractured materials stabilize, landslide rates would decline with time. But apparently
this mechanism is absent in Collazzone. One possible reason for the limited impact of earthquakes
on rainfall-triggered landslides in Collazzone is that the epicenters of the 1997 and 2009
earthquakes are located away from the study area. As a result, the shaking intensity in Collazzone
was relatively low, with Modified Mercalli Intensity (MMI) values of approximately V and IV for
the 1997 and 2009 earthquakes, respectively, which likely limited hillslope damage, while in Nepal
four of the five major earthquakes in 2015 were located in central Nepal and produced much
stronger shaking intensity (MMI ~ 7 — 8.6). In addition, slopes are less steep on average in Italy
than in Nepal, which minimizes the topographic amplification.

In Collazzone, the 2009 earthquake (M = 6.3, max PGA = 0.66g, and MMI = 4) in central
Italy produced more significant changes in landslide properties than the 1997 earthquake (M = 6,
max PGA = 0.6g, MMI = 5). Multiple parameters showed significant changes after the 2009
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earthquake, including landslide size, elevation, roundness, TPI, TWI, and LS factor. After the 2009
earthquake, the roundness was low, indicating that landslides were more elongated than during the
pre-2009 period. The 2009 earthquake reduced the mean elevation and TPI of landslides, while
increasing TWI, suggesting that, after 2009, the spatial distribution of landslides changed, with
landslides more likely to initiate in low-slope positions and at elevations with high water-saturation
potential. This indicates that landslides tend to occur in valleys. Because the LS factor is high after
the 2009 earthquake, landslides apparently occur at valley sidewalls.

In Nepal, we observed a contrasting pattern. The 2015 earthquakes increased landslide size,
and the mean landslide elevation after 2015 was higher, indicating that larger landslides tend to
occur at higher elevations with steeper slopes. A possible reason for the contrast is that there were
stronger earthquakes in the Nepal central region than in Collazzone. In higher-magnitude
earthquakes in elevated mountains, landslides tend to cluster near ridge crests, where susceptibility
is highest (Meunier et al., 2008). However, in Collazzone, the slopes are lower than in the central
region of Nepal, and earthquakes are of relatively lower magnitude, which explains the contrasting
trend. However, more research is needed to explain how different earthquakes trigger landslides
across different geomorphic settings and to identify the underlying factors that drive post-seismic
landslide occurrence.

The post-seismic decrease in landslide roundness in both Nepal and Collazzone indicates
that landslides are more elongated following earthquakes, suggesting a shift toward more flow-
like behavior. We are unable to explain the underlying mechanisms driving this change, as further
investigation is required. However, such elongation may be associated with increased mobility and

longer runout distances, potentially impacting infrastructure.

4.5.2. Impact of earthquakes on landslide path dependency

In both Collazzone (specifically after 2009) and Nepal, the landslides that caused follow-
up were larger than those that did not. This finding is consistent with that of Samia et al. (2017a)
and Roberts et al. (2021) who reported that landslides that experience subsequent landslides have
a larger mean size than those that do not. This effect is to be expected on geometric and mechanistic
grounds. Geometrically, larger landslides are larger targets, so that even follow-up landslides that

are not conditioned by the earlier landslide have a larger chance of overlapping with them.
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Mechanistically, larger landslides are typically also deeper landslides, and the impact on
topography, soils and vegetation increases with landslide size.

Moreover, in Collazzone, the mean elevation and slope of landslides that trigger follow-up
landslides are higher than those of non-follow-up landslides after an earthquake. There can be
several possible reasons for this trend. This remains a significant research gap that needs to be
explored.

Moreover, we found that the overall fraction overlap index increased after an earthquake
in Collazzone; however, in Nepal, the trend was unclear. We believe this trend in Collazzone is
due to earthquake preconditioning, in which earthquakes make hillslopes more susceptible to
future slides. According to Parker et al. (2015), landslide occurrence depends on both current
earthquake shaking and accumulated damage from past events. Also, Samia et al. (2017a) stated
that landslide susceptibility is a function of conditioning attributes and previous landslides.
Therefore, landslide susceptibility increases where both past earthquakes and previous landslides
have occurred, potentially leading to greater overlap under their combined effects. As a result,
fractional overlaps were higher in the post-earthquake period in Collazzone. This is due to
earthquakes having low shaking intensity; therefore, instead of causing widespread hillslope
damage, they produced localized pre-conditioning and raised susceptibility near earlier landslides,
rather than in other locations. That is why overlaps were higher and thus path dependency became
stronger in Collazzone. However, in Nepal, earthquakes were intense and caused widespread
damage. Due to increased damage to hillslopes, it preconditioned not only areas near earlier
landslides but also other areas where landslides are normally absent. Therefore, during the next
monsoon season, the total number of landslides was higher, including nonspatially associated
landslides, which is why we were unable to detect a difference in the fractional overlap index

between the pre-2015 and post-2015 earthquake periods.

4.6. Conclusion

In this study, we found that large earthquakes in Collazzone and the Nepal central region
impacted the properties of landslides. In Collazzone, the earthquake did not affect post-earthquake
non-coseismic landslide rates, whereas in Nepal, non-coseismic landslide rates increased after the
2015 earthquake and gradually decreased over the following four years. In Collazzone, LPD was
high after the earthquake due to more localized earthquake preconditioning rather than widespread
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hillslope damage, whereas in Nepal, widespread hillslope damage after the 2015 earthquakes did

not increase overall LPD.
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Chapter S : Synthesis

Landslides are widespread geohazards in hilly areas and pose a significant threat to humans
and infrastructure (Kohler et al., 2023). Traditionally, landslide susceptibility has been treated as
static, however, recent studies (Roberts et al., 2021; Samia et al., 2017b) challenged this
assumption by demonstrating that landslides exhibit landslide path dependency (LPD). Therefore,
landslide susceptibility changes with time, as past landslides modify hillslopes by altering their
topography, soil, and vegetation. In the synthesis chapter, [ want to discuss possible mechanisms

underlying LPD and potential directions for future research to improve the understanding of LPD.

5.1. Why does the downslope direction play a more important role than the lateral

direction in driving landslide path dependency in Collazzone?

In Chapter 2, I found that LPD in Collazzone is stronger in the downslope direction than
lateral direction. Moreover, LPD is 47 times higher near recent landslides than at locations farther
away. This indicates that locations close to earlier landslides, particularly within a short temporal
window, are more likely to exhibit path dependency. One possible explanation for more LPD
downslope than lateral is the geomorphological processes that occur after landslides in Collazzone.
In Collazzone (Umbria, Italy), the landslides are generally shallow and do not completely evacuate
from the hillslopes (Guzzetti, Galli, et al., 2006; Samia et al., 2017b; A. J. A. M. Temme, 2021a).
Therefore, landslide deposits remain on the hillslopes. These deposits constitute the positive soil-
landslide feedback loop, as explained by Temme (2021), in which shallow landslides create weakly
permeable soil layers that further increase water saturation and increase susceptibility to future
landslides (Duzgoren-Aydin & Aydin, 2006; Parry et al., 2000). Therefore, in such settings, there
may be a higher probability of follow-up landslides in the downslope direction than the lateral
direction, specifically shortly after an earlier landslide. According to Samia et al. (2017b), small
ponds formed after rainfall events within landslide deposits (Figure 5.1), leading to water
saturation and higher pore pressure. Moreover, they found smeared shear surfaces (Figure 5.2)
along the sliding planes, which might reduce infiltration and increase water accumulation within

the landslide deposit. Downslope, due to gravity, landslide deposits accumulate at the toe of the
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landslide. As these deposits are poorly structured and have greater potential for water
accumulation, the landslide toe accumulates more water, increasing pore pressure downslope and

further triggering the landslide.

Figure 5.1: Small ponds at the landslide deposit after rainfall in Collazzone (Samia et al. 2017b)
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Figure 5.2: Smeared soil surface at the scarp of the landslides in Collazzone (Samia et al. 2017b)

In my Chapter 4, I found that landslides in Collazzone are mostly triggered where the
profile and plan curvature are concave, indicating topographic convergence in the downslope
direction. Such topography promotes water accumulation downslope, particularly within the
landslide deposit, thereby increasing the water pore pressure. Therefore, when there is a landslide,
the deposit tends to accumulate downslope, where water becomes saturated after rainfall.
Therefore, there is increased susceptibility to subsequent landslides, which promotes path
dependency in such geomorphic settings.

In other cases, if shallow landslide deposits are completely removed from the hillslope,
then weakly permeable soil deposits are absent at the hillslope, which might not reduce hydraulic
conductivity or have no impact on pore pressure, which is oppositely stated above. Therefore, in
such cases, we might expect less downslope LPD effect, or the LPD effect might be isotropic.
Further research should be conducted to investigate the LPD effect in such scenarios where the
landslide deposit is absent on the hillslope and to determine how LPD varies. Additionally, the
LPD effect should also be examined in geomorphic settings with more deep-seated landslides, and

how LPD varies with slope direction.
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5.2. If a landslide affects soil properties, can an altered soil property explain landslide

path dependency?

In chapter 3 (research objective 2), I investigated the role of landslides in modifying soil
physical properties, including bulk density, saturated soil hydraulic conductivity, total water
content, soil organic carbon (SOC) stock, soil resistance, and soil texture (grain size distribution).
I compared landslide-affected soils with adjacent stable soils across the landslide of different ages.
My results show that SOC stock, bulk density, and surface soil resistance exhibit the greatest
differences between landslide-affected soils and adjacent stable areas shortly after a landslide, and
this difference decrease with increasing landslide age and become minimal within 7-10 years of
the landslide; in contrast, for some properties such as hydraulic conductivity, soil texture, and total
water content, the differences between landslide affected soils and adjacent stable areas were not
statistically significant, indicating that not all soil properties are equally influenced by landslides.
Some inconsistencies were observed, specifically in ~10-year-old landslides (Figure 5.3), where
soil property differences within and outside the landslides were not identical. This variation can
be due to differences in lithology, which greatly influence soil physical properties (Gray et al.,
2016). Therefore, future research should focus on how different soil properties evolve with

landslide age under different lithological conditions.
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Figure 5.3: Variation in soil properties with landslide age under different lithological conditions

Importantly, the relationship between SOC stock and landslide age in Collazzone is easily
noticeable in Chapter 3, where with landslide age, SOC stock (in the 0-30 cm soil layer) inside the
landslide tends to increase, and the difference in SOC stock between slide soils and stable soils
decreases. This finding is consistent with the findings of Van Eynde et al. (2017), who investigated
landslides on Mt. Elgon in the Bududa district. In their study, they found that landslides
significantly lower SOC compared to adjacent undisturbed soils, and SOC increases with landslide
age and reaches levels comparable to those of surrounding stable soils approximately 60 years
after the landslide. In Collazzone, SOC stock in slide soils tends to reach levels comparable to
those in stable soils within 7-10 years. The lower SOC in slide soils immediately after slope failure
is likely due to mixing of the low-SOC subsurface soil layers with the surface soil layer during
landsliding. Moreover, Samia et al. (2017a) stated that LPD is strong within a decade of the earlier
landslide. Also, Samia et al. (2017a) stated that LPD decreases over time, and one of the reasons
they gave is that, over time, soil structure repairs and stabilizes due to cohesion. In my study, I
found that SOC is higher in older landslides. According to Karami et al. (2012), SOC increases
the soil aggregate stability because SOC acts as a nucleus and a binding agent in the formation of

soil aggregates (Bronick & Lal, 2005). Therefore, over time, increased SOC enhances soil

83



structural stability, potentially reducing landslide susceptibility. As the SOC recovery timescale is
7-10 years in Collazzone, closely during which LPD remains strongest, as reported by Samia et
al., (2017a), I suspect that due to SOC recovery, along with improvement of surface soil resistance
of landslide soils with respect to stable soil conditions, might be one of the reasons that LPD is

strongest within a decade, and gradually weakens thereafter.

5.3. Do earthquakes impact LPD in Collazzone, and do they also influence LPD in

central Nepal?

In Collazzone, I did not observe a clear increase in non-coseismic landslide rates
immediately after earthquakes (1997 and 2009) compared to pre-earthquake periods. This is in
contrast with findings by Marc et al. (2015), and my own findings in Nepal. It is worthwhile to
consider why earthquakes in Collazzone did not produce a noticeable increase in non-coseismic
landslides during the post-earthquake periods. The 1997 earthquake had a moment magnitude
(My) of 6.0 and a maximum Peak Ground Acceleration (PGA) of 0.6g, while the 2009 earthquake
had a magnitude (Myw) of 6.3 and a maximum PGA of 0.66g; however, their epicenters were far
from Collazzone. Therefore, local ground shaking at Collazzone was relatively low, with an
intensity of about MMI 4 during the 2009 earthquake and MMI 5 during the 1997 earthquake. Due
to low intensity, these earthquakes did not induce widespread slope damage capable of increasing
rainfall-induced rates after the post-earthquake period. However, I did see that spatial association,
i.e., the overlap between earlier landslides and subsequent landslides, was higher during the post-
earthquake period. Therefore, I observed an increase in LPD after the earthquake, although the
overall non-coseismic landslide rate did not increase. One possible explanation is that earthquakes
did not increase rainfall-triggered landslide rates but instead enhanced localized preconditioning
for future slides near previously failed areas through micro-fracturing, reduction in soil shear
strength, or changes in soil properties. These already disturbed areas may be more susceptible to
future slides rather than the entire slope. Such localized preconditioning led to greater overlap
between subsequent landslides and earlier ones, thereby increasing LPD after an earthquake in
Collazzone. Imagine a situation in which earthquakes in Collazzone were strong; I would expect
higher post-seismic rainfall-triggered landslide rates immediately after an earthquake than we just
saw. In such a scenario, I would also expect less overlaps or no impact on LPD.
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To analyze the situation in areas with high earthquake impact, I examined the effects of
earthquakes on LPD across different geomorphic setting, specifically in the central region of
Nepal. In Nepal, I compared monsoon-triggered landslides before and after the 2015 earthquakes
and analyzed the impact of earthquakes on LPD. The Nepal 2015 earthquakes were a series of
strong earthquakes that included 4 earthquakes of magnitudes (My = 6.3 to 7.8). Moreover, 3 of 4
earthquakes occurred inside the Nepal study area. I saw that during the post-earthquake period,
rainfall-triggered landslide rates were higher than in the pre-earthquake period. Therefore, in the
central region of Nepal, as the Gorkha earthquake had an impact of 7-8.6 MMI, which is
significantly higher than in Collazzone that is why these earthquakes caused widespread hillslope
damage across large areas, causing landslides not only near to earlier landslides but also triggering
landslides in other locations which did not show trend of increase in overlap as seen for
Collazzone.

In addition to the impact on LPD, earthquakes also affected some landslide properties. I
noticed that rainfall-triggered landslides in the post-earthquake period are more elongated than in
the pre-earthquake period. One possible reason for this may be due to more fracture developments
in rocks and the generation of highly fragmented material due to earthquakes (Fan et al., 2019),
which may have led to greater mobility of fractured material downslope under gravitational pull,
and the landslides appeared more elongated. However, further research is needed on how
earthquakes develop crack patterns, whether they are more downslope or lateral.

Moreover, | found that the impact of earthquakes on the topographic properties of
landslides in the post-earthquake period differs across geomorphic settings, as seen in Collazzone
and Nepal. For Collazzone, I observed that after the 2009 earthquake, rainfall-triggered landslides
were more downslope in lower elevations, specifically near valley sidewalls; however, in Nepal,
they tend to trigger during monsoon rainfall in higher elevations than in the pre-earthquake period.
Previously, Meunier et al. (2008) found that earthquake-triggered landslides on steep slopes were
more near ridge crests. The reason for this trend, they mentioned, is the amplification of seismic
shaking by topography. As a result, ground shaking was stronger at ridge crests and convex slope
points. This explains that stronger earthquakes preconditioning near ridge crests increase the
susceptibility of higher-elevation slopes in Nepal, which is why rainfall-triggered landslides after
the 2015 earthquakes tended to occur at higher mean elevations than during the pre-earthquake

period. However, the mechanism by which non-co-seismic landslides in Collazzone were located

85



at lower elevations after the earthquake than in the pre-period remains unclear. Therefore, future
research should focus on how topography interacts with earthquakes to trigger landslides under

different geomorphic and climatic conditions.

5.4. Need for incorporating climate data to improve understanding of the mechanism

behind LPD

Although the overall results in Chapter 4 indicated that LPD was more prevalent after the
earthquake in Collazzone, some data points deviate from this pattern (Figure 5.4). For example,
points 7, 10 and 12 (marked with a black circle in Figure 5.4), which represent landslide pairs that
occur soon after the earthquake, exhibit lower overlap than other pairs within the same period. One
possible explanation is that these data points have a larger time difference between the landslide
events. Samia et al. (2017a) reported that LPD decreases over time since the earlier landslide due
to soil stabilization, vegetation regrowth, and soil structure repair. Therefore, a large time
difference between landslide pairs represented by points 7, 10, and 12 may have reduced the
fractional overlap index, even though it occurred in the post-earthquake period. However, point 13
shows relatively low overlap even though the time difference between landslides is small. This
indicates that factors beyond time may also control LPD variability. One possible way to explain
this variability in the overlap index is to integrate climate variables, such as cumulative rainfall
during the overlap period between landslide events, to account for the climate's influence on LPD.
I hypothesize that lower rainfall, even after an earthquake, between landslides within a given time

slice and those in subsequent time slices results in lower overlap.
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Figure 5.4: Relationship between overlap index (p) and time difference (AT) for landslides in
Collazzone before the 1997 earthquake (left), between the 1997 and 2009 earthquakes (middle),
and after the 2009 earthquake (right). The blue dashed line is mean overlap index for each
period. The black and blue circle represents points where overlap is low even after earthquake.
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