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Key Points

e We simulated the influence of soil moisture and seismicity on regional-scale shallow landslide
initiation using a deterministic, three-dimensional slope stability model.

e Coseismic landslide response is highly sensitive to seasonal and inter-seasonal variations in
soil moisture from antecedent rainfall.

e Spatial analyses of landslide density and yield acceleration highlighted regions in the Oregon
Coast Range particularly susceptible to coseismic landsliding.

Plain Language Summary

Shaking from earthquakes commonly causes landslides which can threaten infrastructure and
potentially cause more fatalities than the earthquake itself. Rainfall in the months leading up to an
earthquake contributes to soil moisture and reduces soil strength, potentially worsening landslide
activity during shaking. The relationship between soil moisture and landslides caused by
earthquakes remains poorly understood and is difficult to understand from a limited number of
historical earthquakes that caused widespread landsliding. To gain insight on this topic, we used
computer simulations to evaluate a particularly landslide-prone region in western Oregon where
major earthquakes pose a significant threat. Our calculations showed that landslides triggered
during an earthquake are highly sensitive to both what time of year the earthquake occurs and the
relative wetness of the year, with more landslides occurring when soils are wetter. We also created
maps of landslide activity for a range of soil moisture conditions and earthquake magnitudes,
highlighting specific locations of high landsliding potential during shaking.
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Abstract

High levels of soil moisture tied to antecedent rainfall may predispose hillslopes to failure during
earthquakes, but due to the infrequency of large earthquakes in a single region and lack of
associated landslide inventories with well-characterized soil moisture data, characterizing the
influence of soil moisture on coseismic shallow landsliding remains challenging. We used
RegionGrow3D - a three-dimensional slope stability model that simulates landslide initiation on a
regional scale — to simulate coseismic shallow landslides in a region of the Oregon Coast Range,
USA, near the Cascadia Subduction Zone. Using this framework, we quantified the influence of
seasonally dependent soil moisture, seismic acceleration, and soil shear strength uncertainty on
landslide density, landslide scaling relationships, and spatial distributions of yield accelerations.
We also demonstrated that, in some cases, seasonality and soil moisture may be a stronger control
on coseismic landsliding than peak ground accelerations.

1. Introduction

Landslides frequently accompany earthquakes, contributing to mass wasting and losses of life
and infrastructure (Dadson et al., 2004; Froude & Petley, 2018; Keefer, 1984, 2002; Parker et al.,
2011; Schuster & Highland, 2001). Over 3,400 coseismic landslides were inventoried on Honshu,
Japan following the 2011 Tohoku Earthquake (M9.0) and over 25,000 landslides were documented
after the 2015 Gorkha earthquake (M, 7.8) in Nepal (Roback et al., 2018; Wartman et al., 2013). The
2008 Wenchuan earthquake (M7.9) in China triggered more than 60,000 landslides, which caused
about 80% of the total earthquake fatalities (Huang & Fan, 2013). Coseismic landslides can also
hinder post-disaster recovery (Bayer, 2017; Olsen et al., 2015; Sharifi-Mood, 2017).

Elevated soil moisture from antecedent rainfall reduces effective stress in soils, predisposing
hillslopes to failure (Lu & Likos, 2006; Terzaghi, 1950; Wieczorek, 1996) and potentially exacerbating
landslide activity caused by earthquakes. Many large earthquakes occur in regions with variations in
soil moisture both throughout the year and from season to season, making soil moisture a
paramount consideration in coseismic landslide hazard assessment. However, there are few
studies characterizing the relationship between soil moisture, seismicity, and shallow landslide
initiation. (Martino et al., 2022) found that rainfall preceding the 2018 earthquake in Montecilfone,
Iltaly (M\5.1) decreased hillslope stability at the catchment-scale, consequently increasing
coseismic landslide activity. Some have also speculated that heavy rainfall before the 2018
earthquake in Hokkaido, Japan (My6.6) caused anomalously high levels of landsliding (Petley, 2018;
Wang et al., 2019; Zhang et al., 2019). However, a comprehensive understanding of the relationship
between soil moisture and coseismic landslide initiation remains elusive due to the relative
infrequency of large earthquakes in a single region and lack of associated landslide inventories with
well-characterized soil moisture data.

Where coseismic inventory data are sparse, deterministic models may be used to simulate
coseismic landslide initiation tied to a wide range of seismic and hydrological conditions (e.g.,(Hess
et al., 2017; Zhang & Wang, 2019). However, quantifying erosional patterns for landslides via
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modeling, such as magnitude-frequency and area-volume relationships (Guzzetti et al., 2009;
Malamud et al., 2004), requires a model that can estimate realistic coseismic landslide geometries
on a broad regional scale. To address this, we parameterized RegionGrow3D (RG3D; Mathews et al.,
2024; Mathews & Leshchinsky, 2024) — a three-dimensional (3D), physics-based, hydromechanical
model of landslide initiation developed for regional-scale simulations — to account for ground
accelerations caused by earthquakes.

Yield acceleration, ky, describes the threshold base acceleration required to overcome shear
resistance and initiate landsliding (Jibson, 2011; Kramer, 1996; Makdisi & Seed, 1978; Sarma, 1973),
which is useful for characterizing the coseismic landslide susceptibility of hillslopes. Mathews et al.
(2019) considered the spatiotemporal development of yield accelerations for individual hillslopes
and Martino et al. (2022) assessed rainfall-induced changes in yield accelerations at the catchment
scale using a one-dimensional slope stability model, but to our knowledge, no study has used a
deterministic model to assess yield accelerations for discrete, 3D landslide sources across a broad
landscape, for both seasonal and inter-seasonal variations in soil moisture.

We used RG3D to assess the stability and 3D geometry of shallow landslides for three
earthquake scenarios and a range of antecedent soil moisture conditions in western Oregon, a
particularly landslide-prone region of the Pacific Northwest in close proximity to the Cascadia
Subduction Zone (CSZ). This region experiences a wide variety of earthquake types, including crustal
(Madin et al., 1993; Wiley et al., 1993) and intraplate earthquakes (Madin & Mabey, 1996). However,
because there are no existing records of shallow landslides triggered by the CSZ, which has a history
of producing powerful megathrust earthquakes (Goldfinger et al., 2012), we focused on modeling
CSZ-triggered shallow landslides for three scenarios: a M,8.1, M,8.4, and M,9.0 megathrust
earthquake. We quantified the regional-scale influence of antecedent soil moisture and seismic
acceleration on (1) landslide density, (2) landslide scaling relationships, (3) seasonal landsliding
throughout the year, and (4) spatial distributions of yield accelerations.

2. Methodology and Parameterization
2.1. Pseudostatic Extension of the RegionGrow3D Model

We computed 3D landslide initiation geometries using RG3D, modified in this study to account
for seismic acceleration using the pseudostatic approach (Jibson, 2011; Kramer, 1996). RG3D
identifies unstable cells within a digital elevation model (DEM) which are then grouped into discrete
clusters and grown downslope to achieve force equilibrium (Figure S1). RG3D considers forces
acting on the boundary of the landslide, which we also modified to account for coseismic
acceleration (Section 1.1 in supporting information [SI]). Incorporating the pseudostatic approach
yielded the following equation for the intercolumn resultant force, Q, for each soil column:

Q=NsinfB —[c'A+ (N —uA)tan¢']|cos B + k,W (1)

where ¢’ is mineral cohesion, A is the column basal slip surface area, u is porewater pressure (when
u is positive) or suction stress (when u is negative) at the base of the column, ¢’ is the effective
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friction angle. In this study, ¢’ is equal to 0 kPa, as apparent cohesion stems from moisture-
dependent processes (Lu & Likos, 2013) better captured by the hydromechanical model and we
assume the granular source material for shallow landslides demonstrates negligible mineral
cohesion. The sensitivity of landslide initiation to mineral cohesion is quantified for this study area
in the Sl of Mathews et al. (2024). k,, is the horizontal pseudostatic coefficient:

ky, = PGA/g (2)

where PGA is horizontal peak ground acceleration and g is gravitational acceleration. We assumed
that seismic acceleration acts in the direction of sliding and omitted vertical acceleration, which
tends to have a negligible effect on slope stability (Kramer, 1996). The selection of k; as a
representation for the transient and dynamic effects of seismic shaking is notoriously challenging.
Because bodies of soil are flexible and the PGA only manifests for a short time period during an
earthquake, k;, is often scaled using a factor between 0 and 1. Since this study is focused on the
relative degree of landsliding between earthquake magnitudes, as opposed to precise
characterization of landslide activity for a given earthquake, we assumed a scaling factor of 1. This
is higher than usual but may partially account for the long duration of megathrust earthquakes while
also eliminating the need to choose an ambiguous scaling factor for the calculation of kj. We do not
consider potentialincreases in pore water pressure during shaking or dilatancy/contraction that may
increase or decrease resisting forces at large deformation. We also do not consider the
destabilization of surrounding material following landslide evacuation, but a sensitivity study
assessing this phenomenon may be found in the Sl of Mathews et al. (2024).

2.2. Soil Shear Strength, Landslide Susceptibility Maps, and Discrete Landslides

We parameterized RG3D with a distribution of friction angles, ¢, and their associated
probabilities (Figure 1a), originally back-calculated by Mathews et al. (2024) using a landslide
inventory from the Gales Creek quadrangle, Oregon (Figure 2b; Burns et al., 2012), using 3D limit
equilibrium (Bunn et al., 2020a, 2020b). This distribution of ¢’ enabled the assessment of landslide
susceptibility as described in Mathews et al. (2024). A susceptibility threshold, T, which directly
corresponds with ¢’ (Figure 1b), was used to create a distribution of discrete landslides from
susceptibility maps (Figure S2; Mathews et al., 2024). For example, for T = 80%, we only considered
pixels with 80% susceptibility or greater as landslide pixels and then regrouped those pixels into
discrete landslides. In doing this, we are assigning the 80" percentile of shear strength, as
determined from the landslide inventory, as the minimum shear strength in the landscape (Figure
S2c). As T increases, the resulting landslide distribution reflects higher soil shear strength
conditions.
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Figure 1: Back-calculated shear strength for study area: a) Friction angle, ¢', and associated
probabilities (after Mathews et al., 2024); b) relationship between ¢’ and susceptibility threshold, T

(cumulative probability of ¢»). Friction angles are back calculated from the Gales Creek landslide
inventory as described in Mathews et al. (2024).
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2.3. Soil Depth and Hydromechanical Parameterization

We assumed that shallow landslides fail at the interface of bedrock and soil, and computed soil
depth using a nonlinear hillslope evolution model calibrated to the Oregon Coast Range (Roering,
2008), parameterized as described in Mathews et al. (2024). We used a hydromechanical model,
parameterized with antecedent soil moisture and van Genuchten (1980) parameters from a lookup
table based on the ROSETTA pedotransfer model (Schaap et al., 2001), to compute a vertical profile
of volumetric water content, 8 (m3/m3), for each soil column and associated suction stress or pore
water pressure at the failure interface (Lehmann et al., 2019; Leshchinsky et al., 2021; Mathews et
al., 2024). We categorized the DEM using soil textural classes (Figure 2b) that each demonstrate a
different hydrological response, ultimately influencing effective stress conditions (Mathews et al.,
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2024). We did not consider rotational landslides failing in rock in this study, which are less sensitive
to near surface variations in soil moisture.

To evaluate slope stability across seasonal and inter-seasonal moisture variability, we compute
antecedent soil moisture for relatively dry, mean, and wet years, for each month of the water year.
We use 9-km, root-zone (1-m deep) soil moisture time series from the Soil Moisture Active Passive
(SMAP) satellite mission (Reichle et al., 2019). For each grid cell, we obtained time histories of
through the Application for Extracting and Exploring Analysis Ready Samples (AppEEARS) interface
(Quenzer & Friesz, 2015) for the period spanning March 31, 2015 to August 28, 2020 (3-hour temporal
resolution). We computed daily means, 9, and standard deviations, o, across all years for each
calendar day, and “dry”, “mean”, and “wet” conditions were defined as 8 — ¢, 8, and 0 + o,
respectively. We then computed monthly averages for each grid cell and condition, producing 36
unique spatial distributions of 8 (dry/mean/wet for each month of the year; Figure 2c—d). A bias
correction of 0.055 m®/m® was applied to account for known SMAP overestimation in mountainous
forested terrain (Reichle et al., 2017). These distributions were used as inputs to the
hydromechanical model to compute pore-pressure and effective-stress conditions.

2.4. Cascadia Subduction Zone Rupture Scenarios and Peak Ground Acceleration

Spatial distributions of site-specific, horizontal PGA for three CSZ rupture scenarios — M,8.1,
M.8.4, and M,9.0 - are the seismic inputs for RG3D (Figure 2e-f; Figure S4). Sharifi-Mood (2017)
computed these distributions by applying site-amplification equations (Boore & Atkinson, 2008) to
synthetic distributions of bedrock PGA, generated using the ShakeMap software (Worden et al.,
2018). These three CSZ scenarios all rupture the same southern area of the fault (orange shadingin
Figure 2a), but as magnitude increases, the total rupture area extends northward (Figure 2a; Sharifi-
Mood, 2017). Thus, PGA throughout the study area depends on proximity to the fault and rupture
geometry and would likely differ for study areas in other locations.

2.5. Spatial Distribution of Yield Accelerations

To create spatial distributions of yield accelerations, we applied uniform PGA values (in 0.025 g
increments) to the DEM and computed susceptibility for each increment. We then applied a
susceptibility threshold to each map to identify discrete landslides. For each distribution, we
assigned the corresponding PGA value to all landslides and compiled these values into a single map,
where each assigned yield acceleration represents the minimum PGA required to initiate failure. We
repeated this process for dry, mean, and wet conditions, producing yield-acceleration maps for a
range of antecedent moisture states and for any chosen susceptibility threshold.

2.6. Study Area
We applied these methods to the same study area as Mathews et al. (2024): a 6-m-resolution

DEM of a 1,068 km?” region in the Oregon Coast Range with widespread landslide activity and
significant seismic hazard associated with the CSZ (Figure 2a-b). The DEM is derived from
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topographic light detection and ranging (lidar) data from the Oregon Lidar Consortium (Oregon
Department of Geology and Mineral Industries, 2022). The study area includes marine sedimentary
rocks, basalts, and localized alluvial deposits in the western region; predominantly basaltic and
marine sedimentary units in the central and eastern regions; extensive Missoula flood deposits east
of the Coast Range; and isolated exposures of the landslide-prone early Tertiary Tyee Formation in
the southwest (Mathews et al., 2024; Smith & Roe, 2015).
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Figure 2: (a) Location of study area and Cascadia Subduction Zone rupture scenarios; (b) Map of
study area (after Mathews et al., 2024). Distributions of mean volumetric water content for select
months (February - blue, May - green, August - orange) and inter-seasonal variations in soil
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moisture (dry, mean, wet) for each (c) column and (d) row. Distributions of mean peak ground
acceleration (M9.0 - orange, M,,8.4 - yellow, M,,8.1 — blue) for each (e) row and (f) column.

3. Results
3.1. Landslide Density: Influence of Seasonality and Spatial Distribution

We computed coseismic landslide area density (LAD) for each month of the water year
(October 1 to September 30), accounting for inter-seasonal moisture -- dry, mean, and wet
conditions -- and three CSZ rupture scenarios (T = 50%; ¢’ = 16.9°; Figure 3). LAD is the total area
of simulated landsliding normalized by the total DEM area. Modeled LAD is highest in wetter months
(e.g., January and February) and low or negligible in drier months (e.g., August and September), with
a more rapid increase during the wetting season (September to January) than the decline during
drying season (February to August). For a given earthquake magnitude, LAD increases under wetter
conditions, and for a given moisture state, LAD increases with earthquake magnitude; however, LAD
reflects a strong trade-off between shaking and antecedent moisture, such that larger earthquakes
do not necessarily produce greater landslide area.

The sensitivity of LAD to earthquake magnitude and inter-seasonal moisture decreases
during winter months, when persistently wet conditions have already reduced effective stress
across the landscape. During these months, differences between dry, mean, and wet years become
muted, indicating that typical seasonal rainfall plays a primary role in preconditioning the landscape
for coseismic landsliding.

Seasonal Variability of Landslide Area Density

...........

Ant. Conditions: Wet
Ant. Conditions: Mean
Ant. Conditions: Dry

M, 8.1

Landslide Area Density
(km?/km?)

Figure 3: Landslide area density (LAD), computed using T = 50% (¢’ = 16.9°), for each month of
the water year, a range of earthquake scenarios (M.8.1, M,8.4, and M,,9.0), and different degrees of
relative inter-seasonal wetness (dry, mean, and wet conditions).
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We examined spatial patterns of LAD and landslide density (LD) for a M,,9.0 earthquake
during February (T = 50%; ¢' = 16.9°; Figure 4). We define LD as the number of landslides per 240-
m grid cell (0.058 km?), a resolution selected to capture spatial clustering. Values shown in Figure
4b-c and Figure 4d-e correspond to each row and column, respectively. For all inter-seasonal
moisture conditions, LAD is highest in the western Coastal Mountains, where soil moisture is
relatively high (Figure 2c) and PGA is highest due to proximity to the CSZ (Figure 2a,f). LAD is also
elevated in northern and southern portions of the study area and in a localized region west of the
Gales Creek Watershed (Figure 2b). LAD and LD increase with wetter inter-seasonal moisture,
especially in the western Coastal Mountains, indicating that landslides are both more widespread
and numerous. Maps of LAD for dry, mean, and wet conditions are shown in Figure S4.

Spatial Distribution of Landslide Area Density and Landslide Density
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Figure 4: (a) Map of peak ground acceleration for a M,,9.0 earthquake; (b) LAD for each row; (c)
Landslide density (LD) for each row; (d) LAD for each column; (e) LD for each column. LAD and LD
were computed using T = 50% (¢’ = 16.9°).

3.2. Landslide Scaling Relationships
Landslide scaling relationships relate landslide characteristics for understanding erosional

processes at the landscape scale, such as area, volume, and frequency. We quantified the
sensitivity of these relationships to CSZ rupture scenarios and inter-seasonal variations in soil
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moisture using frequency density (FD) and probability density (PD; February, T = 50%; ¢' = 16.9°;
Figure 5). FD is the number of landslides across bins of landslide area, normalized by that area range,
and PD is FD normalized by the total number of landslides (Malamud et al., 2004). FD increases with
both earthquake magnitude and wetter antecedent conditions, indicating more numerous shallow
landslides for a broad range of areas (Figure 5a-c). Similar FD curves can result from different
combinations of earthquake magnitude and moisture, depending on preceding antecedent moisture
(e.g., M,8.4 earthquake during wet conditions versus M,,9.0 earthquake during dry conditions).

Across all magnitudes and inter-seasonal moisture states, PD remains relatively invariant over
most landslide areas (Figure 5d-f). However, wetter conditions slightly increase the probability of
larger-area landslides, and higher magnitudes extend PD curves toward larger maximum landslide
areas. For a wide range of landslide areas, modeled PD curves align well with curves derived from
event-based landslide inventories (Malamud et al., 2004). The sensitivity of FD and PD to shear
strength (T) is shown in Figure S5.
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Figure 5: Landslide area scaling relationships (February; T = 50%; ¢’ = 16.9°): (a) Frequency
density (FD; M8.1); (b) FD (My8.4); (c) FD (M\,9.0); (d) Probability density (PD; M.8.1); (e) PD
(My8.4); (f) PD (My9.0). The gray curves in parts (a), (b), and (c) represent the magnitude of a

landslide event, based on the total number of landslides (Malamud et al., 2004).

3.3. Parametric Landslide Area Density for Uniform Moisture and Seismic Forcing

To generalize the combined influence of soil moisture, seismicity, and shear strength
uncertainty, we computed LAD for uniform values of 8, PGA, and T and uniformly-applied values of
and PGA (Figure 6). LAD varies considerably across the parameter space and similar LAD values can
result from multiple combinations of 8, PGA, and T. As shear strength decreases (i.e., T),
comparable LAD values occur at lower 8 and PGA. This parametric framework enables LAD
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estimation where spatial distributions of moisture or seismic acceleration are unknown and
provides a basis for calibration against landslide inventories from past earthquakes (e.g., Kaikoura,
2016; Massey et al., 2021; Hokkaido, 2018; Wang et al., 2019). With prior knowledge of antecedent
moisture conditions during these events, T could be modified to best match their LAD values,
potentially providing insight into the bounds of ¢’ for a given region.

LAD for Uniform Distributions of Antecedent Soil Moisture and PGA
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Figure 6: Landslide area density (LAD) for uniform distributions of volumetric water content and
uniform distribution of peak ground acceleration (PGA) in February: (a) T = 20% (¢’ = 11.7°); (b)
T =40% (¢’ = 15.2°);(c) T = 60% (¢p' = 18.4°); (d) T = 80% (¢p' = 22.3°).

3.4. Spatial Distributions of Yield Acceleration

We computed yield acceleration, ky, for February under dry, mean, and wet inter-seasonal
conditions (T = 50%; ¢' = 16.9°; Figure 8). For dry conditions, ky < 0.2g is limited to steep slopes,
whereas wetter conditions reduce k,, across much of the landscape, indicating lower accelerations
required to cause failure. Cumulative distributions of k, for the entire study area highlight the
sensitivity of yield acceleration to T and inter-seasonal moisture (Figure 8d); probabilities do not sum
to unity because only failed cells are included.
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Figure 7: Yield accelerations for a subset of the study area in February for: (a) dry conditions (T =
50%); (b) mean conditions (T = 50%); (c) wet conditions (T = 50%). Cumulative probability of yield
accelerations for the entire study area (T = 20%, ¢’ = 11.7% T = 40%, ¢' = 15.2°; T = 80%, ¢' =

22.3°) shown in part (d). A bounding box for this subset of the study area is shown in Figure 2b.

4. Discussion
4.1. Hydrology as a Control on Coseismic Landsliding

Our results demonstrate that coseismic landslide response in the Oregon Coast Range depends
strongly on both seasonal timing (i.e., the month in which an earthquake occurs) and inter-seasonal
wetness (i.e., whether antecedent conditions reflect a dry, average, or wet year). Elevated
antecedent rainfall increases soil saturation and reduces effective stress, which increases LAD and
lowers vyield accelerations, indicating higher coseismic landslide susceptibility across the
landscape. As a result, similar Cascadia Subduction Zone rupture scenarios may produce markedly
different landslide outcomes depending on whether it occurs during the summer, the autumn
wetting season, or periods of peak winter saturation.
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The reduced sensitivity of LAD to earthquake magnitude during winter further indicates that
hydrologic conditions exert a stronger control on landslide response when soils are wet. Although
seismic shaking ultimately triggers coseismic landslides, earthquake magnitude plays a secondary
role once effective stress has already been substantially reduced by antecedent moisture. While our
model does not account for excess pore water pressure generation during cyclic loading, this
process also requires saturated pore spaces to develop, reinforcing the conclusion that hydrologic
preconditioning is a primary control on coseismic landslide susceptibility.

4.2. Implications for Landslide Susceptibility and Risk near the Cascadia Subduction Zone

These findings highlight the importance of seasonal moisture, inter-seasonal moisture, and the
spatial distribution of moisture as key factors for assessing hazard and risk from coseismic
landslides in the Oregon Coast Range. The coincidence of elevated soil moisture from abundant
rainfall and high PGA from proximity to the CSZ in the western Coast Range highlights a region of
particularly high hazard and risk from coseismic landslides, especially if a CSZ rupture were to occur
in the middle of winter on a particularly rainy year. This work emphasizes thatincorporating seasonal
soil moisture data into seismic hazard assessments could help identify high risk locations for which
to prioritize response readiness. Further, expressing landslide susceptibility as yield acceleration
provides a direct link to triggering accelerations from earthquakes for a range of hydrological
conditions, making planning around specific earthquake scenarios easier.

4.3. Scaling Relationships: Dependence on Antecedent Moisture and Earthquake Magnitude

Variations in frequency density between triggering scenarios shows that increased earthquake
magnitude and wetness make landslides more abundant; however, the relative invariance in
probability density curves indicates that these factors are not the sole primary control on the
distribution of landslide sizes, and reinforces findings that characteristic landslide size is largely
controlled by source material strength and topographic relief (Medwedeff et al., 2020).

4.4. Model Limitations and Assumptions

The RegionGrow3D (RG3D) model, adapted here for seismic slope stability assessment, does
not simulate excess pore water pressure generation during cyclic loading. We parametrized this
version of RG3D using the pseudostatic approach and scaled PGA, which captures shaking intensity
but does not represent earthquake duration or the directionality of shaking. As implemented, RG3D
simulates shallow landslide initiation and does not simulate deeper rotational landslides in bedrock.

Although we simulated a range of uniform shear strength scenarios to represent parameter
uncertainty, the spatial variability of mechanical properties across the landscape remains largely
unknown and imperfectly constrained. However, the sensitivity to soil moisture and rupture scenario
is consistent across shear strength variations, supporting our primary findings. A more detailed
discussion on model assumptions and sensitivity analyses for RG3D is provided in Mathews et al.
(2024).
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5. Conclusions

We quantified the influence of seasonal and inter-seasonal soil moisture variability on
coseismic shallow landslide initiation in the Oregon Coast Range under a range of Cascadia
Subduction Zone rupture scenarios. Using a deterministic slope stability framework, we evaluated
landslide area density (LAD), scaling relationships, and spatial distributions of yield acceleration
while accounting for shear strength uncertainty.

Our results show that antecedent soil moisture is a primary control on coseismic landslide
response. Wetter conditions reduce effective stress, increasing LAD and lowering yield
accelerations. However, this sensitivity is diminished in winter months, when soils are persistently
wet and additional variations in moisture have a relatively small effect on slope stability. These
findings indicate that antecedent rainfall strongly preconditions hillslope stability and that
earthquake magnitude alone does not determine regional-scale landslide response. Spatial
analyses further reveal that landslide hazard is elevated in the western Coast Range, where high soil
moisture coincides with strong seismicity, and that yield acceleration maps provide a direct link
between earthquake shaking and landslide susceptibility

Overall, our results demonstrate that coseismic landslide initiation temporally dynamic and
strongly dependent on seasonality and inter-seasonal wetness, highlighting that incorporating
variable hydrological conditions into seismic landslide hazard assessments provides a more
realistic representation of landscape response near the Cascadia Subduction Zone or in other
seismically active regions.
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