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Abstract Quantifying and disaggregating landslide risk through probabilistic landslide risk analysis
(PLRA) is critical for land use regulation and risk reduction. However, no transferable model for PLRA
currently exists that resolves landslide consequences to individual buildings at regional scales. We introduce the
physically‐based MM3 model for multimodal landslide risk analysis and apply it to Seattle, Washington, USA.
Frequent precipitation‐induced shallow landslides govern landslide risk in Seattle, although ground shaking
from infrequent earthquakes, such as those anticipated on the Seattle Fault and Cascadia Subduction Zone,
could expose over 60,000 people and 12,000 buildings to landslides. Critically, building‐specific risk profiles
vary by orders‐of‐magnitude even at neighboring properties, with different landslide modes and triggers posing
distinct threats to human life versus structural integrity—enabling highly tailored mitigation strategies.
Significantly more buildings face landslide risk than are currently designated as landslide‐prone under
susceptibility‐based policies, primarily due to runout being excluded in susceptibility mapping. By quantifying
and disaggregating landslide risk at building resolution across regional scales, MM3 provides a foundation for
translating landslide science into actionable, risk‐informed land use policy.

Plain Language Summary Landslides are a damaging and deadly hazard globally. However, current
approaches to managing landslides rely primarily on susceptibility maps that show where landslides might
occur, without quantifying how often failures happen and how far debris might travel (i.e., landslide hazard), or
what damage could result (i.e., landslide risk). This makes it difficult for communities to decide where
development is safe. In this study, we introduce a new framework that estimates building‐level landslide risk
across entire cities and regions, expressing risk in terms that people can easily understand and compare:
financial losses and threats to life. Applying our model to the landslide‐prone city of Seattle, Washington, USA,
we find that landslides triggered by frequent rain cause more damage over time than those from catastrophic but
infrequent earthquakes. Risk varies dramatically over short distances—even between adjacent properties—and,
counterintuitively, where landslides most frequently occur is not necessarily where they cause the most harm.
Different landslide types and triggers pose unique threats to humans versus structures, enabling tailored risk
reduction strategies. This framework represents a critical step toward making landslide risk assessment practical
and accessible for cities and regions worldwide that face increasing landslide threats from climate change and
urban expansion.

1. Introduction
Landslides pose significant threats to lives and infrastructure worldwide. These threats heighten as human
populations expand into hazard‐prone terrain, and climate change and land use intensification alter environmental
systems (IPCC, 2022; UNDRR, 2022). As a result, human exposure to landslide hazards is increasing in both
frequency and intensity (Froude & Petley, 2018), amplifying risk and challenging societal resilience. Effective
risk reduction and sustainable land management in this changing world require robust, quantitative knowledge of
hazard and risk (Crozier & Glade, 2005; UNDRR, 2017).

However, current land use planning and policy approaches are predominantly based on landslide susceptibility
mapping (Reichenbach et al., 2018; van Westen et al., 2006). Susceptibility maps indicate only spatial zones
of relative likelihood of failure; they typically lack essential information about the type, size, mobility, and timing
(i.e., landslide hazard), or consequences (i.e., landslide risk) of potential landslides (Hungr et al., 2016; Mirus
et al., 2024). This fundamental disconnect between susceptibility mapping and quantitative risk estimation
hinders effective decision‐making and has contributed to catastrophic outcomes, including the deadly 2018
Montecito, California, and 2014 Oso, Washington, landslides (Lancaster et al., 2021; Wartman et al., 2016). This
is especially important because the relationship between landslide susceptibility and societal risk is often
nonlinear; areas of highest susceptibility do not always correspond to areas of highest risk, which is a function of
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the specific population and infrastructure exposed. Transitioning from susceptibility‐based to risk‐informed land
use planning is therefore crucial for building resilient communities in the face of future environmental change.

Probabilistic Landslide Risk Analysis (PLRA) offers a rigorous, quantitative framework to address this gap.
PLRA integrates multiple credible scenarios—considering different modes, magnitudes, and triggering events—
to estimate the annualized potential for loss at specific locations. Similar to Probabilistic Seismic Hazard Analysis
(PSHA), the widely adopted standard for earthquake hazards (Cornell, 1968), PLRA provides decision makers
with an objective, reproducible, and comparable metric. This enables them to evaluate risks, assess mitigation
benefits, and transparently communicate complex hazards (de Vilder et al., 2022; Strouth & McDougall, 2022).
Furthermore, PLRA enables the disaggregation of total landslide risk into its component sources, as PSHA does
for earthquake hazard (Bazzurro & Cornell, 1999). Landslide risk disaggregation provides critical insights for
targeted risk reduction strategies. Despite these advantages for informing resilient development, PLRA is rarely
applied comprehensively at the regional scales relevant for land use planning largely due to the lack of a practical,
transferable modeling framework and the difficulty of integrating disparate and scarce data sets (Dixon
et al., 2023; Izenberg et al., 2022; Van Westen et al., 2006).

Addressing these challenges, this study introduces a novel, portable framework for regional‐scale PLRA that is
designed to overcome limitations in existing susceptibility‐based approaches and provide a quantitative basis for
land use decisions and building resilience. This framework integrates multiple triggering mechanisms (precipi-
tation and seismic shaking) and distinct failure modes—a critical feature, as different landslide types have vastly
different consequences for human occupants versus the structures themselves. Unlike most susceptibility map-
ping, it includes explicit runout modeling to determine impact zones. Crucially, the model's ability to disaggregate
risk reveals the specific drivers—such as failure mode or trigger type—at any given location, creating detailed
risk profiles that can inform tailored mitigation strategies. This high‐resolution approach also provides a direct,
quantitative means to evaluate the efficacy of current susceptibility‐based land use policies.

To demonstrate the implementation and utility of this framework, we selected Seattle, Washington, as an
exemplar case study. Seattle provides a robust testing ground for a comprehensive PLRA model due to several
factors: (a) it is a dense urban environment with significant elements at risk; (b) it possesses a complex, multi-
hazard landscape with both precipitation‐ and earthquake‐induced landslide triggers; (c) its well‐documented
glacial geology generates diverse failure modes; and (d) the availability of high‐quality historical landslide
and geotechnical data allows for robust model tailoring and first‐order validation. By demonstrating the
framework in this setting, we establish a methodology that can be adapted for other complex environments
globally.

Importantly, this application allows quantitative exploration of key questions for risk‐based land use policy,
including:

• To what extent do different landslide modes (e.g., shallow slides vs. deep‐seated slumps) and triggers (pre-
cipitation vs. seismic) control the risk profile at specific locations?

• How does the spatial distribution of landslide risk intersect with patterns of urban development, and what are
the implications for hazard exposure across different parts of a community?

• How do traditional susceptibility‐based land use planning approaches compare to quantitative risk assess-
ments in characterizing the true potential danger from landslides?

• How can granular, building‐level risk profiles be used to develop more effective, tailored, and data‐driven land
use policies and community resilience strategies?

Using our framework, we find that total landslide risk and the relative contributions of different landslide types
can vary by orders of magnitude between neighboring locations, highlighting the limitations of existing statutory
susceptibility maps. By providing both spatially distributed risk metrics and the ability to disaggregate risk by
landslide mode and consequence, this transferable methodology offers a pathway for developing more effective,
targeted, and risk‐informed land use policy in hazardous landscapes.

1.1. Quantitative Landslide Risk Analysis

Landslide risk analysis estimates landslide consequences across space and time for exposed elements within an
area of interest. In is generalized form, quantitative risk is the summation of a series of probabilities describing
independent landslide events and the element(s) of interest which they impact:
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Rj (Loss of Life) = ∑
n
1 hi x Si,j x Ti,j x Vi,j x E (1)

where Rj is the annual probability of death of individual j or the annual damage to building j; hi is the annual
probability of landslide scenario i occurring out of n total scenarios (initiation hazard); Si,j is the spatial prob-
ability of landslide i reaching a location commonly occupied by the element at risk, j (runout); Ti,j is the spatial‐
temporal probability of the element at risk being in the location affected by the landslide at the time of occurrence
(exposure); Vi,j is the probability of death or degree of damage if the element at risk is present and impacted by the
landslide (vulnerability); and E is the resident population or monetary value for infrastructural elements at risk
(Fell et al., 2005; Lee & Jones, 2023; Strouth & McDougall, 2022; van Westen et al., 2006). Total landslide risk
combines the specific risk for all possible types and magnitudes of landslides potentially impacting each element
at risk.

1.2. Multimodal Model

We use the third generation of the multimodal model for landslide hazard analysis (Pollock & Wartman, 2025),
herein referred to as “MM3,” which updates and expands the first (“MM1”) and second (“MM2”) generations
introduced by Grant et al. (2016) and Pollock et al. (2019), respectively. The multimodal model analyzes the
unique hazard and risk of different landslides modes through an integrated suite of mode‐specific computational
“modules” representing different components of the generalized risk equation (Equation 1). Key updates in MM3

include groundwater modeling, explicit runout modeling, and flexible vulnerability modules, and implementation
in a probabilistic (Monte Carlo), rather than deterministic framework.

MM3 estimates landslide risk through the following steps:

1. Grid‐based Factor of Safety (FS) is estimated using mode‐specific physics‐based models and remotely‐sensed
data, geologic mapping, and triggering scenarios (precipitation, seismic shaking).

2. Adjacent unstable terrain pixels are aggregated into landslide source zones, and the associated volume is
estimated from the pre‐defined failure geometry in Step (1).

3. Runout from each source zone is predicted using a statistical‐empirical runout model.
4. Vulnerability is estimated from mode‐specific empirical relationships, based on the landslide intensity

(e.g., volume, depth, kinetic energy) and attributes of the elements at risk.
5. Risk is calculated, per Equation 1, for each element at risk, from each landslide mode and triggering scenario.

The methodology and generalized, location‐agnostic version of MM3 are detailed in Pollock and Wart-
man (2025). In this study, we present its application, tailoring the generalized model to a complex, multihazard
urban environment where high‐quality geohazard data allowed for robust assessment, as described in the
following sections.

2. Application to Seattle, Washington, USA
2.1. Natural Environment of Seattle

2.1.1. Topography and Geology

Seattle occupies a ∼230 km2 hourglass‐shaped isthmus bordered by the glacial troughs of the Puget Sound and
Lake Washington. Seattle's topography is characterized by glacially sculpted north‐south ridges and steep coastal
bluffs dissected by cross‐cutting Quaternary drainages (Troost & Booth, 2008). Subsurface conditions reflect this
glacial history. Glacial deposits from the Vashon Stade of the Fraser Glaciation (∼16 ka) predominate in the near
surface, with a characteristic top‐down stratigraphic sequence including loose recessional outwash, heavily
overconsolidated lodgement till, advance outwash sand, and glaciolacustrine clay overlying very dense sand, silt,
and gravel beds from the Olympia Interglaciation (Troost & Booth, 2008; Figure S1 in Supporting Informa-
tion S1). Bedrock is exposed only locally in southeastern Seattle.

Most landslides occur at the contact between the advance outwash and glaciolacustrine clay where this contact is
exposed along Seattle's steep coastal bluffs and inland ridges (Tubbs, 1974). Surface runoff infiltrates through the
coarse‐grained outwash and then is diverted laterally along the contact with the fine‐grained material below.
Episodic shallow (<3 m deep) debris flows and avalanches in saturated outwash mobilize material along the top
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of the glaciolacustrine clay, creating a benched topography blanketed in loose, mobile colluvium. These shallow
failures undercut the more competent till cap, which can subsequently fail in block falls and avalanches similar to
an argillaceous rock (Laprade & Tubbs, 2008; Shipman, 2001). In contrast, deep‐seated (>3 m deep) rotational
slumps often involve both the coarse‐ and fine‐grained units (Gerstel et al., 1997).

The City of Seattle Landslide Inventory catalogs 2,100 landslides from 1897 to 2019 (Davis et al., 2022; Seattle
GeoData, 2023; Figure S2 in Supporting Information S1). The Landslide Inventory underpins most landslide
studies in Seattle (Laprade et al., 2000; see Table S2 in Supporting Information S1), as well as the City's
“landslide‐prone” (susceptible) zone mapping and associated land use policies. However, these zones do not
consider the timing, runout, or potential damage from landslides (Seattle OEM, 2019). Coe et al. (2000, 2004)
developed the first comprehensive maps of quantitative, precipitation‐induced landslide hazard for Seattle in the
form of annual exceedance probabilities. Baum, Godt, and Highland (2008) and Baum, Savage, and Godt (2008)
overviewed the state of the art in physically‐based landslide hazard modeling for both deep and shallow land-
slides. Chleborad et al. (2008) developed rainfall intensity‐duration thresholds that underpin Seattle's current real‐
time landslide occurrence forecasting (USGS, 2018). To date, no study has quantitatively analyzed landslide risk
in Seattle. Given the physical basis of MM3, we estimate landslide probability from the modeled magnitude‐
frequency curves of landslide triggering conditions (e.g., seismic shaking, rainfall) rather than from the Seattle
Landslide Inventory, and we use the inventory as an independent, first‐order validation of modeled hazard.

2.1.2. Seismicity and Climate

The Seattle area has three primary sources of seismic hazard: deep Benioff earthquakes within the subducting
Juan de Fuca plate; shallow, crustal earthquakes within the North American plate, including on the Seattle Fault
which crosscuts southern Seattle; and offshore, megathrust earthquakes in the Cascadia Subduction Zone. Deep
earthquakes are the most frequent of these sources in Puget Sound, including the 1965 M6.7 Seattle‐Tacoma
earthquake and the 2001 M6.8 Nisqually earthquake (Chleborad & Schuster, 1990; Highland, 2003). Shallow
crustal earthquakes are less frequent but potentially more damaging locally. The last major earthquake on the
Seattle Fault was an M7.5 event ∼1,100 years ago (Troost & Booth, 2008). Greater than M8.0 earthquakes on the
Cascadia Subduction Zone have an estimated return period of 250–350 years (Grant, 2017), with the most recent
event occurring in 1700 (Atwater et al., 2005).

Western Washington has a temperate maritime climate characterized by wet winters and relatively dry summers.
Seattle receives ∼950 mm of precipitation annually, three‐quarters of which occurs from November to April
(Godt et al., 2006; Neiman et al., 2011). Notably, moisture‐laden atmospheric rivers from the tropics and sub-
tropics are responsible for most of Western Washington's extreme precipitation events, such as a storm in October
2003 that dropped 128 mm of rain on Seattle in 24 hr (Neiman et al., 2011).

2.2. Model Inputs

The generalized version of MM3 utilizes broadly available remotely‐sensed data, facilitating baseline, stan-
dardized risk estimates globally (Pollock & Wartman, 2025). MM3 can also accept local, higher‐resolution data
sets, where available. The following sections describe the local input data sets we used due to the high quality of
geohazard information in Seattle.

2.2.1. Colluvium Depth

Colluvium mantles most hills in Seattle, ranging from centimeters to several meters above relatively unweathered
glacial substrate. Many shallow landslides occur along this contact (Godt, Schultz, et al., 2008). Numerous
physically‐based and empirical colluvial depth models have been proposed, but most approaches are computa-
tionally expensive, overparameterized, or require extensive local calibration with field data (Lanni et al., 2012;
Patton et al., 2018; Tefsa et al., 2009). MM3 natively implements the data‐parsimonious, curvature‐based model
of Patton et al. (2018); however, alternative models can be used depending on local soil formation and transport
regime and data availability. Multiple colluvial depth models have been proposed for the Seattle area's glacially‐
sculpted hillslopes (Baum et al., 2010; Godt, Baum, et al., 2008; Godt, Schultz, et al., 2008; Schulz et al., 2008).
We adopt the slope‐based relationship of Godt, Baum, et al. (2008) due to its reproducibility, use of remotely
sensed inputs, and consistency with observed shallow landslide depths in Seattle:

Earth's Future 10.1029/2025EF007594

POLLOCK AND WARTMAN 4 of 23

 23284277, 2026, 4, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2025E

F007594, W
iley O

nline L
ibrary on [26/05/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



h = 7.72e(− 0.04β) (2)

where β is the topographic slope in degrees. Colluvium depth predicted by Equation 2 ranges from a maximum of
7.72 m in flat locations to about 0.5 m on 68° slopes.

2.2.2. Material Parameters

Seattle's colluvial mantle necessitates defining two sets of material parameters within each geologic unit (Harp
et al., 2006): that of the colluvium for shallow landslides and that of the underlying material for deep‐seated
rotational failures and rock/debris falls. We sampled material parameter values for Monte Carlo‐based ground-
water and stability modeling from distributions supported by previous geotechnical studies in Seattle. Text S2 and
Tables S3–S4 in Supporting Information S1 provide the unit‐specific parameter distributions and associated
sources.

2.2.3. Root Cohesion

We calculated the normalized difference vegetation index (NDVI) from 3‐m satellite imagery captured on 2 June
2019 (Planet Team, 2020). We defined ranges of NDVI associated with unvegetated surfaces, low vegetation, and
dense tree cover. In moderately and densely vegetated areas (NDVI 0.35–0.63 and >0.63) we assigned root
cohesion of 3 and 5 kPa, respectively, based on shrubs and trees common in the Pacific Northwest (Figure 1;
Cislaghi et al., 2017; Schmidt et al., 2001).

2.2.4. Water Table Depth

We estimated the average wet‐ and dry‐season groundwater table from 630 boring logs from the Washington
Department of Natural Resources (DNR) Subsurface Database (Jeschke et al., 2016). We separated logs by date
into wet season (November‐April) and dry season (May‐October). We related the land surface elevation to the
water table elevation (WTE) after Peck and Payne (2003), with the added criteria of WTE equal to sea level at the
shoreline:

WTE = a ∗ LSE (3)

where a is 0.933 (n = 328, R2 = 0.97) and 0.911 (n = 302, R2 = 0.99) for the wet and dry seasons, respectively.
The estimated baseline water table depth fluctuates seasonally from zero at sea level to 3.5 m at the study area's
maximum elevation (158 m; Figure 1).

2.2.5. Debris Flow and Avalanche Runout Relationship

Where robust landslide inventories exist, the global runout relationships in Pollock and Wartman (2025) can be
replaced by relationships that reflect the local geology and topography. Baum et al. (2000) mapped over 200
shallow flowslides and debris flows triggered during the winters of 1996–1997 along a 40 km stretch of coastline
immediately north of Seattle. Using the mapped landslide polygons, we estimated landslide volume (V, m3) using
an area‐volume scaling relationship for soil landslides in Oregon and Washington (Larsen et al., 2010). We
measured the total runout length (L, m) along a straight line from headscarp to toe. Following Pollock (2020), we
produced the ordinary least squares (OLS) regression runout relationship (n = 250):

log(L) = 0.2976 ∗ log V + 0.8120 (4)

with a standard deviation of residuals of 0.113, and R2 = 0.74.

2.2.6. Elements at Risk

We considered landslide risk to structures and their occupants using the City of Seattle building inventory (Seattle
GeoData, 2018a) and census tract population from the 2017 5‐year American Community Survey (ACS; U.S.
Census Bureau, 2020). We removed unoccupied structural additions such as decks, patios, and garages from the
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inventory based on embedded attributes. Tax parcel data provided information on the construction material, size,
usage, number of bedrooms, and appraised value of buildings (King County Department of Assessments, 2020).

To assign asset values and resident population from tract and parcel scale to individual building footprints, we
assumed that (a) the resident population among tax parcels is proportional to the number of bedrooms, and (b) the
distribution of both the resident population and the value among buildings on a given tax parcel is proportional to
building footprint area. Individuals above the ground floor of a building are significantly less likely to be injured
or killed during a landslide (Pollock & Wartman, 2020). In this study, we consider only the population on the
ground floor to be at risk from landslides. An individual's exposure to landslides depends on movement patterns in
and out of hazardous areas. Most of Seattle's business zones are on coastal flats and low‐relief uplands, while its
residential areas occupy the steep and landslide‐prone waterfront bluffs. We adopted a fixed exposure value of
0.65, representing the estimated proportion of time individuals will spend at home throughout a year, consistent
with long‐term international averages (Khajehzadeh & Vale, 2017). This methodology assumes the at‐risk

Figure 1. Spatial inputs to MM3: (a) Digital elevation model (DEM; Quantum, 2016), (b) colluvium depth based on topographic slope, (c) initial wet (winter) season
water table depth, (d) 2015 Seattle building stock, (e) satellite imagery, (f) normalized difference vegetation index (NDVI), (g) root cohesion, and (h) 2017 American
Community Survey population estimate. Arrows indicate processing workflows where subsequent layers are derived from preceding data.
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population is entirely indoors at their residence and that monetary damage applies only to major structures,
excluding outbuildings (sheds, decks, etc.), utilities, vehicles, or land devaluation.

2.2.7. Precipitation Triggering

Precipitation is the most common trigger of landslides in the region, with 91% of all landslides occurring during
the wet winter season from November‐April. Seattle's slopes are most susceptible to shallow landslides at 1‐ to 3‐
day rainfall durations (Chleborad, 2000; Godt, 2004; Godt et al., 2006; Laprade et al., 2000; Salciarini et al., 2008;
Tubbs, 1974). Deep‐seated landslides are sensitive to longer duration and antecedent rainfall (Miller, 2016; Van
Asch et al., 1999) and typically occur days to months after intense precipitation (Wait, 2001). However, prob-
abilistically modeling this relationship requires both site‐specific information about the hydrogeology of indi-
vidual landslide‐prone slopes and probabilistic antecedent rainfall curves, neither of which are available for
Seattle. We modeled transient groundwater triggering using the baseline of average wet‐season groundwater
depth (Section 2.2.4) and 3‐day rainfall values from Seattle Public Utilities' intensity‐duration frequency curves
(Rath et al., 2017; Figure S3 in Supporting Information S1). We modeled six rainfall intensities between the 10‐
and 1,000‐year return‐period values, which ranged from 0.16 to 0.30 cm per hour (Table S5 in Supporting In-
formation S1). Starting from the initial groundwater table from Section 2.2.4, we used the program TRIGRS
(Baum, Godt, & Highland, 2008; Baum, Savage, & Godt, 2008) to simulate groundwater rise as precipitation
infiltrates through an unsaturated‐saturated soil profile, as described in Pollock and Wartman (2025). Excess
surface runoff is routed from less permeable terrain pixels to more permeable pixels downslope, although this
does not account for site‐specific anthropogenic drainage modifications (e.g., roadways, rooftops, stormwater
systems). Soil hydrologic parameters are provided in Table S3 in Supporting Information S1.

2.2.8. Seismic Triggering

We used the peak ground accelerations (PGAs) at return periods of 224, 308, 391, 475, and 975 years from the
2018 update to the National Seismic Hazard Map (USGS, 2018; see Figure S4 in Supporting Information S1). The
PGAs represent the aggregation of potential earthquake sources, severities, and likelihoods rather than specific
scenario events.

2.2.9. Scenario Combination

We computed the probability of landslide initiation (source zones) and impact (runout zones) for shallow soil
slides, debris falls, and rotational slumps under each triggering scenario using the mode‐specific stability and
runout modules of MM3 (Pollock & Wartman, 2025). Adjacent failing pixels (FS < 1) are clustered to create
synthetic landslide source zones with unique attributes (e.g., volume, areal extent) to initialize the runout model
(Text S3 in Supporting Information S1). Figures S5 and S6 in Supporting Information S1 show example source
and runout zones, respectively, for each mode in a single Monte Carlo realization. We used a Monte Carlo
approach to account for uncertainty in material and model parameters with 500 simulations for each precipitation
scenario and 250 simulations for each seismic scenario, split between wet‐ and dry‐season groundwater condi-
tions. Tables S3 and S4 in Supporting Information S1 provide the probability distributions of parameters.

3. Results
3.1. Probabilistic Landslide Hazard

Hazard is concentrated along Seattle's coastal bluffs and inland bodies of water, with peak annual hazard in
northern Seattle (Carkeek and Golden Gardens Parks), central Seattle (Discovery Park and Queen Anne
Greenbelt), and southwest Seattle (Alki Point and Arroyos Natural Area) (Figure S7 in Supporting Informa-
tion S1). Not incidentally, many of Seattle's parks and green spaces have been preserved from development
because of their unstable slopes (Williams, 2015).

Seattle's historical landslide inventory provides a first‐order verification of MM3's predictive ability. Forty‐two
percent of inventoried landslides fall above annual probabilities of 1 × 10− 4 (i.e., 1 in 10,000), and 28% fall
between annual probabilities of 1 × 10− 5–1 × 10− 4. Twenty‐two percent fall outside of zones of substantive
hazard, but this may be due to address‐based rather than slope‐based geolocation of landslide points in the
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inventory and the large percentage (52%) with documented human influence that contributes to landslides
occurring in otherwise unsusceptible terrain.

3.2. Influence of Seasonality and Trigger Type

Wet‐season conditions increase the area impacted by coseismic shallow landslides by 40% (975‐year return
period) and 70% (475‐year return period) over dry‐season conditions, with over 1,000 additional landslides for
both scenarios (Table 1). The 975‐year scenario, corresponding to PGA of 0.4–0.5 g throughout Seattle, generates
almost 9,000 shallow landslides under wet‐season conditions, although this ranges up to 17,000 landslides in the
most severe model realization.

Precipitation triggers fewer shallow landslides than seismic shaking at comparable return periods, with 740–
1,040% more landslides under 475‐year shaking than in the 500‐year rainfall (Table 1). Precipitation‐induced
landslides are also smaller, averaging 443 m2 per landslide (about the size of Seattle's average residential lot)
compared to 497 and 623 m2 under dry‐ and wet‐season seismic triggering, respectively. Unlike coseismic
landsliding, precipitation‐induced landsliding appears to saturate, with the total shallow landslide area plateauing
at about 0.15 km2 for long‐return‐period rainfall.

Figure 2 highlights different spatial signatures of landslide hazard under precipitation and seismic triggering
above Alki Avenue in West Seattle. Under 500‐year rainfall, shallow landslides hazard is low (1%–2%) but
widespread across coastal bluffs and drainages (Figure 2d). Under 475‐year shaking, the probability of impact
reaches 80%–90% under wet conditions, concentrated below a high‐relief, mid‐slope bench (Figure 2b). Dry‐
season conditions produce a similar spatial hazard pattern, but with about 10% lower probability of impact.
The spatial pattern of hazard from rotational slumps is similar across the scenarios, except for two high probability
(60%–70%) zones that develop under seismic conditions (Figures 2a and 2e).

3.3. Probabilistic Landslide Risk

The predicted landslide risk in Seattle is substantial: about 18 landslide fatalities and $47 million in structural
damage annually. Precipitation‐induced landslides contribute 62% and 70% of risk to humans and structures,
respectively (Table 2). Shallow landslides dominate Seattle's risk profile at 99% of human fatalities and 97%–99%
of structural damage across all modes. Coseismic rotational slumps and debris falls contribute up to 1.7% and
1.0% of structural losses, respectively, depending on the groundwater conditions.

Figure 3 shows the spatial distribution of landslide risk for humans and structures, aggregated by census block.
Structural risk is concentrated, with hotspots along Alki Avenue, Harbor Avenue, Westlake, and South Lake
Union (Figure 3a). With the exception of Alki Avenue, these locations have relatively low annual hazard, but a
high annual risk, due to their expensive business and residential complexes. Human risk is widespread, distributed
across Seattle's hillside residential areas, including along the Puget Sound, Lake Washington, and Queen Anne
(Figure 3b).

Table 1
The Relative Severity of Shallow Landsliding in Different Return‐Period Triggering Scenarios and Groundwater Conditions

Trigger Groundwater conditions Return period (yr.) Number of landslides Cumulative source area (km2) Total area (km2)

Precipitation Wet 10 238 0.015 0.111

50 287 0.018 0.135

500 344 0.020 0.153

1,000 328 0.020 0.145

Seismic Dry 475 2,889 0.300 1.437

975 7,542 0.929 4.534

Wet 475 3,921 0.504 2.442

975 8,801 1.308 6.278

Note. Average values are given.
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Elevated landslide risk occurs in many of the same landslide‐prone locations highlighted in previous landslide
susceptibility and hazards studies (e.g., Allstadt et al., 2013; Coe et al., 2000; Grant, 2017; Harp et al., 2006).
These include along Alki Avenue, the western margin of the Duwamish waterway, coastal bluffs below Magnolia
Avenue, the southwest and northeast slopes of Queen Anne, and near Arroyos Natural Area in South Seattle.
However, examining landslide risk adds important information otherwise missed in susceptibility and hazard
studies, and our results highlight the often nonlinear relationship between landslide hazard and risk. While
historical landslide hazard at Carkeek Park has been relatively high, prompting costly projects to drain the
hillslopes (Allstadt et al., 2013; Harp et al., 2006; Laprade et al., 2000; Wait, 2001), the risk to humans and
structures is relatively low. Similarly, other “problem” areas historically associated with elevated landslide
hazard, such as the north end of Magnolia bluff, Ravenna, South Beacon Hill, and the inland drainages of West
Seattle (Coe et al., 2004; Godt, Baum, et al., 2008; Harp et al., 2006), have low risk due to low population density.
Conversely, susceptibility and hazard maps do not communicate the disproportionately high risk of areas such as
southwest Queen Anne and Westlake, which is driven by their dense population and high building values.

MM3 estimates risk at the level of individual buildings. Figure 4 overlays
annualized structural risk with mapped historical landslides and field obser-
vations for two locations in Seattle. Historical data provides a first‐order
independent verification of the spatial distribution (if not magnitude) of
building‐level risk: an accurate model should identify where historical
landslides impacted existing structures. Figure 4a shows a deep‐seated
landslide that was reactivated by heavy precipitation in 1997 (Laprade
et al., 2000; Youngmann, 1979). Offsets in structure foundations and
repeatedly patched pavement indicate episodic movement across the head-
scarp (Figure 4, images a1 and a2). Figure 4b shows estimated risk at both the
crest and toe of a coastal bluff that has experienced recent shallow slides,
including one that occurred from the deposit of a larger failure shortly before
image b1 was taken. To the southeast, a series of homes has been repeatedly
damaged by shallow slides originating from the crest of the bluff (Seattle
GeoData, 2023).

Figure 2. Annual probability of landslide impact at Alki Point in the wet‐season 475‐year seismic scenario (a–c) and the 500‐year rainfall scenario (d and e) from each
mode of landsliding: deep‐seated slumps (a and e), shallow colluvial slides (b and d) and debris falls (c). No debris falls were triggered in the 500‐year rainfall scenario.

Table 2
Total Annual Risk to Humans and Structures in Seattle

Element at risk Trigger Annualized risk (yr− 1) Percent

Humans Precipitation 11.2 62.1

Seismic 6.9 37.9

Total 18.1 lives

Structures Precipitation 32.5 69.5

Seismic 14.2 30.5

Total 46.7 $M (2020 USD)

Note. Average values are given.
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4. Discussion
4.1. Disaggregation of Landslide Hazard and Risk

MM3 facilitates the creation of risk profiles (Strouth & McDougall, 2022) by disaggregating total landslide risk
into its component parts, including relative contributions of hazard, exposure, and vulnerability, and between
landslide modes, triggering events, and return‐period scenarios. In Seattle, short‐return‐period precipitation‐
induced landslides dominate the cumulative annualized hazard, exposure, and risk (Figure 5). These components
of risk can interact counterintuitively as a function of landslide location and size. At comparable return periods,
the annualized area impacted by coseismic landslides is up to 45 times higher than for precipitation‐induced
landslides, but the associated contribution of exposed buildings and people is lower due to sparser develop-
ment in impacted areas (Figures 5a, 5c, and 5d). However, individual coseismic landslides are on average larger
and more damaging, maintaining their outsized influence on annualized risk at comparable return periods
(Figures 5e and 5f). While the low frequency of extreme precipitation events mutes their annualized risk
contribution, seismic triggering events show the opposite trend. The rising tail of the annualized risk curve for

Figure 3. Annual risk aggregated by census block considering (a) structural damage and (b) human loss of life.
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seismic events suggests that the unquantified risk for very large seismic events (i.e., return periods greater than
1,000 years) is significant and warrants further investigation (Figures 5e and 5f).

Figure 6 shows risk in absolute rather than annualized terms, highlighting the inverse proportionality between the
consequences and frequency of seismic triggering events. Strong ground shaking with an approximately 975‐year
return period could expose over 12,000 structures and 60,000 residents to landslides (Figures 6c and 6d). The
slight flattening of the seismic hazard curves at low return periods (Figures 6a and 6b) suggests a drop‐off in the
number of triggered landslides toward a baseline of terrain pixels that are marginally stable under static conditions
(i.e., FS ∼1.0 using mean input parameters and without the effect of precipitation or seismic shaking). In the
model space, these pixels will “fail” in a proportion of Monte Carlo realizations due to parameter sampling,
regardless of the presence of a trigger, corresponding to a background rate of landsliding. Including additional
seismic triggering scenarios at the upper and lower ends of the temporal range (below the 224‐year return period
and above the 975‐year return period) could provide insight into a minimum PGA to trigger coseismic landslides
(Jibson & Harp, 2016) and the apparent linear scaling of hazard and risk for severe ground shaking. Precipitation‐
induced hazard and risk saturate around the 100‐year rainfall intensity. We interpret this to reflect an intensity
threshold, above which surface water is routed downslope as runoff rather than infiltrating into the soil column,
thus triggering few additional landslides. Counterintuitively, approximately 200 more buildings are exposed to
landslides in the 10‐year scenario than in the 25‐year scenario (Figure 6d), demonstrating some Monte Carlo
instability influencing the spatial distribution of landslides at low return periods. This is due to our definition of
exposure and modeling artifacts. We count a structure (or resident population) as “exposed” to landslides if it
intersects with an area of nonzero hazard (even if the hazard is very low). Thus, while the hazard and risk
measures in Figure 6 are averages across all Monte Carlo realizations and converge rapidly (see Text S5 and

Figure 4. Estimates of average annual structural risk along two coastal bluffs in Seattle. Red arrows correspond to camera positions for images a1–b2. Negligible mapped
risk for buildings marked with “*” is due to missing structural value data in the building inventory rather than an absence of hazard.
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Figures S10–S12 in Supporting Information S1), exposure is governed by the extreme (worst case) outcomes,
which require a greater number of iterations to stabilize. The sensitivity of exposure to the number of simulations
is mitigated at higher return periods, where slope stability is increasingly driven by external loading (precipi-
tation, seismic shaking) compared to model “noise” from parameter sampling.

Risk at the scale of individual buildings is strongly influenced by position along the hillslope profile. Figure 7
shows the annualized structural risk on a per‐building basis for the Alki area of West Seattle. Most of the
structural risk at building (b) at the toe of the slope comes from shallow landslides, split between precipitation
(16%) and seismic (63%) triggers (Figure 8b). The other modes contribute substantially to the structural risk, at
11% and 10% for slumps and debris falls, respectively. The dominance of shallow landslides in the structural and
human risk of building (b) reflects its location in the runout zone of landslides initiating from a high‐relief, mid‐
slope bench, as well as the relatively high vulnerability of humans and structures to shallow, rapid landslides. One
hundred meters up the slope, 68% of structural risk at building (a) comes from precipitation‐induced slumps
undercutting the slope crest while only 4% comes from shallow landslides. However, due to the relatively low
human vulnerability to slumps, 89% of the human risk at building (a) comes from infrequent shallow coseismic

Figure 5. Annualized hazard, exposure, and risk curves for precipitation‐induced landslides (blue) and coseismic landslides (red). Top: The annualized total hazard
measured in area affected by landslides (a) and number of triggered landslides (b). Impacted area and number of landslides only consider the shallow mode. Dashed lines
indicate dry season conditions, while wet season conditions are shown with solid lines. Wet and dry groundwater conditions are combined in the other plots. Middle: The
annualized exposure to all landslide modes for humans (c) and structures (d). Bottom: The annualized risk from landslides for humans (e) and structures (f).
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landsliding (Figure 8a). Disaggregated risk such as that shown in Figure 8 facilitates the tailoring of building
design and mitigation measures to the primary drivers of risk at each location.

4.2. Comparison With Historical Landslide Damage

No systematic record of landslide fatalities in Seattle currently exists. We compiled an inventory of 16 landslide
fatalities within Seattle city limits from a non‐exhaustive review of regional newspaper archives (Table S6 in
Supporting Information S1). The annual landslide fatality rate peaked in the 1920s and 1930s, between
8.40 × 10− 4 and 1.11 × 10− 3 per thousand people. At Seattle's 2017 population, this would translate to a fatality
every 15–24 months (Table S7 in Supporting Information S1). We found conclusive records of only one landslide
fatality since 1940, suggesting a changing landslide risk regime that coincides with the City's shift to proactive
landslide management starting in 1933 (Laprade, 2007).

Estimated annualized risk in this study is orders of magnitude greater than recorded, albeit incomplete, historical
landslide losses. This is in part because Seattle has not experienced many of the triggering conditions modeled in
this study in the recent (recorded) past. Since 1948, only one rainfall event exceeded the 50‐year intensity
modeled in this study, as measured at Seattle‐Tacoma International Airport (NOAA, 2024). In the last century,
Seattle has experienced five notable earthquakes (1939, 1946, 1949, 1965, 2001), but with the exception of the

Figure 6. Absolute hazard, exposure, and risk curves for precipitation‐induced landslides (blue) and coseismic landslides (red). Top: The absolute total hazard measured
in area affected by landslides (a) and number of triggered landslides (b). Impacted area and number of landslides only consider the shallow mode. Dashed line indicates
dry‐season conditions, while wet‐seasons conditions are shown with the solid line. Wet and dry groundwater conditions are combined in the other plots. Middle: The
absolute exposure to all landslide modes for humans (c) and structures (d). Bottom: The absolute risk from landslides for humans (e) and structures (f).
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2001 Nisqually earthquake, these caused minor landslide damage (Chleborad & Schuster, 1990; Highland, 2003).
PGA in the Nisqually earthquake was around 0.1 g throughout the city, lower than the 224‐year shaking intensity
considered in this study. We note that return periods are long term averages; in the near‐term, a “10‐year return‐
period” event could reoccur over a longer (or shorter) interval than 10 years. Limitations of historical records
notwithstanding, we identify five primary reasons for methodological overprediction of risk:

1. Direct landslide mitigation. Since 1933, the City of Seattle has undertaken numerous slope stability
improvement projects (Laprade et al., 2000). MM3 does not account for direct landslide mitigation, except
incidentally insofar as it alters the underlying terrain data (e.g., regrading). As such, our results represent the
potential landslide risk in Seattle in the absence of mitigation.

2. Anthropogenic terrain modification. Widespread human modifications—including retaining walls, building
foundations, impervious surfaces, and stormwater drainage systems—alter landslide hazards, with some
features stabilizing slopes and others destabilizing them. These anthropogenic modifications can lead to
landslide overprediction (Coe et al., 2000).

3. Model simplification. The physically‐based models of MM3 trend toward conservatism by (generally)
neglecting stabilizing side forces. For instance, shallow infinite‐slope failure models are conservative in most
cases (Griffiths et al., 2011). Additionally, applying idealized hillslope models to individual pixels tends to

Figure 7. Average annual structural risk in the Alki area of West Seattle. MM3 disaggregates risk into the unique
contributions from different modes and triggers at each structure, as shown in Figure 8 for buildings (a) and (b). Negligible
mapped risk for buildings marked with “*” is due to missing structural value data in the building inventory rather than an
absence of hazard.
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overestimate landslide volume, which is compounded in subsequent volume‐driven estimates of runout and
vulnerability.

4. Human evasion. The ability of humans to notice and evade approaching landslides significantly reduces
vulnerability but lies beyond the science's current ability to model for PLRA (Pollock & Wartman, 2020). Our
review of Seattle's landslide fatalities noted many reports of residents surviving landslides by evasion of
oncoming debris or precautionary evacuation (e.g., Maier, 1997). In the events listed in Table S6 in Supporting
Information S1, an average of 2–3 individuals escaped for each one who was killed.

5. Sparse vulnerability data. Seattle's rapid urban densification has replaced many of its single‐family timber
homes with concrete multifamily housing, especially in landslide‐prone areas. Existing vulnerability curves
for shallow landslides are generally derived from databases of single‐family residences which have lower
resistance to landslides than multistory, dense urban architecture (Ciurean et al., 2017).

These limitations are common to regional‐scale landslide risk analyses (as well as many local studies) and
represent areas of needed research. Additionally, building‐scale risk estimates based on regional data sets are
inherently uncertain. Although in this work we use average, “best estimate” risk values to demonstrate the MM3

framework, MM3 natively estimates risk as a range by propagating input uncertainty through a Monte Carlo
approach. Quantified risk uncertainty bounds, even if large, can be transparently communicated and incorporated

Figure 8. Annual risk disaggregation for buildings (a) and (b) in Figure 7. Return‐period triggering events associated with precipitation (blue) and seismicity (red) are
shown on the lower left axis while the landslide modes are shown on the lower right. Percent contributions are with respect to the total annual risk for each building.
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into risk management decisions (Strouth & McDougall, 2022). MM3 is designed as a regional‐scale screening tool
to guide and complement, rather than replace, site‐specific studies and local engineering experience.

4.3. Implications for Land Use Policy

In 2006, the City of Seattle codified portions of the susceptibility maps produced by Laprade et al. (2000) into the
decision‐making process (Miscolta‐Cameron, 2016). However, development restrictions in landslide‐prone areas
are based on landslide susceptibility and do not explicitly include considerations of the timing, runout, or con-
sequences of landslides (Seattle OEM, 2019). Including landslide runout expands the area potentially impacted by
landslide by 80% to almost 33 km2 (Table S8 in Supporting Information S1).

The susceptibility zones of Schulz (2005) and the hazard zones presented in this study cover about 15% of
Seattle's land and encompass approximately 23,000 buildings, about twice the number in City‐designated
landslide‐prone areas. Approximately 6,770 buildings have annual risk over $100 per building, but about 58%
of these fall outside the City's landslide‐prone areas. The most significant spatial differences between the City's
landslide‐prone areas and the modeled hazard zones come from shallow landslide runout in Interbay, the margins
of the Duwamish waterway, the bluffs near Seward Park, and near Arroyos Natural Area (Figure 9). These are
locations in which different modes of failure, infrequent but intense triggering events, and post‐failure behavior is
not represented in the landslide inventory which underpins the City's land use policies. However, we note that no
occupied location is wholly without risk, and some level of landslide risk is tolerable in the context of other risky
activities that humans engage in daily. The threshold of tolerable risk will vary between communities, hazard
types, and individuals (Strouth & McDougall, 2022).

Who holds the risk in Seattle? Individuals with non‐negligible landslide risk are typically whiter and wealthier (as
proxied by property value) than other Seattle residents. The median value of a moderate risk property (annualized
risk greater than $100) is 85% higher than the median for all Seattle, reflecting the premium placed on slope‐
proximal waterfront and skyline‐view homes. However, among moderate risk properties, property value is
weakly correlated to both structural and human risk (R2 of 0.069 and 0.058, respectively), suggesting that social
stratification away from higher‐risk areas is not occurring as widely in Seattle as it does elsewhere (Santi
et al., 2011). Possible reasons include a short collective recollection of hazard, overreliance on municipal
regulation of slope development, or de‐prioritization of risk avoidance in the context of competing values
(e.g., aesthetics, neighborhood reputation, social networks, etc.; Miscolta‐Cameron, 2016). The distribution of
landslide risk generally follows the racial makeup of Seattle at census‐tract level, with those individuals self‐
identifying as white holding only slightly more risk relative to population (71.4% of at‐risk individuals
compared to 68.6% of the population). Black and Asian residents are 1.2% and 1.7% less likely, respectively, to
hold landslide risk than demographics would suggest.

Mapping risk provides additional information missed in susceptibility analyses. While the current landslide‐prone
areas (susceptibility) treat all landslide areas equally, risk mapping demonstrates that some regions of Seattle are
disproportionately affected by landslides. The Central Seattle neighborhoods of Westlake, and East, North, and
Lower Queen Anne cumulatively hold 16% and 23% of the human and structural risk, respectively, yet only 6.3%
of the designated landslide‐prone land. Meanwhile the Delridge neighborhoods of Riverview and Highland Park
have 7.5% of the designated landslide‐prone areas, but only 0.2%–0.3% of annual risk for both humans and
buildings. Using this example, policies that allocate mitigation funding (or permit development) based on sus-
ceptibility maps alone would likely be nonconservative in Central Seattle and disproportionately cautious in
Delridge, relative to the actual potential for damage.

4.4. From Landslide Risk to Land Use Policy

The number of fatal landslides globally surged by over 90% in 2024 and over 20% in the first half of 2025
compared to the historical mean, coincident with some of the warmest surface temperatures on record (Froude &
Petley, 2018; Petley, 2025a, 2025b). Climate change's full influence on landslide incidence remains unclear, but
these preliminary observations highlight the urgent need for forward‐looking, physically‐based PLRA that in-
corporates projected future conditions, rather than solely relying on historical landslide rates. MM3 represents one
such tool for risk‐based land use decision‐making, planning, and sustainable land management in the dynamic,
human‐environment ecosystem of the Anthropocene. Although this study focuses on Seattle, Washington, MM3

is readily transferable due to its physical basis, remote‐sensing derived inputs, and independence from local
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landslide records that may be unavailable or incomplete. Satellite imagery, DEMs, and geologic mapping are
available globally at increasingly fine resolution. In our experience, material parameter and element‐at‐risk data
sets have been the most challenging inputs to compile. However, we have found that many public works de-
partments (e.g., departments of transportation, municipal engineers) and private consultants maintain data sets of
regional parameter ranges for preliminary design analyses. In remote and understudied regions, landslide in-
ventory inversion has been used to derive regional strength parameters (Gallen et al., 2015; Medwedeff
et al., 2025; Townsend et al., 2020). Recent near‐global data sets of building footprints and human settlement
(Microsoft, 2024; Pesaresi et al., 2013) mean that MM3 can be applied to map risk almost anywhere in the world.

Risk mapping, such as that enabled by MM3 and demonstrated in this work, is a necessary precursor to chal-
lenging technical and social questions of implementation, such as:

• Does public‐facing risk mapping at building‐scale infringe on personal privacy?
• How should technical—and critical—information about probability and uncertainty be communicated?

Figure 9. (a) Landslide susceptibility mapping of Schulz (2005) and (b) the area exposed to landslide hazard modeled in this study. Landslide‐prone areas defined by the
City of Seattle (Seattle Geodata, 2018b) are overlain.
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• Given the spatial uncertainty of input data, how are risk boundary cases enforced, and how can affected
property owners “challenge the line” to update the mapping?

• Should risk mapping be statutory or only informational?
• How is cost shared in a community when damage occurs, even after hazard and risk information is available?

Landslide risk maps alone do not reduce risk. Risk reduction occurs when maps are communicated, understood,
and acted upon by a community. Scientific products that are not readily understandable, actionable, and aligned to
local priorities risk being ignored or opposed by stakeholders in the decision‐making process (Covello &
Allen, 1988; Lempert et al., 2023; Mills et al., 2008). Stakeholder disaccord has impeded landslide hazard
mapping and risk reduction efforts in Juneau, Alaska (Provant & Carey, 2023); La Conchita, California
(Covarrubias, 2015); Sitka, Alaska (Rose, 2021); North Carolina (Dedman, 2014); and even Seattle itself
(Miscolta‐Cameron, 2016). Primary reasons cited for resistance to hazard mapping include economic concerns
about the impact on property value, opaque justification for the boundaries of mapped hazard classes, and
rejection of fatalistic vulnerability labels that frame whole neighborhoods as “dangerous” (Izenberg et al., 2022;
Provant & Carey, 2023). Furthermore, absence of a transferable model for PLRA at property‐by‐property
granularity is responsible for widespread unavailability of landslide insurance in the United States (Dixon
et al., 2023; French, 2016). Without PLRA, most insurers won't underwrite landslide insurance policies, and
without insurance available to transfer their risk, residents are reluctant to endorse hazard and risk mapping that
could impact the desirability of their property (Izenberg et al., 2022).

Risk disaggregation alone does not resolve these socio‐political complexities. However, it enables engineers,
scientists, officials, and community members to collaborate more effectively on land use decisions by:

• Putting risk in economic terms, so that stakeholders can understand and compare the costs of action and
inaction rather than merely identifying a location as “hazardous.”

• Profiling the site‐specific components of composite risk to reveal why risk exists at a location, which en-
genders confidence in data‐driven maps and ordinances.

• Pointing toward solutions that target location‐specific drivers of risk, rather than a singular narrative of
vulnerability.

5. Conclusions
The absence of practical, regional models for high‐resolution PLRA has contributed to tragic human losses from
landslides. Disaggregation of landslide risk through PLRA is critical for land use decision‐making and effective
risk reduction. Through a pilot application in the City of Seattle, Washington, we introduce the MM3 model for
PLRA and demonstrate that high‐resolution, regional‐scale risk mapping is both realistic and achievable.

We find that frequent, precipitation‐induced shallow landslides drive substantial risk in Seattle, but this risk is
disproportionately held in several localized zones. Critically, the nature of this risk is mode‐specific: the shallow,
rapid slides that disproportionately endanger people are distinct from the slower slumps that typically drive
structural risk. While risk in some of these areas is driven by elevated hazard, in others it is a function of high
property values and a dense urban population, underscoring the often nonlinear and sometimes counterintuitive
relationship between where landslides happen and where they cause the most harm. Although only moderately
contributing to annual risk, landslides triggered by strong ground shaking, such as that from anticipated large
earthquakes on the Seattle Fault and the Cascadia Subduction Zone, could expose over 60,000 people and 12,000
buildings to landslides, potentially resulting in thousands of fatalities and billions of dollars in damage.

Significantly more buildings are at risk than are currently designated as landslide‐prone under susceptibility‐
based statutory mapping, primarily due to landslide runout being excluded. Our risk mapping quantifies—in
space and time—the unique risk signatures of different landslide modes for humans and structures, providing
more actionable information than susceptibility maps alone. Critically, risk profiles vary dramatically even over
short distances, with relatively small changes in location along a slope strongly impacting building‐level risk.

While, significant socio‐political barriers exist to implementing data‐driven landslide risk analysis into regulatory
frameworks, MM3 provides a technical foundation for this transition. By disaggregating risk into its component
drivers and expressing consequences in economic and human terms, this approach creates a common, quantified
baseline for the complex social negotiation necessary to reduce risk. As climate change intensifies landslide
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hazards globally, such frameworks are essential for risk‐informed land use planning and building resilient
communities in hazardous landscapes.
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