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Abstract

Climate change is expected to increase the frequency and severity of many natural hazards.
In particular, coastal communities are often exposed to multiple hazards, exacerbated by
climate change. We present a methodology to quantify the increase in multi-hazard risk
due to climate change. The methodology includes a probabilistic description of independent
hazard pathways, defined as sets of individual and cascading hazards that are statistically
independent, run for multiple levels of climate change impact. We also quantify the risk
reduction from adaptation actions. The approach integrates probabilistic hazard analysis
and loss assessment. With this approach, we identify the hazards contributing most to risk
under multiple amounts of climate change. This methodology is applied to a case study
of residential housing in Alameda, California, USA, considering how sea level rise impacts
multiple hazards: earthquakes, coastal flooding, and tsunamis. For the case study location,
we identify that the highest annualized risk shifts from earthquakes to coastal flooding as
sea levels rise. We assess how different adaptation actions would reduce the risk today and
under sea level rise, highlighting the need to consider frequent and infrequent losses.

1 Introduction

Coastal communities are already seeing the impacts of climate change. As sea levels and
temperatures rise, so do the frequency and intensity of coastal hazards. Many individual
hazards are intensifying, including flooding (Hadipour et al., 2020; Buchanan et al., 2016),
hurricanes (Mousavi et al., 2011; Shepard et al., 2012), tsunamis (Alhamid et al., 2022;
Dura et al., 2021; Li et al., 2018; Sepúlveda et al., 2021), coastal erosion (Leatherman et al.,
2000; Gornitz, 1991), rising and emergent groundwater (Befus et al., 2020; Bosserelle et al.,
2022), and resulting increases in liquefaction induced by earthquakes (Grant et al., 2021).
This body of work serves to understand how the intensity of hazards are anticipated to
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increase in the coming decades.

Risk analysis is a useful tool to quantify how coastal communities will be a�ected by
increases in natural hazards. According to the IPCC, risk is the \potential for adverse
consequences for human or ecological systems" (Reisinger et al., 2023). In a risk analysis
context, risk is the combination of a hazard, the event that can cause damage; the exposure,
or the assets that may incur damage; and the vulnerability, or the likelihood and extent of
damage that may be incurred. While de�nitions of risk have varied in previous literature,
this work uses the IPCC de�nition of risk throughout.

Risk analyses are often based on probabilistic analyses of individual hazards (e.g.
Hadipour et al., 2020). This framework allows for incorporating underlying uncertainty
and utilizing event sets that contain an array of possible hazard scenarios. Beginning with
probabilistic seismic hazard analysis (e.g. Cornell, 1968), this method has been adapted
to many hazards, such as probabilistic tsunami hazard analysis (e.g. Park et al., 2018).
Flooding typically uses generalized extreme value and peaks over thresholds, though there
are many ways to make 
ood hazard maps, including physical or empirical modeling (e.g.
Morrison and Smith, 2002). These analyses are a useful basis of risk analysis, but often
neglect interactions and underestimate the risk to an area that faces more than one hazard.

In the context of a community, multi-hazard risk is the total risk to an asset of inter-
est from any hazard. Property owners, residents, and local governments are a�ected by loss
of property, lives, and functioning regardless of the cause. While much work has gone into
the qualitative classi�cation of multi-hazard interactions, sparse quantitative studies do not
cover the full hazard space (Gill and Malamud, 2014; Opabola, 2024). Some frameworks
focus on cascading hazards alone, such as earthquake triggering tsunami, earthquake trig-
gering landslide, or 
ood triggering landslide (e.g. Sanderson et al., 2022; Dunant et al.,
2025; Kwag et al., 2019; Zhang and Zhang, 2017). Many current frameworks work toward
hazard coincidence modeling, though these are mostly limited to hypothetical or idealized
studies (Opabola, 2024; Iannacone et al., 2024; Schlumberger et al., 2024; De Angeli et al.,
2022; Ot�arola et al., 2024), or limited to a speci�c hazard coincidence scenario (e.g. Ming
et al., 2015). These studies tend to be limited to two interacting hazards, due in part to com-
putational limitations (Selva, 2013). Some studies consider spatial overlap of single-hazard
risk, termed multilayer single hazard by Gill and Malamud (2014). These studies are often
semi-qualitative, with risk indices (Kappes et al., 2012), and on an aggregate scale, whether
regional, national, or global (e.g. Boru� et al., 2005; Lung et al., 2013; Forzieri et al., 2016;
Skilodimou et al., 2019; Ballesteros and Esteves, 2021). Most similar to the present study,
Bell and Glade (2012) calculate multi-hazard risk in terms of loss of life from three haz-
ards which are assumed to be independent; while quantitative in nature, the framework is
not readily transferable to include cascading events or formalized for application in di�erent
multi-hazard environments.

E�orts to include future climate conditions in hazard risk have focused on a single hazard
(Laurien et al., 2022), especially hazards most impacted by changing climate, such as tem-
perature, wind, rain, and 
ood (e.g. Vlachogiannis et al., 2022; Smits et al., 2024; Alhamid
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et al., 2022). However, as hazards are still commonly studied in isolation, direct comparisons
between risk in present and future climate are not available. Ka� et al. (2024) highlight a
need for more risk prediction and mitigation studies focusing on the category of weather and
climate extreme events. The gap remains for a probabilistic, multi-hazard risk assessment
that quanti�es climate risk as the change in multi-hazard risk under climate change.

Multi-hazard frameworks also serve to inform adaptation actions. There are many
potential trade-o�s between actions for di�erent hazards, such as raised houses for 
ood
protection being more vulnerable to ground shaking in an earthquake (Goldwyn et al.,
2021). Few past works have considered interactions of hazards and vulnerability (Kappes
et al., 2012), many of which are necessary to include overlapping or coincident hazards in
risk analysis and adaptation action assessment. Past studies have considered adaptation and
protection costs, including retreat, seawall, and beach nourishment (Leatherman, 2001).
Another study on small island developing states considers hard protection, nature-based
solutions, retreat, and early warning (Martyr-Koller et al., 2021). The Coastal Impact and
Adaptation Model �nds that retreat is more e�ective than protection for the majority of
global coastlines, with a large bene�t of adaptation overall, and determines the populated
locations where protection is preferable to retreat (Diaz, 2016). Updated models and data
show that while the majority of coastlines should be retreated, the majority of population
(80%) is located on coastlines that have a higher cost-bene�t from the protection strategy,
though this is noted to be sensitive to a change in the retreat cost parameter (Depsky et al.,
2023). All of these studies are at large scales, and relatively qualitative in their recommen-
dations, with broad categories of risk and limited quantitative assessment. The question
remains on a local level of how to consider the cost and trade-o�s of di�erent adaptation
actions, especially considering multiple hazards.

Sea level rise (SLR) risk has also been quanti�ed from an economic perspective. Litera-
ture on SLR impacts is largely focused on coastal 
ooding or inundation without considering
storm events (e.g. Al-Mutairi et al., 2021). The economic loss studies have considered land
loss (Antho� et al., 2010), depreciated land value (Diaz, 2016), land use (Prime et al.,
2015), indirect costs through impact on industries and GDP (Turner et al., 1995; Bosello
et al., 2012), and social vulnerability or people a�ected (Bosello et al., 2012; Felsenstein and
Lichter, 2014; Martyr-Koller et al., 2021). These studies are mostly on a country or global
scale (Darwin and Tol, 2001; Leatherman, 2001; Antho� et al., 2010; Diaz, 2016). While
these studies are useful for large-scale economics, they do not translate down to household-
or individual-level impacts.

Multiple hazards can combine in various ways, physically and probabilistically, and
those relationships have been de�ned in many ways in the literature (e.g. Liu et al., 2016;
Tilloy et al., 2019; Zscheischler et al., 2020). In this work, a multi-hazard analysis refers to a
work
ow that probabilistically combines multiple individual hazards in an area. Cascading
events are secondary hazards caused by an initial triggering event. Each cascading event,
such as earthquake-induced liquefaction, has a probability of occurrence conditioned on the
triggering event occurring.
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This paper addresses the highlighted gaps of asset-level multi-hazard risk analysis on a
community scale. We include multiple probabilistic hazards under climate change through a
risk analysis framework. This framework is general and can be applied to multiple climate
change measures and multiple downstream impacts on humans and the built environment.
We quantify climate risk as the increase in natural hazard risk between present-day and
future climate conditions. The framework can be used to identify the largest sources of risk
today and in future climates. We apply this framework to a case study of Alameda, CA,
USA to quantify sea level rise risk. Alameda is subjected to earthquake, coastal 
ooding,
and tsunami hazards. We �nd that Alameda's primary risk is shifting from earthquake to
coastal 
ooding. Finally, we compare adaptation actions by their reduction in risk, showing
trade-o�s between frequent and rare losses.

2 Methodology

Fig. 1 presents a general methodological overview. First, choose a location for study and
identify assets of interest that will be assessed, such as roadways, critical infrastructure,
buildings, or human life. Next, identify hazards that are relevant for both the location and
assets of interest. Some combinations of hazard and asset are not necessary to consider. For
example, heatwaves may be important for human health impacts or agriculture, but would
not damage buildings. Thus, the hazards chosen are informed by both the area of interest
and the assets of interest.

Fig. 1 Overview of the methodology for multi-hazard risk assessment under climate change. The three large
stacked panes denote multiple hazard pathways, ellipses denote intermediate metrics within each hazard
pathway, the arrow shape denotes a function within each hazard pathway, and rectangles denote multi-hazard
attributes. Numbers indicate section numbers where aspects of the methodology are discussed in more detail.
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Once we identify relevant hazards, we separate them into independent hazard pathways.
Independent hazard pathways are statistically independent combinations of hazards (with
associated cascading events), containing a probabilistic characterization of each hazard. We
de�ne independent hazard pathways to synthesize qualitative multi-hazard works that con-
nect hazards through triggering and changing probabilities of additional hazards (e.g. Gill
and Malamud, 2014). In this framework, one hazard may be represented in multiple path-
ways. For example, a location may have near-�eld and far-�eld tsunami hazards from di�erent
faults. The near-�eld tsunami would be represented as a cascading hazard from an earth-
quake, all in one independent hazard pathway. However, the far-�eld tsunami, generated
from seismic hazard not captured within the area of interest, would be its own independent
hazard pathway causing inundation alone.

For the next step shown in Fig. 1, hazard and risk analyses are performed in parallel for
each independent hazard pathway. This analysis includes the simulation of relevant infor-
mation about hazard, exposure, vulnerability, and risk. Hazard intensity and attributes of
the exposure feed into the vulnerability function, which returns a consequence. The hazard
rate and consequence together inform the risk. The interactions between hazard, exposure,
and vulnerability parameters highlight the need to select these data in concert. The rela-
tionships within an independent hazard pathway may be more complex depending on the
speci�c hazards included in that pathway and the number of cascading events.

The risk metrics from each of the independent hazard pathways are combined to quantify
the output multi-hazard risk. The entire simulation process is repeated for future climate
change amounts. As represented in Fig. 1, the climate change impact a�ects the hazard
portion of the analysis and outputs the climate risk from the multi-hazard risk metric. In
addition, the whole process is repeated under adaptation actions, which can a�ect haz-
ard, exposure, and/or vulnerability. The adaptation analysis quanti�es potential adaptation
savings from the multi-hazard risk.

This methodology is generalizable to other hazards, exposed assets, and climate risk met-
rics. For example, any hazards that a�ect an area can be separated into independent hazard
pathways. Following the qualitative framework of Gill and Malamud (2014), cascading haz-
ards can be classi�ed probabilistically following a primary event, in a chain of many hazards,
at times. Using this framework, the secondary hazard will have an increased probability from
its baseline. Hazards such as landslides may be repeated in multiple independent hazard
pathways such as 
ood or earthquake, which are independent triggers. In addition, multi-
ple types of assets can be considered. Residential buildings have a simple relationship on a
community scale, while networks such as roadways or power systems have a more complex
total consequence than a summation of component damage costs. Given the relevant vulner-
ability data, an output risk metric can be de�ned for any exposed assets of interest. Finally,
changes in hazards can be driven by factors beyond sea level rise, such as concentrations
of greenhouse gases, or changes in ocean or land temperature. The climate change metric
will depend largely on the availability of hazard models under these changes, and the conse-
quences of interest. For example, if human health impacts of wild�re smoke are of interest,
temperature and other atmospheric metrics can be used to quantify the changing hazard.
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2.1 Hazard

The hazard data are regional-scale probabilistic hazard scenarios. These scenarios cover the
region of interest and have associated rates and intensities. The hazard includes an inten-
sity measure,IM , and occurrence rate,� . One pathway may consist of multiple intensity
measures related to multiple phenomena or multiple features of the hazard. In addition,
multiple IM s may be used to describe the hazard, either a single hazard or including cas-
cading e�ects.

Initially, a baseline analysis is run for present-day conditions. Then, the whole analysis is
re-run under multiple future climate conditions. Future climate conditions will be re
ected
by changes in the hazard model. If hazard models are available under these future climate
conditions, they can be applied directly. If models for future climate conditions are not
available for some hazards, some assumption needs to be made about the change in that
hazard. For example, for liquefaction hazard, the change due to sea level rise comes from a
change in the depth to groundwater.

2.2 Exposure

The exposure data contains information about the assets of interest. These assets may be a
part of the built environment or population, such as houses, roadways, agriculture, or people.
Each asset has a location and attributes. The attributes are informed by the speci�c asset as
well as by the vulnerability relationships that are available, as discussed in the next section.
Some examples of necessary attributes may be the dollar value, the number of stories in
a building, the length of a roadway, or demographic information about people. Necessary
exposure attributes depend on the asset of interest, expected impacts from the natural
hazards, and vulnerability function. For example, for 
ooding, the presence of a basement
may be important, whereas for wild�re, the exterior cladding material may be more relevant.

The exposure data is ideally available at the asset level. However, attributes can be
approximated from larger-scale aggregated data. This method will produce accurate results
aggregated at the level of initial data, but is not precise at the asset level. One example is to
approximate the structural types of buildings from Hazus tables (FEMA, 2002), or to infer
resident demographic characteristics from neighborhood or city-level data.

2.3 Vulnerability

The vulnerability data characterize the susceptibility of assets to damage or another output
consequence metric of interest, when subjected to hazard scenarios. This step typically uti-
lizes a vulnerability function that inputs hazard intensity and outputs a consequence metric.
This consequence metric is often damage, but can be many other metrics. The vulnerability
function is de�ned as

C = f i;k (IM ) (1)

where the consequence metric,C, is a function of the hazard intensity measure,IM . The
function depends on attributes of the asset,k. Each hazard pathway, i , has a di�erent
vulnerability function as they are measured by a di�erentIM and may cause di�erent

6



amounts of impact. Thus, the vulnerability speci�cation requires information for each of the
hazards and assets considered in the analysis. In cases where cascading hazards exist, the
vulnerability functions should account for collective impacts from all hazards. This may be a
complex function that accounts for a vector ofIM s from the primary and cascading hazards.

2.4 Risk analysis

Risk analysis determines the potential consequences of hazards on humans and the built
environment. The average annual value of the consequence metric,AAC , for a given hazard
pathway, i , at a speci�c asset,k, is de�ned as

AAC i;k =
nscen;iX

j =1

Ci;j;k � � i;j (2)

where j is the scenario from 1 to the total number of scenarios,nscen;i , for a given haz-
ard pathway, i . The consequence,C, of interest is de�ned for a speci�c hazard pathway,i ,
scenario,j , and asset,k. The occurrence rate for each pathway and scenario is� i;j .

One limitation of the current framework is that coincidence of events from independent
hazard pathways is ignored. In combination with work that focuses on hazard coincidence,
this framework could be applied to consider event occurrence over time and capture the
frequency of coincidence. At present, neglecting coincidence of rare events is not expected
to contribute largely to total risk; however, as events become more frequent under climate
change, this limitation will have a larger impact.

At a community level, the consequence metric will be a function of individual assetCk .
For some assets, the communityC will be a summation of assetCk , however, for other
interconnected systems, this function will be more complex. For example, damage to power
infrastructure may be measured by damages at the individual asset level, but the downstream
community metric of access to power will depend on the speci�c system function.

Community-level Ci;j is a function of the asset-level consequence metric,f (f Ci;j;k j k 2
nassetg) where f�g indicates the set of values for every asset in the inventory,nasset. [�] is the
indicator function, equal to 1 if true and 0 if false. Thus, the summation over all scenarios
will include the rate of each event that produces aCi;j exceeding the threshold,C. This value
is summed over all hazards,nhazard , and all scenarios,nscen;i . Additionally, at the community
level, the average annual consequence metric is de�ned as

AAC total =
nhazardX

i =1

nscen;iX

j =1

Ci;j � � i;j (3)

where total indicates that all hazards are included. TheAAC i can also be calculated for
each independent hazard pathway,i , so that the portion of AAC attributed to each hazard
pathway can be calculated as

AAC norm;i =
AAC i

AAC total
(4)

where the normalized value can be calculated for the entire community. Using the same

formulation at the asset level,
AAC i;k

AAC total;i;k
, gives the normalized contribution to annualized
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risk from each individual hazard at an asset level,AAC norm;i;k . This risk metric indicates the
portion of risk attributed to each hazard on the community and individual building level,
which can be used to guide intervention policies.

To calculate climate change risk, the analysis is re-run under future climate conditions,
either for amounts of SLR or global mean temperature increase. Then, the change in hazard
risk between the present-day baseline and the future climate condition is attributable to that
aspect of climate change. Thus, the annualized climate change risk metric is de�ned as

� AAC x = AAC x � AAC 0 (5)

wherex is a particular measure of climate change impact, for example, degrees of warming or
meters of SLR, andAAC 0 is the present-day average annual consequence metric. � signi�es
the change, so �AAC x is the change in the average annual consequence metric atx amount
of climate change impact.

An exceedance curve can be constructed with the annual rates of exceedance,� c, for
given values of the consequence metric,c, at the community level. This rate is calculated as

� c =
nhazardX

i =1

nscen;iX

j =1

[Ci;j > c] � � i;j (6)

where c is the threshold consequence metric value, andCi;j is the value for a given hazard
pathway, i and scenario,j , at the community level.

2.5 Adaptation actions

The �nal step in this work
ow is to determine the e�cacy of adaptation actions to reduce
natural hazard and climate risk. For this analysis, the �rst step is to identify potential
adaptations to reduce risk. These actions can reduce any aspect of the risk: hazard, exposure,
or vulnerability. For example, ground water level hazards could be reduced by pumping
groundwater. Exposure could be reduced by raising buildings so that they are not as easily
reached by 
ooding. Vulnerability could be reduced by retro�tting buildings so that they are
stronger and less likely to be damaged by earthquake ground shaking.

The e�cacy of adaptation actions is quanti�ed via the reduction in annualized risk, which
is the savings due to the adaptation at a given level of climate change impact,x, de�ned as

� AAC x;adapt = AAC total;x � AAC total;x;adapt (7)

where the AAC total;x is the average annual consequence metric value for the entire asset
portfolio at a given level of climate change impact, andAAC total;x;adapt is the same measure
under an adaptation action.

The consequence threshold de�ned in Eqn. 6 can be de�ned as a function of exceedance
rate, � :

c(� ) = min f c j � c � � g: (8)

wherec(� ) is the consequence value with an exceedance rate,� c, equal to or just below the
exceedance rate of interest,� .
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