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Abstract: Climate change exacerbates flood hazards, resulting in risks to real estate values that should
be considered by long-term investors. Flood risk presents two major financial risks: market risk and
credit risk. Market risk refers to potential property value loss, and credit risk increases the likelihood
of mortgage defaults. However, methods and comprehensive data for quantifying global real estate
flood risks are lacking. To address this problem, this paper proposes two flood risk assessment
frameworks: the local-oriented approach (LOA) and global-oriented approach (GOA). Two hazard
and three vulnerability assessment methods are also introduced to support these frameworks. The
LOA vulnerability estimates of regions with complete records are required to support the GOA.
Taiwan was selected as an example for the LOA assessment, and the results were used to estimate
vulnerability overseas in GOA assessments. The results of case studies for buildings located in four
cities in different countries were compared. The proposed framework enables investors and asset
owners to globally quantify climate risks in real estate, even when the available data are incomplete.
Users can choose the most appropriate approach on the basis of the available data and their tolerance
for uncertainty.
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1. Introduction

Climate change is a fundamental risk that long-term investors must consider when
attempting to build a resilient portfolio. As extreme weather events become more fre-
quent and intense [1,2], climate change is having an increasingly large effect on real estate
prices [3-6]. According to Sayce et al. [7], climate-related risk increases will affect com-
mercial real estate investment in terms of income, outgoings, rate of return, and financing
type. More research is needed on the link between commercial real estate pricing and
climate risk. The Intergovernmental Panel on Climate Change (IPCC) Sixth Assessment
Report defines climate risk as an integrated view of hazards, vulnerability, and exposure [1].
Extreme weather events have heightened awareness of climate risks, and this awareness is
influencing market dynamics and real estate prices [6,7]. Property prices may eventually
rebound [8] only after an initial decline due to an extreme weather event [9,10]. Flood risk
is a focal topic of research regarding the impact of climate change on real estate. Climate
change will likely increase flood risks [11-13], which affect property prices [14] and directly
threaten properties in flood-prone areas. In regions unaccustomed to such events, decreases
in property values and liquidity may be prolonged [8].

Studies on flood risk under climate change have focused on flood-prone areas, flooding
probability, flood depth variation, and the accuracy of different hydrological
models [15-17]. The World Resources Institute (WRI) Aqueduct Floods tool [18] is com-
monly used for assessing global-scale riverine and coastal flood hazards. Aqueduct Floods
includes both Representative Concentration Pathway (RCP) and Shared Socioeconomic
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Pathway (SSP) scenarios for simulating the extent and depth of flood hazard in various
regions, scenarios, and time periods for various return periods. The estimates cover a
wide range of events and have high data resolution (30 x 30 arc seconds, approximately
1 km x 1 km at the equator). Regarding climate scenarios, Hirabayashi et al. [19] used the
Coupled Model Intercomparison Project Phase 6 (CMIP6) climate model data to assess
potential global flooding extents and return periods; they identified spatial trends similar
to those obtained using CMIP5 climate model data but with higher consistency. In addition,
statistical models (e.g., difference-in-difference analysis [20]) and economic models (e.g.,
hedonic price model [21,22]) have been used to explore the effects of flooding on property
values. Clayton et al. [8] indicated that economic losses from flooding are primarily due to
operational disruptions, repair costs, insurance claim costs, and devaluation of collateral;
their assessment methods varied for each research topic. Overall, analyses of climate change
flood hazards involve climate models, flood simulation models, and environmental data.
The results of analyses of the effects of flooding on property values (i.e., the vulnerability
of property values) are closely related to the housing price models that are selected and the
building types investigated.

This study explored the repercussions of floods for real estate prices during climate
change in terms of two major risks for long-term investors: market risk and credit risk. Mar-
ket risk refers to the potential loss of property value and represents anticipated devaluation.
Bernstein et al. [23] highlighted that investors and property owners are likely to consider
the effects of long-term climate risks on asset value. Increased climate risks in an area would
reduce the market demand for real estate, reducing rental and investment willingness and
thereby affecting the value and liquidity of the area’s real estate [24]. According to Clayton
et al. [8] and Sayce et al. [7], the increasing frequency and severity of extreme weather
events have heightened the public’s awareness of climate risks, resulting in a lasting effect
on real estate prices in high-risk regions.

The other type of risk, credit risk, is also known as default risk. Real estate is a large-
scale industry with high prices, heavily reliant on debt financing. Natural disasters—such
as hurricanes, droughts, and flooding—can cause property damage that leads to a decline
in real estate values. Researchers have found that property values in high-flood-risk areas
tend to decrease following hurricanes [10,25] and particularly in the months following a
major flood event [26] and that these decreases can persist for years [25,27]. Such disasters
create financial risks by increasing the likelihood of mortgage defaults, payment delays,
and property abandonment [28-31]. Moreover, the impact of and recovery from a disaster
differs among building types. Fisher and Rutledge [27] found that the effects of climate-
related hurricane risks on property values and returns extend beyond physical damage.
Five years after a major hurricane, apartment and retail property values had recovered,
but the capital returns of office, hotel, and industrial properties continued to experience a
cumulative negative effect. From a credit risk perspective, the effect of a flood on property
values may persist for several years rather than just the few months after the disaster [32],
a fact that warrants attention from long-term investors.

Risk assessments for the effects of climate-change-driven flooding on real estate values
involve four key elements: historical flood events, flood control infrastructure, property
price data, and relevant research models. First, historical flood events help in understanding
meteorological conditions and flooding causality [33]. Second, flood control infrastructure
affects a region’s flood resilience; inadequate systems may lead to severe flooding, as
seen in disasters in Libya (September 2023) and Dubai, United Arab Emirates (April
2024). Considering local flood control infrastructure when establishing a rainfall-flooding
relationship enhances accuracy. Third, comprehensive property price records help when
analyzing price fluctuations to gauge flooding’s impact. Finally, these elements must be
integrated in a relevant model for risk assessments.

However, current research methods and case studies are insufficient for completely
characterizing these factors used in global flood risk assessments. Although researchers
have explored how climate risks affect property values, most studies have focused on a
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few extreme events. Moreover, systematic property registrations are only implemented in
regions with highly transparent real estate transactions (such as the United Kingdom, the
United States, Japan, and Hong Kong) and have not yet become widespread. Therefore,
this study addressed how global real estate climate risks can be quantified and assessed in
a portfolio when comprehensive data are not available, focusing on flooding, and proposes
a risk assessment framework. Section 2.2 discusses two methods for assessing hazards in
regions with and without local flood control infrastructure information and estimating the
likelihood of flooding during meteorological events (i.e., precipitation). In Section 2.3, three
methods are presented for evaluating global vulnerability linking local and global property
price fluctuations to enable estimation of global flood risk through local assessments.
Section 3 presents the results for practical cases. Section 4 discusses the limitations of the
proposed methods and suggests improvements. The results can serve as indicators for
climate risk management, assisting in evaluating the relative risk levels of assets in different
locations within an investment or financing portfolio, as well as assessing current and
future risk variations. It can also be applied to compare the risk levels of various portfolios.
Users can select the most appropriate approach for them in accordance with the available
data and their tolerance for uncertainty.

2. Materials and Methods
2.1. Research Framework and Study Area

This study referenced the IPCC’s definition of climate risk as an integrated view of
hazards, vulnerability, and exposure [1]. In this article, risk is defined as the potential
property value loss due to flood events. This risk can be expressed as follows:

R=HXxVXxXE (1)

where R is the expected asset value loss; H represents the hazard, which is the annual
probability of flooding; V represents vulnerability, which is the percentage change in
property value due to a flood whose magnitude corresponds to a specified probability;
and E represents exposure, which is the current value of property located in that area.
Methods for assessing hazard and vulnerability are discussed in the subsequent text, and
hypothetical assets in various countries are used as the exposure for risk estimations. Table 1
presents the assessment frameworks proposed in this study: the local-oriented approach
(LOA) and global-oriented approach (GOA).

Table 1. LOA and GOA frameworks for assessing flood risks in real estate.

Assessment
Framework

Hazard Vulnerability Advantages

LOA

Climate Factors: Historical
weather data from local stations,

used to bias-correct outputs
from CMIP6 to project future
precipitation.

Nonclimate Factors: Local
flood-protection infrastructure
information and collected data
that are manually processed.

A relationship between flood
and property values can be
established by analyzing
historical local housing prices
and flood data.

Provides detailed analysis and
produces high-resolution
results.

GOA

Climate Factors: Historical
remote-sensing weather data,
used to bias-correct outputs
from CMIP6 to project global
future precipitation.
Nonclimate Factors: Global
flood-protection infrastructure
or standards information.

Using global macroeconomic
or housing price indices, the
vulnerability results from the
LOA can be scaled up for
consistent application across
various regions.

Simple, fast, and highly
applicable despite the lack of
global-scale data.
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The LOA is a more accurate method focusing on a specific region, whereas the GOA is
a global method with broad coverage and general applicability. Although both local and
global hazard studies have been performed, vulnerability studies are less common, and
even fewer evaluate global risks. To address this gap, the primary goal of this study was
to develop the GOA. Taiwan has a comprehensive meteorological monitoring system and
frequent precipitation-related disasters and has thus accumulated extensive flood control
experience and rich disaster record data. Moreover, the Actual Price Registration system
for Taiwanese real estate transactions, implemented in August 2012, has greatly increased
the transparency of real estate transaction information. Leveraging these comprehensive
data, this study selected Taiwan as an example for the LOA assessment in this study.
This assessment was further used as a basis for estimating global vulnerability data in a
demonstration of GOA assessments. Example GOA assessments were performed for two
hypothetical buildings—one commercial office and one residential building—in each of
four locations: Taipei, London, Brussels, and Frankfurt (Table 2). These four geographically
diverse cities were selected due to their importance as key real estate investment markets
with strong market records, and their status as major international economic centers.
Moreover, Europe is the investment focus for Taiwan'’s large life insurance companies.
Taiwan’s life insurance company with the largest overseas real estate assets holds properties
in these cities, with significant exposure [34,35]. Therefore, this study uses these locations
to test and validate the framework’s applicability. Potential property value losses due to
flooding for each building were estimated.

Table 2. Study area locations expressed in decimal degrees.

Cit Taipei, London, Brussels, Frankfurt,
y Taiwan United Kingdom Belgium Germany
Location 25.033, 121.568 51.505, —0.086 50.857, 4.354 50.107, 8.656

To help financial institutions evaluate climate physical risks, the Financial Supervi-
sory Commission of Taiwan commissioned the Joint Credit Information Center (JCIC)
to establish the “Climate Physical Risk Information Integration Platform for the Finan-
cial Industry.” The “Flood-Induced Reduction Ratio of Real Estate Value” data from this
platform were used to demonstrate the LOA vulnerability analysis method. The dataset
comprised 3,834,362 items from Taiwan’s Actual Price Registration system for the period
from 2012 to 2022, and historical flood data. These data were normalized and analyzed
using regressions to quantify property value fluctuations caused by floods. The data were
further categorized by administrative division and building type to better analyze the
effects of floods on property values; excerpts are provided in Table 3. Nearly 40 domestic
banks have adopted this dataset, as required by regulations, for climate scenario analyses
and stress tests, facilitating the disclosure of climate-related financial risks [36,37]. For the
vulnerability assessments, the housing price fluctuations were assumed to be similar in
Taiwanese special municipalities and urban areas in the target countries. Similarly, the
price fluctuations in nonmunicipal Taiwanese regions were assumed to be comparable to
those in nonurban areas in the target countries. Averaged data from all municipalities
and non-municipalities in Taiwan were used to estimate losses for urban and rural areas,
respectively, in the target countries.

2.2. Hazard Assessment Method

This paper proposes two hazard assessment methods with different scopes of ap-
plication and data requirements. An overview of the methods is shown in Table 4 and
detailed in the following sections. The assessment primarily considers two key factors:
precipitation and flood models. In the WRI Aqueduct Method, described in Section 2.2.1,
flood probability is estimated directly from the WRI Aqueduct outputs. WRI output maps
are based on global watershed information and can be used for both LOA and GOA hazard
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assessment. By contrast, the Flood Protection Standard Method (described in Section 2.2.2)
includes local flood-protection infrastructure and precipitation or discharge data in its
projection. This method is more suitable for the LOA hazard assessment.

Table 3. Excerpted data on real estate losses caused by floods in Taiwan.

County/City Town/District Building Type MIN Q25 Q50 Q75 MAX
Taipei City Da’an District Residential building 0.150 0.168 0.248 0.282 0.352
Taipei City Zhongshan District Office commercial building 0.178 0.228 0.245 0.308 0.370

Taichung City Xitun District Suite 0.174 0.330 0.353 0.366 0.477
Hualien County Fenglin Township Farmhouse 0.197 0.213 0.256 0.365 0.444
Table 4. Comparison of the proposed methods for assessing flood hazards.
Method Usage Description Data Requirements
Potential inundation maps produced WRI Adueduct Flood
by WRI Aqueduct Floods are used to ~ ® queduct Floods
WRI Aqueduct Method LOA & GOA estimate the probability of flooding in output maps.
various scenarios.
e  (Climate models and
Key flood-protection infrastructure precipitation data.
. information in the study area is e Kev flood-protection
Flood Protection Standard - y p
Method LOA gathered and analyzed with the infrastructure information in

driving factors of flooding to generate

flood probabilities. .

the study area.
Geospatial data required for

flood models.

2.2.1. WRI Aqueduct Method

If information about the target area’s critical flood-protection infrastructure is unavail-
able, the WRI Aqueduct Floods tool [18] can be used to assess flood risk. WRI Aqueduct
Floods Hazard Maps contain global riverine and coastal flood grid data, including the
inundation depth in meters for different scenarios, time periods, and return periods. Flood
probability is a necessary component in risk assessments; accordingly, this study used WRI
Aqueduct Floods Hazard Maps on a grid basis. The flood conditions for various return
periods in each grid are employed to precisely calculate each grid’s flood probability. The
calculation process is illustrated in Figure 1.

Riverine floods

Flood Hazard Flood Probability
Maps for Different for Each Scenario, ‘
Return Periods Period, and Model

Integration of
Ensemble Flood

Integration of riverine and coastal
flooding results

Probabilities

-

Generation of Global Flood Index (Grid)

Coastal floods

Flood Hazard Flood Probability Integration of
Maps for Different for Each Scenario, ‘ Ensemble Flood
Return Periods Period, and Model

Generation of Flood Layers with
Different Spatial Resolutions

Probabilities

Figure 1. Process for calculating flood probability by using WRI Aqueduct Floods Hazard Maps.

First, hazard maps showing inundation depth in meters for a given scenario and
set of assumptions are used to determine whether a flood occurs in each grid cell for the
longest analyzed return period. The flood probability is calculated as the reciprocal of the
return period at which the inundation depth first occurs. The flood probabilities are then
recalculated using different models and assumptions (e.g., sea level rise or land subsidence)
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and integrated using an ensemble median method. The maximum flood probability value
from riverine and coastal simulations obtained in the previous step is then employed
as the flood probability for each grid cell. Additionally, to evaluate the flood risk at the
administrative district and national scales, the flood probability of the 99th-percentile grid
cell within each administrative district is regarded as the hazard value for that district. The
administrative district with the 75th-percentile flood probability within each country is
used as the national hazard value; these hazard values are used as global values at these
two resolutions.

2.2.2. Flood Protection Standard Method

In the second hazard assessment method, the Flood Protection Standard Method, local
infrastructure information is incorporated to improve the accuracy of the flood estimates.
An inundation occurs when the net water inflow of an area exceeds the area’s flood protec-
tion capabilities. The fundamental idea of this method is to calculate flood probabilities
on the basis of the flood protection capabilities of the infrastructure for each region and to
identify the values of flood-driving factors for various scenarios and periods. Common
flood-protection infrastructure includes rainwater sewer systems, flood detention facilities,
riverine embankments, and coastal embankments. These designs consider local climate,
risk tolerance, and construction costs. They include values representing net water flows
in the area, such as rainfall intensity, precipitation, discharge, and return period. While
methods for sewer design vary by region, daily rainfall and return periods are broadly
applicable. Therefore, to accommodate different cities, this study focuses on daily rainfall
for probability analysis. An excerpt of the design return period standards for rainwater
sewer systems in administrative regions in Taiwan is listed as examples in Table 5.

Table 5. Excerpted design return period standards for rainwater sewer systems in Taiwan.

Design Return Period

City District Formulation Date

(Year)
Taipei City All Districts 5 2004~2005
Taichung City All Districts 5 1969~1993
Kaohsiung City All Districts 5 1969
Kaohsiung City Xiaogang District 5 1989

This assessment method requires determining the flood-protection infrastructure that
is critical for drainage in the target area and collecting its design specifications. For areas
with incomplete data or unavailable flood control standards, alternative information can be
used for estimation. For example, in this study, historical precipitation data and the design
return period of the infrastructure were used to estimate the flood protection standard,
therefore analyzing the flood probability.

As a case study for evaluating flood hazards in urban areas, London, United Kingdom,
was selected. Exact protection standards for London’s sewer system are unavailable and
were therefore estimated from precipitation data. Therefore, a 30-year return period [38],
the uniform standard for newly constructed facilities, was selected for the present estima-
tions. It is important to note that existing flood protection systems in London may have
been constructed based on return periods shorter than 30 years. Consequently, using a
30-year return period to assess flood probabilities could underestimate hazard estimates,
particularly before the sewer system is fully upgraded to meet this standard. The sewer
design date was assumed to align with the baseline period of the CMIP6 climate model
(1995-2014). Precipitation within each administrative area was assumed to be handled
by its respective sewer system; potential upstream and downstream capacity constraints
and other flood control measures were ignored (e.g., pumping facilities for water removal).
Precipitation was then simulated under various climate change scenarios, and the likeli-
hood of flooding was estimated as the probability of precipitation surpassing the design
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standards. The calculation process for the Flood Protection Standard Method is illustrated
in Figure 2 and explained as follows:

1.  Referring to Richardson [39], the Gamma distribution is adopted as the probability
distribution basis for daily precipitation, and historical precipitation data are used to
validate the precipitation distribution parameters for different regions.

2. The Richardson-type weather generation model is used to simulate daily precipitation
for baseline and future periods under the ScenarioMIPs of CMIP6 [40]. According to
Chen et al. [41], within the framework of this model, the precipitation state (whether
it is a rainy day) is first determined by a first-order Markov chain. If a rainy day is pro-
jected, precipitation is stochastically sampled from a Gamma distribution; otherwise,
it is set to zero. Each simulation generates more than 100 years of daily precipitation
data samples for each region. This iterative process produces a long-term precipi-
tation time series, where the total precipitation aligns with the historical long-term
mean, and the distribution of consecutive rainy days is consistent with historical
observations.

3. These precipitation projections are used to analyze the annual maximum series (AMS)
for the baseline and future time periods under different warming projection scenarios.

4. The design return periods of sewer systems in each assessing region are collated.

5. By applying the return period 7, the corresponding quantile in the baseline AMS
sample can be calculated to determine the precipitation threshold for a flood event.
The calculation is as follows:

* -1 1
P*=F; (1 - r) 2)

where Fg~! is the AMS quantile function for the baseline period, P* is the design daily
precipitation threshold of sewer system, and r is the design return period of sewer
system.

6.  The daily precipitation threshold P* obtained in step 5 is employed to estimate its
corresponding quantile Fp(P*) in the AMS samples for each warming projection
scenario (where Fp is the cumulative distribution function of the AMS in the warming
projection scenario) to determine the probability of a flood event in each warming
scenario.

2.3. Vulnerability Assessment Method

Potential property value losses due to flood events are associated with several factors,
including sensitivity to house price fluctuations, building type, and area category (e.g.,
urban or rural area). Collecting global historical data is challenging; hence, this study pro-
poses three vulnerability assessment methods, described in Table 6, for the GOA assessment.
These methods combine comprehensive regional vulnerability analyses with economic and
housing price indices to estimate global outcomes. Specifically, the Gross Domestic Product
(GDP) Per Capita Adjustment Method (GDPCAM) is detailed in Section 2.3.1, the Integrated
Assessment Modelling (IAM) scenario estimation method (IAMSEM) in Section 2.3.2, and
the Housing Price Index Method for Adjustment (HPIMOD) in Section 2.3.3.

2.3.1. GDPCAM

The GDPCAM is based on vulnerability results obtained using the LOA scaled up for
consistent application in different regions. The method follows the World Bank’s view that
more economically developed countries have better infrastructure and higher adaptive
resilience, potentially resulting in lower economic losses from adverse climate events [42].
According to Fankhauser and McDermott [43], there is a strong and clear relationship
between GDP per capita and the impacts of extreme events; however, there is no consensus
on how to quantify the extent of this relationship. In their working paper, Fankhauser and
McDermott suggest that a 10% increase in a country’s GDP per capita reduces economic
losses from climate disasters by 3% to 5% [44]. Therefore, the average reduction rate of 4%
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was applied in this study. It is notable that this study focuses on proposing an evaluation
method and determining the exact reduction rate is beyond its scope. Further research is
recommended, and the reduction rate used in this equation can be adjusted as needed for
future evaluations. Taiwan was selected as a case study for regional vulnerability analysis.
The calculation process for the GDPCAM is illustrated in Figure 3.

Table 6. Comparison of three proposed methods for assessing global flood vulnerability.

Method Usage Description Data Requirements

Combines comprehensive regional
GDPCAM vulnerability analysis with the GDP per
capita in different countries or regions.

GDP per capita in different
countries or regions.

Combines comprehensive regional GDP difference due to floods

TAMSEM COA vulnerability .ana}y51s with GDP dlfferegces estimated in IAM scenarios
due to floods in different countries or regions (e.g., analyses released by
as announced by the NGFS. NGFS).

Combines comprehensive regional Housing price index data (e.g.,

HPIMOD vulnerability analysis with the housing price the OECD National and
index in different countries or regions. regional house price indices).
Simulation of precipitation in baseline scenario B Simulation of precipitation in warming projection scenario

Weather Generation Weather Generation

Baseline distribution «  Fit the daily precipitation Precipitati Projection distribution * Adjust the parameter of
of daily precipitation data from the baseline Orgapltat_lon ‘ of daily precipitation the baseline distribution
period to a Gamma servation based on the GCM

> >
‘ é distribution. 'é dataset for projection
Observation 3 o Skl Precipitation 3 scenarios.
g precipitation for the Distribution 4 - Simulate daily
5 baseline period with a Adjustment = precipitation for future
sample size of more than periods with a sample size
precipitation 100 years. precipitation of more than 100 years.

I |_l
The empirical distribution of AMS

Baseline Daily Precipitation Data Projection Daily Precipitation Data

Projection Precipitation Annual
Maximum Series (AMS)

Baseline Precipitation Annual
Maximum Series (AMS)

prob. density

= = Baseline

=== \Warming Projection

AMS precipitation

——

Calculation of the return period of precipitation

@ Apply the return period (r) to obtain the
corresponding quantile (Qys).

)
g

@ Determine the precipitation threshold
using Qs and the AMS quantile function

for the baseline period. = = Baseline

(S
S

) Identify the return period for the Warming Projection
projection scenario using the precipitation
threshold (P% and the AMS quantile
function for the projection scenario.

Qps : The percentile of baseline distribution
Qy; : The percentile of projection distribution
> P* : precipitation threshold

cumulative density

Figure 2. Process for calculating the probability of flooding in the Flood Protection Standard Method.
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Data Preprocessing for key factors

Referenced - -
reduction ratio of The reduction ratio of the target

real estate value building type and area category The redlvEien mEits
of real estate value

GDP by The excess ratio of GDP of of the target country
country the target country to Taiwan

Figure 3. Calculation process for the GDPCAM.

The GDPCAM calculations are as follows:

1.  The ratio of the target country’s GDP per capita to the benchmark of Taiwan’s GDP
per capita is calculated.

2. Taiwan’s “Flood-Induced Reduction Ratio of Real Estate Value” data are used to
select the building type and determine the area category. This helps in estimating the
expected property value losses.

3. The expected value losses of the target country can be expressed by Equation (3),
based on the percentages provided by Fankhauser and McDermott [44].

GDP 4%
lossTar = lossRgr X [1 - <( GDpIT;;l; —1)x 10%)]

where lossTaR is the expected housing price impairment value of the target country
or region, lossggr is the vulnerability result from LOA, and GDPrag and GDPggr
respectively represent the GDP per capita of the target country or region and the GDP
per capita of the LOA region.

®)

This method can be flexibly applied to urban and nonurban areas and for various
building types. Compared with the other proposed methods, this approach has the advan-
tages of low data requirements, high accessibility of GDP per capita data, and its simple
calculations. It is hence a highly versatile method.

2.3.2. IAMSEM

The IAMSEM combines LOA estimates with IAM simulation results to estimate
global vulnerability. IAM combines knowledge from two or more domains into a unified
framework. IAM models are a primary tool for conducting integrated assessments. The
IAM simulation data employed in this study came from the Network for Greening the
Financial System (NGFS) Climate Scenarios dataset, which includes estimates of GDP losses
due to floods [45]. The calculation process for the IAMSEM is shown in Figure 4.

Data Preprocessing for key factors

GDP losses . Th;f;::::f;ed » The reduction ratio of the target
due to flood depreciation building type and area category . R

of real estate value of
Bias correction of the target country
the target country to Taiwan

Referenced
fluctuation ratio of
real estate value

Figure 4. Calculation process for the [AMSEM.

The IAMSEM calculations are as follows:

1. The relationship provided by Williams [46]—which states that for every 1% loss in
GDP, property prices drop by 4%—is employed to convert GDP losses due to flood in
IAM simulations into property value depreciation.

2. Taiwan’s “Flood-Induced Reduction Ratio of Real Estate Value” data are used to select
the building type and determine the area category.

3. Assuming that the estimated property depreciation in step 1 follows a similar statistical
pattern to the “Flood-Induced Reduction Ratio of Real Estate Value” derived from
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Data Preprocessing for HPI

historical real estate transaction data in step 2, a relationship between these two
datasets is identified and the statistical parameters of the “Flood-Induced Reduction
Ratio of Real Estate Value” are estimated for the target area.

4. Assume that the distribution of property value reduction due to flood in the target
area exhibits similar fluctuation patterns to those of similar areas in Taiwan. Values
published by the JCIC of Taiwan are used, and Equation (4) is employed to adjust the
property value reduction due to flood for overseas regions.

lossrer — loss_pgpr
loss_OREF

loss_ESTrar = < ) X loss_EST_oraR +loss_EST prsp  (4)

where loss_EST7aR is the expected housing price impairment value of the target coun-
try or region; lossgrr is the vulnerability result of a specific building and area condition
from LOA; loss_puggr is the mean of the vulnerability results from LOA; loss_orgr is the
standard deviation of the vulnerability results from LOA; loss_EST_oTaR represents
the estimated standard deviation of the expected housing price impairment value
of the target region; and loss_EST_pr4r represents the estimated mean of expected
housing price impairment value of the target region.

Because this method uses IAM simulation data to estimate potential losses, it better
incorporates the unique influencing factors of each region. However, national-scale data
are available for only approximately 50 countries; for the remaining regions, continental or
global data could be used as substitutes.

2.3.3. HPIMOD

The HPIMOD adopts the OECD’s nominal house price index [47], which includes sales
of both newly constructed and existing dwellings with the base year of 2015 and follows
the recommendations of the Residential Property Prices Indices manual [48]. This index
is then adjusted in accordance with the statistical relationship between Taiwanese and
international indices to estimate the vulnerability of global property values. Taiwan’s data
were obtained from the Sinyi housing price index published quarterly by Sinyi Realty [49].
It is a constant-quality index based on the hedonic pricing method with pooled data that
indicate the changes in price of houses sold. A flowchart of the HPIMOD is presented in
Figure 5.
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Figure 5. Calculations in the HPIMOD.
Preprocessing for the Housing Price Index
1. Calculate the year-over-year (YoY) change for each housing price index.

The absolute value of the housing price index is not referenced in this method, and the
real estate market is influenced by long-term trends (such as fiscal policy, monetary policy,
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economic policy, or other country-specific factors). Thus, the YoY change is calculated to
isolate short-term fluctuations from long-term trends.

2. Calculate the moving average (MA)

The MA of each year is used to represent the average price state on a medium-term
time scale.

3.  Retain short-term fluctuations

The MA is removed to identify short-term price fluctuations. If the MA time series
average matches the YoY average, the final average short-term fluctuation would be zero;
thus, positive and negative values indicate short-term fluctuations in house prices.

Relation Between the Housing Price Index and Vulnerability

The vulnerability of real estate prices for Taiwan is denoted 77y (g), in which g is the
quantile of vulnerability. A statistical relationship was established between the housing
price index and the vulnerability of real estate prices. Declines in the housing price index
caused by exogenous economic changes in Taiwan's real estate market were assumed to be
positively correlated with the intensity of the climate risk vulnerability shock. In the real
estate markets, countries with greater average declines in house price indices are also more
vulnerable to climate risks. Therefore, a quantile-quantile plot was used to describe the
ordinal statistical relationship between declines in Taiwan’s housing price index and its real
estate value impairment vulnerability for various building types and locations (urban or
nonurban areas). This statistical relationship was then applied to the decline in the housing
price index of each country to estimate that country’s vulnerability.

For the housing price index in Taiwan and other countries, the change ratio of the
index time series was computed. All the samples with a negative change ratio were ex-
tracted; these are denoted x7 for Taiwan and x for other countries. This value indicates
the intensity of the reaction of the real estate market to a negative shock. The vulnerabilities
vrw of real estate prices from different administrative districts and different quantiles
were pooled. The samples for Taiwan and another country were converted to their or-
der statistics—x7y(9), x&(q), and v}y (g)—to calculate the housing price index decline
between the other country and Taiwan. The quantiles of the sample can be expressed by
Equation (5).

oy Xela)
=m0l 5)

Next, logistic regression was performed to fit the relationship between these two order

statistics:

N 1
or = F(xby) = - - 6
oW (*7w) 1 4 e~ (Porw+B1, TwxTyy) ©)

where 0%, = F(x%,) is the sample regression function and its inverse function is %, =
1 (0% )- The regression coefficients Bo and B can be estimated through the ordinary least
squares method. Here, leave-one-out cross-validation was used to evaluate the statistical
relationship. The results revealed that the relationship established using logistic regression
was stable.

Vulnerability Projection Based on Housing Price Index Decline

The estimated housing price index decline in Taiwan corresponding to the vulnerability
of its real estate price was calculated as X7, = F LTt Athe other country’s housing
price index decline could then be estimated by X = r(q)X7}y. Finally, from the sample
regression function, the final vulnerability estimate of the other country could be calculated

as ¢ = ﬁ(f}*;)
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2.4. Suggestions on Method Selection

Each assessment method proposed in this study requires specific input data, and
higher quality data will typically result in a more accurate output. Figure 6 presents a
flowchart for selecting a specific method. The availability of design standards for key
flood-protection infrastructure is the key factor in selecting a hazard assessment method
(Figure 6a). For vulnerability assessments, the HPIMOD should be selected if historical
housing price index data are available. Otherwise, the IAMSEM can be used, but this
method is a suboptimal choice because it relies on only flood-specific loss data. Finally, the
GDPCAM is an alternative if neither type of data is accessible (Figure 6b).

(a) Hazard Assessment Method Selection Flow-chart (b) Vulnerability Assessment Method Selection Flow-chart

Are design standards
for key flood protection infrastructure

available?

Are historical housing
price index data of the target
region available?

!

Flood Protecting
Standard
Method

[ !
Housing Price Index

WRI Aqueduct Method for Are flood loss data

Method Adjustment from the IAM model for the target
(HPIMOD ) region available?

' '

IAM Scenario GDP Per Capita
Estimation Method Adjustment Method
(TAMSEM ) (GDPCAM)

Figure 6. Flowcharts for selecting (a) hazard and (b) vulnerability assessment methods.

3. Results
3.1. Hazard Assessment Results
3.1.1. Results of the WRI Aqueduct Method

Figure 7 presents the projected spatial distributions of flooding areas under the “Pes-
simistic” scenario (RCP 8.5, SSP3) when using the WRI Aqueduct Method for the 2080s in
the four study areas. This serves as an example to illustrate the results in the four study
areas for the 2080s. Blue grid squares represent flooding areas; the background images
are layers from ESRI World Imagery [50]. Darker colors indicate areas with a shorter
inundation return period and thus a higher inundation probability. For the greater Taipei
metropolitan area (Figure 7a), areas projected to have frequent flooding are distributed
around the Tamsui River and the Xindian River. In the Greater London Built-up Area
(Figure 7b), the flood-prone areas are primarily concentrated along the banks of the River
Thames and River Lea. This finding is attributable to the low-lying terrain, urbanization,
and hydrological conditions surrounding the rivers. The results for other scenarios have
been included in Appendix A for further reference.

3.1.2. Results of the Flood Protection Standard Method

Figure 8 presents the exceedance probability trends for floods under different warming
projection scenarios and time periods. In each subplot, the vertical axis on the right is the
rainfall return period, and the vertical axis on the left is the probability of the corresponding
rainfall return period being exceeded. The solid lines and shading intervals in Figure 7
represent the 50th percentile, 10th percentile, and 90th percentile simulated by all global
climate models for each scenario and period. Areas closer to the top of the chart are
associated with shorter rainfall return periods, that is, more intense rainfall at shorter
intervals.

At the end of the high emission scenario, precipitation events with a 30-year-return-
period rainfall intensity are more frequent, increasing to approximately 20-year or even
10-year return periods. Before the middle of the 21st century, the differences between
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scenarios are small, however. In Brussels (Figure 8c), the ranges of the 10th and 90th
percentiles for different scenarios almost overlap, even until the end of the century. In
Frankfurt (Figure 8d), the SSP1-2.6 scenario changes little throughout the century, whereas
rainfall frequency clearly increases for higher emission scenarios. In summary, the increase
in the return period of rainfall under global warming is not entirely consistent with the
emissions in each warming scenario; the results are influenced by discrepancies between
global climate models and variations in geographical location and time periods.

(b) London

Figure 7. Flooding area spatial distribution in the “Pessimistic” scenario in the 2080s based on the
WRI method for (a) Taipei, (b) London, (c) Brussels, and (d) Frankfurt.

3.2. Vulnerability Assessment Results

Figure 9 presents the maximum, Q75, median, Q25, and minimum climate vulnera-
bility values of each hypothetical building as assessed using the three proposed methods.
The methods are denoted as M1, M2, and M3, respectively, representing the GDPCAM,
IAMSEM, and HPIMOD results. MM indicates the mean vulnerability value for all munici-
palities in Taiwan. For Taipei City (labeled as TPE in Figure 9), the vulnerability estimates
represent the mean vulnerability values of the 12 administrative districts in Taipei. The
results for the other locations were derived by adjusting the mean vulnerability values of
all municipalities (MM) in Taiwan in each of the three methods.

3.3. Risk Assessment Results

The two hazard assessment methods and three vulnerability assessment methods
were employed to calculate the climate risk for the study cases. Climate risk was defined as
the potential loss in real estate value due to flood and was calculated as the product of the
hazard and vulnerability estimates. For the four cities, Tables 7-10, respectively, present
the climate risk results under the RCP8.5 scenario in the 2080s, expressed as percentages, of
the hypothetical buildings, where these results were obtained using different combinations
of hazard and vulnerability methods.
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Table 7. Climate risk of the hypothetical buildings in Taipei.

Hazard Method 1 Hazard Method 2
WRI Aqueduct Method * Flood Protection Standard Method
00.00% 71.25%
Climate Risk Min Q25 Median Q75 Max Min Q25 Median Q75 Max
Office Building 0.0% 0.0% 0.0% 0.0% 0.0% 12.3% 15.2% 18.8% 22.1% 25.1%
Residential Building 0.0% 0.0% 0.0% 0.0% 0.0% 10.0% 13.0% 16.7% 22.0% 26.8%

* Hypothetical buildings were in areas with no flooding potential in the WRI Aqueduct flood hazard maps.

Table 8. Climate risk of the hypothetical buildings in London.

Hazard Method 1 Hazard Method 2
WRI Aqueduct Method Flood Protection Standard Method
4.00% 10.75%
Climate Risk Min Q25 Median Q75 Max Min Q25 Median Q75 Max
Office Building
GDPCAM  0.8% 1.2% 1.8% 2.2% 2.5% 2.0% 3.3% 4.9% 5.9% 6.8%
IAMSEM 0.0% 0.2% 0.4% 0.6% 0.8% 0.0% 0.6% 1.2% 1.7% 2.0%
HPIMOD 1.1% 1.3% 1.8% 2.5% 3.2% 3.0% 3.6% 4.7% 6.6% 8.6%
Residential Building
GDPCAM  0.6% 1.2% 1.5% 1.9% 2.2% 1.7% 3.1% 4.2% 5.1% 5.9%
TAMSEM 0.0% 0.2% 0.3% 0.5% 0.6% 0.1% 0.5% 0.9% 1.3% 1.6%
HPIMOD 0.9% 1.1% 1.5% 2.1% 2.5% 2.3% 3.1% 3.9% 5.5% 6.8%
Table 9. Climate risk of the hypothetical buildings in Brussels.
Hazard Method 1 Hazard Method 2
WRI Aqueduct Method * Flood Protection Standard Method
00.00% 14.50%
Climate Risk Min Q25 Median Q75 Max Min Q25 Median Q75 Max
Office Building
GDPCAM  0.0% 0.0% 0.0% 0.0% 0.0% 2.6% 4.2% 6.1% 7.4% 8.5%
IAMSEM 0.0% 0.0% 0.0% 0.0% 0.0% 0.8% 1.9% 3.1% 3.9% 4.6%
HPIMOD 0.0% 0.0% 0.0% 0.0% 0.0% 2.7% 3.0% 3.5% 4.3% 4.5%
Residential Building
GDPCAM  0.0% 0.0% 0.0% 0.0% 0.0% 2.2% 3.9% 5.2% 6.4% 7.4%
IAMSEM 0.0% 0.0% 0.0% 0.0% 0.0% 0.6% 1.7% 2.5% 3.2% 3.8%
HPIMOD 0.0% 0.0% 0.0% 0.0% 0.0% 2.1% 2.4% 2.7% 3.3% 3.4%
* Hypothetical buildings were in areas with no flooding potential in the WRI Aqueduct flood hazard maps.
Table 10. Climate risk of the hypothetical buildings in Frankfurt.
Hazard Method 1 Hazard Method 2
WRI Aqueduct Method Flood Protection Standard Method
20.00% 25.25%
Climate Risk Min Q25 Median Q75 Max Min Q25 Median Q75 Max
Office Building
GDPCAM  3.5% 5.8% 8.5% 10.3% 11.9% 4.5% 7.3% 10.7% 13.0% 15.0%
IAMSEM 2.1% 3.8% 5.8% 7.2% 8.3% 2.7% 4.8% 7.3% 9.0% 10.5%
HPIMOD 3.5% 3.8% 4.8% 5.7% 6.2% 4.4% 4.8% 6.0% 7.2% 7.8%
Residential Building
GDPCAM  3.0% 5.4% 7.2% 8.8% 10.2% 3.8% 6.8% 9.1% 11.1% 12.9%
TAMSEM 1.7% 3.5% 4.9% 6.0% 7.1% 2.2% 4.4% 6.1% 7.6% 8.9%

HPIMOD 2.7% 3.3% 3.7% 4.4% 4.4% 3.4% 4.2% 4.7% 5.6% 5.6%
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Figure 8. Exceedance probability trends of a flood under different warming projection scenarios and
time periods: (a) Taipei; (b) London; (c) Brussels; and (d) Frankfurt. The dashed line represents the
design return period standard for flood protection infrastructure used in this study: a 5-year return
period for Taipei and a 30-year return period for the other locations. The shaded area shows the range
between the 5th and 95th percentiles of the multi-model distribution.
(a) Vulnerability — Office Building (b) Vulnerability — Residential Building
1.00 1.00
Max Max
Q75 Q75
Median| M3 Median
- MM
Q25 Q25
0.75 0.75
I Min I Min
M1 i MM
M1 M1
‘ ‘ M1
M1 M1
0.50 0.50
M2
TPE M2 TPE
N M3 M2 M3 I
— M2
0.251 0.251 | M3 M3
" = =
‘ M2
[ l — I [ - |
0.00 : : , 0.00 - , . .
United Kingdom Germany Belgium Taiwan United Kingdom Germany Belgium Taiwan

Figure 9. Climate vulnerability of (a) commercial office buildings and (b) residential buildings, as
assessed using the three proposed methods.
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4. Discussion

For each city, the climate risk results varied greatly with the method combination.
For Taipei (Table 7), the WRI Aqueduct Method estimated a flood hazard probability of
zero because the hypothetical buildings are in areas without flooding potential in the
WRI Aqueduct flood hazard maps, indicating a deficiency of the WRI Aqueduct Method.
The Flood Protection Standard Method, which considers the actual flood control capacity
of a site, provides an average flood hazard probability and median climate risk for the
commercial office building of 18.8%. This risk is higher than that of the residential building,
and the risks for the office building are within a smaller range (12.3-25.1%).

For London (Table 8), the potential flood-induced value losses are less than 9% and 7%
for the office building and residential building, respectively. The WRI Aqueduct Method
produces a flood hazard probability nearly 2.7 times lower than that of the Flood Protection
Standard Method. The GDPCAM and the HPIMOD yield similar vulnerability results, but
the estimates of the IAMSEM are clearly lower than those of the other two methods, with
risk values between 0.0% and 2.0%.

For Brussels (Table 9), the risk estimates range from 0.0% to 8.5% for the office building
and 0.0% to 7.4% for the residential building. As in Taipei, the WRI Aqueduct flood
hazard maps classify the locations of the hypothetical buildings in Brussels as having no
flooding potential, leading to hazard estimates of zero. The GDPCAM produces the highest
summary statistics for vulnerability risk.

Finally, for Frankfurt (Table 10), the climate risk varies from 2.1% to 15.0% for the
office building and 1.7% to 12.9% for the residential building. The difference between the
two hazard estimates is small. The vulnerability patterns are similar to those obtained for
Brussels; the GDPCAM method generates the highest summary statistics for climate risk,
and the HPIMOD estimates are within a smaller range.

No consistent correlation between the assessment results of the two hazard methods
was discovered. For the WRI Aqueduct Method, the geographical distribution of flooding
potential areas in the WRI map was found to lead to differences in flooding probability,
which results in a large discrepancy in climate risks between the four cities. Because
flooding maps are widely available and frequency analysis calculations are simple, the
WRI Aqueduct Method could be easily adopted for regions globally. However, the method
has three main limitations. First, it is applicable in limited scenarios and for limited period
options. The future flooding simulations from WRI Aqueduct Floods consider only three
scenarios (Business as Usual, Optimistic, and Pessimistic) and three periods (2030, 2050,
and 2080). Second, the completeness of flood-protection infrastructure data also differs by
region. For example, the FLOPROS database [51] used by WRI Aqueduct Floods categorizes
Taiwan into simply Taipei and Southern Taiwan, with return periods of 50-200 years and
150 years, respectively; this is an excessive simplification of the actual situation. Third, as
the WRI maps currently focus on riverine and coastal floods, this method may therefore be
unable to capture flooding situations caused by inadequate urban drainage.

By contrast, the Flood Protection Standard Method provides estimates that better
reflect local conditions. In this method, the design standard is used as the threshold for
frequency analysis, and the precision and reliability of the method improve as more com-
prehensive data are collected. However, this method relies on the collection of extensive
data and on complex calculations. It requires critical flood-protection infrastructure design
standards to be obtained, and their parameters estimated in accordance with the specific
characteristics of the location. For example, using river levee design standards as a thresh-
old for riverine flood analysis necessitates the estimation of river flows to calculate flooding
probability. Further simulations are necessary to determine the extent, depth, and regions of
flooding. In brief, it is recommended for users to understand the main causes of floods and
what factors are considered in the assessment. The use of more accurate flood protection
standards will enhance the reliability of the assessment results. If information about critical
flood-protection infrastructure for the target area is available, the Flood Protection Standard
Method may be the better choice of these two hazard assessments.
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Regarding the vulnerability assessment methods, the GDPCAM requires the least
input data and is highly versatile. However, because this method only uses GDP values
coupled with a fixed loss ratio for estimation, the effects of other localized factors on
housing prices cannot be considered. The second method, the IAMSEM, also requires little
input data. It uses the flood-related losses of each region from NGFS as a key indicator
and thus includes influencing factors for each region. However, national-scale data are
available for only approximately 50 countries; for the remaining regions, only continental
or global data can be used as substitutes. This reliance on the availability of an IAM model
for the analyzed region limits the method’s applicability. The third method, the HPIMOD,
accurately estimates actual fluctuations of local housing prices because it references regional
historical housing indices. Its broad applicability stems from accounting for systematic
differences in real estate transaction prices across countries, treating these as relative biases
between different statistical distributions. By correcting for this variability, the HPIMOD
can estimate real estate price fluctuations and vulnerabilities in countries with credible
long-term datasets. While it may face limitations in regions where comprehensive housing
index data is less available, the method remains highly effective where such data exists. In
brief, the selection between these three vulnerability assessment methods depends on data
availability and researcher assumptions. The HPIMOD is likely the most accurate method
but also has limited applicability.

This study offers a different perspective on flood risk assessment compared to official
regional hazard estimates. For instance, the National Science and Technology Center for
Disaster Reduction (NCDR) in Taiwan conducted a typhoon-induced flood risk analysis,
revealing an average flood probability of 13% for Taipei City under the RCP8.5 scenario
between 2075 and 2099 [52], using a dynamic downscaling method focused on typhoon
events. In contrast, this study evaluates the probability of rainfall exceeding flood thresh-
olds, providing a broader view of flood risks in the context of climate change. Similarly,
the United Kingdom government’s estimate shows a flood probability ranging from 0.1%
to 1% [53], and Brussel’s estimate is approximately 1% [54]. While these figures align
with the WRI Aqueduct Method’s hazard estimates in this study, they do not account for
the impact of climate change. Furthermore, most official flood risk assessments focus on
public safety and welfare, with limited discussion of the potential impact on real estate
values. Although some researchers have studied the impact of climate risks on property
values, most studies have concentrated on extreme events or specific locations, lacking a
global-scale assessment method. This research addresses this gap by proposing global-scale
risk assessment approaches that specifically focus on the effects of flood events on real
estate values under climate change.

5. Conclusions

Climate risk assessment is a critical issue for long-term investors. With the increasing
frequency and intensity of extreme weather events, the influence of climate change on
real estate prices is significant and cannot be overlooked. Flood risk under climate change
is one of the important topics. This paper proposes two risk assessment frameworks for
quantifying global real estate climate risks in terms of flood risks: LOA, which focuses on
specific regions with high accuracy, and GOA, which achieves global coverage and general
applicability. Furthermore, two hazard and three vulnerability assessment methods were
developed to support the framework. Case studies were conducted to test and validate
the applicability of the framework and compare the proposed assessment methods. Data
availability and uncertainty tolerance are the key factors affecting the suitability of each
method for assessing hazards and vulnerabilities. By applying these methods, users can
estimate the potential asset value loss in their investment or financing portfolios due to
floods under climate change. These estimates are useful for managing two major risks for
long-term investors: market risk and credit risk. Market risk arises from the devaluation of
real estate in areas increasingly exposed to climate risks, reducing demand and investment
interest [55]. Credit risk, on the other hand, results from borrowers’ potential inability
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to service debt due to diminished revenue-generating capacity following flood-related
damages. Additionally, the depreciation of properties serving as loan collateral exacerbates
the risk of credit losses for lenders [55,56]. The assessment outcomes could act as helpful
indicators for climate risk management, enabling users to assess the relative risk levels of
assets in various locations and analyze changes in risk over time under climate change
scenarios, further formulating strategies to manage and respond to climate risks. These
frameworks also provide a way to compare the risk levels of different portfolios. In
conclusion, the proposed climate risk assessment framework and methods are expected to
provide a solution to support investors and asset owners in their global quantification of
climate risks in real estate.
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Appendix A

Figures Al and A2 present the projected spatial distributions of flooding areas for the
2080s in the “Business as Usual” and “Optimistic” scenarios, respectively, using the WRI
Aqueduct Method in the four study areas.
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(a) Taipei

(b) London

(d) Frankfurt

Figure Al. Flooding area spatial distribution in the “Business as Usual” scenario in the 2080s based
on the WRI method for (a) Taipei, (b) London, (c) Brussels, and (d) Frankfurt.

(b) London

(c) Brussels

(d) Frankfurt

Figure A2. Flooding area spatial distribution in the “Optimistic” scenario in the 2080s based on the
WRI method for (a) Taipei, (b) London, (c) Brussels, and (d) Frankfurt.
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