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A B S T R A C T

Urban housing markets increasingly face escalating flood risk alongside persistent scarcity and affordability 
constraints. While these pressures shape price dynamics, their effects depend critically on heterogeneity in 
household risk perceptions and preferences. This study develops a spatial agent-based model (ABM) to examine 
how price differentials and residential patterns emerge from bottom-up interactions in a flood-prone urban 
environment. Parameterised to represent a typical city in the Netherlands, the model conducts scenario exper
iments that vary (i) market demand pressure, (ii) spatially heterogeneous individual risk perception biases, and 
(iii) public flood defense systems, including traditional defenses and nature-based flood defenses with co- 
benefits. Results show that market pressure and biased risk perceptions are the primary drivers of price 
growth and income-based exclusion, emerging well before flood defenses are introduced. Traditional flood de
fenses narrow flood-related price discounts by reducing objective risk, with nature-based defenses further 
reinforcing existing patterns through amenity capitalization. In both cases, public flood protection mainly 
reallocate demand spatially without altering overall market participation or affordability.

1. Introduction

Modern urban systems are increasingly shaped by the joint pressures 
of escalating climate hazards, persistent housing scarcity, and rising 
inequality (Glaeser & Gyourko, 2018; UN-Habitat, 2024). Worldwide, 
floods remain the costliest hazard (UNDRR and CRED, 2020), a concern 
that is intensifying as rapid urbanization spreads along rivers and coasts 
(Aerts et al., 2014; Hallegatte et al., 2013; IPCC, 2022). To manage flood 
risk, governments commonly deploy public flood protection measures. 
Yet these interventions do not occur in isolation: instead, they often add 
a layer of complexity to already strained housing markets. Traditionally, 
such public interventions are evaluated on engineering or ecological 
performance, including reduced hazard probability, avoided damage, or 
enhanced ecosystem services, while overlooking their effects on the 
socio-economic consequences of housing market dynamics. By changing 
both objective safety and the perceived desirability of locations, public 
flood protection can shift housing demand, alter price formation, and 
redefine who can afford to live in protected or amenity-rich neighbor
hoods (Anguelovski et al., 2022; Bockarjova et al., 2020). These socio- 
economic feedbacks are central to understanding whether public in
terventions, including public climate change adaptation, reduce hazard 

exposure equitably, but they remain insufficiently reflected in quanti
tative assessments of policy outcomes (Engbersen et al., 2024; van 
Ginkel et al., 2025).

Public flood protection strategies, whether traditional infrastructure 
defenses (e.g., levees, dikes) or nature-based solutions (NbS) (e.g., 
restored wetlands, green corridors), are designed to reduce the objective 
probability and enhance long-term resilience. At the same time, they can 
influence how households perceive the safety and value across space. 
When private actors underestimate flood risk, such risks may not be 
adequately reflected in housing prices (Baldauf et al., 2020; Bernstein 
et al., 2019). This mispricing can inflate property values in climate- 
sensitive areas and increase financial vulnerability when households 
unknowingly take on more risk than the market efficiently reflects 
(Gourevitch et al., 2023). As climate impacts intensify and insurance 
becomes less affordable or unavailable, such mispriced properties may 
face abrupt revaluations and may even become stranded assets (Bank of 
England, 2021; van Reeken & Phlippen, 2022). These market responses 
can amplify inequality in hazard-prone areas, leading to climate 
gentrification (de Koning & Filatova, 2020; Taylor & Aalbers, 2022).

Analyzing these diverse market responses and the distributional 
impacts of risks and public interventions requires a framework that 
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integrates the spatial relocation of people and shifts in urban housing 
values. Housing markets in flood-prone cities could respond to hazards, 
or changes in their probabilities due to public interventions, by pricing 
safe and exposed properties differently. Besides assessing aggregated 
structural shifts in markets, we are also interested in how these dy
namics reshape inequality across locations and income groups. In this 
study, we focus primarily on changes in the spatial allocation of housing 
demand across safe and flood-prone areas, and on the distributional 
implications that emerge through price capitalization, exclusion, and 
changing access to protected or amenity-enhanced locations (Guerrieri 
et al., 2013). Public interventions may therefore alter where demand 
concentrates and who can access protected or amenity-enhanced 
neighborhoods, with consequences for socio-spatial inequality.From a 
political economy perspective, public investment can also generate un
even gains through capitalization, as collective risk reduction may in
crease private asset values and disproportionately benefit incumbent 
owners. These dynamics may produce unintended consequences, 
including increased population and asset concentration in hazard-prone 
areas associated with the levee effect (Di Baldassarre et al., 2015; Tobin, 
1995), or ‘climate gentrification’ linked to financial change (Taylor & 
Aalbers, 2022) or ‘greening’ (Rice et al., 2020).

Notably, another critical driver shaping housing prices and 
inequality in hazard-prone cities is distorted individual risk perception. 
Insights from environmental psychology and behavioral economics 
show that individuals rarely evaluate low-probability, high-impact risks 
solely based on objective probabilities, but instead rely on simplified 
judgments, salient cues, and subjective interpretations of likelihood and 
consequences (Bubeck et al., 2012; Kahneman & Tversky, 1979; Rob
inson & Botzen, 2019). In housing markets, such biases may lead 
households with low risk perceptions to settle in hazard-prone neigh
borhoods, thereby artificially fueling prices that eventually fail to reflect 
actual risks (Filatova et al., 2011; Pryce et al., 2011). Empirical evidence 
further shows that flood risk perception varies substantially across 
households facing similar objective exposure, reflecting heterogeneity in 
how risk information is interpreted and internalized (Botzen et al., 
2009a; Mol et al., 2020). While spatial salience and hazard visibility, 
such as proximity to rivers or flood zones, play a significant role in 
shaping perceived risk (Lechowska, 2018; O'Neill et al., 2016), these 
cues alone do not fully explain observed dispersion in subjective per
ceptions. In highly protected contexts, like the Netherlands, this het
erogeneity in individual risk perceptions persists despite high 
information availability, underscoring that risk misperception is not 
reducible to information deficits alone.

These behavioral mechanisms are particularly relevant for nature- 
based flood protection, which combines risk reduction with visible 
environmental improvements. Unlike traditional defenses, NbS often 
generate recreational, aesthetic, and ecological co-benefits that increase 
neighborhood attractiveness and become capitalized into property 
values (Anguelovski et al., 2022; Bockarjova et al., 2020; Frantzeskaki, 
2019; Seddon et al., 2020). While such benefits improve urban livability, 
they can also intensify competition for space in already constrained 
housing markets, raising concerns about social exclusion. Whether NbS 
reallocate demand or reinforce affordability pressures remains an open 
question with direct policy relevance.

In this context, the objective of this study is to assess how public 
hazard protection interacts with market dynamics and heterogeneous 
behaviors, here, biased individual risk perceptions, in urban environ
ments. We quantify the cumulative and distributional consequences of 
these intertwined behavior–economy–hazard dynamics, focusing on 
housing prices, spatial allocation patterns, and income-based exclusion 
in flood-prone cities. Because the dynamics examined here emerge from 
heterogeneous subjective risk perceptions, decentralized and location- 
specific price adjustments, and feedback between individual location 
and price choices and aggregate market outcomes, they cannot be 
adequately captured by equilibrium or econometric models that rely on 
representative agents, complete information, or market-clearing 

assumptions. Agent-based modeling (ABM) is particularly suited to this 
research, as it allows heterogeneous household decisions shaped by 
bounded rationality and subjective risk perception to interact with 
market institutions in a bottom-up manner, revealing emergent pricing 
and spatial allocation dynamics (Aerts, 2020; Axtell & Farmer, 2025; 
Taberna et al., 2020).

To this end, we employ an empirical spatial ABM of a flood-prone 
Dutch housing market to address three key research questions: (RQ1) 
What structural and behavioral mechanisms shape price formation in 
flood-prone housing markets? (RQ2) How do these dynamics influence 
housing affordability and income-based exclusion? and (RQ3) To what 
extent do traditional and nature-based public hazard protection strate
gies influence existing patterns and inequality? Our RHEA-NL model 
builds on the RHEA framework (Filatova, 2015). We adapt and extend 
the original model to reflect the Dutch housing-market conditions, 
flood-risk patterns, and heterogeneous household behavior, using 
empirical housing transition data. The model represents income- 
constrained household agents with heterogeneous risk perceptions, 
bidding strategies, and preferences for environmental amenities pro
vided by NbS, as well as a realtor agent who updates price expectations 
based on simulated transactions. We simulate scenarios that vary market 
demand pressure, perceived flood risk, and public flood protection 
strategies, including traditional defenses and NbS. Such modeling en
ables us to combine mechanisms grounded in different theoretical tra
ditions –urban economics focused on spatial allocation and access to 
location-specific advantages, political economy on inequality, and 
behavioral sciences on decisions under risk– to explore whether and 
when structural shifts in markets emerge, with corresponding distribu
tional effects.

The remainder of the paper is structured as follows. Section 2 pro
vides background on the study context and institutional setting. Section 
3 outlines the empirical and behavioral basis of the RHEA-NL model and 
describes the scenario design. Section 4 presents results on price for
mation, sorting, and affordability across public flood protection strate
gies. Section 5 discusses key insights and policy implications. Section 6
concludes by reflecting on limitations and directions for future research.

2. Background

The Netherlands provides a particularly relevant context for exam
ining the interaction between flood risk, housing-market pressure, 
public flood protection, and ongoing climate change adaptation. Over 
half of the population lives in flood-prone areas, while the housing 
system is among the most supply-constrained in Europe. Persistent de
mand, limited land availability, and strict planning regulations have 
contributed to long-term affordability pressures and rising inequality. 
These structural conditions create a highly complex environment, 
complicating how public interventions might influence the spatial dis
tribution of households and price formation.

Dutch flood governance has a long history of engineered protection, 
but recent flood protection strategies have increasingly moved beyond 
purely defensive approaches. Programs such as Room for the River 
represent a fundamental shift in water management strategy by 
combining flood-risk reduction with spatial redesign and ecological 
restoration (OECD Environment Policy Papers, 2020; van Herk et al., 
2015). Large-scale projects, including Grensmaas and Zandmaas, have 
reshaped river landscapes, created new natural areas, and enhanced 
recreational and aesthetic values.

At the same time, long-standing institutional flood protection has 
fostered high levels of public trust and relatively low perceived 
vulnerability. Empirical studies suggest that this institutional context is 
associated with systematic underestimation of residual flood risk, 
particularly in areas where visible protection measures signal safety 
(Botzen et al., 2009a; Mol et al., 2020). In combination with strong 
housing demand and limited supply, these characteristics shape the 
Dutch housing market context in which public flood risk management 
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policies are implemented.

3. Data and methodology

3.1. Model lineage and study area calibration

ABMs are well-suited to analyzing housing-market dynamics when 
policy interventions generate feedback between individual decision- 
making and market-level outcomes. This is especially relevant in set
tings where heterogeneous households form bids under bounded ratio
nality, subjective risk perceptions, preferences for amenities, and 
income constraints, and where prices emerge endogenously through 
market interactions rather than being imposed as equilibrium outcomes 
(Arthur, 2021; O'Sullivan et al., 2016). By integrating spatial data with 
agent-level decision rules, ABMs can represent the complex, self- 
organizing dynamics of cities in which human behavior is fundamen
tally shaped by urban geometry, neighborhood context, and heteroge
neous hazard exposure (Crooks et al., 2018). In such spatially explicit 
models, socio-spatial phenomena such as residential sorting, neighbor
hood filtering, and segregation emerge from households navigating 
landscapes characterized by localized amenities and environmental risks 
(Ettema, 2011; Magliocca et al., 2011).

Within these environments, the uneven spatial distribution of flood 
risk acts as a dynamic constraint on household location choices, shaping 
how perceived safety, affordability, and access to amenities jointly in
fluence residential mobility. As a result, market-wide patterns of hous
ing wealth inequality or displacement can emerge endogenously from 
localized interactions between household preferences, risk perceptions, 
and geographic context (Ge, 2017; Guerrero, 2020; Magliocca & Walls, 
2018). In the context of public interventions, the ABM framework 
therefore allows us to examine how public protection interacts with 
market pressure and behavioral responses over time, producing feed
back between price formation, residential sorting, and affordability that 
is difficult to capture using reduced-form econometric or equilibrium 
models.

Calibration focuses on representing a typical urban region in the 
Limburg province, where initiatives such as the Room for the River 
program have combined flood risk reduction with ecological restoration 
and spatial redesign. Rather than replicating a single municipality, 
RHEA-NL draws on empirical patterns in Dutch urban development and 
riverine public flood risk management to inform its structure and pa
rameters. These include institutional flood protection norms, spatially 
concentrated risk exposure, and high demand for limited housing 
supply.

We initialize the model with 3000 residential properties, of which 
30% are located in flood-prone zones. The synthetic housing stock is 
generated using a Gaussian density–based sampler trained on house 
transactions in Maastricht, the province's largest city and central 
transaction hub. This approach helps us produce price gradients 
consistent with those in Dutch cities while mitigating identification 
problems arising from low transaction volumes in exposed areas that 
could destabilize the adaptive rolling hedonic regression. The approach 
also enables forward-looking scenario analysis by varying exposure 
levels in line with urban expansion and climate change.

Our analysis of the housing stock indicates that approximately 35% 
of residential properties are located in protected flood-prone areas, 
while only 25% of empirical transactions occur in these zones (see Ap
pendix A.1). This underscores the underrepresentation of exposed 
dwellings in market data. Setting the baseline flood-prone share at 30% 
therefore provides a conservative and balanced calibration that reflects 
both physical and market participation. Validation of the synthetic stock 
against empirical transactions is provided in Appendix A.2. Importantly, 
by working with a synthetic landscape, we avoid sensitivities associated 
with identifying individual properties that could otherwise be flagged as 
potential stranded assets.

3.2. Data and model parameters

The model integrates three data layers: geocoded empirical trans
action data, geospatial flood information, and literature-based calibra
tion values. Table 1 summarizes the data sources that form the empirical 
basis of RHEA-NL. Table 2 summarizes global, household- and property- 
level model parameters and sources.

3.3. Agents and states

Three entities interact. Households are heterogeneous in income 
(quintiles),1 housing-expenditure shares, perceived flood risk, amenity 
taste, intended residence time, and responsiveness to failed trading at
tempts. At any given timestep, a household may be a seller, a buyer, or 
an inactive homeowner. Sellers are selected from inactive homeowners 
probabilistically based on residence duration; buyers arrive in propor
tion to sellers, with a scenario-specific (Table 3) demand multiplier that 
mimics scarcity pressure. Housing expenditure shares vary by income 
group, with low-income households allocating a larger share of income 
to housing costs, reflecting financial vulnerability. Buyers sample from a 
set of attractive listings with probabilities proportional to their expected 
utility rather than rigidly choosing the single highest-utility property. 
This probabilistic choice ensures that slightly less utility listings still 
receive offers, preventing overconcentration of bids and more accurately 
reflecting real-world trade-offs under bounded rationality. Each bid is 
scaled based on the relative expected utility of each property, with the 
most favored property receiving the most competitive offer. Sellers 
evaluate offers in descending order and typically aim to sell to the 
highest bidder. However, if the highest bidder withdraws, sellers can 
proceed with the next-best offer, thereby reducing transaction failures 
and avoiding unnecessary delays in property sales.

A Realtor agent forms price expectations for each property based on 
recent simulated transactions. Properties carry structural and locational 
attributes, a flood-prone indicator, objective flood probabilities, and 
distances to the river and to nature-based interventions.

Table 1 
Datasets creating the empirical basis of RHEA-NL.

Data Role in model Source

House transactions 
(1995–2020)

Transaction prices and structural and 
locational property attributes are used 
to calibrate housing stock 
characteristics and initialize baseline 
house prices

NVM; Mutlu et al. 
(2023)

Inundation maps 
(1993–1995)

Historical delineation of flood-prone 
areas, used for validation of calibration

Rijkswaterstaat

Flood-prone areas 
(2025)

Current delineation of flood-prone and 
protected zones, used for calibration 
and exposure validation

Deltares

River and CBD 
coordinates

Reference points for Euclidean distance 
calculations to the CBD and river, used 
in hedonic and utility functions

OpenStreetMap

1 Household incomes are initialized by anchoring purchasing power to the 
initial empirical housing price distribution to ensure that each income group 
can plausibly transact within its targeted price segment. Income remains fixed 
over a household's lifetime; the model does not represent income growth or 
mobility. During turnover, entering households are assigned incomes by 
resampling from the current simulated income distribution. Thus, changes in 
income composition over time reflect endogenous market sorting and entry
–exit dynamics rather than individual income transitions.
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3.4. Household decision rules

Buyers evaluate a subset of listings within their budget and assign an 
expected-utility valuation to each option. Consistent with bounded ra
tionality, household agents do not solve a global constrained optimiza
tion problem; instead, they consider a limited choice set and select the 

highest-ranked affordable property. Utility is expressed in monetary 
units as an indirect certainty-equivalent measure, allowing households 
to compare alternatives under uncertainty based on individual risk 
perceptions and amenity preferences.

For household i considering property j, indirect utility is given by Eq. 
(1). 

Uij = Pj
(
1+Aij − E

[
Lij
]
− LTj

)
. (1) 

Pj is the Seller's ask price, which is set based on the market valuation by 
the Realtor agent. Property-specific adjustments are applied to Pj: 
presence of NbS adds an amenity premium, Aij, while expected flood 
losses, E

[
Lij
]
, reduce expected value, Uij. Properties that remain unsold 

face a listing-time discount, LTj, reflecting urgency and competition 
among buyers. Heterogeneity representing individual preferences and 
biases is embedded in both the flood-loss and amenity components. The 
following subsections define each element in detail.

3.4.1. NbS amenity valuation
Nature-based solutions provide environmental co-benefits that 

households value heterogeneously. Amenity valuation decays with dis
tance from the river: 

Aij = αNbS.ηi.e− βNbSdj (2) 

where dj anbs is the maximum amenity premium at the riverfront, ηi is a 
household-specific taste drawn from a lognormal distribution, βNbS 
governs spatial decay rate given the distance of property j to the river (i. 
e., NbS project location), dj. This specification ensures that NbS benefits 
are both spatially structured and heterogeneous across the population.

3.4.2. Flood risk, perception, and expected flood damage

3.4.2.1. Objective flood probability. Flood-prone properties face an 
annual objective flood probability, FPobj, which varies by scenario 
(Table 3) but is held constant throughout each simulation. Scenarios 
without public protection (S1a-d) use FPobj = 1/50, while public pro
tection scenarios (S2 and S3) apply FPobj = 1/250, consistent with 
Limburg's post-1993/1995 floods protection standards.

For household i planning to reside in property j for Ti years, cumu
lative objective probability of experiencing at least one flood is: 

FPobj
ij = 1 −

(
1 − FPobj)Ti

. (3) 

3.4.2.2. Perceived flood probability. Households form subjective per
ceptions of flood risk that may differ from objective probabilities, 

Table 2 
Description of model parameters.

Symbol Description Baseline / Distribution Source

Global parameters

FPobj

Scenario-specific annual 
objective flood 
probability in flood- 
prone areas

1/50 (S1a-d); 
1/250 (S2-S3) Rijkswaterstaat

L Flood damage ratio = 0.17 Endendijk et al. 
(2023)

αNbS
Maximum NbS amenity 
premium

= 0.02 
(calibrated)*

Bockarjova et al. 
(2020)

βNbS
Spatial decay rate of 
NbS amenity

≈ 0.002 
(calibrated)*

Bockarjova et al. 
(2020)

γ
Strength of spatial 
salience bias

≈ 0.0007 per meter Model design

ϕ
Strength of latent 
perception bias

≈ 1.70 Model design

λ
Strength of listing-time 
price discount = 0.02 Model design

Household-level parameters (i: Household index)

ηi NbS amenity taste Lognormal dist. 
(μ = 0, σ = 0.25)

Bockarjova et al. 
(2020)

Ti Intended residence time
Normal dist. 
(μ = 17, σ = 1.5) years

Wigt et al. 
(2012)

bi Latent perception bias
Beta dist. 
(α = 3, β = 2), (E[b] ≈
0.60)

Model design

Property-level parameters (j: Property index)

dj Distance to the river
Min, max: [8, 3700] 
meters, E[d] ≈ 1500 m

Own GIS 
analysis

δj
Number of steps 
remained unsold

Endogenous state 
variable

Model outcome

LTj

Listing-time price 
discount 
(logarithmic, capped at 
δ = 0.15)

= min
{

δ, λ ln
(
1 + δj

) }
Model design

* Appendix A.3 provides the calibration details of NbS parameters.

Table 3 
Scenario configurations.

Scenario Demand (Buyer/ 
Seller)

Flood 
Probability

Perceived Flood Risk 
Formation

Public Flood 
Protection

Purpose and relation to research questions

S1a
Low 
(1/1)

Uniform 
(1/50) Objective None

Establishes a baseline to isolate the effect of high flood risk in a non- 
competitive market (RQ1)

S1b
High 
(2/1)

Uniform 
(1/50) Objective None Examines how scarcity alone drives affordability and prices (RQ1, RQ2)

S1c
High 
(2/1)

Spatially 
decaying 
(1/50)

Spatial salience bias None
Investigates how simple distance-based heuristics shape buyer behavior 
RQ1, RQ2)

S1d High 
(2/1)

Spatially 
decaying 
(1/50)

Spatial salience + latent 
perception biases

None Represents a realistic Dutch market scenario with high demand and 
underestimated flood risk (RQ1, RQ2)

S2
High 
(2/1)

Spatially 
decaying 
(1/250)

Spatial salience + latent 
perception biases

Traditional 
defense

Assesses the impact of reduced flood risk with structural protection 
under misperceived risk (RQ1, RQ2, RQ3)

S3
High 
(2/1)

Spatially 
decaying 
(1/250)

Spatial salience + latent 
perception biases NbS

Evaluates the combined effect of reduced flood risk and enhanced 
environmental amenities (RQ1, RQ2, RQ3)
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depending on the scenario. In unbiased scenarios (S1a–b), households 
correctly perceive flood risk, such that perceived and objective proba
bilities coincide: 

FPperc
ij = FPobj

ij (4) 

In biased scenarios (S1c–d, S2, S3), households distort objective 
flood risk through two behavioral components that capture salient 
spatial cues and unobserved heterogeneity in risk perception. The first 
component represents a spatial salience heuristic, whereby households 
infer lower flood risk when properties are located further from the river. 
In S1c, perceived flood probability is adjusted as: 

logit
(

FPperc
ij

)
= logit

(
FPobj

ij

)
− γdj, (5) 

where dj denotes the distance of property j to the river, and γ controls the 
strength of spatial decay in perceived flood risk.2

The second component captures latent idiosyncratic perception bias, 
reflecting unobserved heterogeneity in how households interpret and 
internalize flood risk beyond spatial cues, for example, related to insti
tutional settings like public flood protection. In S1d, S2, and S3, 
perceived flood probability is: 

logit
(

FPperc
ij

)
= logit

(
FPobj

ij

)
− γdj − ϕbi. (6) 

Here, bi is a household-specific latent perception bias drawn from a 
right-skewed Beta distribution, implying that most households system
atically underestimate flood risk, consistent with empirical evidence for 
highly protected contexts such as the Netherlands (Botzen et al., 2009b; 
Mol et al., 2020). The parameter ϕ scales the influence of this latent 
perception component.3

The resulting perceived probability, FPperc
ij , is obtained via the 

inverse-logit transformation and used to compute expected flood loss.4

E
[
Lij
]
= FPperc

ij .L.Pj, (7) 

where L denotes the flood damage ratio (i.e., the fraction of property 
value expected to be lost conditional on a flood event) and Pj is the 
property's ask price.5

3.5. Bidding and trade

Buyers form a portfolio of attractive listings (max. 5 properties) by 
sampling in proportion to discounted expected utility, Ũij. Within this 
portfolio, bids are scaled so that the most attractive property receives the 
highest offer, while less attractive properties receive proportionally 
lower bids. The household budget constrains the maximum bid.

Sellers set asking prices, Pj, relative to the Realtor's estimated market 
value, MVj. Therefore, Pj = MVj + εj, with εj ∈ [ − 0.05,0.05]. They rank 
incoming bids, accept the highest feasible one, and fall back to the next- 

best if necessary. Both buyers and sellers adapt strategies if they remain 
unsuccessful.

3.6. Realtor and adaptive price expectations

At initialization, the Realtor agent uses empirical transaction data to 
price heterogeneous properties. As the simulation proceeds, the Realtor 
agent updates price expectations using an adaptive rolling hedonic 
regression on recent simulated transactions to elicit how the market 
trend evolves with buyers' and sellers' preferences and perceptions. For 
clarity, we present the hedonic in a compact form: 

log
(

Ptrans
jt

)
= β0 +

∑K

k=1
βkXjk + εjt , (8) 

where Xjk includes structural (e.g., house size, rooms), locational (e.g., 
distance to CBD, distance to river), and risk attributes (floodplain 
indicator).

The Realtor initially updates price expectations using a two-year 
window of recent transactions. During periods of thin trading, when 
the number of successful transactions is insufficient to reliably re- 
estimate coefficients, the window is endogenously expanded up to a 
maximum of five years. When market activity increases, the model re
verts to shorter windows, ensuring that price expectations remain 
responsive to recent market conditions. The five-year cap prevents 
outdated information from dominating price expectations. Similar 
adaptive expectation and estimation strategies are commonly used in 
agent-based housing and land market models, where agents update price 
beliefs based on recent transaction histories under data constraints 
(Magliocca et al., 2011; Parker & Filatova, 2008). The same procedure is 
applied consistently across all scenarios.

Full hedonic regression results estimated on the empirical dataset, 
including OLS and spatial regression models, are reported in Appendix 
A.4. Realtor uses OLS rolling hedonic on simulated transactions; spatial 
regressions are used only in empirical benchmarking, not within-agent 
pricing.

3.7. Scenario configurations

We use six simulation scenarios to isolate the effects of demand 
pressure, objective risk, risk perception, and public protection (Table 3). 
Our ABM model follows a fixed sequence of processes within each step, 
as illustrated in Fig. 1. Each simulation consists of 60 timesteps, with 
each step representing 6 months,6 resulting in a 30-year simulated 
period, that corresponds to the standard mortgage maturity in the 
Netherlands and reflects the long-term horizon over which households 
typically evaluate housing and flood-risk exposure. To account for sto
chastic variation from randomized agent interactions and market 
matching, each scenario is executed 100 times using independent Monte 
Carlo runs.

3.8. Sensitivity analysis

We conduct both global and local sensitivity analyses to assess how 
key outcomes respond to parameter uncertainty. Appendix B reports a 
global sensitivity analysis based on the Morris Elementary Effects 
method (Morris, 1991), indicating that demand pressure is the primary 
driver of aggregate price and income levels, while flood-risk and 
perception parameters more strongly shape spatial price and income 
differentials; NbS-related parameters mainly affect price magnitudes. 
Appendix C presents a local sensitivity analysis in which flood-risk 

2 We assume that perceived flood risk halves at a distance of 1000 m from the 
river due to visibility effects. Accordingly, the strength of spatial decay is 
calibrated as γ = ln(2)/1000.

3 To balance the two distortion channels at the population level, the strength 
of socio- institutional bias is calibrated as ϕ = γ (E[d]/E[b] ), where E[d] denotes 
the mean distance to the river in the housing stock and E[b] is the mean of 
household-specific latent perception bias, bi, distribution. Substituting the cali
brated values yields,ϕ = (ln(2)/1000)(0.60/1500) = 1.70, as reported in 
Table 2. This calibration ensures that distance-based salience and latent 
perception bias contribute equally to average risk underestimation, while pre
serving household- and location-level heterogeneity.

4 FPperc
ij = 1

1+e

[
−

(
logit

(
FPobj

ij

)
− γdj − ϕbi

)]

5 The damage ratio L = 0.17 follows recent empirical estimates reported for 
residential flood damages in the study area and is used here as a fixed expected 
loss fraction, as reported in Table 2.

6 In the early stages of the model development, we have tested monthly, 
quarterly, semiannual and annual time steps. The semiannual time step 
appeared to perform best in terms of having sufficient simulated transactions to 
update the Realtor agent price expectation.
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perception bias intensity is varied by ±50% around the baseline cali
bration. More substantial bias reduces flood-prone price discounts and 
increases exposed asset values. In contrast, weaker bias produces the 
opposite effect, without altering the direction of price adjustments and 
spatial reallocation patterns. Together, these analyses indicate that the 
qualitative patterns reported in the Results section are not sensitive to 
small-to-moderate perturbations in key parameters.

4. Results

This section presents outcomes from the scenarios in Table 3. All 
reported results are based on averages across 100 independent Monte 
Carlo runs per scenario. The analysis proceeds sequentially: first estab
lishing baseline patterns in housing price dynamics and spatial 
inequality under varying demand and perceived flood risk configura
tions (S1a-S1d), and then assessing how public flood protection strate
gies, such as traditional defenses and NbS (S2 and S3), modify these 
dynamics. Results are organized along four dimensions: (i) price for
mation and bidding behavior, (ii) aggregate exposure in flood-prone 
areas, (iii) income-based sorting and distributional outcomes, and (iv) 
spatial patterns of perceived flood risk.

4.1. Price formation and bidding behavior

4.1.1. Price dynamics for flood-prone and safe housing across scenarios
Transaction price dynamics across scenarios reveal how demand 

pressure, behavioral biases, and public protection cumulatively shape 
capitalization of flood risk (Fig. 2; Table 4).

In the baseline scenario (S1a), where demand is balanced and risk 
perception is objective, flood-prone properties sell for €235 k compared 
to €341 k in safe areas, reflecting a 30.9% discount. With supply roughly 

matching demand, buyers consistently internalize flood risk, maintain
ing a substantial price gap.

Under high demand pressure (S1b), intensified competition narrows 
the flood-prone discount to 24%, as constrained buyers bid more 
aggressively and risk sensitivity weakens. Introducing spatial salience in 
perceived flood risk (S1c) further compresses the discount to 15.4%, 
indicating that distance-based heuristics reduce capitalization of 
objective risk. When latent perception bias is added (S1d), the discount 
declines to 8.7%, as prices increasingly reflect perceived rather than 
objective exposure. This configuration (S1d), characterized by high 
demand pressure and systematic underestimation of flood risk, best 
approximates current Dutch urban housing conditions. The magnitude 
of the remaining discount is consistent with empirical hedonic estimates 
of our case study, which indicate a 7–12% discount for properties in 
flood-prone dike-ring areas,7 depending on the regression specification 
(see Appendix A.4).

Public protection builds on these dynamics. Traditional defenses (S2) 
reduce objective flood probability and narrow the discount to 4.3%, 
while NbS (S3) nearly eliminate the gap (− 0.4%) through combined risk 
reduction and amenity capitalization. Across scenarios, demand pres
sure and risk misperception account for the largest reductions in the 
flood-prone discount, with public protection contributing additional, 
but comparatively smaller, convergence.

Across scenarios, all price differences are statistically significant (p 

Fig. 1. Sequence of actions within one time step in the RHEA-NL agent-based housing market model.

7 This gives us a compact external validity check against empirical data. 
However, in Table 4, we report unconditional mean differences in the final 
simulated year, whereas the regression coefficients are controlled effects from 
1995 to 2020 data. Therefore, we do not aim to reproduce the exact same 
difference, only consistent sign and order-of-magnitude.
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< 0.001), reported in Appendix A.5. Together, these results show that 
hazard signals in prices progressively weaken as behavioral distortions 
and public interventions interact in competitive markets.

4.1.2. Exposed asset values in flood-prone areas
Changes in housing prices translate into substantial variation in 

aggregate exposure. We measure exposure using the Total Exposed Asset 
Value (TEAV), defined as the sum of property prices of all flood-prone 
properties at time t: 

TEAVt =
∑

j∈F

Vj,t , (9) 

where Vj,t denotes the price of property j, and F is the set of flood-prone 
properties.

All scenarios begin with an identical baseline exposure of €245.36 
million. By the final simulation year (Year 30), outcomes diverge 
markedly (Table 5). Under balanced demand and objective risk 
perception (S1a), TEAV declines to €214.97 million (− 12%), reflecting 
limited buyer interest in risky locations. When demand pressure in
tensifies (S1b), TEAV rises to €267.15 million (+9%), despite unchanged 
objective risk. Introducing spatial salience and latent perception bias 
further amplifies exposure, increasing TEAV to €297.14 million (+21%) 
in S1c and €311.70 million (+27%) in S1d.

Public flood protection builds on these dynamics. Traditional de
fenses (S2) raise TEAV to €322.10 million (+31%), while NbS (S3) 
generate the highest exposure at €332.35 million (+35%). Because 
scenarios are constructed as nested counterfactuals that sequentially 
introduce market pressure, behavioral biases, and public protection 
strategies (Table 3), incremental changes in TEAV can be interpreted as 
marginal contributions of each mechanism (Table 5). The results indi
cate that most exposure growth occurs before public intervention, 
driven by intensified competition and risk misperceptions, while 

Fig. 2. Evolution of average transaction prices across scenarios in flood-prone and safe areas over time. Solid lines show mean transaction prices; shaded bands 
indicate the corresponding standard deviations (100 runs). Panels correspond to scenario variants: (a) S1a, a low-demand market with uniform objective flood risk 
(1:50); (b) S1b, high demand with unchanged objective risk; (c) S1c, where households infer lower flood risk with increasing distance from the river due to spatial 
salience; (d) S1d, which extends S1c by incorporating latent idiosyncratic perception bias; (e) S2, which applies traditional flood defenses to S1d, reducing flood 
probability to 1:250; and (f) S3, which builds on S1d by introducing nature-based solutions that both reduce flood risk and generate additional amenity value.

Table 4 
Final-year housing prices and flood-risk discounts across scenarios.

Scenario Price (€) 
(Market- 
wide)

Price (€) 
(Safe)

Price (€) 
(Flood-prone)

Price Discount (%) 
(Flood-prone vs. 
Safe)

S1a
306,158 
(2196)

340,505 
(3130)

235,190 
(4967) − 30.9

S1b
361,907 
(3915)

390,772 
(4999)

296,909 
(3494)

− 24.0

S1c 366,968 
(3348)

384,952 
(4043)

325,602 
(2596)

− 15.4

S1d 369,639 
(3645)

379,459 
(3876)

346,568 
(3815)

− 8.7

S2
373,044 
(3125)

377,925 
(3350)

361,678 
(3041) − 4.3

S3
379,100 
(3098)

379,604 
(3267)

377,936 
(3784)

− 0.4

Notes: Reported prices are mean transaction prices in euros at the final simu
lation year (Year 30). Standard deviations across 100 independent simulation 
runs are shown in parentheses. Market-wide prices combine transactions in safe 
and flood-prone areas. The price discount represents the percentage difference 
between mean prices in flood-prone and safe zones. Approximate marginal ef
fects on the market-wide mean price are reported relative to the immediately 
preceding scenario: S1b (+18.21%), S1c (+1.40%), S1d (+0.73%), S2 
(+0.92%), S3 (+1.62%), with S1a (€306,158) serving as the baseline.
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protection measures yield comparatively smaller incremental increases.

4.1.3. Bottom-up behavioral drivers of the housing price dynamics in 
hazard-prone areas

To examine the micro-level mechanisms underpinning the aggregate 
price and spatial allocation patterns observed across scenarios, we 
analyze household bidding behavior that emerges from the bilateral 
interactions of thousands of heterogeneous, boundedly rational traders. 
Specifically, we estimate scenario-specific OLS regressions on the model 
output data, using the bidding margin (i.e., the difference between the 
bid and asking prices) as the dependent variable. We focus on three key 
scenarios (S1d, S2, S3), all of which include heterogeneous flood risk 
perceptions. Table 6 summarizes the regression results, capturing how 
key household attributes, including income, affordability constraints 
(measured by the price-to-income ratio), and flood risk awareness, 
shape bidding behavior and market outcomes. Full regression results are 
provided in Appendix A.6.

Two consistent findings emerge. First, low-income households and 
those facing tighter affordability constraints bid more aggressively. 
Across all scenarios, log(Income) is negatively associated with the bid
ding margin (p < 0.001), while the price-to-income ratio (Price/Income) 
shows a strong positive relationship (p < 0.001). This suggests that 
economically constrained buyers are more likely to overbid to secure a 
property, especially in competitive or low-priced market segments. 
While this may seem counterintuitive, it reflects a deeper dynamic: 
riskier properties are often cheaper, and thus more accessible to low- 
income buyers. As these households face repeated rejection due to 
limited purchasing power, they gradually increase their bidding margins 
to remain competitive. However, since they are constrained by afford
ability thresholds (e.g., spending no more than 30% of their income on 
housing), this strategy requires shifting their search toward cheaper 
properties. Over time, this dynamic forces low-income households into 
lower-value, higher-risk housing, meaning they ultimately overpay 
relative to the objective flood risk of the properties.

Second, the relationship between objective flood probability 

(Objective FP) and bidding behavior is scenario-dependent and reveals a 
subtle but important shift under public flood protection. In the scenario 
without flood defenses (S1d), objective flood risk is moderately and 
positively associated with the bidding margin. This again reflects 
exclusionary pressures: high-risk areas are cheaper and thus attract 
constrained buyers. However, the coefficient becomes significantly 
larger in the public protection scenarios (S2 and S3), where objective 
risk is reduced from a 1-in-50 to a 1-in-250 flood probability. This 
pattern suggests that enhanced flood protection and environmental 
quality increase the appeal of formerly risky areas. These zones exhibit 
lower initial prices in the model because flood-prone properties are 
historically undervalued, as reflected in the empirical data used for 
calibration. Although prices evolve endogenously through agent in
teractions, these areas often remain more affordable than historically 
safer zones. Once public protection reduces objective risk, these areas, 
now safer yet still lower-priced, attract a wider pool of buyers. What may 
appear to be heightened risk tolerance is, in fact, a response to improved 
safety, affordability, and perceived opportunities in previously excluded 
locations.

Finally, the effect of risk perception bias (RP bias), the percentage 
difference between the objective and perceived flood risk, is modest 
across all three scenarios. While statistically significant in scenario S1d, 
its influence weakens under public protection and nearly disappears in 
S2 and S3. This suggests that while perceived flood risk may affect 
neighborhood selection or sorting, it plays a limited role in determining 
how much a buyer is willing to bid once a property has been chosen. In 
high-pressure housing markets, affordability and access constraints 
appear to dominate nuanced risk trade-offs.

4.2. Distributional patterns across income groups and locations

We next examine how demand conditions, behavioral configura
tions, and public flood protection strategies influence the income 
composition of residents across flood-prone and safe areas (Table 7; 
Fig. 3). In this section, distributional change refers to shifts in the spatial 
distribution of income groups across locations, rather than to changes in 
household incomes themselves. Household incomes remain fixed over 
time; therefore, observed changes in mean income across zones reflect 
compositional shifts driven by market sorting and turnover, not changes 
in earning capacity.

Table 5 
Final-year exposed asset values in flood-prone areas and incremental changes 
across scenarios.

Scenario TEAV at Year 30 
(€M)

Change from Year 
0 (%)

Incremental Change 
(€M)

S1a 214.97 (0.03) − 12.39 –
S1b 267.15 (0.02) 8.88 +52.18
S1c 297.14 (0.02) 21.10 +29.99
S1d 311.70 (0.02) 27.03 +14.56
S2 322.10 (0.03) 31.27 +10.40
S3 332.35 (0.03) 35.45 +10.25

Notes: Total Exposed Asset Value (TEAV) is measured as the aggregate value of 
housing assets located in flood-prone areas at the final simulation year (Year 30), 
reported in million euros. Values in parentheses indicate standard deviations 
across 100 independent simulation runs. Percentage changes are cumulative 
relative to the baseline exposure in Year 0 (€245.36 million). Incremental 
Change reports the absolute difference in TEAV relative to the immediately 
preceding scenario, reflecting the marginal contribution of each sequentially 
introduced mechanism.

Table 6 
OLS regression results: determinants of bidding margins (dependent variable) 
across scenarios.

Variable Coefficient (S1d) Coefficient (S2) Coefficient (S3)

log(Income) − 0.015*** − 0.017*** − 0.020***
Price/Income 0.142*** 0.124*** 0.093***
Objective FP 0.018*** 0.083*** 0.064***
RP Bias − 0.003*** 0.000* − 0.001**

Note: Standard errors clustered by simulation run and household agent. Sig
nificance levels:*** p < 0.01, ** p < 0.05, * p < 0.10.

Table 7 
Final-year household incomes and income discounts across scenarios.

Scenario Income (€) 
(Market- 
wide)

Income (€) 
(Safe)

Income (€) 
(Flood- 
prone)

Income Discount 
(%) 
(Flood-Prone vs. 
Safe)

S1a 50,911 (509) 58,820 (598) 34,566 
(905)

− 41.2

S1b 64,112 (901)
70,611 
(1061)

49,479 
(864) − 29.9

S1c 65,288 (685) 69,809 (780)
54,888 
(629)

− 21.4

S1d 65,981 (792) 68,688 (808) 59,621 
(970)

− 13.2

S2 66,601 (675) 67,981 (704) 63,388 
(754)

− 6.8

S3 66,893 (649) 67,116 (682)
66,381 
(888) − 1.1

Notes: Reported values are mean annual household incomes in euros at the final 
simulation year (Year 30). Standard deviations across 100 independent simu
lation runs are shown in parentheses. Market-wide values combine households 
located in safe and flood-prone areas. The income discount represents the per
centage difference between mean incomes in flood-prone and safe zones. 
Approximate marginal effects on mean market-wide income are computed 
sequentially relative to the immediately preceding scenario: S1b (+25.93%), S1c 
(+1.83%), S1d (+1.06%), S2 (+0.94%), S3 (+0.44%), with S1a (€50,911) as the 
baseline.
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In the low-demand setting (S1a), participation is broadly feasible; 
however, households spatially sort according to affordability con
straints. Low-income households disproportionately occupy flood-prone 
areas: over half of flood-prone residents belong to the bottom 40% of the 
income distribution (Fig. 3.b; S1a), and the mean household income is 
€34.6 k, 41.2% lower than in safe zones (Table 7). Even when overall 
affordability is maintained, market sorting produces socio-spatial 
inequality, as lower-income households concentrate in relatively 
cheaper, risk-prone areas.

Under intensified demand (S1b), exclusion becomes systemic. 
Increased competition for housing leads more individuals to overbid in 
an attempt to secure a home, thereby reducing affordability at the 
margins. Market-wide mean incomes rise to €64.1 k, while the share of 
the two lowest quintiles declines sharply in both zones (Fig. 3.b; S1b). In 
flood-prone areas, mean income increases to €49.5 k, narrowing the 
safe–flood-prone gap to 29.9% (Table 7).

Risk perception distortions further amplify spatial allocation pat
terns once demand pressure has already shaped market participation. 
From S1c to S1d, a downward bias in perceived flood probabilities re
duces the risk premium on flood-prone properties. Under competitive 
bidding, however, higher-income households are better positioned to 
secure these increasingly attractive locations. Consequently, flood-prone 
areas attract a growing share of higher-income households (Fig. 3.b; S1c- 
S1d), while the safe zone correspondingly loses some of its high-income 

dominance (Fig. 3.a; S1c-S1d). Consistent with this mechanism, mean 
flood-prone incomes rise and the safe–flood-prone income gap narrows 
from 21.4% (S1c) to 13.2% (S1d) (Table 7).

The public intervention scenarios (S2-S3) inherit the behavioral 
flood risk perception and demand conditions from S1d. They therefore 
reflect the combined effects of risk misperception, housing scarcity, and 
objective improvements in safety and amenities within flood-prone 
areas. As a result, mean incomes in flood-prone areas rise further, nar
rowing the income gap with safe areas to 6.8% under traditional de
fenses (S2) and to 1.1% under NbS (S3) (Table 7). Fig. 3 (S2-S3) shows 
that this convergence is accompanied by a continued spatial reallocation 
of high-income households from safe to flood-prone areas. Notably, 
market-wide mean incomes change only marginally after S1c, indicating 
that public protection primarily reallocates demand rather than altering 
overall market participation.

4.3. Spatial patterns of risk perception

To explore the spatial consequences of behavioral biases and public 
flood protection strategies, we compare scenarios S1d, S2, and S3 using 
property-level heatmaps. Fig. 4 illustrates the distribution of individuals 
with subjective risk perception (RP) bias —defined as the deviation 
between perceived and objective flood risk—across space (Fig. 4.a-c).

In S1d (Fig. 4.a), the flood risk remains objectively high (1:50), 

Fig. 3. Normalized income group composition in flood-prone and safe areas across scenarios at the final simulation year (Year 30), averaged over 100 simulation 
runs. Percentage shares above 10% are labeled directly on the bars for readability.

Fig. 4. Spatial distribution of combined risk perception bias (spatial salience and latent idiosyncratic perception bias) in three key scenarios: baseline with spatially 
decaying flood risk (S1d), traditional flood defense (S2), and nature-based solution (S3). Properties are ordered vertically by distance to the river (y-axis), while the 
horizontal dimension represents an abstract spatial index used for visualization rather than a geographic coordinate (x-axis). Panels a-c denote households with the 
highest individual risk perception bias in red color, and those who estimate the flood risks the most accurately with blue color. The results are the averages from the 
100 independent runs of the RHEA-NL model. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of 
this article.)
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making spatial differences based on RP bias more salient. Here, behav
ioral biases play a larger role in household housing decisions: people 
who underestimate flood risk disproportionately settle near the river, 
where objective risk is highest. The resulting pattern—cluster of red 
shading under 1000 m distance band (Fig. 4.a) —indicates that buyers 
with distorted perceptions fail to internalize existing flood risk. Hence, 
they unknowingly expect high utility from those homes and overbid for 
them, artificially pushing demand for hazard-prone properties up. The 
pattern becomes more scattered when flood probability is reduced to 
1:250 through traditional defenses in S2 (Fig. 4.b). While households 
with low-risk awareness still reside near the river, clustering is less 
pronounced. This shift reflects a reduction in the role of individual risk 
perception in shaping housing decisions, since objective risk and, thus, 
location-based safety cues, are diminished. In S3 (Fig. 4.c), when NbS 
offer the same level of protection as S2 but also add environmental 
amenities, the concentration of low-awareness households becomes 
more widespread throughout the space. This suggests that additional 
environmental benefits may further reduce households' risk sensitivity. 
Overall, spatial patterns associated with risk perception bias remain 
statistically different across all three scenarios (p < 0.001).

5. Discussion

This study investigates how public flood protection interacts with 
demand pressure and heterogeneous flood risk perceptions to shape 
housing prices, spatial allocation patterns, and distributional outcomes 
in a flood-prone urban housing market. The stepwise scenario design 
isolates the marginal contributions of demand intensity, behavioral 
distortions, and public protection strategies, allowing us to assess 
whether exclusionary outcomes stem primarily from adaptation mea
sures or from pre-existing structural housing market conditions that 
characterize many urban regions.

5.1. Demand pressure, risk misperception, and market inequality

The results show that demand pressure is the primary driver of 
market-wide exclusion dynamics, while perceived flood risk distortions 
shape where households locate within the market once participation has 
already been filtered by affordability. Under low-demand conditions, 
lower-priced flood-prone areas remain relatively accessible to low- 
income households. As demand pressure increases, however, afford
ability becomes binding, and successful transactions become increas
ingly dominated by higher-income buyers, particularly in historically 
safer areas. This mechanism is consistent with empirical evidence from 
hazard-prone housing markets, where affordability constraints and 
competition for limited supply push vulnerable groups into lower- 
priced, higher-risk locations, contributing to patterns often described 
as climate gentrification (de Koning & Filatova, 2020; Kousky, 2010; 
Taylor & Aalbers, 2022).

Perceived flood risk distortions can further modify this demand- 
driven sorting. When households rely on spatial salience cues and 
exhibit latent perception bias, prices and bidding behavior increasingly 
reflect perceived rather than objective hazard exposure. In our model, 
these distortions reduce the flood-prone price discount and increase the 
attractiveness of river-adjacent locations for higher-income buyers. This 
is consistent with empirical findings showing incomplete capitalization 
of flood risk, particularly in contexts characterized by strong protective 
infrastructure or attenuated risk salience (Baldauf et al., 2020; Botzen 
et al., 2009a). More broadly, the results reinforce a key implication of 
behavioral and risk-perception research: even when information is 
available, households may rely on salient cues and subjective in
terpretations (Burningham et al., 2008; Mol et al., 2020), leading to 
heterogeneous valuations and market outcomes.

In the Dutch urban context, persistent housing shortages combined 
with relatively low flood risk salience may render climate risk a sec
ondary sorting dimension once affordability constraints dominate 

participation (Groot & Groot, 2024). Importantly, our model does not 
attribute perceived risk distortions to specific institutional mechanisms 
(e.g., trust); instead, it captures reduced-form heterogeneity and sys
tematic underestimation in perceived flood risk, consistent with survey 
evidence that perceived exposure varies across households facing 
similar objective conditions (Botzen et al., 2009a; Terpstra, 2011). A 
recent Dutch survey corroborates these findings, revealing that many 
Dutch households not only underestimate their individual flood risk but 
also tend to externalize responsibility to the state (Sirenko & Filatova, 
2025). In our ABM, this combination of scarcity and perceived risk 
distortions contributes to the systematic underpricing of flood risk, 
reinforcing exposure patterns that are driven more by behavioral and 
institutional factors than by objective hazard risk alone.

5.2. Reallocative effects of public interventions

Public flood protection strategies build on top of these demand- and 
perception-driven dynamics. Both traditional defenses and NbS lower 
objective flood probabilities, and these improvements are capitalized in 
housing prices. Consequently, price differentials between flood-prone 
and historically safe areas narrow substantially, and the income gap 
between residents in these areas also compresses. At the same time, 
market-wide average income changes only marginally once demand 
pressure has already filtered market participation. This suggests that 
public protection does not transform who participates in the housing 
market, but primarily reshapes where higher-income households locate, 
reallocating demand from historically safer zones toward newly pro
tected or amenity-enhanced floodplains.

These dynamics resonate with long-standing debates on the levee 
effect. Although structural protection reduces flood probabilities, it may 
also weaken hazard salience and encourage settlement in previously 
avoided areas (Tobin, 1995). A similar mechanism emerges in the 
model. Following the introduction of flood defenses, households' spatial 
sorting (Fig. 4.b) becomes less strongly patterned by perceived flood risk 
differences, not necessarily because households become more accurate, 
but because objective risk gradients are reduced and hazard salience 
weakens. In this sense, public defenses may unintentionally reinforce 
the very exposure they are designed to mitigate, a pattern widely 
observed in socio-hydrological literature (Baan & Klijn, 2004; Collen
teur et al., 2015; Di Baldassarre et al., 2015).

NbS reinforce these existing patterns by coupling safety with envi
ronmental co-benefits. A growing body of international evidence sug
gests that the perceived value of NbS extends well beyond hazard 
reduction. Households often assign significant worth to the visual ap
peal, symbolic meaning, and everyday usability of green infrastructure, 
qualities that are usually capitalized into housing prices (Anguelovski 
et al., 2022; Bockarjova et al., 2020; Brander & Koetse, 2011; Frantze
skaki, 2019; Nesshöver et al., 2017; Votsis, 2017; Waltert & Schläpfer, 
2010). While concerns about “green gentrification” are well docu
mented (Anguelovski et al., 2019), our results offer a more nuanced 
perspective. In our results, NbS produce an additional convergence of 
prices and resident incomes between flood-prone and safe areas, though 
this incremental effect is modest relative to traditional defenses. Ulti
mately, the primary distributional implication is not a shift in market- 
wide affordability, but a strengthened spatial reallocation of high- 
income households toward protected flood-prone areas. This narrows 
cross-zone income differences while leaving underlying affordability 
crisis practically unchanged.

The convergence of prices and resident incomes across zones can be 
interpreted in two complementary ways. On the one hand, it indicates 
that markets recognize the benefits of public investment in risk reduc
tion (and, for NbS, amenity enhancement). On the other hand, it implies 
that hazard signals embedded in price discounts weaken, potentially 
obscuring residual exposure and shifting risk-bearing toward house
holds purchasing in newly protected locations. Which interpretation 
dominates depends on context, particularly the degree of residual risk, 

A. Mutlu and T. Filatova                                                                                                                                                                                                                      Computers, Environment and Urban Systems 128 (2026) 102440 

10 



the transparency and salience of risk information, and the affordability 
constraints faced by different income groups.

6. Conclusions

Rapid urban expansion and escalating climate-induced flood risk 
have intensified debates over how public interventions, including 
climate adaptation strategies, interact with social inequality in cities. 
Yet the mechanisms through which flood protection reshapes housing 
market outcomes remain insufficiently understood. Different theoretical 
traditions study various mechanisms in isolation: urban economics fo
cuses on spatial sorting, political economy on inequality, and the 
behavioral sciences on decisions under risk. However, it is the interplay 
of these mechanisms that defines whether and when structural shifts in 
markets emerge, with corresponding distributional effects. This study 
examined how public flood protection interacts with housing market 
tightness and heterogeneous flood risk perceptions to shape property 
values at risk, spatial allocation patterns, and inequality outcomes in 
hazard-prone urban areas.

Using an empirically grounded agent-based model, we show that the 
dominant structural shift in market participation arises under high de
mand pressure. As competition intensifies, lower-income households are 
increasingly excluded from the market. Subjective flood risk perceptions 
further weaken the capitalization of objective flood risk into prices and 
reshape spatial allocation patterns by increasing the attractiveness of 
flood-prone areas. Yet these behavioral mechanisms operate within pre- 
existing structural market scarcity.

Within our stylized model of the Dutch market, our analysis shows 
that both NbS and traditional public flood interventions are capitalized 
into housing prices, narrowing price and income gaps between flood- 
prone and historically safe areas. However, once scarcity-driven exclu
sion is already in place, these interventions do not substantially alter 
who participates in the housing market. Instead, they shift demand to
ward newly protected and, in the case of NbS, amenity-enhanced 
floodplains, thereby increasing the value of properties in flood-prone 
areas while compressing cross-zone differentials. This finding contrib
utes to a better understanding of how the famous ‘levee effect’ (Di 
Baldassarre et al., 2018) manifests across different market institutions. 
Previously, the ‘levee effect’ was shown to drive population and prop
erty value growth in another ABM analysis (Haer et al., 2020), which 
excludes market dynamics. Our results indicate that when such policy 
interventions interact with market mechanisms, especially in urban 
housing markets with space scarcity, the observed disparities between 
safe and newly enhanced hazard-prone areas, therefore, stem from 
persistent housing shortages, mispriced risk, and institutional market 
inefficiencies rather than from public intervention itself.

The magnitude and direction of these distributional effects depend 
on the interaction between public flood protection measures, housing 
market conditions, and the broader institutional setting. The climate 
gentrification created by the interplay of subjective risk perceptions and 
market forces in the context of the U.S. housing market (de Koning & 
Filatova, 2020) is not confirmed here, mainly because low-income 
households are already excluded from the market (either by exper
imenting with risk perceptions or public interventions in our model) 
before any flood-risk adjustments influence market outcomes. In the 
Dutch setting, strong public flood protection and high institutional trust 
may further reduce the salience of flood risk at the point of housing 
choice, particularly in a highly competitive market. In alternative 
market or institutional settings, where risk information is more salient or 

mediated through different governance and market instruments, the 
same behavioral mechanisms may interact with housing supply condi
tions and demand pressure to produce distinct distributional patterns. 
More broadly, the effects of public protection strategies cannot be un
derstood independently of the behavioral and financial systems in which 
they operate. Whether traditional defenses or nature-based solutions, 
public risk management interventions interact with affordability con
straints, price formation processes, and behavioral responses. Designing 
equitable adaptation strategies, therefore, requires explicit attention to 
these economic feedbacks (van Ginkel et al., 2025), particularly in high- 
demand urban settings where adaptation investments may otherwise 
reinforce existing inequalities and potentially trigger climate gentrifi
cation (Taylor & Aalbers, 2022).

This study makes a novel contribution by systematically unpacking 
how flood risk perception and urban housing markets interact with two 
public hazard interventions to shape socio-economic outcomes in cities. 
By complementing qualitative insights and empirical evidence in the 
housing and flood risk management literature, this work offers a quan
titative perspective to understand how social disparities and risk expo
sure can emerge and evolve under different public protection strategies. 
However, our work is not without limitations. Future research could 
develop in several directions. First, incorporating institutional actors 
such as banks and developers would offer insights into how lending 
criteria, credit availability, or construction decisions influence access to 
safer housing. Second, exploring the role of market instruments, such as 
climate risk labels or disclosure mechanisms, could help evaluate their 
potential to promote transparency and correct distorted price signals in 
climate-exposed areas. Third, endogenizing income mobility and de
mographic change would be a valuable extension, allowing examination 
of longer-run social transformations beyond the spatial allocation pat
terns captured here. Lastly, while this study relies on empirically 
grounded but static flood damage estimates, future applications could 
allow both hazard intensity and vulnerability to evolve, for example, by 
linking damage ratios to depth-damage functions and changing expo
sure regimes. Exploring these complex dynamics under different climate 
change and population growth scenarios would further help bridge the 
gap between simulated dynamics and real-world decisions, offering in
sights for designing climate-resilient and socially just urban housing 
systems.
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Appendix A. Empirical grounding and model calibration

A.1. Spatial analysis of the residential stock and the empirical transaction data

Fig. A.1 contrasts the spatial distribution of the total residential housing stock in Maastricht with the subset of properties observed in empirical 
transaction data. While flood-prone areas, particularly those protected by public defenses, are well represented in the underlying housing stock, they 
appear less frequently in realized transactions. Fig. A.2 quantifies this discrepancy, showing that approximately 35% of residential dwellings are 
located in protected flood-prone areas, whereas only about 25% of observed transactions involve properties in these locations. This pattern indicates 
that flood-prone dwellings are systematically underrepresented in market data relative to their physical presence in the housing stock. Calibrating the 
baseline flood-prone share at 30% therefore provides a conservative and balanced representation that lies between physical exposure (stock) and 
realized market participation (transactions).

Fig. A.1. Spatial distribution of residential housing in Maastricht by flood-protection status: a) total residential stock from Dutch Land Registry (Basisregistratie 
Adressen en Gebouwen (BAG) in 2025, b) Empirical transaction data recorded by NVM realtors (1995–2020).

Fig. A.2. Percentage shares of residential housing in Maastricht illustrated in Fig. A.1. Note: Unprotected flood-prone properties are removed from the analysis due 
to limited data points.

A.2. Quantitative validation of the synthetic housing stock

This appendix provides quantitative validation of the synthetic housing stock used to initialize the agent-based housing market. We complement 
the visual comparisons in Fig. A.3 and Fig. A.4 with distributional distance and dependence metrics computed between the empirical housing 
transactions and the synthetic sample. Metrics are computed for key structural, locational, and price variables and are reported separately for safe 
(FP ¼ 0) and flood-prone (FP ¼ 1) properties, reflecting the stratified construction of the synthetic data.

A.2.1. Marginal distributions
Table A.1 reports Kolmogorov–Smirnov (K-S) distances and quantile-based RMSEs (1st–99th percentiles). Structural and locational attributes 
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(AGE_2020, HOUSESIZE, LOTSIZE, LN_DIST_CBD, LN_DIST_MEUSE) exhibit small K-S distances and close agreement across both strata, consistent 
with the ECDF overlaps in Fig. A.3. For log prices, the K-S test rejects equality due to large sample sizes, while quantile RMSEs and moments remain 
close, indicating preservation of price levels and dispersion.

A.2.2. Dependence structure
Fig. A.4 and Table A.1 assess rank dependence using Spearman correlations. The synthetic stock closely reproduces the empirical correlation 

structure, with low RMSE and MAE between correlation matrices in both flood-protection strata.

Table A.1 
Stratified marginal distribution validation (K-S distance and quantile-based error).

FP Variable KS_D KS 
p-value

Q_ 
RMSE

Q_ 
MAE

Emp. mean Syn. mean Emp. SD Syn. SD n_ 
emp

n_ 
syn

0 AGE_2020 0.020 0.625 0.888 0.581 61.32 61.78 24.37 24.53 3902 2100
0 HOUSESIZE 0.014 0.950 0.880 0.523 135.86 136.07 29.95 29.71 3902 2100
0 LOTSIZE 0.018 0.757 9.775 4.914 237.34 238.51 141.32 133.57 3902 2100
0 LN_DIST_CBD 0.013 0.971 0.011 0.006 7.77 7.78 0.44 0.42 3902 2100
0 LN_DIST_MEUSE 0.018 0.768 0.039 0.022 7.43 7.44 0.62 0.57 3902 2100
0 LOG_PRICE 0.115 <0.001 0.087 0.076 12.60 12.60 0.32 0.23 3902 2100
1 AGE_2020 0.018 0.993 0.948 0.650 66.84 66.25 29.31 29.10 1211 900
1 HOUSESIZE 0.035 0.535 3.453 2.150 132.16 130.07 30.90 29.32 1211 900
1 LOTSIZE 0.041 0.328 11.599 7.920 228.24 221.70 144.74 132.86 1211 900
1 LN_DIST_CBD 0.025 0.884 0.030 0.013 7.64 7.65 0.36 0.35 1211 900
1 LN_DIST_MEUSE 0.025 0.900 0.047 0.022 6.33 6.35 0.81 0.77 1211 900
1 LOG_PRICE 0.111 <0.001 0.093 0.072 12.51 12.49 0.31 0.21 1211 900

Notes: K-S D is the two-sample Kolmogorov–Smirnov distance. Quantile_RMSE (Q_RMSE) and Quantile_MAE (Q_MAE) are computed between empirical and synthetic 
quantiles over the 1st–99th percentiles. LOG_PRICE refers to log(Price, 2020 €). For K-S p-values equal to numerical underflow, we report p < 0.001.

Table A.2 
Stratified dependence validation (Spearman correlation matrix similarity).

FP_PROTECTED Corr_RMSE Corr_MAE n_pairs

0 0.0650 0.0497 15
1 0.0848 0.0684 15

Notes: Corr_RMSE and Corr_MAE summarize the discrepancy between empirical and synthetic 
Spearman correlation matrices using the upper triangle (excluding the diagonal). With 6 variables, 
the number of unique correlation pairs is 15.

Fig. A.3. Spearman rank correlations: empirical vs. synthetic housing stock, pairwise across core variables; points near the 45◦ line indicate preserved associations.
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Fig. A.4. Cumulative distribution function overlays (empirical vs. synthetic) for key continues variables: age, housesize, lotsize, ln(dist_CBD), ln(dist_Meuse) -river-, 
log(Price).

A.3. Calibration of nature-based solutions parameters related to household decisions

Appendix A.3 describes how the amenity valuation parameters for nature-based solutions (NbS) are calibrated using empirical evidence from the 
hedonic pricing literature and implemented in the RHEA-NL. For clarity, Table A.3 provides an overview of the notation used in this appendix.

Table A.3 
Notation for NbS amenity calibration and implementation.

Symbol Description

i Household index
j Property index
r Distance ring index (100-m empirical bins, r = 1,…,26)
WTPr Average marginal willingness to pay for NbS in distance ring r (in decimal)
dr Midpoint distance of distance ring r (in meters)
dj Exact distance from property j to the river (i.e., NbS) (in meters)
Aij NbS amenity premium perceived by household i for property j
αNbS Maximum NbS amenity premium
βNbS Spatial decay rate of NbS amenity
ηi Household-specific NbS taste parameter
ση Standard deviation of lognormal distribution for ηi

A.3.1. Empirical calibration of preferences for source urban NbS captured in housing prices
The NbS amenity parameters are calibrated based on the meta-analysis by Bockarjova et al. (2020), which synthesizes hedonic estimates of 

property price effects associated with different types of urban green and blue interventions. The study reports distance-specific marginal willingness- 
to-pay (WTP) estimates for several NbS categories, expressed as percentage changes in property prices.

To ensure conceptual alignment with the Dutch flood-adaptation context, we focus on NbS type 4 and NbS type 10 reported in that study, which 
correspond to river and canal restoration projects. These inverventions are the closest analogues to large-scale Dutch interventions such as Room for 
the River and the Grensmaas project.

The corresponding author, Marija Bockarjova, was contacted directly and kindly provided the underlying distance-specific marginal willingness- 
to-pay estimates for NbS types 4 and 10. These data are reported as percentage changes in property prices associated with moving 100 m closer to the 
NbS site. For the present study, we take the unweighted average of NbS4 and NbS10 at each distance band to obtain a single empirical dis
tance–WTP profile representative of river-based NbS interventions.

A.3.2. Continuous amenity specification and OLS calibration
The empirical data consist of 26 marginal WTP effects, corresponding to 100 m distance rings from 0 to 2600 m. Let r = 1,…, 26 index these 

distance rings. For each ring r, WTPr denotes the averaged marginal willingness to pay (converted to decimal form), and dr denotes the midpoint 
distance (in meters).
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To embed these empirical findings in the RHEA-NL, we approximate the distance–WTP relationship using an exponential decay function: 

μ(d) = αNbS.e− βNbSd, (A1) 

where anbs is the maximum amenity premium at d = 0, βNbS controls spatial decay rate.
The parameters αNbS and βNbS are estimated via ordinary least squares (OLS) using the log-linear specification: 

ln(WTP)r = ln(αNbS) − βNbSdr + εr, (A2) 

where εr is an error term capturing deviations between the empirical ring mean and the fitted curve.
The OLS estimation yields: 

α̂NbS ≈ 0.0207, β̂NbS ≈ 0.00153,

with a high goodness-of-fit (R2 = 0.956), indicating that the exponential decay function closely reproduces the empirical distance profile. Fig. A.5 plots 
the empirical marginal WTP estimates together with the fitted exponential decay curve implied by the OLS estimates.

Fig. A.5. Empirical WTP from Bockarjova et al. (2020) and fitted exponential decay curve.

A.3.3. Household-level heterogeneity regarding NbS preferences
While the OLS-estimated decay function captures the average capitalization effect, households are likely to differ in how strongly they value NbS 

amenities. To represent this heterogeneity, we introduce a household-specific multiplicative taste parameter ηi, such that the amenity premium 
perceived by household i for property j is given by: 

Aij = αNbS.ηi.e− βNbSdj , (A3) 

where dj denotes the exact distance of property jto the river.
The parameter ηi is drawn from a lognormal distribution with mean one, ensuring that the expected amenity premium across households coincides 

with the empirically calibrated mean curve. The dispersion of ηi is calibrated using the coefficient of variation (CV) implied by grouped versions of the 
empirical distance bands. Aggregating the original 26 distance rings into five broader distance groups yields CV values ranging between approxi
mately 0.2 and 0.5, with a median around 0.25. Mapping this dispersion to a lognormal distribution implies a standard deviation of: 

ση ≈ 0.25.

This choice introduces realistic preference heterogeneity while remaining tightly anchored to the empirical evidence. Fig. A.6 illustrates the 
implied distribution of ηi and the resulting dispersion of NbS amenity premiums around the mean decay curve. 

A. Mutlu and T. Filatova                                                                                                                                                                                                                      Computers, Environment and Urban Systems 128 (2026) 102440 

15 



Fig. A.6. Distribution of household NbS taste multiplier η (lognormal, mean = 1).

A.3.4. Parameter variation in global sensitivity analysis
To assess robustness to uncertainty in NbS valuation in our model, we apply the global sensitivity analysis by varying the following parameters 

around their empirically-calibrated values: 

• αNbS, controlling the overall scale of the amenity premium,
• βNbS, governing the spatial decay of NbS benefits,
• ση, determining the strength of household-level preference heterogeneity.

Appendix B reports technical details and results of the global sensitivity analysis. All parameters are varied within strictly positive, empirically 
plausible bounds, preserving the monotonic distance-decay structure and economic interpretability of NbS amenities. The results indicate that 
variation in NbS-related parameters primarily affects price-related outcomes, while aggregate income measures remain comparatively less sensitive. 
In particular, uncertainty in the magnitude and spatial decay of NbS amenities influences mean prices and price differentials without overturning the 
dominant role of demand pressure and endogenous trading dynamics in shaping overall market outcomes.

A.4. Results of the hedonic regression of the empirical transaction data

In Table A.4, we present the results of a hedonic price analysis on 5113 historical empirical transactions in Maastricht (1995–2020). Across 
specifications, properties in flood-prone dike-ring areas sell, on average, at a discount of 7–12% relative to otherwise comparable houses. This gap 
should not be interpreted as the pure capitalization of flood risk: it may also reflect differences in housing stock composition (e.g., a higher share of 
social housing), land-use characteristics, or temporary disturbances related to the Room for the River program. Consistent with prior Dutch studies, we 
interpret this as partial and incomplete capitalization of flood risk. This motivates our agent-based simulations, where we test how demand 
pressure, biased risk perception, and institutional trust shape the extent to which risk is (under)valued in the market.

Table A.4 
Hedonic regression results for empirical housing transactions in Maastricht (1995–2020).

(1) (2) (3) (4)

Dep. Var.: Log (Price) Baseline OLS PC4 FE SEM SAR

FP_PROTECTED − 0.118*** − 0.127*** − 0.090*** − 0.071***
(0.009) (0.012) (0.017) (0.007)

LN_DIST_MEUSE − 0.035*** − 0.043*** − 0.042*** − 0.027***
(0.006) (0.009) (0.011) (0.004)

LN_DIST_CBD − 0.196*** − 0.199*** − 0.175*** − 0.134***
(0.009) (0.020) (0.021) (0.008)

HOUSESIZE 0.005*** 0.004*** 0.003*** 0.004***
(0.000) (0.000) 0.000) (0.000)

LOTSIZE 0.001*** 0.001*** 0.001*** 0.001***
(0.000) (0.000) (0.000) (0.000)

ROOMS 0.006*** 0.004** 0.004** 0.004**
(0.002) (0.001) (0.001) (0.001)

AGE − 0.002*** − 0.002*** − 0.001*** − 0.001***
(0.000) (0.000) (0.000) (0.000)

QUALITY 0.138*** 0.136*** 0.127*** 0.130***
(0.006) (0.005) (0.005) (0.005)

Observations 5113 5113 5113 5113
R2 60.5 69.3

(continued on next page)
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Table A.4 (continued )

(1) (2) (3) (4)

Dep. Var.: Log (Price) Baseline OLS PC4 FE SEM SAR

Adjusted R2 60.3 69.0
λ (SEM) 0.732
ρ (SAR) 0.334

Note: FP_PROTECTED is an indicator for properties located in protected flood-prone areas, shown in purple in Fig. A1.b and Fig. A2.b. PC4 FE 
refers to postcode fixed effects at the 4-digit level. SEM = spatial error model; SAR = spatial autoregressive model. Robust standard errors in 
parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

A.5. Statistical comparison of the simulated transaction prices across scenarios

To formally assess whether the simulated housing market outcomes differ across our model scenarios, we apply non-parametric statistical tests to 
run-level average transaction prices in flood-prone zones at the final simulation year (T = 30). For each scenario, one observation per run is 
constructed by averaging transaction prices across all flood-prone properties within that run.

A Kruskal–Wallis rank-sum test strongly rejects the null hypothesis that all scenario outcomes are drawn from the same distribution (p < 0.001). 
Pairwise differences are then evaluated using Mann–Whitney U tests with Bonferroni correction for multiple comparisons (α = 0.05 / 15 ≈ 0.0033).

As shown in Table A.5, all pairwise scenario comparisons are statistically significant (p < 0.001), indicating that each modeled mecha
nism—demand pressure, behavioral risk perception, and public protection—produces a distinct distribution of market-level outcomes.

Table A.5 
Pairwise Mann–Whitney U tests for final-year transaction prices.

Comparison U-statistic p-value Significant (α = 0.0033)

S1a vs S1b 0.0 < 0.001 Yes
S1a vs S1c 0.0 < 0.001 Yes
S1a vs S1d 0.0 < 0.001 Yes
S1a vs S2 0.0 < 0.001 Yes
S1a vs S3 0.0 < 0.001 Yes
S1b vs S1c 0.0 < 0.001 Yes
S1b vs S1d 0.0 < 0.001 Yes
S1b vs S2 0.0 < 0.001 Yes
S1b vs S3 0.0 < 0.001 Yes
S1c vs S1d 0.0 < 0.001 Yes
S1c vs S2 0.0 < 0.001 Yes
S1c vs S3 0.0 < 0.001 Yes
S1d vs S2 1.0 < 0.001 Yes
S1d vs S3 0.0 < 0.001 Yes
S2 vs S3 0.0 < 0.001 Yes

A.6. Bidding behavior: OLS regression results of the simulated transactions

This appendix reports the full OLS regression results underlying the summary coefficients discussed in Section 4.1.3. Regressions are estimated 
separately for scenarios S1d, S2, and S3 using transaction-level model output, with the bidding margin defined as the difference between the submitted 
bid and the asking price as the dependent variable.

Table A.6 
OLS regression results showing the determinants of bidding behavior.

VARIABLES (dep.var. Bid Margin) (S1d) (S2) (S3)

Intercept 0.154*** 0.171*** 0.217***
(0.004) (0.004) (0.004)

log(Income) − 0.015*** − 0.017*** − 0.020***
(0.000) (0.000) (0.000)

Price/Income 0.142*** 0.124*** 0.093***
(0.003) (0.003) (0.003)

Objective FP 0.018*** 0.083*** 0.064***
(0.002) (0.007) (0.007)

RP Bias − 0.003*** 0.000* − 0.001**
(0.000) (0.000) (0.000)

Observations 11,554,117 11,652,110 11,882,600
R-squared 0.150 0.153 0.181

Note: Standard errors clustered by individual simulation run and household agent are reported in parentheses. Regressions are based on model 
output from 100 stochastic runs over 60 timesteps (30 years). Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.1.
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Appendix B. Global sensitivity analysis

B.1. Purpose and scope

To assess the robustness of model outcomes to parameter uncertainty, we conduct a global sensitivity analysis (GSA) using the Morris Elementary 
Effects method (Morris, 1991a). Unlike local sensitivity analysis, GSA evaluates the relative importance of input parameters across the full multi
dimensional parameter space, which is essential for agent-based models (ABMs) characterized by non-linear interactions and stochastic path- 
dependencies.

Sensitivity is evaluated for Scenario S1d (high demand, biased risk perception, no public protection), and Scenario S3 (nature-based solutions with 
reduced flood risk and amenity co-benefits). We focus on four key outcome variables at the final simulation year (Year 30): 

1. Mean market-wide transaction price,
2. Price discount between flood-prone and safe areas,
3. Mean market-wide household income,
4. Income discount between flood-prone and safe areas,

B.2. Method: Morris elementary effects

We apply the Morris screening method with a trajectory-based design (Campolongo et al., 2007). The setup includes: 

• 15 trajectories: Providing a balance between computational cost and convergence of the sensitivity indices.
• 4 levels: Using a discrete grid for each parameter to explore the global range.
• Replication: To account for the intrinsic stochasticity of the ABM, each design point was evaluated across 3 independent random seeds. The 

elementary effects were calculated using the mean outcome of these replicates to filter simulation noise from structural parameter influence.

For each parameter, we report two primary indices: 

• μ*(mean absolute elementary effect): Measures the overall influence of the parameter on the output. We use the absolute version μ*to avoid the 
cancellation of effects with opposing signs, providing a more robust measure of total importance.

• σ (standard deviation of effects): Indicates the presence of non-linear effects or interactions with other parameters.

B.3. Parameter space and scenario coverage

Table B.1 summarizes all parameters included in the global sensitivity analysis, their default values, tested bounds, and the behavioral or structural 
mechanisms they represent. The parameter set covers key drivers of housing market dynamics, including demand pressure, objective flood risk, loss 
severity, risk perception biases, liquidity effects, and adaptive bidding behavior. Note that Scenario S2 (Traditional Defense) is not analyzed separately 
as its parameter space is nested within the ranges of S1d, where the objective flood risk is varied as a continuous parameter.

For Scenario S3, which introduces nature-based solutions, the sensitivity analysis is extended to include NbS-specific parameters governing the 
magnitude, spatial decay, and heterogeneity of environmental amenity benefits (Table B.1, Extended Parameters (only S3)). This extended design 
explicitly tests uncertainty in NbS calibration while preserving comparability with the baseline parameter set used in S1d.

Table B.1 
Parameters included in the global sensitivity analysis and tested mechanisms.

Symbol 
(paper)

Parameter 
(code)

Default 
value

Tested 
bounds

Rationale for inclusion

Common Parameters (S1d and S3)

FPobj flood_probability_obj 0.02 [0.003, 0.03] Objective annual flood probability used in household valuation; range reflects uncertainty and covers the 
reduced risk applied in S2

− buyer_demand 2.0 [1.5, 2.5]
Controls demand pressure relative to supply and drives competition, affordability loss, and income-based 
exclusion

L flood_damage 0.17 [0.10, 0.30] Determines severity of expected flood losses conditional on flooding
− flood_halflife_m 1000 [500, 2000] Governs how quickly perceived flood risk decays with distance to the river (spatial salience)
− bias_k_visibility 1.0 [0.5, 2.0] Scales the strength of spatial salience bias
− bias_k_latent 1.0 [0.5, 2.0] Scales the strength of latent perception bias
λ listing_time_discount 0.02 [0.00, 0.05] Controls urgency-driven price discounting through time-on-market effects
− failure_adjustment 0.05 [0.00, 0.08] Captures adaptive bidding following failed transactions

Extended Parameters (only S3)
αNbS alpha_nbs 0.02 [0.01, 0.03] Controls the maximum environmental amenity premium generated by NbS

βNbS beta_nbs 0.0015
[0.001, 
0.0025] Governs how NbS amenity benefits decay with distance

σNbS sigma_nbs 0.25 [0.15, 0.40] Captures heterogeneity in household valuation of NbS amenities

B.4. Results

The results of the Morris global sensitivity analysis for Scenario S1d and Scenario S3 are summarized in Table B.2 and Table B.3, respectively.
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B.4.1. Scenario S1d
For market-wide price and income levels, buyer_demand exhibits the largest μ* values, indicating that aggregate outcomes are most sensitive to 

variation in demand pressure. In contrast, relative outcomes comparing flood-prone and safe areas show higher sensitivity to parameters directly 
related to flood risk and its perception, including flood_probability_obj, flood_damage, flood_halflife_m, bias_k_visibility, and bias_k_latent. This 
pattern indicates that while demand pressure dominates aggregate market levels, spatial differentials are more sensitive to how flood risk is repre
sented and perceived.

In addition, two behavioral adjustment parameters (listing_time_discount and failure_adjustment) exhibit relatively high μ* values for price- 
related outcomes. This reflects their direct role in the bilateral trading process: listing_time_discount affects sellers' asking prices through time-on- 
market adjustments, while failure_adjustment influences buyers' bidding behavior following unsuccessful purchase attempts. Their prominence in 
the sensitivity analysis indicates that aggregate prices are also sensitive to endogenous market-clearing mechanisms embedded in the model.

Standard deviations (σ) are moderate to high for several parameters, particularly listing_time_discount, failure_adjustment, and bias_k_latent, 
suggesting the presence of nonlinearities and interaction effects in the price formation process.

Table B.2 
Morris sensitivity indices for Scenario S1d (Year 30 outcomes). The values are reported as μ* (σ).

Parameter Mean Market-Wide Price Price discount 
(Flood-Prone vs. Safe)

Mean Market-Wide Income Income discount 
(Flood-Prone vs. Safe)

buyer_demand 58,754 (8732) 1.53 (1.23) 9854 (1473) 2.40 (1.37)
flood_probability_obj 7814 (9973) 9.44 (7.77) 1194 (1691) 9.71 (5.87)
flood_damage 9733 (7975) 5.70 (9.03) 1459 (1976) 5.21 (7.21)
flood_halflife_m 8303 (9103) 7.96 (7.37) 1228 (1377) 8.72 (6.32)
bias_k_visibility 6188 (5897) 2.81 (3.86) 1172 (1425) 3.11 (2.50)
bias_k_latent 7756 (9837) 8.04 (8.23) 1611 (2078) 7.08 (7.32)
listing_time_discount 24,926 (29,595) 2.30 (2.57) 3943 (1426) 3.09 (3.26)
failure_adjustment 31,640 (18,390) 6.64 (7.10) 5833 (1640) 2.65 (3.99)

B.4.2. Scenario S3
Table B.3 reports Morris sensitivity indices for Scenario S3 using the extended parameter set that includes NbS-specific parameters (alpha_nbs, 

beta_nbs, and sigma_nbs).
As in Scenario S1d, buyer_demand remains the parameter with the highest μ* for market-wide price and income levels, indicating that aggregate 

outcomes remain most sensitive to demand pressure. Parameters related to flood risk and its spatial representation, particularly flood_probability_obj 
and flood_halflife_m, continue to exhibit substantial sensitivity for relative price and income outcomes.

The NbS-specific parameters show higher μ* values for price-related outcomes than for income-related outcomes. In particular, alpha_nbs and 
beta_nbs display substantial μ* values for mean prices and price differentials, while their μ* values for income-related outcomes are smaller in 
magnitude. This indicates that, within the tested parameter ranges, housing prices are more sensitive to variation in NbS calibration than income 
composition measures.

Behavioral adjustment parameters (listing_time_discount and failure_adjustment) again exhibit relatively high μ* values for price-related out
comes, confirming that adaptive seller pricing and buyer bidding responses remain influential under the NbS configuration. The persistence of these 
effects across scenarios highlights the role of endogenous trading dynamics in shaping observed price levels.

Standard deviations (σ) for several parameters remain sizable, particularly for flood_halflife_m, listing_time_discount, and bias_k_latent, indicating 
continued nonlinearities and interaction effects in the presence of NbS.

Table B.3 
Morris sensitivity indices for Scenario S3 (Year 30 outcomes). The values are reported as μ* (σ).

Parameter Mean Price (Market-Wide) Price discount 
(Flood-Prone vs. Safe)

Mean Income (Market-wide) Income discount 
(Flood-Prone vs. Safe)

buyer_demand 57,227 (8732) 2.01 (2.37) 10,428 (1898) 2.28 (2.45)
flood_probability_obj 14,859 (8786) 8.23 (3.88) 1057 (1160) 7.16 (4.17)
flood_damage 6043 (7399) 4.17 (3.87) 926 (1237) 4.88 (3.82)
flood_halflife_m 9305 (10,548) 9.98 (9.32) 1337 (1736) 10.35 (7.07)
bias_k_visibility 4612 (6447) 2.76 (3.12) 1189 (1539) 3.17 (3.20)
bias_k_latent 9826 (9809) 7.71 (8.98) 1283 (1674) 5.72 (6.67)
listing_time_discount 20,115 (23,250) 3.86 (3.78) 4693 (1657) 2.12 (3.98)
failure_adjustment 34,534 (13,718) 2.85 (2.84) 4835 (1689) 2.53 (2.91)
alpha_nbs 13,027 (9981) 2.62 (2.27) 920 (1309) 2.62 (2.02)
beta_nbs 9826 (9714) 1.87 (1.88) 690 (854) 2.05 (2.03)
sigma_nbs 7526 (9428) 1.04 (1.41) 871 (1086) 1.06 (1.36)

B.4.3. Robustness
Across both scenarios, the sensitivity analysis shows that demand pressure, flood-risk-related parameters, and endogenous market adjustment 

mechanisms consistently exhibit higher μ* values than other parameters. The inclusion of NbS-specific parameters in Scenario S3 introduces addi
tional sources of sensitivity for price-related outcomes without overturning the overall ordering of influential parameters observed in Scenario S1d. 
Taken together, these results indicate that uncertainty in NbS valuation affects the magnitude of price responses but does not alter the qualitative 
structure of market dynamics identified in the main analysis. The dominant role of demand pressure and behavioral mechanisms therefore remains 
robust, reinforcing the conclusion that public adaptation strategies primarily reshape the spatial allocation of demand rather than fundamentally 
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transforming market-wide affordability or participation.
Appendix C. Local sensitivity analysis: flood-risk perception bias intensity

This appendix examines the sensitivity of model outcomes to uncertainty in the strength of behavioral flood-risk misperception. In the model, flood 
risk affects household decisions through expected flood loss, which depends on households' perceived flood probability. In scenarios with biased 
perception (S1c–S1d, S2, and S3), households distort objective flood probabilities through a spatial salience linked to distance from the river (S1c) and, 
in further configurations (S1d, S2, and S3), a latent idiosyncratic perception bias component. While the baseline calibration follows the behavioral 
structure described in the Data and Methodology section, the exact intensity of these perception distortions is not directly observable. The analysis 
reported here therefore evaluates whether the qualitative patterns documented in the results, especially price discounts in flood-prone zones, growth 
in exposed asset values, and income-based sorting, remain stable when the overall strength of perception bias is substantially weakened or 
strengthened. The results obtained through 30 simulation runs per scenario.

C.1. Bias intensity scaling: model formulation

To conduct the local sensitivity analysis, we introduce a scalar κ > 0 that uniformly scales the intensity of both channels biasing individual agent- 
specific risk perceptions in our ABM: spatial salience bias (Eq. (5) in the main text), and latent idiosyncratic perception bias reflecting individual reduced 
perceived risk in high-protection settings with strong trust in public defenses (Eq. 6 in the main text). The perceived log-odds of flooding are therefore: 

logit
(

FPperc
ij

)
= logit

(
FPobj

ij

)
− κ

(
γdj + ϕbi

)
, (C1) 

and the perceived probability follows from the inverse-logit transformation: 

FPperc
ij = σ

(
logit

(
FPobj

ij

)
κ
(
γdj + ϕbi

) )
. (C2) 

The baseline model corresponds to κ = 1. This appendix reports results for κ ∈ {0.5,1.5}, representing a ± 50% change in overall bias intensity 
while leaving all other model processes unchanged.

C.2. Simulation design and reported outputs

For each bias intensity κ ∈ {0.5,1.5}, we re-run the key biased scenarios (S1c, S1d, S2, S3) using 30 independent simulation runs over the 30-year 
simulation horizon (60 timesteps). Outputs are summarized in the same format as the main results to facilitate comparability. We report (i) final-year 
price levels and flood-prone price discounts, (ii) dynamics of average transaction prices over time in safe and flood-prone areas, (iii) Total Exposed 
Asset Value (TEAV) in flood-prone areas at the end of the simulation, and (iv) final-year household income levels and the income gap between flood- 
prone and safe areas.

C.3. Price outcomes under alternative bias intensities

Across both sensitivity cases, changing κ influences the magnitude of the flood-prone price discount in the expected direction. When bias intensity 
is reduced (κ = 0.5), flood-prone areas retain larger discounts relative to safe areas because perceived risk is closer to objective risk. When bias 
intensity is increased (κ = 1.5), discounts compress further as underestimation strengthens. Importantly, the relative ordering of scenario outcomes 
remains stable, and time paths remain smooth without reversals, indicating that the price formation patterns reported in the main results are not 
driven by a knife-edge calibration of perception bias intensity.

C.3.1. Reduced bias intensity (κ = 0.5)

Table C.1 
Mean property prices at Year 30 across scenarios under reduced bias intensity (κ = 0.5). Values are reported market-wide and by zone (safe vs. flood- 
prone). The price discount reports the percentage difference between flood-prone and safe mean prices. Standard deviations are in parentheses.

Scenario Price (€) 
(Market-wide)

Price (€) 
(Safe)

Price (€) 
(Flood-prone)

Price Discount (%) 
(Flood-prone vs. Safe)

S1c 365,069 (3661) 386,831 (4249) 315,609 (3534) − 18.4
S1d 366,588 (3075) 381,476 (3780) 331,824 (2680) − 13.0
S2 371,872 (3883) 378,246 (4117) 357,025 (3742) − 5.6
S3 378,628 (3418) 380,549 (3705) 374,229 (3498) − 1.7
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Fig. C.1. Evolution of average transaction prices across scenarios in flood-prone and safe areas over time under reduced bias intensity (κ = 0.5). Solid lines show 
mean prices across 30 independent simulation runs of the RHEA-NL model; shaded areas indicate the corresponding standard deviations. (a) S1c represents a high- 
demand market with distance-based risk discounting under an objective flood risk of 1:50, (b) S1d builds on S1c by including latent behavioral bias influencing flood 
risk perception. (c) S2 applies traditional flood defenses to S1d, reducing flood probability to 1:250. (d) S3 builds on S1d with nature-based solutions, which reduce 
flood risk to 1:250 while providing additional amenity value.

C.3.2. Increased bias intensity (κ = 1.5)

Table C.2 
Mean property prices at Year 30 across scenarios under increased bias intensity (κ = 1.5). Values are reported market-wide and by zone (safe vs. 
flood-prone). The price discount reports the percentage difference between flood-prone and safe mean prices. Standard deviations are in parantheses.

Scenario Price (€) 
(Market-wide)

Price (€) 
(Safe)

Price (€) 
(Flood-prone)

Price Discount (%) 
(Flood-prone vs. Safe)

S1c 367,177 (3511) 382,486 (3812) 331,720 (3501) − 13.3
S1d 370,991 (3521) 378,346 (3921) 353,822 (3090) − 6.5
S2 373,336 (2971) 377,361 (3277) 363,998 (2988) − 3.5
S3 380,400 (3400) 380,140 (3638) 381,011 (4164) +0.2
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Fig. C.2. Evolution of average transaction prices across scenarios in flood-prone and safe areas over time increased bias intensity (κ = 1.5). Solid lines show mean 
prices across 30 independent simulation runs of the RHEA-NL model; shaded areas indicate the corresponding standard deviations. (a) S1c represents a high-demand 
market with distance-based risk discounting under an objective flood risk of 1:50, (b) S1d builds on S1c by including latent behavioral bias influencing flood risk 
perception. (c) S2 applies traditional flood defenses to S1d, reducing flood probability to 1:250. (d) S3 builds on S1d with nature-based solutions, which reduce flood 
risk to 1:250 while providing additional amenity value.

C.4. Exposure outcomes: TEAV

Increasing κ raises the degree to which flood-prone locations are treated as relatively attractive, which moderately increases the growth of exposed 
asset values. Decreasing κ dampens this mechanism. The scenario ranking and qualitative interpretation remain unchanged.

C.4.1. Reduced bias intensity (κ = 0.5)

Table C.3 
Final-year exposed asset values in flood-prone areas and incremental changes across scenarios under reduced bias intensity (κ = 0.5).

Scenario TEAV at Year 30 (€M) Change from Year 0 (%) Incremental Change (€M)

S1c 284.48 +15.94 –
S1d 298.74 +21.75 +14.26
S2 317.44 +29.38 +18.70
S3 329.58 +34.32 +12.14

Notes: Total Exposed Asset Value (TEAV) is measured as the aggregate value of housing assets located in flood-prone areas at the final 
simulation year (Year 30), reported in million euros. Values in parentheses indicate standard deviations. Percentage changes are 
cumulative relative to the baseline exposure in Year 0 (€245.36 million). Incremental Change reports the absolute difference in TEAV 
relative to the immediately preceding scenario, reflecting the marginal contribution of each sequentially introduced mechanism.
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C.4.2. Increased bias intensity (κ = 1.5)

Table C.4 
Final-year exposed asset values in flood-prone areas and incremental changes across scenarios under increased bias intensity (κ =

1.5).

Scenario TEAV at Year 30 (€M) Change from Year 0 (%) Incremental Change (€M)

S1c 298.64 +21.71 –
S1d 315.22 +28.47 +16.58
S2 322.35 +31.38 +7.13
S3 334.43 +36.30 +12.08

Notes: Total Exposed Asset Value (TEAV) is measured as the aggregate value of housing assets located in flood-prone areas at the final 
simulation year (Year 30), reported in million euros. Values in parentheses indicate standard deviations. Percentage changes are 
cumulative relative to the baseline exposure in Year 0 (€245.36 million). Incremental Change reports the absolute difference in TEAV 
relative to the immediately preceding scenario, reflecting the marginal contribution of each sequentially introduced mechanism.

C.5. Income sorting outcomes under alternative bias intensities

Income differences between safe and flood-prone areas respond systematically to bias intensity. Under weaker bias (κ = 0.5), flood-prone areas 
remain more strongly associated with lower incomes because risk is more accurately perceived and capitalized. Under stronger bias (κ = 1.5), flood- 
prone zones become relatively more attractive to higher-income households, narrowing the income gap with safe zones. Market-wide mean incomes 
remain broadly stable across the sensitivity cases, consistent with the interpretation that bias intensity primarily affects spatial distribution of demand 
rather than overall market participation.

C.5.1. Reduced bias intensity (κ = 0.5)

Fig. C.3. Final-year normalized income group composition in flood-prone and safe areas across scenarios under reduced bias intensity (κ = 0.5). Percentage shares 
above 10% are labeled directly on the bars for readability.

Table C.5 
Average household incomes across scenarios in the final simulation year (Year 30) under reduced bias intensity (κ = 0.5). The means are grouped 
in three categories: Market-wide (combines safe and flood-prone), Safe, and Flood-prone. Income discount column shows the percentage dif
ference between the mean income in flood-prone zones and safe (€; mean and SD).

Scenario Income (€) 
(Market-wide)

Income (€) 
(Safe)

Income (€) 
(Flood-prone)

Income Discount (%) 
(Flood-Prone vs. Safe)

S1c 64,849 (775) 70,113 (855) 52,879 (897) − 24.6
S1d 65,339 (594) 69,273 (741) 56,152 (670) − 18.9
S2 66,374 (852) 68,174 (904) 62,181 (910) − 8.8
S3 67,018 (831) 67,567 (898) 65,763 (912) − 2.7
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C.5.2. Increased bias intensity (κ = 1.5)

Fig. C.4. Normalized income group composition in flood-prone and safe areas across scenarios at the final simulation year (Year 30) increased bias intensity (κ =

1.5). Percentage shares above 10% are labeled directly on the bars for readability.

Table C.6 
Household incomes across scenarios in the final simulation year (Year 30) under increased bias intensity (κ = 1.5). The means are grouped in 
three categories: Market-wide (combines safe and flood-prone), Safe, and Flood-prone. Income discount column shows the percentage difference 
between the mean income in flood-prone zones and safe (€; mean and SD).

Scenario Income (€) 
(Market-wide)

Income (€) 
(Safe)

Income (€) 
(Flood-prone)

Income Discount (%) 
(Flood-Prone vs. Safe)

S1c 65,336 (711) 69,264 (736) 56,236 (832) − 18.8
S1d 66,292 (790) 68,379 (872) 61,421 (826) − 10.2
S2 66,574 (605) 67,720 (708) 63,916 (650) − 5.6
S3 67,229 (822) 67,270 (866) 67,137 (1107) − 0.2

C.6. Interpretation

Varying bias intensity by ±50% produces monotonic shifts in price discounts, exposure growth, and income gaps between safe and flood-prone 
areas, but these changes are quantitative rather than qualitative. The core mechanisms documented in the main results remain intact: demand 
pressure governs overall market tightness and affordability constraints, perception bias modifies the extent to which flood-prone locations are treated 
as attractive by higher-income households, and public flood defenses further reinforces price and income convergence in flood-prone areas through 
objective risk reduction and, in the case of nature-based solutions, additional amenity capitalization. The stability of scenario rankings and time-path 
patterns across the two sensitivity cases indicates that the principal conclusions are not dependent on a narrow calibration of the perception-bias 
intensity.

Data availability

Due to a non-disclosure agreement with NVM, the original trans
action data cannot be shared. The model code and configuration for 
reproducibility are available on GitHub: https://github. 
com/SC3-TUD/CEUS_RHEA-NL (repository will be publicly accessible 
upon publication).
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