
D
el

ft
U

ni
ve

rs
ity

of
Te

ch
no

lo
gy

Anatomy of a Disaster
Mapping Multi-layered Typological Vulnerabilities Across
European Flood Events

Master Thesis
Akmal Umar



Anatomy of a
Disaster

Mapping Multi-layered Typological
Vulnerabilities Across European Flood Events

by

Akmal Umar
to obtain the degree of Master of Science

at the Delft University of Technology,

to be defended publicly on Wednesday, August 26th, 2026 at 01:00 PM.

Student number: 6128971
Thesis committee: Dr. N. Y. Aydin, First supervisor & Chair

Dr. S. Balakrishnan, Second supervisor

Cover: Black and white street sign near brown trees during daytime, photo
by Jonathan Kemper from Unsplash (Modified)

Style: TU Delft Report Style, with modifications by Daan Zwaneveld (Modi‑
fied)

An electronic version of this thesis is available at http://repository.tudelft.nl/. Data and code used in this
thesis are available from the author upon request.

http://repository.tudelft.nl/


Acknowledgments

I believe that education can be a means of emancipation. It empowers learners with the knowledge to criti‑
cally engage with and transform their world, ultimately allowing them to take greater ownership of their own
futures. Studying in theEngineeringandPolicyAnalysis programhasbeena strongdemonstrationof this idea.
Everymodel result, visualization, and iteration of parameters can be used to inform and guide, as opposed to
imposing a single answer.

Throughout the program, we have learned toworkwith numbers and data, while recognizing that thesemust
be communicated clearly and understood by the people who encounter them. We have learned to engage
with policy stakeholders, while recognizing that policymakingmust remain participatory and communicative
among analysts, institutions, and affected communities. We have learned to address Grand Challenges and
Wicked Problems, yet the phrase ”it depends” persistently reminds us that there is rarely one final answer to a
complex problem. Information can expandhow stakeholders understand a problemandopen a clearer range
of possible solutions. At the same time, analysts must not become absorbed in their model‑world and must
remain attentive to the nuances and complexities of the real world.

This thesis has been shaped by that perspective. Its models, maps, and typologies are intended to support
an understanding of how flood vulnerability and damage are distributed in space. They are not intended to
prescribe solutions on their own. I hope they can contribute, howevermodestly, tomore informed and partic‑
ipatory decisions for communities facing flood risk. This way of thinking has greatly shaped how I understand
my work and how I hope to carry myself moving forward.

I am especially thankful to the Indonesia Endowment Fund for Education Agency (LPDP) for giving me the
opportunity to experience this program firsthand. This journey would not have been possible without the
support of this scholarship and the many efforts involved in obtaining it.

I would also like to extendmy gratitude tomy thesis committee. To Nazli, my first supervisor and chair, thank
you for the sparks, encouragement, and guidance that helped this thesis move in the right direction and re‑
tain its focus on benefiting people. To Srijith, my second supervisor, thank you for your ideas, feedback, and
challenges that pushed this thesis to become firmer and more detailed. Thank you both for your trust and
support throughout the past sevenmonths.

To the people who experienced the past two years with me, Atha, Memeng, Rachel, Anin, Raissa, thank you
for being there whether in joy or when things get too rough. I look forward to seeing each of you succeed in
whatever you consider worthy of your efforts.

Lastly, I offer heartfelt appreciation to my support systems in Delft and beyond. To my family back home,
thank you for your continual support. Much of what is good in me comes from you. To my fellow EPA class‑
mates, Polakweg housemates, Vijzelgracht regulars, and PPI Delft, thank you for illuminating these two years
away from home. And to Nisa, thank you for holding me to a higher standard at every step.

I hope this thesis brings some light to the complex world around us, encourages further exploration and cu‑
riosity, and serves as a small step towardmore resilient, expressive, and emancipated communities.

Akmal Umar
Delft, August 2026

i



Summary

Floods are Europe’s most frequent natural hazard and increasingly its most damaging, with the past three
decades ranking among the most flood‑intensive periods of the last 500 years. Despite growing exposure,
flood vulnerability assessments have suffered from two persistent gaps, a lack of empirical validation against
observed damage and a tendency to study single events in isolation rather than compare across cases. This
thesis addresses both gaps by asking to what extent do theoretical flood vulnerability indicators align with
actual post‑disaster impact zones to define spatial typologies across recent European flood events?

The research compares four major European floods, the 2021 Ahr Valley floods in Germany, the 2023 Emilia‑
Romagna floods in Italy, the 2024 Klodzko Valley floods in Poland, and the 2024 Valencia floods in Spain,
chosen for their high fatality counts and their diversity in flood mechanism, terrain, and institutional con‑
text. A literature‑derived indicator set, grounded in the Integrated Risk Linkages framework and informed by
country‑specific vulnerability studies, was operationalized on a harmonized 100mgrid. Copernicus products
suppliedhazard, built‑environment, anddamagedata. OpenStreetMap supplied roadand infrastructuredata.
WorldPop supported population mapping and dasymetric disaggregation, while national statistical sources
supplied socio‑economic indicators. Indicator redundancywas addressed through blockwise PCA,which pre‑
served conceptual domain structure while reducing collinearity. k‑means clustering then identified recurring
spatial typologies of vulnerability and hazard, and ordinal logistic spatial‑lag (SLX) regression quantified the
strength and spatial effects of the relationship between indicators and observed damage, restricted to the
observed flood footprint in each region.

The results show that mapped indicators align with flood impact zones to a meaningful extent, although the
strength of the relationship differs across indicator domains and countries. Built surface and built volume
consistently formed a built‑mass component, while broad socio‑demographic components captured corre‑
lated population, education, employment, income, and household counts. Comparing clusters by damage
share identified an urban core typology in all four countries. These clusters combined dense road networks,
high built mass, concentrated infrastructure, and frequently low vegetation cover.

Road density was the strongest shared indicator. It was elevated in every highest‑damage‑share urban‑core
cluster andhad apositive, statistically significant associationwith damage in all four regional regressionmod‑
els. Built mass also recurred across the high‑impact typologies and was important in three regional models.
Germany differed because built‑up areas were concentrated in awider part of the Ahr Valley that experienced
lower flood intensity than the confined upstream reaches.

Case‑specific factors outside the spatial model also shaped the observed impacts. Germany’s confined valley
terrain and documented warning failures contributed to severe damage. Italy’s flat and slower‑onset flood‑
ing was associated with lower peak damage severity despite a large flooded area. These findings show that
physical vulnerability patterns require interpretation through local terrain, warning systems, and governance
conditions.

Methodologically, the thesis demonstrates a full analytical pipeline, from literature‑based indicator selection
throughdasymetric disaggregation, dimensionality reduction, clustering, and spatial regression, applied con‑
sistently across four countrieswith significantlydifferentdata infrastructures. Key limitations includevariable
inconsistencies across national statistical sources and reliance on infrastructure damage as a proxy for the
broader concept of flood impact.

The thesis concludes that mapped vulnerability indicators, especially those describing dense urban infras‑
tructure, can support the identification of high‑impact flood typologies across European contexts. Flood risk
policy can use this physical urban‑core profile to prioritize infrastructure‑heavy areas for land‑use, structural,
and preparedness measures. Socio‑demographic and governance dimensions require local calibration for
each region. Future work should extend this cross‑case validation approach to additional hazard types and
regions, incorporatemore temporally dynamic socio‑economic data, and applymore rigorous sensitivity test‑
ing to the clustering and dimensionality reduction choices made here.
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1
Introduction

1.1. Background
Globally, floods are responsible for nearly 40 percent of all economic losses resulting from natural disasters
(Biswas & Tortajada, 2020). Within Europe, they are the most common natural hazard, claiming the lives of
over 4,000 citizens between 1980 and 2023 (European Environment Agency (EEA), 2025). Furthermore, the
current state of flood risk in the continent is historically unique, as recent hydrological reconstructions in
Europe reveal that the past three decades have been one of the most intense, flood‑rich periods in the last
500 years (Blöschl et al., 2020). This intensity is physically represented through a growing spatial footprint of
the floods, with the average extent of European floods having already increased by 11.3% from 1951 to 2020
(Fang et al., 2024).

Moving forward, European floods are projected to become highly spatially segmented, with specific regions
slated to experience massive expansions in flood extent and frequency (Fang et al., 2025). As these floods
move further inland, they reach heavily altered urban environments. Currently, around 52million people, 12
percent of the EU population, live in floodplains. Concurrently, over 300 million people live in dense urban
areas where high levels of soil sealing, caused by impermeable materials such as concrete and asphalt, re‑
duce the environment’s natural capacity towithstand the severity of surface flooding (European Environment
Agency (EEA), 2025).

In addition to affecting the population directly through fatalities and injuries, these expanding and amplified
floodwaters also damage the built environment systematically, with floods accounting for 89% of global Ex‑
pected Annual Damages (EAD) (Koks et al., 2019). While exposed buildings and facilities fall victim to these
in flood events, road networks are particularly vulnerable. Once a flood disrupts road networks, it severs the
connectivity of a region, inhibiting further evacuation efforts and isolating impacted households from lifeline
resources such as hospitals and emergency shelters. Consequently, evaluating the topological robustness of
transport infrastructure alongside general infrastructure damage has become an important consideration in
modern flood risk resiliency (Birkmann et al., 2013; Dong et al., 2020; Z. Li et al., 2026; Liang et al., 2026).

However, the severity of infrastructure failures cannot be seenbyphysical damagealone. Societal factors play
a role in understanding flood risk. Damage from floods disproportionately affects marginalized populations.
When roads fail and recovery is delayed, lower‑income households and socially vulnerable demographics of‑
ten lack the financial capacity and resources to adapt to prolonged service disruptions, leading to severe,
long‑term economic ruin (Dong et al., 2020; Houston et al., 2020). Therefore, a region’s true vulnerability is
dictated by a multitude of factors, ranging from physical environmental exposure, to infrastructural robust‑
ness and the underlying socio‑economic conditions of the impacted area. This vulnerability is also shaped by
a region’s capacity to cope with and recover from a flood once it strikes, a dimension referred to throughout
this thesis as resilience.

Traditionally, the default policy approach towards mitigating these complex risks relied heavily on physical
means, such as constructing higher dikes or floodwalls. Yet, as extreme events continue to overwhelm these
structural means, modern policy is being forced to shift from localized flood control toward some form of

1
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integrated flood risk management strategies (Buijs et al., 2020; C. Li et al., 2016). These integrated strate‑
gies involve non‑structural approaches to flood impacts in addition to conventional structural means, such
as spatial planning, insurance, and flood resilient construction, with lowering flood risks that come with the
implementations of thesemeans (Dawson et al., 2011; Poussin et al., 2012). However, developing these strate‑
gies requires a comprehensive understanding of how different, multidimensional factors spatially interact to
determine an effective intervention to prevent disaster risks.

Multidimensional indicator‑based vulnerability approaches have been widely applied in a plethora of use
cases and angles of analyses in the current literature space (Alabbad & Demir, 2022; Dong et al., 2020; Hendry
et al., 2019; Z. Li et al., 2026; Loli et al., 2022; Pallathadka et al., 2022; Roy et al., 2021; Tate et al., 2021).
Yet, a common drawback is the lack of empirical validation that comes with these indicators (Moreira et al.,
2021). This would effectively limit the reliability in their approach, as the calculated vulnerabilities are not
verified to have a satisfactory precision range. Additionally, the scope of their cases is often isolated in sin‑
gle regions, missing the benefits of understanding similarities across flood events in proximal, yet different,
circumstances.

This master thesis aims to bridge this gap by proposing a multidimensional approach to flood vulnerability
through validation with flood impact data. This research maps and integrates distinct layers of vulnerabil‑
ity indicators spanning socio‑economic, physical, and infrastructural factors. Furthermore, because shifting
hydrological patterns are producing varying flood dynamics across the continent (Fang et al., 2025), a com‑
parative case study design acrossmultiple recent European flood events is utilized. By cross‑comparing these
localized spatial layers, this thesis highlights recurring typologies and systemic vulnerabilities between differ‑
ent disasters, providing actionable, data‑driven lessons to inform amore flood‑resilient future for Europe.

1.2. Research Question
1.2.1. Main Research Question
The core research question for this thesis is:

Towhat extent do theoretical flood vulnerability indicators alignwith actual post‑disaster impact zones todefine
spatial typologies across recent European flood events?

This question links literature‑based, multi‑dimensional vulnerability constructs to empirically observed dam‑
age patterns, and asks whether consistent spatial configurations of indicators can be identified across differ‑
ent flood contexts.

1.2.2. Research Sub-Questions
Themain research question will be answered through several sub‑research questions, detailed below.

SQ 1: Which indicators are identified in academic literature as the critical drivers of flood vul-
nerability?
Desk research will be done to review and filter indicators of flood vulnerability from the available literature,
resulting in a list of variables that will be operationalized in the subsequent research phases. This process
follows recent efforts to synthesize flood vulnerability indices and frameworks, which emphasize the need for
transparent indicator selectionandmappingbetweenconceptualdomainsandmeasurable variables (Hamidi
et al., 2025; Tabasi et al., 2025). Frameworks and reviews of flood risk assessments provide structured do‑
mains of vulnerability that guide the initial backbone of the indicator list. Factor analyses in regional studies
are used in an auxiliary manner to identify locally important variables.

SQ 2: Using spatial statistics, to what extent do the mapped vulnerability indicators cluster and
correlate with the actual flood impact zones?
The selected indicators from the previous sub‑research question are mapped alongside collected empirical
spatial dataof flood impactmaps (fromCopernicusEMS). Thesedatasetswill beharmonizedandunified intoa
spatial database for each flood event. Quantitative spatial analysis is then applied to this combined database
to identify typological combinations of indicators against damaged areas, and to estimate the strength of
association between indicators and observed impacts.

Exploratory choropleth mapping and dimensionality reduction are used to reveal univariate spatial patterns
and to addressmulticollinearity among indicators, following commonpractice in vulnerability index construc‑
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tion and socio‑economic spatial analyses (Cutter et al., 2003; Fekete, 2010; Moragues et al., 2025). Clustering
methods support the identification of spatial typologies of vulnerability and hazard, and have been widely
adopted in flood risk assessments andurban flooding studies to group locationswith similar indicator profiles
(Uddin et al., 2019; Xu et al., 2024). Spatial regressionmodels are then used to quantify howmuch selected in‑
dicators and their spatial context contribute to themapped damage, building on work that integrates spatial
dependence into risk and vulnerability modeling (Rüttenauer, 2019). Together, these tools provide comple‑
mentary perspectives, where clustering highlights recurring combinations of indicators in high‑impact areas
while spatial regression offers estimates of indicator effects on damage at fine spatial resolution levels.

SQ 3: Based on these spatial correlations, what high-impact vulnerability typologies consis-
tently emerge across case studies?
Statistical commonalities between case studies are analyzed, and possible policy implications are synthe‑
sized. The vulnerability typologies identified through clustering and spatial regression in each event are
compared to determine whether particular combinations of indicators are consistently associated with high‑
impact zones. This comparative approach aligns with recent calls for more cross‑case, multi‑hazard perspec‑
tives in vulnerability research that can inform broader risk reduction strategies (Moreira et al., 2021; UNISDR,
2015). The resulting typologies are interpreted with the light of existing theory and case‑specific narratives,
with attention to how they may guide targeted, place‑based interventions.

1.3. Research Flow
Answering the research questions require sequential steps to ensure a coherent information flow across pro‑
cesses. Figure 1.1 attempts to visualize that. Initial problem identification, followed by gap analysis, results
in the research questions. Subsequent steps include selecting the relevant case studies for this thesis. The
selected case studies will be used to gather the relevant flood impact zones as well as to frame and scope the
first sub research question through literature reviews to identify the critical drivers of flood vulnerability.

The resulting list of flood vulnerability drivers will then be operationalized as indicators. The data for these
indicators will be collected for each of the study area of the cases. As the collection commences, a database
containing the indicator data and the flood impact data will be built and used for the spatial analysis. These
spatial analyses are initially sequential through choroplethmapping anddimensionality reduction processes,
before proceeding in spatial clustering and spatial regression in a parallel approach. Only then will the third
sub question will be answered.

The resultsof these spatial analyseswill beused toanswer the third subquestion in the formofa cross compar‑
ison between the cases. The analysis will be interpretative and explanatory, and reflects on the quantitative
output and literature background. The thesis then converges and concludes with conclusions, limitations,
and recommendations for future research.

1.4. Case Selection
Four flood events were selected based on two criteria. The first criterion is a minimum threshold of docu‑
mented fatalities to convey significant human impact. The second aims for geographic and typological di‑
versity across European contexts, to capture variation in floodmechanism, geomorphic setting, and national
institution context. The 2021 European floods, the 2023 Emilia‑Romagna floods, the 2024 Central European
floods, and the 2024 Spanish floods are chosen as the case studies for this thesis. Events with comparable fa‑
tality counts, notably the 2023 Bosnia andHerzegovina floods, were excluded on the basis of data availability,
as the analysis requires harmonized data consistent with EU data infrastructure.

The 2021 European floods in mid July 2021 affects the Ahr Valley in Germany the most, constituting one of
the deadliest riverine flash flood events in post‑war Western European history. This flood represents a per‑
fect storm of circumstances around the event. Extreme precipitation exceeding 100mmwithin 24 hours over
the Ahr river catchment caused a rapid river rise, resulting in 134 fatalities in the Ahr Valley alone and an es‑
timated 33 billion euro damage across Germany (Rhein & Kreibich, 2025). The valley morphology amplified
floodvelocity anddebris transport, contributing to the largenumberof casualties in thearea (Tradowskyet al.,
2023). The event exposed systemic failures in early warning systems, where despite existing meteorological
forecasts, warnings did not reach or mobilize at‑risk populations, a failure attributed to both fragmented in‑
stitutional responsibilities regarding data sharing and consequential infrastructure failures (Mohr et al., 2022;
Thieken et al., 2023). Additionally, social compounding events as an aftermath of the COVID‑19 pandemic also
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Figure 1.1: Research flow diagram of this thesis.

hinders evacuation efforts through low trust and anti‑government sentiment disruptions (Fekete & Sandholz,
2021).

The 2023 Emilia‑Romagna floods were a slow‑onset multi‑river overflow event driven by two successive rain‑
fall occurrences inMay2023across thePo river network in Italy. Seventeen rivers breached their banks, releas‑
ing floodwaters across approximately 500 km squared of flat plains, affecting nearly onemillion people, with
at least 17 fatalities and estimated damages of 8.5 billion euros (D’Angelo & Toth, 2026; Marchi et al., 2025; Va‑
lente et al., 2025), and damaged 3000 houses in the Ravenna area (International Federation of Red Cross and
Red Crescent Societies, 2023). In contrast to flash flood events, gradual onsets reveal a different vulnerability
profile dominated by land‑use, with developments of urban and agricultural expansion into floodplain zones
reduce natural water retention capacity. This was exacerbated as it was preceded by a drought that dried out
the land, followed by another flood several weeks prior, effectively reducing the soil’s saturation capacity to
absorb water in a short time (Pulvirenti et al., 2024).

The 2024 Central European floods, focused on the Klodzko Valley in southwestern Poland, resulted from sus‑
tained and extremely heavy rainfall from Storm Boris across the Sudeten Mountains in September 2024, trig‑
gering a rise of the Nysa Klodzka river. The event caused at least 9 fatalities in Poland and severe infrastruc‑
ture damage across southwestern Poland, which includes 3633 km of roads, wastewater treatment plants,
and landfills (Kałmykow‑Piwińska &Witkowska, 2026).

The 2024 Spanish floods were triggered by a DANA (Depresión Aislada en Niveles Altos, commonly known
as a cold drop) weather system on October 2024, producing a localized extreme rainfall over the lowlands
south of Valencia city. The Barranco del Poyo, a normally dry channel, brought a flash flood wave through
urbanized areas, resulting in over 250 fatalities (Bekić, 2026) and up to EUR 2.6 billion in repair costs of critical
infrastructure damage (Castro‑Melgar et al., 2025). The chaotic flood event was further compounded by polit‑
ical fragmentation between the regional Valencian government and the national government, which delayed
emergency coordination and public warnings by several hours (Pitarch, 2024).

1.5. Relevance to the EPA Program
This research topicalignswith theMScEngineeringandPolicyAnalysis (EPA)atTUDelft,which focusesonsolv‑
ing complex problems concerningmultiple actorswith conflicting interests. Disaster and emergencymanage‑
ment is a bona‑fide ”Grand Challenge”, a complex and interconnected (Miller et al., 2025) societal challenge
that involves diverse stakeholders, spanning different countries and sectors, with significant impacts to so‑
ciety. Analyzing disaster events through a systemic perspective with statistical tools is consistent with the
program’s emphasis on system understanding, simulation, and policy evaluation.

This thesis has a primarily quantitative approach through geospatial analysis. This method highlights varia‑
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tions in the typologies of regions, to provide complex analytical observations of disasterswithout discounting
geographic characteristics. The use of spatial analysis using Python is representative of EPA courses such as
programming and spatial data science.

A literature‑centric approach comes before the programming, used to assess spatial indicators and frame‑
works and to piece together the events surrounding each flood. Case reports and academic sources docu‑
ment how early warning and emergency response broke down in some of these events, split across national
forecasters, regional authorities, andmunicipalities. This, together with the quantitative and spatial analysis,
helps explain the dynamics behind disaster outcomes and connects the vulnerability patterns to the institu‑
tions that turn hazard into damage. The multi‑disciplinary nature of this thesis allows exploration of policy,
socio‑economic factors, anddata science united under the EPAumbrella, an appropriatematch for real‑world
complex problem‑solving at the center of technology and society.

1.6. Report Structure
The report will be segmented in the following structure. The current Chapter 1 establishes the urgency of
this research, research questions, and the case studies. The following Chapter 2 will begin with a literature
review, understanding flood vulnerability indicators and the corresponding framework and address the first
sub research question. Chapter 3 will explore data sources and construction along with operationalization
preparations. Chapter 4 will detail spatial methods used to address the second sub research question, with
the results reported in Chapter 5, corresponding to the steps of analysis according to Figure 1.1. This chapter
will first explore the case studies independently of each other. Subsequently, Chapter 6 will zoom out and
interpret the analysis across the four cases and commence the discussion, answering the third research ques‑
tion with additional contextual non‑spatial data and implications on policy and limitations. Lastly, Chapter 7
will close the thesis with conclusions.



2
Literature Review

This chapterexplores floodvulnerability indicators in theacademic literature, answering the first sub‑research
questionof this thesis. Theprimarygoal is to identify thecritical driversof floodvulnerability thatwill formthe
basis for the comparative spatial analysis in the subsequent chapters. To do so, the chapter first outlines the
conceptual skeleton of vulnerability and its associated frameworks, and then describes the process by which
these frameworks were translated into a structured set of indicators, including explicit refinement steps. The
following section will present the preliminary indicator list based on the steps detailed in the preceding sec‑
tion, and will be ready to be operationalized in the following chapter.

2.1. Conceptualizing Flood Vulnerability
Deriving indicators from a concept such as vulnerability requires an understanding of how vulnerability has
been defined and broken down in prior research. A substantial body of work in disaster risk, climate change,
and social vulnerability has proposed and refined definitions of vulnerability (Adger, 2006; Cutter et al., 2003;
McCarthy, 2001; Neil Adger, 1999). A recent review by Hamidi et al. (2025) highlights that these definitions
consistently emphasize factors that constrain specific groups’ ability to manage risks posed by floods across
the phases of preparation, response, and recovery. At the same time, Cutter et al. (2003) emphasized that vul‑
nerability itself carries different connotations depending on the research orientation and perspective, which
has direct implications for how it is operationalized in indicator‑based analyses.

2.1.1. Definitions of Vulnerability
According to Cutter et al. (2003), vulnerability to environmental hazards simply means the potential for loss,
and as losses vary geographically, temporally, and demographically, vulnerability also varies over time and
space. Across the reviewed literature, three broad dimensions commonly appear in definitions of vulnera‑
bility. These are the exposure to potentially harmful events, the susceptibility or sensitivity of the exposed
elements, and the capacity to adapt or cope. As an example, McCarthy (2001) defined vulnerability as a func‑
tion of a system’s exposure to climate change, its sensitivity, and its adaptive capacity. In contrast, social
vulnerability research adds the focus of demographic and socio‑economic characteristics that forge commu‑
nities’ ability to anticipate, withstand, and recover from hazards (Adger, 2006; Cutter & Finch, 2008; Cutter
et al., 2003). In flood‑related work, these dimensions often manifest as the physical exposure to inundation,
susceptibility of buildings and populations to damage, and the presence or absence of resources that support
response and relief.

In this thesis, these recurring dimensions are used as the backbone for organizing indicators. A new vulner‑
ability definition will not be proposed, rather the analysis will build on existing concepts and formulations.
Vulnerability is then treated as a multidimensional construct that surfaces from the interaction between haz‑
ard, exposure, susceptibility, and resilience.

6
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2.1.2. Vulnerability Frameworks
Conceptual frameworks offer a structuredway to link these different dimensions and to specify how the inter‑
actions occur. Several systematic reviewsof flood vulnerability researchwere examined to identify commonly
used frameworksand their correspondingcomponents (Hamidi et al., 2025;Moreiraet al., 2021; Shehzadetal.,
2026; Tabasi et al., 2025). These reviews typically describe which frameworks are utilized, how they segment
vulnerability into domains, and how they are used to guide indicator selection.

One of the earliest and most widely cited frameworks is the ”Risk Triangle” by Crichton (2001). In this ap‑
proach, risk is seen as a function of three components, hazard, exposure, and vulnerability, each represented
as a side of the triangle. The triangle visualizes the alteration of overall risk if there are changes in any of
the sides. The simplicity of this framework made it a foundational tool for mapping flood risk patterns and
blazed a trail of more complex frameworks (Tabasi et al., 2025) that seek to further unpack and expand the
vulnerability side of the triangle.

The Pressure and Release (PAR) model shifts the focus to the social production of vulnerability, with vulnera‑
bility evolving through root causes, dynamic pressures, and unsafe conditions (Blaikie et al., 1994). However,
as Turner et al. (2003) argues, this model has limitations for broader flood risk assessment, since it focuses
primarily on social conditions and does not adequately address the biophysical vulnerability of ecosystems
and infrastructure.

Alongside these research‑driven frameworks, policy frameworks also offer perspectives on how vulnerability
and risk are framed. The Sendai Framework for Disaster Risk Reduction emphasizes understanding disaster
risk in all of its dimensions in exposure, vulnerability, and hazard, further strengthening disaster risk gover‑
nance, investing in resilience, and enhancing preparedness and recovery (UNISDR, 2015). This framework,
while not a technical index framework for analysis, asserts the importance of multi‑dimensional, multi‑scale
risk assessment and provides guidance onwhich components should be considered when assessing risk and
designing indicators.

More recent frameworks combine these threads. The MOVE framework (Methods for the Improvement of Vul‑
nerability Assessment in Europe) combines hazard, exposure, vulnerability, and resilience explicitly into a
comprehensive risk assessment approach (Birkmann et al., 2013). It aims to further explore vulnerability’s
multi‑faceted nature, as it supports assessments across physical, social, ecological, economic, cultural, and
institutional aspects. While it has beenwidely cited as a comprehensive, theory‑grounded approach, MOVE’s
application often remains at a conceptual domain level and thus requires further work to translate its compo‑
nents into detailed indicators.

2.1.3. Selected Conceptual Framework and Domains
Building on these integrative thinking antecedents, Tabasi et al. (2025) proposed the Integrated Risk Linkages
(IRL) framework in their reviewpublication. IRL is a flood‑specific structure that emphasizes the interconnect‑
edness of its risk assessment components. In this framework, risk is defined as a combination of hazard and
vulnerability. While it is acknowledged that vulnerability has various definitions, IRL maintains the idea of
exposure being a component of vulnerability, where it is here considered as physical vulnerability. Physical
vulnerability alongside intrinsic vulnerability, from here on referred to as susceptibility, results in overall vul‑
nerability. Additionally, resilience reduces vulnerability, which itself is built by adaptive and coping capacities.
The conceptual map of IRL is depicted in Figure 2.1.

Tabasi et al. (2025) developed IRL after reviewing a broad set of flood risk assessment frameworks and not‑
ing two recurring gaps. The first gap is many frameworks treat vulnerability either as a single, aggregated
component or focus predominantly on social conditions without explicitly distinguishing how exposure, sus‑
ceptibility, and resilience interact in flood settings. The second gap revolves around the implicitness of the
links between conceptual components such as hazard, susceptibility, and resilience, making indicator deriva‑
tion and subsequent operationalization fragmented and difficult to compare across studies. IRL addresses
these gaps bymaking the relationships between these components explicit and through the proposal of hier‑
archical structures of criteria for each component that can be adapted to different study areas.

In the hazard component, pictured in Figure A.1, IRL starts with a decision branch of whether physical‑based
floodmapping is applicable. If hydrodynamicmodeling or detailed flood characteristics are available, hazard
is quantified using data such as flood depth, velocity, and duration. If that data is not feasible, the framework
reframes hazard quantification through proxy using area characteristics. The first aspect of area characteris‑
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Figure 2.1: Integrated Risk Linkages (IRL) framework (Tabasi et al., 2025): a. Risk as a combination of vulnerability and hazard; b.
Vulnerability is shaped by the intersection of exposure and susceptibility; c. Contribution of resilience in reducing vulnerability; d.

Resilience consists of adaptive and coping capacities

tics, topographic condition, considers the physical features of the terrain such as slope and curvature. The
second, physiographic condition, highlights geographical features of a region that helps in identifying prone
areas to flooding such as land cover and distance to channel or river. This dual path allows the hazard side of
the framework to be tailored to the level of data andmodeling capacity available in a given case.

For susceptibility, IRL organizes criteria around the characteristics of exposed elements that influence their
damage potential during floods. These include social (such as income, education, and employment), human
(such as population density and sensitive groups), physical (such as building and infrastructure characteris‑
tics), andmanagerial (such as crisis management and policy implementation) aspects, detailed in Figure A.3.
Tabasi acknowledged the difficulty in properly differentiating the criteria of vulnerability and susceptibility,
along with susceptibility and exposure, as they overlap substantially in the literature. For this reason, the
IRL hierarchy treats exposure and intrinsic vulnerability jointly as susceptibility in the operational structuers,
while keeping vulnerability as a higher‑level concept expressed through the intersection of susceptibility and
resilience in the conceptual diagram. This choice aims to tackle one of the gaps that birthed IRL in the first
place, a pragmatic decision to avoid double‑counting similar criteria under multiple labels when building
indicator sets, and to keep the hierarchical lists focused on measurable properties rather than on abstract
vulnerability definitions.

Resilience in IRL is defined through coping and adaptive capacities. The resilience hierarchy, depicted in Fig‑
ure A.3, distinguishes between the aspects of available resources (such as search and rescue, medical treat‑
ment, and psychosocial support) andmanagement and planning (such as response and relief programs, task
organization, and the use of lessons frompast events). Tabasi et al. (2025) utilize both scientific literature and
guidelines from crisis management organizations and the Sendai Framework, thus making resilience more
operational while ensuring consistency with policy frameworks.

A distinguishing feature of IRL is its explicit adaptability. Thehierarchical criteria lists for hazard, susceptibility,
and resilience are not intended to be applied in full in every study. Instead, the framework encourages users
to select subsets of criteria according to data availability, study objectives, and the scale of analyses, and to
build alternative risk configurations with different levels of detail. In this thesis, IRL is therefore used as the
guiding framework for structuring vulnerability domains, while the indicator selection in later sections and
chapters draws selectively from its criteria hierarchies and from other literature, rather than exhausting the
full catalog proposedby Tabasi et al. (2025). Hazard‑side criteria from IRL are includedprimarily as contextual
variables to describe the spatial distribution and intensity of the floodprocesses, and to be used as controls in
subsequent spatial analyses. Resilience criteria, however, are not converted into spatially explicit indicators
in this thesis due to data limitations and scale considerations. These are instead treated as part of the broader
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interpretative context when discussing vulnerability patterns and typologies.

The full hierarchical criteria lists for hazard, susceptibility, and resilience that IRL proposes are provided in
Appendix A rather than reproducedhere in full. Table 2.1, presented later in this chapter, applies this hierarchy
directly to the selected indicator set through its sub‑component column, showinghoweach retained indicator
maps onto the IRL structure introduced above.

2.2. Indicator Identification Process
In vulnerability studies, indicator selection processes are essential to drive research forward. Having estab‑
lished the conceptual framework and domains, this section describes the process by which vulnerability in‑
dicators were identified and refined for the comparative flood events considered in this thesis. Two comple‑
mentary operationalization approaches are commonly distinguished, they are deductive and inductive.

2.2.1. Deductive and Inductive Approaches to Indicator Selection
A deductive strategy moves from general conceptual ideas and frameworks to specific indicator definitions.
In this approach, the starting point is the chosen vulnerability framework and its domains. Indicators are then
selected to represent eachdomain basedon theory, prior empirical studies anddata availability. An inductive
strategymoves in the opposite direction, that it begins with a large set of observed indicators and uses statis‑
tical methods such as principal component analysis (PCA) to identify latent structures and groupings. These
emergent components can then be interpreted as vulnerability dimensions and used to refine frameworks
and indicator sets.

Inductive approaches are often preferred in single‑region studies, as they adapt indicator groupings to local
data structures and reveal context‑specific vulnerability patterns (Hamidi et al., 2025). However, in compar‑
ative, multi‑country settings, purely inductive strategies are challenging because differences in data types,
quality and availabilitymake cross‑country comparability difficult. For this reason, this thesis adopts a hybrid
approach. A deductively derived indicator set is first constructed that is conceptually consistent and compa‑
rable across the European flood events studied. Subsequently, inductive analyses such as PCA are applied
within each case to explore how these indicators cluster and load locally, thereby capturing context‑specific
nuances without sacrificing comparability.

2.2.2. Two-phase Literature-based Indicator Identification
Indicator identification in this thesis follows twophases. The firstphase is framework‑ledand literature‑based.
Recent systematic and scoping review papers on flood vulnerability indices and frameworks are used as start‑
ing points, as they already synthesize indicators and domains used across a wide range of studies (Hamidi et
al., 2025; Moreira et al., 2021; Shehzad et al., 2026; Tabasi et al., 2025). These papers were identified through
Scopus searches using combinations of terms ”flood” AND ”vulnerability” AND ”indicator*” AND (”index*”
OR ”framework*”), restricted to publications after 2021, document type as Review, English‑language publi‑
cations, and unrestricted by region in their review. From these reviews, the thesis traces cited framework
and index papers through snowballing and extracts indicators explicitly linked to flood vulnerability or risk,
organizing them according to the IRL‑informed domains described previously. Particular attention is paid
to indicators that appear frequently across different studies and regions, and to those identified as central
drivers of social or physical vulnerability in prior work. Additionally, the definition and expected effect on
vulnerability are derived from snowballing the review papers.

The second phase refines this initial, cross‑case indicator set using targeted, case‑study‑specific literature.
For eachof the four case study regions (Germany, Italy, Poland, andSpain), indicator‑based flood vulnerability
assessmentsare identified,withpriority given to studies employingPCAorothermultivariatemethods. These
studieswere locatedusing tailored search combinations of ”flood vulnerability”with country or regionnames
and terms such as ”indicator*”, ”index*”, and (”principal component analysis” OR ”PCA”). From these studies,
indicators with high loadings on principal components or repeated importance in local vulnerability indices
are noted and compared with the foundational framework indicator list. In addition, event documentation
and grey literature on the specific floods are consulted to highlight locally significant factors, such as land‑use
in Emilia‑Romagna (Pulvirenti et al., 2024), road network damage in Valencia (Castro‑Melgar et al., 2025), or
theelderlypopulation in theAhrValley (Rhein&Kreibich, 2025). These insights areused toconfirmand,where
necessary, introduce indicators that capture particular dynamics of each event. This combined approach
allows indicators that are empirically influential in local contexts to be retained or elevated in the final list.
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In parallel, recent reviews of social vulnerability to floods are consulted to identify indicators that are con‑
ceptually important yet under‑represented in existing studies (Hamidi et al., 2025). Examples include health
status, preparedness, social cohesion and certain dimensions of gender and minority status. These under‑
represented indicators are considered for inclusion to address gaps, even when the underlying data are not
spatially explicit. In such cases, closely related indicators from the IRL framework or from locally derived
indicator sets are used as proxies in the spatial analysis, while the original under‑represented variables are re‑
tained in thediscussionand interpretation results. This approachensures that the indicator setdoesnot focus
solely onmore readily available socio‑economic and demographic variables, and that less visible dimensions
of vulnerability do not dissipate in the analytical narrative even when they cannot be mapped directly.

2.2.3. Cross-Case Data Availability and Indicator Feasibility
Because the indicators identified in this chapter are subsequently operationalizedas spatial variables inChap‑
ter 3, data availability across all four flood events acts as a practical filter on the final indicator list. Indicators
are retained in the core set only if suitable, comparable data sources can be identified for each case study,
whether through census data, administrative datasets, remote sensing products or other geospatial sources.
Indicators that are conceptually strongbut lack consistent data for one ormore events are either documented
and excluded from the comparative analysis or, where possible, substituted with another variable that is the‑
oretically similar and is available across all regions.

2.3. Literature-Derived Core Indicator Set
The outcome of the conceptual and operational steps described above is a structured taxonomy of flood vul‑
nerability indicators derived from the literature. Indicators are grouped into domains and sub‑domains con‑
sistent with the IRL framework, and each indicator is associated with a definition, typical measurement, and
literature sources from which the indicator is selected and its expected effect is sourced. This taxonomy acts
as the bridge between indicators from theory and data for the subsequent spatial analysis.

2.3.1. Core Indicator Set and Expected Effects
Table 2.1 lists the preliminaty indicators identified through the two‑phase process, specifying for each its com‑
ponent, indicator name, typical measurement and unit, expected effect on vulnerability, and main literature
sources. Indicators areorganized inahierarchybasedon the IRL framework. At thehighest level, Components
reflect if the variable belongs to thehazardhierarchy or the susceptibility hierarchy. Within susceptibility, indi‑
cators are also defined towhich aspect of susceptibility they belong. At the lowest level, individual indicators
are named and subsequently defined to measurable quantities, such as percentage of population aged 65+,
unemployment rate, road density, or distance to river.

2.3.2. Rationale for the Retained Indicator Set
The indicators inTable 2.1were selectedbasedon their recurrence in the literature, their empirical association
with flood impacts, and their suitability for spatial operationalization in the four case study events. Hazard in‑
dicators, suchaselevation, slope, distance to river andNDVI, describe thephysical setting that shapes floodex‑
posure and intensity. Susceptibility–physical indicators capture the characteristics of the built environment
and infrastructure that influence damage potential, while susceptibility–social and –human indicators repre‑
sent the socio‑economic and demographic dimensions that affect coping capacity and the consequences of
flooding for different groups.

The expected effect on vulnerability reported for each indicator summarizes how increases in the indicator
value are hypothesized to influence flood vulnerability, informed by the cited frameworks and empirical stud‑
ies. The publications depicted are a combination of justification for depiction, being either part of phase one
or twoof the indicator identification, and the expected effect toward vulnerability. Theplurality of the sources
are due to some review papers do not present the justification necessary for each indicator and rather only re‑
port on the frequency of the indicators, thus snowballing is necessary from said papers to the actual indicator
study pertaining to the indicator mentioned so that the reasons are possible to be articulated.

In region‑specific studies that employ PCA or factor analysis, indicators with high absolute loadings on well‑
interpreted components are treated as strong candidates for inclusion in the vulnerability indicator set. High
loadings indicate that a variable contributes substantially to a latent dimension (for example, socio‑economic
disadvantage, demographic fragility) and thus captures an important aspect of local vulnerability structure.
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However, PCA loadings are used in a complementary way alongside conceptual justification, as they inform
prioritization among closely related indicators and the design of composite indices, but they are not inter‑
preted as direct measures of association with flood impacts. The relationship between selected indicators
and observed damage is evaluated separately in the spatial analyses.

Table 2.1 is deliberately not exhaustive, and two further considerations shaped which indicators were car‑
ried forward. First, indicators with strong, largely uncontested empirical support across the reviewed liter‑
ature, such as literacy rate, were deprioritized in favor of indicators where evidence remains more limited,
contested, or context‑dependent, following the observation in several reviewed papers (Hamidi et al., 2025;
Moreira et al., 2021) that well‑established indicators are persistently reconfirmed rather than meaningfully
re‑tested, while a comparative, cross‑country design such as this one is better positioned to add evidence
on indicators whose role is less settled. Second, an initial sense of cross‑country data plausibility, whether
a given indicator could realistically be sourced for all four case studies, already informed which candidates
were retained at this stage rather than left for exclusion during operationalization. Table 2.1 should therefore
be read as a literature‑grounded core set shapedbyboth theoretical relevance andanticipated feasibility, and
the fuller, more granular indicator set actually operationalized in Chapter 3 builds on this core through the
country‑specific refinement process described above.

2.4. Conceptualizing and Measuring Flood Impact
Having established the indicator set used to represent flood vulnerability, this section turns to the outcome
those indicators are validatedagainst, theobserved impactof the floodevents themselves. Definingwhat ”im‑
pact” means, and what a given measurement of it can and cannot capture, is necessary before the indicator‑
impact relationship investigated in the subsequent chapters can be properly interpreted.

2.4.1. Dimensions of Flood Impact
Flood impact is not a single, uniformly measured quantity in the literature. Reviews of flood consequences
typically distinguish several overlapping dimensions, including human impact, such as fatalities, injuries, and
displacement (Doocy et al., 2013); economic impact, covering both direct losses to property and infrastruc‑
ture and indirect losses from service disruption (Koks et al., 2019); infrastructural or physical impact, damage
to buildings, transport networks, and utilities (Diakakis et al., 2020); and environmental impact, effects on
ecosystems, agriculture, and water quality (Q. Yu et al., 2022). These dimensions are related but not inter‑
changeable, a flood that causes extensive structural damage does not necessarily produce a comparable hu‑
man or economic cost, and the reverse also holds, so the choice of which dimension tomeasuremeaningfully
shapes what conclusions can be drawn about vulnerability.

This thesis focuses on the infrastructural dimension, operationalized as building and infrastructure damage.
This choice is made primarily on data availability grounds. Human impact data, such as casualty or displace‑
ment figures at fine spatial resolution, and economic loss data, are rarely available in a form that is both spa‑
tially explicit and consistently reported across national boundaries, whereas infrastructure damage assess‑
ments derived from remote sensing are produced through a comparable methodology for each of the four
case study events, discussed further in Chapter 3.

2.4.2. Infrastructure Damage as a Proxy for Impact
Using infrastructure damage as the sole impact measure carries an implicit assumption, that the spatial pat‑
tern of structural damage is a reasonable proxy for the broader concept of flood impact referred to in the
initial gap analysis. Infrastructure damage is a plausible proxy for several reasons. It is directly observable
and comparably measured across countries, unlike survey‑based or emergency‑service‑based impact mea‑
sures, which vary substantially in coverage and methodology between national systems (Fekete et al., 2025;
Kruspe et al., 2021; Moreira et al., 2021). It also captures a dimension of impactwith a clear physical link to the
built‑environment andhazard indicators used elsewhere in this thesis, since structural damage is a direct con‑
sequence of water depth, velocity, and duration interacting with the built environment, in a way that is more
difficult to establish for indirect economic loss or long‑term social disruption. Flood severity classification
schemes developed elsewhere similarly treat damage to the built environment as a distinct and load‑bearing
category within a broader impact taxonomy, rather than as an incomplete substitute for it (Diakakis et al.,
2020).

At the same time, infrastructure damage does not capture the full range of what floods affect. It says nothing



2.4. Conceptualizing and Measuring Flood Impact 12

directly about loss of life, injury, or psychological impact, nor about indirect economic consequences such
as lost income or business interruption, both of which are widely treated as important, sometimes dominant,
components of overall flood impact in the literature (Doocy et al., 2013; Q. Yu et al., 2022). It also cannot
distinguish flood impact from the vulnerability conditions investigated as its explanatory variables, since a
heavily built environment is both more likely to sustain damage and more likely to be assessed by remote
sensing in the first place, an issue discussed further as a data limitation in Chapter 6. Infrastructure damage is
therefore treated throughout this thesis as a partial, physically grounded proxy for flood impact, appropriate
for the adopted comparative, cross‑country design, rather than as a complete representation of impact in a
comprehensive and exhaustive sense.
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Table 2.1: Preliminary indicator set derived from literature.

Component Sub‑component Indicator Expected effect on vulnerability Sources

Hazard Physiographic
condition

Normalized
difference veg‑
etation index
(NDVI)

Lower vegetation cover increase
exposure

(Pulvirenti et al.,
2024; Tabasi et al.,
2025; Taramelli
et al., 2022)

Hazard Physiographic
condition

Distance to near‑
est river

Shorter distance increase flood
exposure and damage

(Rincón et al., 2018;
Tabasi et al., 2025;
Taromideh et al.,
2022)

Hazard Physiographic
condition

Height above
nearest drainage
(HAND)

A vertical version of distance to
nearest river, higher HAND re‑
duce flood exposure

(Purwanto et al.,
2025; Rincón et al.,
2018)

Hazard Topographic
condition

Elevation Higher elevation reduces flood
depth and potential damage

(Tabasi et al., 2025;
Taromideh et al.,
2022)

Hazard Topographic
condition

Slope Steeper slopes lead to faster
runoff and can increase flood
hazard

(Tabasi et al., 2025;
Taromideh et al.,
2022)

Susceptibility–
Physical

Transportation
network

Road density Higher density increases ex‑
posed assets, potential network
disruption, and increase impervi‑
ous surfaces

(Dong et al., 2020;
Moreira et al.,
2021; Taramelli
et al., 2022; J. Yu
et al., 2023)

Susceptibility–
Physical

Urban facilities Distance to near‑
est critical infras‑
tructure (CI)

Greater distance may reduce
emergency response capacity
and increase vulnerability. CI is
defined as hospitals, fire stations,
and police stations

(Dong et al., 2020)

Susceptibility–
Social

Income and eco‑
nomic capacity

% households be‑
low poverty line

Higher values expected to in‑
crease vulnerability due to re‑
duced coping capacity

(Cutter et al., 2003;
Houston et al.,
2020)

Susceptibility–
Social

Income and eco‑
nomic capacity

Income per
household

Higher values expected to de‑
crease vulnerability due to
higher coping capacity and pos‑
sible better zoning positioning

(Cutter et al., 2003;
Hamidi et al., 2025)

Susceptibility–
Social

Employment Unemployment
rate

Higher values expected to in‑
crease vulnerability due to lower
coping capacity and lack of insur‑
ance

(Fekete, 2010; Mor‑
eira et al., 2021)

Susceptibility–
Social

Employment Women unem‑
ployment rate

Women may be more vulnerable
due to family care responsibili‑
ties, higher values expected to in‑
crease vulnerability

(Cutter et al.,
2003; Fekete, 2010;
Hamidi et al., 2025)

Susceptibility–
Social

Employment /
social cohesion

Foreign unem‑
ployment rate

Representation of social cohe‑
sion, higher values expected to
increase vulnerability

(Fekete, 2010;
Hamidi et al.,
2025)

Susceptibility–
Human

Population den‑
sity

Population den‑
sity

Higher values increase exposed
population and potential casual‑
ties

(Fekete, 2010;
Hamidi et al., 2025;
Moreira et al., 2021;
Tabasi et al., 2025)

Susceptibility–
Human

Population den‑
sity

Persons per
household

Higher values increase exposed
population and potential casual‑
ties

(Fekete, 2010; Mor‑
eira et al., 2021)

Susceptibility–
Human

Sensitive popu‑
lation

Elderly rate Higher values expected to in‑
crease vulnerability due tomobil‑
ity and health constraints

(Fekete, 2010;
Hamidi et al., 2025;
Moragues et al.,
2025)



3
Study Area, Data, and Indicator

Construction

This chapter describes the study areas, data sources, and database construction used to operationalize the
indicators, derived from literature in the previous chapter. The focus is on how flood hazard, susceptibility,
and impact variables are assembled and harmonized across the four European flood events.

3.1. Case Studies and Spatial Delineation
The study area for this thesis is built upon several constraints. This section details the deliberations that went
into determining the scope of the spatial analysis within the selected case studies.

3.1.1. Regional Units and Spatial Resolution
The spatial analysis covers four recent European flood events introduced in Chapter 1, with each event affect‑
ing different parts of its respective region. To ensure a uniform methodological approach across countries
in the European Union, Eurostat’s NUTS (Nomenclature des Unités territoriales statistiques, Nomenclature of
territorial units for statistics) system is used, as is often applied in socio‑economic analyses in the region (Eu‑
rostat, 2024). The NUTS system segments countries into three hierarchical levels based on population, with
NUTS 1 being the highest level and NUTS 3 the smallest segmentation. The data collection perspective and
constraints are therefore viewed from a NUTS‑level perspective.

The case selection encompasses the 2021 European floods in Ahr Valley, 2023 Emilia‑Romagna floods in Italy,
the 2024 Central European floods in southwestern Poland, and the 2024 Spanish floods in Valencia. As some
events cover wider inundated areas than others, a uniformNUTS level is selected for consistency. Each event
spans multiple NUTS 3 regions in each country, otherwise known as provinces in Italy and Spain, districts in
Germany, and subregions in Poland. Among these, one NUTS 3 region is selected per event based on Coperni‑
cus activations, selecting the region with the highest documented impact. The final chosen NUTS‑3 level re‑
gions are the Ahrweiler district in Germany, the Ravenna province in Italy, theWalbrzyski subregion in Poland,
and the Valencia province in Spain. These NUTS 3 regions form the initial frame for data collection. However,
due to subsequent processing of these regions and for ease of documentation, the segmentation of the case
studies in this analysis will refer to them as their respective countries, which frames these study areas such as
”The Germany Case” or ”The Spain Case”.

Within each NUTS 3 region, Local Administrative Units (LAU, municipalities) are used as the primary admin‑
istrative units for socio‑economic and census‑based data. This choice is based on both data availability and
the need to capture intra‑regional heterogeneity in the vulnerability indicators. However, native spatial res‑
olutions differ across countries and variables. Some indicators are available at municipality level, others at
higher levels such as NUTS 2, and a few at finer resolutions such as census tracts, postcodes, or raster grids.
These differences motivate the use of spatial disaggregation techniques, such as dasymetric mapping, and
gridded representations to achieve a consistent analysis scale.

14
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3.1.2. Impact-Based Study Area Delineation
Copernicus Emergency Management Service (EMS) grading products provide Areas of Interest (AOIs). AOIs
are geometric polygons defined according to Service Request Forms and Copernicus guidelines, which favor
populated places, avoid overlapping AOIs, enforce a minimum area of 10 km2, and generally limit individual
AOIs to single countries in border regions (Copernicus, 2024). AOIs delineate where detailed flood extent and
damagemapping has been carried out.

Municipalities that intersect any grading AOI for a given event are identified and form the core impact‑driven
area. To avoid artificial boundaries around AOIs and to capture nearby municipalities that may share sim‑
ilar vulnerability conditions, a convex hull around impacted municipalities is used as an extension, and se‑
lected buffer municipalities are added. The convex hull provides the smallest convex polygon that encapsu‑
lates the set of impacted municipalities, resulting in a simple and contiguous boundary that is reproducible
across countries. Alternative approaches based on arbitrary distance buffers, administrative adjacency rings,
or alpha‑shapes either require additional tuning parameters or can produce fragmented buffer regions, mak‑
ing cross‑country comparison less transparent. This resulting study area is defined as AOI‑intersecting and
buffer municipalities within the selected NUTS 3 region.

3.1.3. Target Grid, Projection, and Population Filter
Foreachevent, a target raster gridwith100mresolution isdefinedwithin the studyareaboundaryestablished
above. This grid serves as the common spatial reference for hazard, susceptibility, and impact variables. All
raster and vector data are projected to a common equal‑area projection to support area‑preserving compar‑
isons across regions. This thesis uses the ESRI:54009 projection for cross‑country comparison, as it preserves
relative area across the continent, which is particularly important for indicator densities and subsequent area‑
based weighting procedures such as dasymetric mapping. Pre‑existing rasters are clipped to the study area
and resampled to the 100 m grid in later steps, as described in subsequent sections. The choice of 100 m res‑
olution considers both computational feasibility and the need to capture local variation in infrastructure and
population.

Because vulnerability studies typically focus on populated segments of a study area rather than uninhabited
land (Cutter & Finch, 2008; Fekete, 2010; Moreira et al., 2021), the grid is further restricted to populated cells
only. WorldPop population data, described in more detail in Section 3.2.1, is used for this filter since it pro‑
vides a consistent raster surface across all four countries, minimizing bias that could arise fromusing country‑
specific population sources with differing definitions or resolutions.

This populated grid is in turn used to define two distinct analytical samples, since clustering and regression
ask different questions of the data. Spatial clustering uses the full populated gridwithin the study area bound‑
ary, since its aim is to characterize the general vulnerability structure of the region regardless of whether a
given cell was ultimately flooded. Spatial regression instead uses only the subset of the populated grid that
falls within the observed flood event footprint, since its aim is to isolate the relationship between vulnerabil‑
ity indicators and flood damage specifically among cells that were actually exposed to flooding; including un‑
flooded cells in this sample would otherwise conflate the physical determinants of flood occurrence with the
socio‑economic determinants of differential impact given exposure. This distinction, and its consequences
for sample size and interpretation, is elaborated further in Chapter 4. Subsequent analysis may also shrink
the focus to only the AOIs within a region to center on areas with documented damage.

3.1.4. Study Area Delineation and Analytical Samples
Figure 3.1 illustrates the resulting study area delineation for Germany, drawing together the administrative,
impact‑driven, andgrid‑basedboundaries definedabove. Panel (a) situates the selectedNUTS3 regionwithin
its NUTS 2 context, establishing the broader administrative hierarchy from which the case study region is
drawn. Panel (b) shows the flood‑affected core municipalities, the buffer municipalities added through the
convex hull, the flood AOI, and the NUTS 3 boundary together, illustrating how the final study area bound‑
ary is constructed from these overlapping delineations. Panels (c) and (d) then show the two populated‑grid
samples introduced above, both outlined using the combined boundary of the core and buffermunicipalities
shown in panel (b) instead of the full NUTS 3 extent, so that the boundary drawn in the bottom rowmatches
the study area actually defined in panel (b). Panel (c) shows the full populated grid, the sample used for spa‑
tial clustering. Panel (d) restricts this to populated cells within the observed flood footprint, the sample used
for spatial regression.
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Figure 3.1: Study area delineation for Germany. (a) NUTS‑2 region with the selected NUTS‑3 subregion highlighted; (b) flood‑affected
core municipalities, buffer municipalities, flood AOI, and NUTS‑3 boundary; (c) populated 100 m grid cells within the combined core

and buffer boundary; (d) populated grid cells within the observed flood footprint.

The same four‑panel structure is applied to the remaining three case studies, shown in Figures 3.2, 3.3, and
3.4. Each figure follows the identical panel layout described above, so only country‑specific summary values
are noted in the captions.

3.2. Data Sources
3.2.1. Sources for Hazard and Susceptibility Indicators
Indicators used in this thesis are sourced from a combination of global, pan‑European, and national datasets.
Hazard‑related indicators are sourced primarily from Copernicus satellite products. Elevation and NDVI are
taken directly from Copernicus Digital Elevation Model (DEM) (European Space Agency, 2022) and Sentinel‑
2 satellite data (Copernicus Land Monitoring Service, 2021), respectively. Indicators with relation to rivers
such as HAND or distance to river are calculated or otherwise calibrated with EU‑Hydro river data (European
Environment Agency (EEA), 2019). The derivation and construction will be explained in the subsequent sub‑
sections.

Physical susceptibilitydata, related to roadnetworkandcritical infrastructure, are sourced fromOpenStreetMap
(OSM), as it offers comprehensivemapping of infrastructure features (OpenStreetMap contributors, 2017). Ad‑
ditionally, built environment data is sourced fromCopernicus Global Human Settlement (GHS) data (Pesaresi
et al., 2024), as they provide both surface (GHS‑Built‑S) and volume (GHS‑Built‑V) of the built environment.
These products provide information on building presence and estimated built volume at grid level, which is
useful for describing urban structure in a fine spatial resolution.

Population and age‑structure data are represented using WorldPop 100 m gridded datasets. WorldPop in‑
tegrates national census and survey data, UN population estimates, and geospatial covariates to produce
both unconstrained and constrained products. Unconstrained products distribute population across admin‑
istrative units using spatial covariates, while constrained products additionally restrict population to building
footprints andother built environments. Given the focus on infrastructure andbuilt‑up areas in flood impacts,
the constrained WorldPop products are used as the baseline for population‑related indicators.
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Figure 3.2: Study area delineation for Italy, following the same panel structure as Figure 3.1.

Figure 3.3: Study area delineation for Poland, following the same panel structure as Figure 3.1.
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Figure 3.4: Study area delineation for Spain, following the same panel structure as Figure 3.1.

Most socio‑economic and demographic indicators within the susceptibility component are derived from na‑
tional censuses and statistical offices, which are INE (Instituto Nacional de Estadística, National Statistics
Institute) for Spain, Destatis (Statistisches Bundesamt, Federal Statistical Office) for Germany, Istat (Istituto
nazionale di statistica, National Institute of Statistics) for Italy, and GUS (Główny Urząd Statystyczny, Central
Statistical Office) for Poland. As a result, the native spatial resolution and conceptual definitions of indicators
vary between countries. The database that is used for these data are the IneAtlas for Spain (García Guzmán,
2026), Zensus 2022 (z22) for Germany (Lieth, 2026), GUS BDL (Bank Danych Lokalnych, Local Data Bank) for
Poland (Statistics Poland, 2026), and Istat 2021 census for Italy (Istat, 2026).

Income data present specific challenges. Household‑level income is rarely available directly in census re‑
leases, often due to privacy constraints, so additional sources are used. In Italy, an open data platform called
Zornade aggregates information from Istat and Italy’s MEF (Ministero dell’Economia e delle Finanze, Ministry
of Economy and Finance), providing income variables in spatial formats. In Germany, the BBSR (Bundesinsti‑
tut für Bau‑, Stadt‑ und Raumforschung, Federal Institute for Research on Building, Urban Affairs and Spatial
Development) publishes the INKARatlas (IndikatorenundKarten zurRaum‑undStadtentwicklung, Indicators
and Maps for Spatial and Urban Development) which consolidates indicators from regional statistical offices
and other providers, including income and labor market data at regional scales. Poland and Spain both pro‑
vide income‑related variables within their national statistical systems, though the concepts and units differ.

A preliminary inspection of the available indicators reveals noticeable differences in spatial resolution and
units. For example, poverty rates in Poland are initially available at NUTS 2 level, while other socio‑economic
variables are reported at municipality or sub‑municipal scales. These differences are addressed through in‑
tensive/extensive transformations and dasymetric mapping explained in subsequent sections.

3.2.2. Copernicus EMS Flood Extent and Damage Data
Flood impactdataare sourced fromCopernicusEMSactivations for eachevent. Eachactivation includesdelin‑
eation andgradingproducts for relevant AOIs. Delineationproductsmap flood extent, while gradingproducts
add classifications of observed damage to buildings, facilities and transport infrastructure. Grading products
necessarily contain the extent information, but not all AOIs have grading layers if damage was minimal or
unobserved. For this thesis, only AOIs with grading products are considered.
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Grading datasets contain several thematic layers that consist of Area of Interest, Built‑Up, Facilities, Observed
Event A and P, and Transportation. Area of Interest defines the polygonal AOI as explained in the previous
sections. Built‑Up represents assessed building damage using point features located at building centroids.
Facilities layers capture critical facilities in two forms, polygon features (A) represent large installations, and
line features (L) represent linear infrastructure such as pipelines, electricity lines, and cables. Observed Event
polygons delineate inundated areas, while point features represent discrete events. Transportation layers
include transport‑related polygons (for example, ports, airports) and lines (roads, railways).

The damage is assessed using satellite‑derived remote sensing (European Commission, Joint Research Cen‑
tre, 2020). The damage grading is segmented into classes which are No visible damage, Possibly damaged,
Damaged, and Destroyed. These grading system of the thematic layers forms the basis for constructing im‑
pact variables in Section 3.3.5.

3.2.3. Administrative Boundaries and Spatial Reference Data
Administrative boundary data for NUTS and LAU units are obtained fromEurostat GISCO and national GIS por‑
tals. Most indicator datasets are distributed with associated geometries such as municipality, census tracts,
or postcodes, while others provide only attribute information and require joining to external boundary layers
by codes. All boundary datasets are projected to the common analysis projection and joined to the indicator
dataset that has yet to have geometries.

3.2.4. Temporal Alignment of Data
The different sources of data in this thesis come fromdifferent reference years across indicators and countries
for some. Wheremultiple vintages exist of the same resolution, the selection prioritizes themost recent data
that still predate the respective flood events, to approximate pre‑event vulnerability conditions.

In Germany, the 2022 census releases are preferred over older datasets such as the 2011 census, as they pro‑
vide more up‑to‑date socio‑economic and demographic information closer to the 2021 Ahr Valley floods. For
Italy, the data consistently refers to the 2021 censuses. In Spain and Poland, different variables are drawn
from 2021 and 2024 statistical releases, depending onwhen specific indicators (for example, poverty, income,
labor market) are available in their finest spatial resolution form.

Administrative boundary layers are chosen to correspond to the reference years of the underlying data (for
example, 2021 census variables arematched to 2021 boundaries, 2024 indicators to 2024 boundaries) and are
thenprojected to the commonanalysis projection and intersectedwith the target grids. For defining the study
area, the latest boundary limits that are prior to each flood event are used, so that vulnerability indicators are
interpreted relative to the actual boundaries that existed when the floods occurred.

3.3. Data Harmonization and Indicator Construction
3.3.1. Variable Types and Spatial Representation
Susceptibility indicators taken from literature anddata sources canbebroadly classifiedas intensive variables
(rates, proportions, densities), extensivevariables (counts, totals) anddenominators (population, households,
area). Extensivevariables canbe redistributedacross finer gridsusingdasymetricmapping,whereas intensive
variables are typically treated as uniform within their source units. When extensive variables are attached to
heterogeneousadministrativeunits, their valuesmaypartly reflect differences inunit size asopposed todiffer‑
ences in underlying conditions, which can distort clustering and dimensionality reduction if such counts are
used directly as inputs. This distinction remains relevant after disaggregation, but its interpretation changes
once variables are expressed on a regular equal‑area grid. On the 100 m grid, counts such as population or
buildings per cell can be interpreted as local concentrations because each cell has the same spatial area. This
makes them more suitable for comparative spatial analysis, including clustering and dimensionality reduc‑
tion, than counts attached to irregular administrative units, where variation may partly reflect differences in
unit size instead of underlying local conditions (Huang et al., 2020; Scheider & Huisjes, 2018).

In several cases, when the data is not granular enough, rate‑based indicators from national statistics are con‑
verted into extensive form through multiplication with the appropriate denominators. For example, unem‑
ployment rates are transformed into counts of unemployed persons per unit, and poverty rates into counts
of persons below poverty thresholds. These extensive indicators are then redistributed across the 100m grid
using ancillary data. When both forms are available in fine spatial formats, intensive variables are retained
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for interpreting vulnerability patterns, as spatial analysis methods such as PCA are sensitive to values (Ru‑
fat, 2012), while extensive forms support spatial disaggregation. After disaggregation to the equal‑area grid,
count variables are also retained where relevant as measures of local exposure intensity. Denominators are
stored tomaintain transparency and support potential recomputation of rates at different aggregation levels.

3.3.2. Dasymetric Mapping and Ancillary Variables
Dasymetric mapping is used to disaggregate coarse socio‑economic indicators to the 100 m grid. Previous
studies highlight the advantages of dasymetric mapping over simple areal interpolation (Amadio et al., 2018;
Bonnevie et al., 2024; Mooset al., 2021), especiallywhenbuilding footprints and land‑usedata are available as
ancillary information, as they help confinepopulation and socio‑economic attributes to residential structures
and urban blocks rather than spreading them across farmland and roads.

As previously mentioned, variables are segmented into intensive and extensive variables. Disaggregation is
applied to extensive variables such as the number of people below poverty line, the number of unemployed,
while intensive variables (for example, poverty rate, unemployment rate) are treated as uniform within their
source polygons. This thesis adopts the WorldPop top‑down constrained products as ancillary data. These
products already incorporate building footprints, nighttime lights, and other covariates to distribute popula‑
tion at 100m resolution, providing a spatially refined representation of where people reside. Extensive socio‑
economic indicators are redistributed across grid cells in proportion to WorldPop population counts, under
the assumption that socio‑economic attributes broadly follow population distribution at this scale.

Detailed validation procedures for the harmonized grid datasets are provided in Appendix F.

3.3.3. Derivation of Hazard and Susceptibility Indicators
Hazard Indicators
Hazard indicators are constructed fromDEM, satellite‑basedvegetationproducts, Copernicus flood layers and
river or drainage networks. Elevation is taken fromDEMdata and resampled to the 100m target grid. Slope is
derived fromthe resampledDEMusing standardgradient operators. Height AboveNearestDrainage (HAND) is
computed from theDEMbydelineating flowdirections andaccumulation, identifyingdrainage lines, and then
calculating the vertical difference between each grid cell and its nearest drainage cell. The HAND thresholds
are checked against EU‑Hydro river networks to ensure that the resulting drainage pattern is consistent with
mapped rivers. NDVI describes vegetation and surface characteristics that influence runoff and infiltration,
and is derived from Sentinel‑2 imagery and resampled to the target grid. Distance to river is calculated from
grid‑cell centroids to the nearest drainage or river line from the EU‑Hydro database.

Physical Susceptibility Indicators
Physical susceptibility indicators describe the built environment and infrastructure. Road density is com‑
puted as total road length per km2 within grid cells or aggregation units. Distance to primary road is derived
from OSM tags such as motorway, trunk, primary and their associated links, capturing proximity to major
transport corridors. Distance to nearest critical infrastructure is calculated from grid centroids to the closest
facility tagged as hospitals, clinics, fire departments, police stations or ambulance stations. Building footprint
density from GHS‑Built‑S and GHS‑Built‑V provides additional measures of structural concentration.

Social and Human Susceptibility Indicators
Social susceptibility indicators encompass poverty, income, unemployment and household characteristics.
Poverty counts and rates, income per household, total and subgroup unemployment, education levels and
household composition indicators are harmonized conceptually across countries and, where necessary, dis‑
aggregated to the grid. Human susceptibility indicators focus on population density, persons per household
and age structure, including elderly and youth shares and dependency ratios, constructed from census and
WorldPop data.

Incomeandpoverty indicators differ across countries in termsof underlying concepts andunits. Mean income
variables typically capture average disposable income at household or person level, while median indicators
in some cases refer to labor earnings or taxable income instead of full household income. Poverty measures
range from shares of social assistance recipients to shares of taxpayers below a fixed taxable threshold, or
shares of individuals with equivalised net income below 60% of the national median. These indicators are
interpreted as approximate, country‑specific proxies for economic resources and hardship rather than fully
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harmonized measures, and they are treated as capturing relative economic capacity and deprivation within
each case study.

When constructing the indicators, the initial list derived from the literature is adjusted to reflect what can be
measuredwith the available data. Some indicators cannot be implemented as originally defined because the
required variables are missing, restricted or only available for a subset of countries. In these situations, the
indicator definition is preserved at a conceptual level, but operationalization relies on a proxy that is available
across all case study regions. A typical example is the replacement of “number of unemployed foreign resi‑
dents” with “number of foreign residents” where unemployment by nationality is not consistently reported.
These substitutions are treated as approximations and are made explicit in the final indicator table.

3.3.4. Operationalized Indicator Set
After harmonization and construction, the final indicator table consolidates hazard and susceptibility vari‑
ables that are operationalized as 100 m grid‑level indicators across all case studies. Each indicator is listed
with its component (hazard or susceptibility domain), short name, measurement unit, expected effect on vul‑
nerability, and key sources. This table provides the direct link between the conceptual indicators identified
in the previous chapter and the geospatial variables used in the spatial analysis methods in the next chapter.

3.3.5. Construction of Flood Impact Variables
Impact variables are derived from Copernicus EMS grading layers. As mentioned in the previous subsections,
the classes of damage grading that Copernicus uses span No visible damage, Possibly damaged, Damaged,
and Destroyed. Whilemost of them are related to the severity of the destruction observed, Possibly damaged
acts as an exception, as it refers to cases where the confidence level of the interpretation is slightly lower due
to issues such as image quality (European Commission, Joint Research Centre, 2020). However, this thesis
proceeds with the assumption of an ordinal scale among these grades. As such, damage grades are coded as
1 (possibly damaged), 2 (damaged), and 3 (destroyed).

The graded structure used by Copernicus is consistent with how damage severity is represented elsewhere in
the flood impact literature. Severity scales developed for classifying built‑environment impacts, for instance,
are explicitly constructed as ordered classes running fromminor to catastrophic, instead of an unordered set
of categoriesor adirectlymeasuredcontinuousquantity, preciselybecausedamage severity is judged relative
to a known, ranked progression of physical states (Diakakis et al., 2020). Treating the combined damagemea‑
sureused in this thesis as ordinal, in preference to a simple count or abinary presencemeasure, preserves this
ranked structure and is consistentwithprior impact‑basedapproaches in the vulnerability literature (Houston
et al., 2020).

A combined damage intensity indicator per 100mgrid cell, combined_dmg_num, is constructed by summing
themaximumordinal damage grades observed for built‑up areas, facilities, and transport, reflecting the com‑
bined severity of physical impacts on structures and infrastructure within each cell, resulting in a range of 0
for non‑damaged and 9when all three infrastructure types are destroyed. This process is reflective of existing
impact‑based research within the flood vulnerability sphere (Houston et al., 2020). Additionally, combined_‑
dmg_num treats NaNor unreported damage, including no visible damage, as zero under the assumption that
areas without reported damage are undamaged.

Additional impact variables are defined to support alternative analyses and visualizations. combined_dmg_‑
binary identifieswhether anydamage is present in a grid cell and combined_dmg_rawpreserves original NaN
values from Copernicus. For clustering and regression, combined_dmg_num is also categorized into ”none”,
“low”, and “high” damagebrackets in a combined_dmg_num_bracket variable basedonnatural breaks, using
the Jenks method, providing a simplified representation of impact intensity. This bracket column splits the
damage between 0 as none, 1‑2 as low, and 3 and above as high.

Copernicus EMS grading products offer systematically interpreted, event‑specific information on observed
physical damage to buildings and infrastructure. While they do not capture all dimensions of flood impact,
such as spatially detailed economic loss, affected population, or long‑term social consequences, they provide
consistent, spatially explicit damageassessmentsacross thecase studies. Usingcombineddamage indicators
at 100 m resolution therefore provides a pragmatic proxy for direct physical flood impacts that is suitable for
evaluating literature‑derived vulnerability indicators in the spatial analysis chapters.
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Table 3.1: Final operationalized indicator set, expanded from Table 2.1, including extensive/intensive variants of applicable indicators.
Country‑specific abbreviations are DE = Germany, IT = Italy, PL = Poland, ES = Spain.

Component Indicator (intensive
/ extensive)

Variable name Data sources (country) Additional notes (substitution / justification)

Hazard NDVI (I) ndvi Copernicus NDVI 2021 ‑
Hazard Elevation (masl) (I) dem_m Copernicus DEM 2011 ‑
Hazard Slope (I) slope Copernicus DEM 2011 ‑
Hazard Distance to nearest

river (I)
dist_river_m Copernicus DEM 2011, EU‑

Hydro (2020)
‑

Hazard HAND (I) hand_m Copernicus DEM 2011, EU‑
Hydro (2020)

‑

Susceptibility–
Physical

Building footprint
volume (E)

built_volume CopernicusGHSL (GHS‑BUILT‑
V)

As proxy for population density and for dasy‑
metric mapping (Hidayah et al., 2021)

Susceptibility–
Physical

Building footprint
surface (E)

built_surface CopernicusGHSL (GHS‑BUILT‑
S)

As proxy for population density (Hidayah et
al., 2021)

Susceptibility–
Physical

Road density (I) road_density_m_‑
per_km2

OpenStreetMap / OSMnx (pre‑
flood query)

‑

Susceptibility–
Physical

Distance to nearest
arterial/primary
road (I)

dist_nearest_pri‑
mary_road_m

OpenStreetMap / OSMnx (pre‑
flood query)

As proxy for accessibility from rural or re‑
moteareas (EuropeanCommission, JointRe‑
search Centre, 2023)

Susceptibility–
Physical

Distance to nearest
CI (I)

dist_nearest_criti‑
cal_infra_m

OpenStreetMap / OSMnx (pre‑
flood query)

Includes hospitals, fire departments, police
stations

Susceptibility–
Human

Persons per house‑
hold (I)

persons_per_‑
household

z22 2022 (DE), Istat 2021 (IT),
GUS BDL 2021 (PL), IneAtlas
2021 (ES)

Used as count‑based companion to
household‑size indicators; to gain spa‑
tial granularity

Susceptibility–
Human

Number of foreign‑
ers over population
(I)

foreign_share z22 2022 (DE), Istat 2021 (IT),
GUS BDL 2021 (PL), IneAtlas
2021 (ES)

Substitute foreign unemployment rate
(Fekete, 2010; Hamidi et al., 2025)

Susceptibility–
Human

Number of foreign‑
ers (E)

foreign_total z22 2022 (DE), Istat 2021 (IT),
GUS BDL 2021 (PL), IneAtlas
2021 (ES)

Substitute foreign unemployment rate
(Fekete, 2010; Hamidi et al., 2025); to gain
granularity

Susceptibility–
Human

Women over popu‑
lation (I)

women_per_pop INKAR 2021 (DE), Istat 2021
(IT), GUS BDL 2021 (PL), IneAt‑
las 2021 (ES)

Substitute for female unemployment rate
(Cutter et al., 2003; Fekete, 2010; Hamidi et
al., 2025)

Susceptibility–
Human

Women count (E) women_count INKAR 2021 (DE), Istat 2021
(IT), GUS BDL 2021 (PL), IneAt‑
las 2021 (ES)

To gain spatial granularity for gender compo‑
sition

Susceptibility–
Human

Dependency rate (I) age_dependency_‑
rate

WorldPop2020 (DE), 2022 (IT),
2023 (PL, ES)

Combines elderly and youth rate in one indi‑
cator (Fekete, 2010; Hamidi et al., 2025; Mor‑
agues et al., 2025)

Susceptibility–
Human

Elderly rate (65+
over population) (I)

elderly_rate WorldPop2020 (DE), 2022 (IT),
2023 (PL, ES)

‑

Susceptibility–
Human

Elderly count (65+
years) (E)

age_65_plus WorldPop2020 (DE), 2022 (IT),
2023 (PL, ES)

To gain spatial granularity

Susceptibility–
Human

Youth rate (<15 over
population) (I)

youth_rate WorldPop2020 (DE), 2022 (IT),
2023 (PL, ES)

Substitute for people with special needs

Susceptibility–
Human

Youth count (<15
years) (E)

age_under_15 WorldPop2020 (DE), 2022 (IT),
2023 (PL, ES)

To gain spatial granularity

Susceptibility–
Social

Income per house‑
hold (I)

income_mean_hh INKAR 2021 (DE), MEF/Zor‑
nade 2021 (IT), GUS BDL 2021
(PL), IneAtlas 2023 (ES)

‑

Susceptibility–
Social

Income total (E) income_total INKAR 2021 (DE), MEF/Zor‑
nade 2021 (IT), GUS BDL 2021
(PL), IneAtlas 2023 (ES)

To gain spatial granularity

Susceptibility–
Social

Number of people
below poverty line
(E)

poverty_count INKAR 2021 / z22 2022 (DE),
MEF/Zornade 2021 (IT), GUS
BDL 2024 (PL), IneAtlas 2023
(ES)

Substitute for poverty rate where the rate is
too coarse

Susceptibility–
Social

Employed people
over population (I)

employment_‑
rate_total

INKAR 2021 (DE), Istat 2021
(IT), GUS BDL 2021 (PL), IneAt‑
las 2021 (ES)

Substitute for unemployment rate

Susceptibility–
Social

Employed people
(E)

employed_per‑
sons_total

INKAR 2021 (DE), Istat 2021
(IT), GUS BDL 2021 (PL), IneAt‑
las 2021 (ES)

To gain spatial granularity

Susceptibility–
Social

Low education
(count, lower than
lower secondary)
(E)

edu_low_comp_‑
count

z22 2022 (DE), Istat 2021 (IT),
GUS BDL 2024 (PL), IneAtlas
2023 (ES)

Proxy for illiteracy (Moreira et al., 2021;
Tabasi et al., 2025)

Susceptibility–
Social

Single‑person
households (E)

hh_1_person_‑
count

z22 2022 (DE), MEF/Zornade
2021 (IT), GUS BDL 2021 (PL),
IneAtlas 2023 (ES)

Proxy for social isolation, often underrepre‑
sented (Hamidi et al., 2025)

Susceptibility–
Social

High education
(count, tertiary) (E)

edu_high_comp_‑
count

z22 2022 (DE), Istat 2021 (IT),
GUS BDL 2024 (PL), IneAtlas
2021 (ES)

Adds an education dimension to vulnerabil‑
ity (Fekete, 2010; Hamidi et al., 2025)



4
Spatial Analysis Methods

This chapter describes the spatial analysis methods used to examine the relationship between the vulnera‑
bility indicators constructed in the previous chapter and the observed flood impacts. The same sequence is
applied to each case study region. The analyses are conducted separately for each region, which means that
the number and composition of the kept indicators differs across countries, and this shapes the specific list
of variables that enters each subsequent step.

4.1. Analytical Workflow and Indicator Screening
The analytical workflowbeginswith dimensionality reduction to address redundancy among indicators, then
identifies spatial typologies through spatial clustering, and finally estimates the relationship between se‑
lected indicators and flood damage through spatial regression. Before this sequence begins, each indicator
is screened for meaningful spatial variation. Variables that show little variation across the study area, or that
are too sparse to provide interpretable spatial patterns, indicated by a share of non‑null, non‑zero grid cells
below a chosen threshold, are flagged for removal or reformulation. This screening step does not determine
indicator relevance on its own, but it helps ensure that only variables capable of contributing meaningfully
to clustering and regression are carried forward. Screening was informed by choropleth mapping of each
indicator, provided in full in Appendix B; the resulting screened indicator set is reported in Chapter 5.

This sequence is chosen because eachmethod answers a different analytical requisite. Dimensionality reduc‑
tion limits overlap between closely related indicators. Clustering identifies recurring combinations of condi‑
tions in space, while regression estimates the strength and direction of relationships with observed impacts.
All analyses are implemented in Python through Jupyter Notebooks, which provide a transparent and repro‑
ducible environment for data processing, model estimation, and visual inspection of intermediate outputs.

4.2. Blockwise Principal Component Analysis
Dimensionality reduction is applied before typology construction and regression modeling. Since the indica‑
tor set is assembled from multiple sources and conceptual domains, several variables are expected to mea‑
sure closely related processes. Leaving all of these variables unchangedwould risk redundancy, reduce inter‑
pretability, and potentially introduce multicollinearity in the later stages of the analysis.

4.2.1. Rationale for Blockwise PCA
Principal Component Analysis (PCA) is used to reduce the number of variables, but this comes with a con‑
straint. A global PCA would compress the full dataset into a small number of principal components (PCs),
which would make it difficult to preserve the specific conceptual content of the vulnerability domains. Since
the aim of the thesis is to identify spatial typologies of vulnerability rather than to replace the full indicator
system with a few abstract axes, PCA is required to maintain some level of granularity in the resulting indica‑
tors.
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4.2.2. Principal Component Extraction and Retention
Givenasetof standardized indicatorsZ = {z1, z2, . . . , zp}, eachwith zeromeanandunit variance, PCA findsa
set of orthogonal linear combinations of these variables, the principal components, that successively capture
the maximum remaining variance in the data (Jolliffe & Cadima, 2016). Formally, this is solved through the
eigendecomposition of the correlation matrixR ofZ

Rvi = λivi

where vi is the i‑th eigenvector and λi its corresponding eigenvalue. Each principal component is then con‑
structed as PCi = Zvi, a linear combination of the original variables weighted by the eigenvector, and the
i‑th component explains a share of the total variance equal to λi/

∑p
j=1 λj . Components are ordered so that

PC1 explains themost variance,PC2 the secondmost subject to being uncorrelatedwithPC1, and so on. In
practice, only enough components are retained to explain a chosen share of total variance, so that the small‑
est set of components satisfying

m∑
i=1

λi

/ p∑
i=1

λi ≥ τ

is kept, where τ is a chosen variance threshold andm ≤ p is the resulting number of retained components.
This thesis uses τ = 0.8, so that retained components jointly explain at least 80% of the variance within each
block.

There are two possibleways to implement PCA under this variance‑retention constraint. The first, adopted by
Tate et al. (2025) in constructing social vulnerability profiles, computes a zero‑order correlationmatrix within
thematic groups of indicators, defined in that study as components such as hazard or human susceptibility,
and then runs PCA on the remaining indicators, retaining a fixed number of PCs (seven in their case) for clus‑
tering. The second option uses clustering as the primary determinant of which variables enter PCA. In this
approach, variables are first grouped into blocks, which are then passed into the PCA algorithm. Blocks can
be defined either by proximity in the spatial‑temporal space, often used in image processing (Nishino et al.,
2005), or by correlation, as in Park et al. (2020) for multi‑omics data.

The approach chosen here combines these ideas. The indicator set is initially split into previously‑defined
components to ensure a fair representationof vulnerability. Given the relatively lownumberof indicators, this
split is simplified to hazard and susceptibility, rather than more detailed categories such as physical, social,
and human susceptibility. Following Rufat (2012), who notes that PCA performs better on rate variables than
on raw counts, the components are further divided into extensive and intensive variables. Although extensive
variables have already been transformed to an area‑based grid resolution, remaining differences in scalemay
still affect PCA behavior, so this additional split is introduced before applying blockwise PCA.

4.2.3. Correlation-Based Indicator Blocks
The block‑formation step is a variable‑grouping procedure where pairwise association between indicators is
assessed using Spearman’s rank correlation coefficient, which measures the strength and direction of mono‑
tonic relationships based on ranked values. This is appropriate for the indicator set because several variables
are skewed, sparse, or derived from counts and therefore may not satisfy the assumptions associated with
Pearson correlation. Each pair of indicators zi and zj is assigned a dissimilarity

d(zi, zj) = 1− |ρij |

where ρij is Spearman’s rank correlation coefficient. Variables are grouped into a block when their absolute
rank correlation exceeds the selected threshold, |ρij | ≥ ρ∗. This thesis uses ρ∗ = 0.9. PCA is then applied
to the standardized original variable values within each resulting block. Variables that do not belong to a
correlated block are retained as singletons. The reduced dataset is then carried forward to clustering and
regression.
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4.3. Spatial Clustering of Vulnerability Typologies
Spatial clustering is used to identify recurring indicator typologies in space. This spatial analysis is used to
identify towhat extent flood vulnerability characteristics cluster with actual flood impact zones. The purpose
of this step is to group grid cells that share similar combinations of susceptibility and hazard characteristics
and to examine whether particular types of clusters are more often associated with observed flood damage.
In this way, spatial clustering supports the identification of place‑based vulnerability profiles rather than only
variable‑by‑variable relationships. The clustering procedure is applied to the reduced dataset obtained from
the previous stage, and the resulting typologies are visualized spatially. The selected indicators and principal
components are standardized to zero mean and unit variance before being used as input for the clustering
algorithm, so that no single variable dominates the distance calculation due to differences in scale.

4.3.1. Selection of K-Means Clustering
Clustering algorithms themselves can take several forms. Saxena et al. (2017) distinguishes two methods of
clustering, which are hierarchical clustering and partitional clustering. Given a set of standardized grid cell
observations X = {x1, x2, . . . , xn}, where each xi ∈ Rp represents a grid cell described by p indicators,
bothmethods aim to partitionX into a set of k clustersC = {C1, C2, . . . , Ck}, such that observationswithin
a cluster aremore similar to each other than to observations in other clusters. The twomethods differ in how
this partition is actually constructed.

Hierarchical clustering builds clusters in a stepwise, agglomerative or divisive fashion. For an agglomerative
approach, it begins with each observation as its own cluster and successively merges the two closest clusters
until a single cluster remains, producing a dendrogram. A divisive approach reverses this process. All obser‑
vations initially belong to a single cluster, which is then divided into progressively smaller clusters. These
processes require a linkage criterion to define the distance between clusters. A common choice, and the one
used in the typology literature this thesis draws on (Rufat, 2012; Tate et al., 2025), is Ward’s method, an ag‑
glomerative hierarchical clustering which merges the pair of clusters Ci and Cj that minimizes the resulting
increase in the total within‑cluster sum of squares

∆(Ci, Cj) =
∑

x∈Ci∪Cj

∥x− c̄ij∥2 −
∑
x∈Ci

∥x− c̄i∥2 −
∑
x∈Cj

∥x− c̄j∥2

where c̄i, c̄j , and c̄ij are the centroids (or the arithmetic mean of the points in the cluster) ofCi,Cj , and their
union, respectively (Murtagh & Legendre, 2014). Ward’s method aims for low within‑cluster variability and
highbetween‑cluster variability at eachmerge, and it does not require a predefinedk to run, since thedendro‑
gram can be cut at any level to yield a different number of clusters after the process. However, this flexibility
comes at a computational cost (Yin et al., 2026). Agglomerative hierarchical clustering requires computing
and updating a full pairwise distancematrix across alln observations, giving a time complexity ofO(n2 log n)
and amemory complexity ofO(n2) for typical implementations. This becomes prohibitive at the grid resolu‑
tionandcase studyextentsused in this thesis,where thenumberof observations ranges fromseveral hundred
to over ten thousand cells per region.

By contrast, partition‑based clustering directly divides the data into a preset number of clusters acting as clus‑
ter centroids, and therefore requires the number of clusters, k, to be specified before running the algorithm.
K‑means, the partition‑based method used here, seeks the assignment of observations to clusters that mini‑
mizes the total within‑cluster sum of squares

argmin
C

k∑
i=1

∑
x∈Ci

∥x− µi∥2

whereµi is the centroid of clusterCi. This is solved iteratively through Lloyd’s algorithm (Lloyd, 1982). Cluster
centroids are initialized, each observation is assigned to its nearest centroid, centroids are recomputed as the
mean of their assigned observations, and this process repeats until assignments stabilize. Each iteration has
a time complexity ofO(nkp), which is substantially cheaper than hierarchical clustering’s pairwise distance
computation and makes k‑means manageable at the scale of the grid‑based dataset used in this thesis. The
trade‑off is that k‑means requires k to be specified in advance, and its Euclidean distance objective assumes
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clusters are roughly spherical and similarly sized, an assumption hierarchical clustering with Ward’s method
also shares but that neither method fully escapes (Saxena et al., 2017).

Given this computational constraint, the thesis proceedswith partition‑based k‑means clustering rather than
hierarchical clustering, followingcommonpractice invulnerability typologyworkat similar sample sizeswhere
the cost of pairwise hierarchical methods becomes difficult to justify.

Beyond k‑means, other partition‑based methods exist and are worth considering briefly. K‑medoids, also
known as Partitioning AroundMedoids (PAM), follows a similar logic to k‑means but replaces themean‑based
centroidwith amedoid, an actual observation from the dataset chosen tominimize total distance to the other
members of its cluster (Kaufman & Rousseeuw, 1990). This makes k‑medoids more robust to outliers, since a
mean can be pulled away from the bulk of a cluster by a single extreme observation, while a medoid always
remains a genuine data point. This thesis keeps outliers in the indicator set instead of removing them. An
unusually high value on a susceptibility or hazard indicator oftenmarks the kind of extreme condition the ty‑
pology ismeant to capture, so trimming it awaywould blunt the analysis instead of cleaning it up. K‑medoids’
resistance to outliers therefore offers little practical benefit, since those extreme values are being kept on pur‑
pose. K‑medoids also requires evaluating pairwise distances across all candidate medoids at each iteration,
giving it a computational cost closer to hierarchical clustering than to k‑means, which reintroduces the same
scalability concern raised above.

Gaussian Mixture Models (GMM) offer a different kind of flexibility. Rather than assigning each observation to
exactly one cluster, GMM treats the data as generated from a mixture of Gaussian distributions and assigns
each observation a probability of belonging to each cluster, fitted through the Expectation‑Maximization algo‑
rithm (Reynolds, 2009). This relaxes the assumption that clusters are spherical and similarly sized, since each
Gaussian component has its own covariance structure. Since the indicators used in this thesis are standard‑
ized before clustering, the added flexibility of GMM is less critical than it would be for raw, differently‑scaled
variables, and the additional complexity of fitting and validating a mixture model was judged not to be pro‑
portionate to the benefit for this application.

Given these trade‑offs, k‑means remains themost suitablepartition‑basedmethod for this thesis, as abalance
of computational feasibility and a standardized input space to reduce the impact of its underlying spherical‑
cluster assumption.

Since k is not determined internally by k‑means, it has to be tuned externally. This thesis uses four comple‑
mentary diagnostics combined into a single composite ranking.

The first is the elbow or inertia method, which examines the within‑cluster sum of squares as a function of
k and looks for the point where additional clusters stop reducing this value meaningfully. The second is the
silhouette score (Rousseeuw, 1987), which for each observation x compares itsmean distance to other points
in its own cluster, a(x), against its mean distance to points in the next‑nearest cluster, b(x)

s(x) =
b(x)− a(x)

max{a(x), b(x)}

where s(x) ∈ [−1, 1], with values closer to 1 indicating that x is well matched to its own cluster and poorly
matched to neighboring clusters. Averaged across all observations, the silhouette score gives a single mea‑
sure of cluster cohesion and separation for a given k.

The third and fourth diagnostics are the Calinski‑Harabasz index (Caliński & Harabasz, 1974) and the Davies‑
Bouldin index (Davies & Bouldin, 1979), both of which summarize cluster quality across the entire partition
rather than per observation. The Calinski‑Harabasz index compares between‑cluster dispersion to within‑
cluster dispersion

CH(k) =
tr(Bk)

tr(Wk)
· n− k

k − 1

where tr(Bk) is the trace of the between‑cluster dispersion matrix, tr(Wk) is the trace of the within‑cluster
dispersion matrix, and n is the total number of observations. Higher values indicate clusters that are dense
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and well separated, so the value of k that maximizes CH(k) is preferred. The Davies‑Bouldin index instead
measures, for each clusterCi, the worst‑case similarity to any other cluster

DB(k) =
1

k

k∑
i=1

max
j ̸=i

(
σi + σj

d(µi, µj)

)

where σi is the average distance of points inCi to their centroid µi, and d(µi, µj) is the distance between the
centroids of clustersCi andCj . Lower values indicatemore compact, well‑separated clusters, so the value of
k that minimizesDB(k) is preferred.

4.3.2. Selection of the Number of Clusters
Because the elbowmethod, silhouette score, Calinski‑Harabasz index, and Davies‑Bouldin index can each fa‑
vor a different value of k, this thesis follows practice similar to consensus‑based cluster validation tools such
as NbClust (Charrad et al., 2014), which combine multiple internal validation indices rather than relying on
a single one. The elbow method is treated separately from the remaining three diagnostics in the compos‑
ite score below, since the inertia decreases monotonically with k and therefore has no true optimum to be
rescaled, it instead serves as an initial qualitative check on the plausible range of k before the composite
score is computed. The silhouette, Calinski‑Harabasz, and Davies‑Bouldin scores are each rescaled to a com‑
mon 0 to 1 range across the tested values of k, with the Davies‑Bouldin scale inverted so that higher values
consistently indicate better performance across all three indices. These rescaled scores are then averaged
into a single composite score for each k, and the value of k with the highest composite score is selected. This
reduces the risk of choosing k based on a single diagnostic that happens to favor an atypical or unstable par‑
tition.

4.3.3. Identification of Impact-Prone Typologies
The resulting clusters represent different combinations of conditions within the study area. These typologies
are then compared against the mapped damage variables by overlaying the cluster map with flood impact
outcomes. Particular attention is paid to clusters that contain a relatively high concentration of damaged
cells, since these provide a first indication of which vulnerability typologies align with impact‑prone areas.

4.4. Spatial Regression of Flood Damage
Spatial regression is used to estimate the relationshipbetween the selected indicators and theobserved flood
damage variable. This step addresses the extent to which specific vulnerability and hazard indicators are as‑
sociated with the spatial distribution of impacts. Regression is appropriate because it allows the joint eval‑
uation of multiple independent variables against a dependent variable, while preserving the direction and
magnitude of the estimated relationships (Tanni et al., 2020). In a spatial context, however, the assumptions
of standard regressionmay be violated because nearby observations are oftenmore similar than distant ones.
This concern is consistent with Tobler’s first law of geography, which states that everything is related to every‑
thing else, but near things are more related than distant things (Tobler, 1970).

4.4.1. Regression Sample and Outcome Variable
The regression analysis was restricted to the observed‑event (OE) sample rather than the full area of inter‑
est (AOI). While the AOI provides broader spatial coverage, it includes a substantial number of grid cells that
were never inundated during the flood event, meaning any observed correlation between vulnerability indi‑
cators and damage in that sample would conflate two distinct processes, either the physical determinants of
floodoccurrence itself (captured largely by the hazard‑block indicators, such as elevation, slope, anddistance
to river) and the socio‑economic determinants of differential impact given exposure. Since the guiding sub‑
research question concerns the extent to which mapped vulnerability indicators correlate with actual flood
impact, the analysis sample was restricted to grid cells within the observed flood event footprint. Within
this sample, zero‑damage cells represent locations that were exposed to flooding but had no recorded dam‑
age. They do not combine unexposed cells with exposed but undamaged cells. This restriction isolates the
vulnerability–impact relationship from the confounding influence of hazard exposure and ensures that esti‑
mated associations reflect differential vulnerability rather than spatial variation in flood occurrence.

Initially, the target dependent variable was the combined_dmg_num that sums all damage columns. Consid‑
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ering the constraints of the impact variables values, which containmany zeros, valued as positive and having
small integers, exploration to other regressionmethods is warranted. Ordinal logit, Poisson, andHurdlemod‑
els are considered.

Poisson regression is a natural candidate for non‑negative integer outcomes, but the dependent variable is
not a true event count. It is a composite damage score derivedby summingCopernicus damage grades across
three infrastructure categories, making a count‑data framework a poor conceptual fit. Hurdle models were
also tested, but Poland’smodel failed to converge due to a non‑invertible Hessian, and the two‑part structure
implies a separate mechanism generating zeros, which is difficult to justify when zeros simply indicate no
recorded damage. Negative binomial regression was tested alongside Poisson as a check on overdispersion,
but dispersion values were low enough across all regions that neither offered a meaningful advantage over
the simpler Poisson specification, and the conceptual fit problem described above remained decisive.

Ordinal logistic regression is therefore used by shifting from combined_dmg_num to combined_dmg_num_‑
bracket, thus using the damage scores as three ordered brackets, none (0), low (scores 1‑2), and high (scores
3+). These thresholds are applied uniformly across all four countries. The proportional‑odds model respects
theorderednatureof damage severity andavoidsdistributional assumptions. For anoutcomewithJ ordered
categories, the model estimates the cumulative log‑odds of the outcome falling at or below category j as

log

(
P (y ≤ j)

P (y > j)

)
= αj −Xβ

for j = 1, . . . , J − 1, where αj is a category‑specific intercept, or cut point, and β is the vector of coeffi‑
cients shared across all category thresholds (McCullagh, 1980). This shared‑coefficient structure, known as
the proportional‑odds assumption, means each predictor is assumed to have the same effect on the odds of
moving to a higher damage category regardless of which threshold is being crossed.

4.4.2. Baseline Model and Multicollinearity Screening
The regression pipeline begins with a non‑spatial Ordinary Least Squares (OLS)model fitted to the full indica‑
tor set, of the general form

y = Xβ + ε

where y is the observed damage outcome,X is thematrix of selected indicators, β is the vector of coefficients
to be estimated, and ε is the error term. This baseline model provides a reference against which the added
explanatory value of spatial structure can later be assessed.

Multicollinearity is then assessed using the Variance Inflation Factor (VIF), calculated for each indicator k as

V IFk =
1

1−R2
k

whereR2
k is the coefficient of determination obtained from regressing indicator k on all remaining indicators

in themodel (O’Brien, 2007). A high V IFk indicates that indicator k is well explained by a linear combination
of the other predictors, meaning its own coefficient estimate becomes unstable and difficult to interpret. Indi‑
cators exceeding a chosen VIF threshold are removed before the pipeline can proceed, since retaining highly
collinear predictors inflates the variance of the coefficient estimates and can destabilize the model, in some
cases preventing it from converging at all. This underlines the importance of managing multicollinearity be‑
fore regression, and is one reason PCA is applied as a preceding step. The VIF threshold used throughout this
thesis is 5.

4.4.3. Spatial Weights and Residual Spatial Dependence
The spatial weightsmatrixW is constructed using a k‑nearest‑neighbors criterion, where each grid cell is con‑
nected to its eight nearest neighbors based on the Euclidean distance between cell centroids (Rey & Anselin,
2009). A k‑nearest‑neighbors criterion is used rather than contiguity‑based weights (for example, queen or
rook adjacency) because it guarantees a fixed, non‑zero number of neighbors for every observation regard‑
less of local grid irregularities, such as gaps at the edge of the populated grid or along the boundary of the
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flood footprint, where a contiguity‑based approach could otherwise leave some cells with few or no neigh‑
bors. The resultingweightsmatrix is row‑standardized, so that each row ofW sums to one and the spatial lag
of a variable represents the average value among a cell’s k nearest neighbors rather than their raw sum.

Whether spatial regression is actually needed can be assessed ex‑ante, where it justifies the need for a spatial
model before running one, by testing the residuals of the initial OLS model for spatial autocorrelation using
Moran’s I (Moran, 1950)

I =
n∑

i

∑
j wij

·
∑

i

∑
j wij(ei − ē)(ej − ē)∑

i(ei − ē)2

4.4.4. Spatial Lag of X Model
Several spatial regression specifications are available, depending on where the spatial dependence is as‑
sumed to lie (Rüttenauer, 2019). Spatial autoregressive models (SAR or SLM) introduce a spatial lag of the
dependent variable. Spatial error models (SEM) locate the dependence in the error term. Spatial lag of X
models (SLX) introduce spatially lagged covariates instead. More complex combinations of these structures
arealsopossible, including spatial autoregressive combined (SAC), spatialDurbinmodel (SDM), spatialDurbin
error model (SDEM), and the general nesting specification (GNS).

Determining which model to use can be done in two ways. The first is through the use of Lagrangemultiplier
(LM) tests for lag and error, with the higher LM value determining the model to use. However, Rüttenauer
(2019) argues that theoretical considerations should drive the model selection by identifying which sources
of spatial dependence are plausible in the empirical setting. As a result, rather than relying on LM test com‑
parisons, this thesis follows the theory‑driven approach.

Because the researchquestion focuseson the relationshipbetween local vulnerability indicators, neighboring
vulnerability conditions, andobserveddamage, theSpatial Lagof X (SLX)model is selectedas theprimary spa‑
tial specification. SLX is considered because it estimates the effect of neighboring covariates directly, which
is relevant in a flood context where nearby socio‑economic and infrastructural conditionsmay influence local
impacts. Monte Carlo evidence suggests that SLX can yield accurate direct effects and relatively less biased
indirect effects under several realistic conditions (Rüttenauer, 2019).

The general form of the selectedmodel is given below

y = Xβ +WXθ + ε

for the SLX specification, whereWX represents the spatial lag of the covariates and θ their associated coef‑
ficients. Combined with the ordinal specification described above, the covariatesX include both the direct
indicator values and their spatial lagsWX , so that the full model estimates the effect of both local and neigh‑
boring conditions on the ordered probability of observing low or high flood damage.

4.4.5. Hazard-Only Control Model
Finally, a hazard‑only control model is estimated to assess whether the inclusion of vulnerability indicators
improves explanatory performance relative to hazard conditions alone. This is used to test whether vulnera‑
bility indicators meaningfully improve model fit relative to hazard variables alone.



5
Spatial Analysis Results

This chapter directly addresses SQ 2, using blockwise PCA, spatial clustering, and spatial regression to assess
the extent to which themapped vulnerability indicators cluster and correlate with the observed flood impact
zones across the four case studies. The same sequence of methods, described in the previous chapter, is
applied to each case study region. Results are organized by analytical step, with separate subsections for
Germany, Italy, Poland, and Spain. This structure presents the case‑specific outputs before the cross‑case
synthesis developed in the Discussion chapter.

Each indicator was visually screened via choropleth mapping prior to dimensionality reduction to confirm
meaningful spatial variation and flag any that appeared uniform or too sparse for interpretation. The full set
of choropleths for all indicators and regions is provided in Appendix B for reference.

5.1. Blockwise PCA Results
BlockwisePrincipal ComponentAnalysis (PCA) is used to reduce redundancyamongclosely related indicators
while preserving the conceptual content of the vulnerability domains. This section reports the correlation
structures, the resulting components, and the reduced indicator sets for each region.

5.1.1. Grouping Variables by Measurement Type
The initial plan was to execute the blockwise PCA per framework component segmentation, which splits vari‑
ables into hazard, physical susceptibility, human susceptibility, and social susceptibility. However, a prior
global blockwise PCA run, where variables are not segmented into components, reveals that extensive vari‑
ables often cluster together regardless of component segmentation. This prompted a comparison of alterna‑
tive variable‑grouping specifications.

Two blockwise PCA specifications were evaluated. The first iteration splits the variables to components and
subsequently into intensive and extensive. The second iteration only splits them based on intensive and ex‑
tensive variables. The resulting PCs reveal that extensive and intensive variables cluster across components.
For this reason, this thesis proceedswith the latter iteration, where variables are initially separated into inten‑
sive (int) and extensive (ext) before executing the blockwise PCA.

5.1.2. PCA Screening and Block Formation
The specification of this process is as follows. After filtering to only populated grids, variables withmore than
50% null values are removed to maintain sample size. Two parameters are tuned to ensure the variability of
the final variable list, the PC variance threshold and the correlation threshold. The PC variance threshold is
kept at 0.8, and the correlation threshold (rho) is at 0.9. Previous runs utilized 0.7 and 0.8 thresholds respec‑
tively, and this resulted in a more heavily reduced indicator set with limited remaining variation. However,
this is a limitation as these initial values are based on common practice for both specifications, and a proper
sensitivity analysis might improve the selection. For ease of reading, this section presents only the retained
variable blocks whose pairwise correlations meet the selected threshold of |ρ| ≥ 0.9. The corresponding
correlations are statistically significant, and PCA loadings are rounded to two decimal places.

30
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5.1.3. PCA Results and Reduced Indicator Set: Germany
For German indicators, blockwise PCA generated three principal components. The first PC combines two in‑
tensive variables, age_dependency_rate and elderly_rate, with positive loadings, forming the elderly_depen‑
dency_pc variable. Subsequent PCs occur in the extensive variables, with built_surface and built_volume
combined into one built_mass PC, while several extensive variables coagulate into another PC consisting of
the counts of the elderly, the young, both high and low education completion, employed people, andwomen,
forming the sociodemographic_mass_pc variable. The detailed loading values in Table 5.1a show that each
PC has an almost uniform positive loading across its variables, indicating that these components behave sim‑
ply as aggregates of age structure, builtmass, and socio‑demographic volumewithout any contrasts between
individual indicators.

The final list of indicators for Germany is shown in Table 5.1b. The removed variables depicted in the table
did not pass the 50% non‑null threshold. From this view it is clear that all remaining extensive variables are
combined into principal components, while most intensive variables are retained as singletons.

5.1.4. PCA Results and Reduced Indicator Set: Italy
The indicators for Italy show a different pattern compared to Germany, particularly with a lack of intensive
variable clustering and a clearer separation between the extensive variables. The first extensive PC combines
built surface and built volume with identical positive loadings, and is interpreted as a built_mass_pc compo‑
nent. The second extensive PC groups age structurewith incomeandpoverty, with age_65_plus, age_under_‑
15, income_total, andpoverty_count all loadingaround0.50, forming theage_income_poverty_pcvariable. A
third extensive PC aggregateswomen_count, edu_low_comp_count, and employed_persons_total with simi‑
larpositive loadingsaround0.58, shaping thewomen_labor_education_pccomponent. Inapattern similar to
Germany’s, the nearly uniform, positive loadings in Table 5.2a indicate that each Italian component behaves
as an approximately equally weighted composite of the contributing indicators, rather than representing a
contrast between individual variables.

The final indicator set for Italy is summarized in Table 5.2b. All intensive variables, covering hazard, physical,
and human susceptibility, are retained as singletons. Extensive indicators, in contrast, are mostly combined
into the three previously described principal components. Only a few extensive variables (foreign_total, hh_‑
1_person_count, edu_high_comp_count) remain as separate singletons.

5.1.5. PCA Results and Reduced Indicator Set: Poland
The correlation of Polish indicators reveals threemain groups of strongly related variables. The first intensive
PCcombines income_mean_hhandpersons_per_householdwith equal positive loadings, forming thehouse‑
hold_income_size_pc component. The first extensive PC groups built_surface and built_volume with identi‑
cal loadings, again forming a built_mass_pc component similar to Germany and Italy. A second extensive
PC brings together awider set of demographic and socio‑economic counts, with age_65_plus, age_under_15,
edu_high_comp_count, edu_low_comp_count, employed_persons_total, hh_1_person_count, income_to‑
tal, poverty_count, and women_count all loading in a narrow range around 0.32–0.34. This pattern is largely
similar to Germany’s, suggesting a broad population and human‑capital magnitude component rather than
separate age or poverty axes, and labeled as a sociodemographic_mass_pc. The almost uniform, positive
loadings in Table 5.3a therefore indicate that the Polish PCs act as simple aggregates of household socioeco‑
nomic status, built mass, and overall demographic–labor volume.

The final indicator set for Poland is summarized in Table 5.3b. Intensive variables, with the exception of in‑
come_mean_hh and persons_per_household, are retained as singletons. The inverse is true for extensive in‑
dicators, where almost every indicator is combined into the built_mass PC and the broad demographic–labor
PC described above, while foreign_total remains as a separate singleton.

5.1.6. PCA Results and Reduced Indicator Set: Spain
The correlation for the Spanish indicators reveals the same main groups as Germany. The first intensive PC
combines age_dependency_rate and elderly_rate with identical positive loadings of 0.71, so this component
summarizes the joint variation of these two aging indicators, forming the elderly_dependency_pc. The first
extensive PC again groups built_surface and built_volumewith equal loadings of 0.71, forming a built_mass_‑
pc component. A second extensive PC combines a wider set of socio‑demographic counts, with age_65_plus,
age_under_15, edu_high_comp_count, edu_low_comp_count, employed_persons_total, foreign_total, hh_‑
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Table 5.1: PCA loadings and screening for Germany

(a) PCA loadings by block and principal component

intensive (int) extensive (ext)

variable block 1 pc1
elderly_dependency_pc

block 1 pc1
built_mass_pc

block 2 pc1
sociodemographic_mass_pc

age_dependency_rate 0.71
elderly_rate 0.71
built_surface 0.71
built_volume 0.71
age_65_plus 0.39
age_under_15 0.40
edu_high_comp_count 0.42
edu_low_comp_count 0.41
employed_persons_total 0.42
women_count 0.42

(b) Screening and feature construction

type component variable action

int h_sus age_dependency_rate PCA elderly_dependency_pc
int h_sus elderly_rate PCA elderly_dependency_pc
int hazard ndvi singleton
int hazard dem_m singleton
int hazard slope singleton
int hazard dist_river_m singleton
int hazard hand_m singleton
int p_sus road_density_m_per_km2 singleton
int p_sus dist_nearest_primary_road_m singleton
int p_sus dist_nearest_critical_infra_m singleton
int h_sus women_per_pop singleton
int h_sus youth_rate singleton
int s_sus income_mean_hh singleton
int s_sus employment_rate_total singleton
int h_sus persons_per_household removed (low non‑null)
int h_sus foreign_share removed (low non‑null)

ext p_sus built_surface PCA built_mass_pc
ext p_sus built_volume PCA built_mass_pc
ext h_sus age_65_plus PCA sociodemographic_mass_pc
ext h_sus age_under_15 PCA sociodemographic_mass_pc
ext h_sus women_count PCA sociodemographic_mass_pc
ext s_sus edu_high_comp_count PCA sociodemographic_mass_pc
ext s_sus edu_low_comp_count PCA sociodemographic_mass_pc
ext s_sus employed_persons_total PCA sociodemographic_mass_pc
ext h_sus foreign_total removed (low non‑null)
ext s_sus income_total removed (low non‑null)
ext s_sus poverty_count removed (low non‑null)
ext s_sus hh_1_person_count removed (low non‑null)
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Table 5.2: PCA loadings and screening for Italy

(a) PCA loadings by block and principal component

extensive (ext)

variable block 1 pc1
built_mass_pc

block 2 pc1
age_income_poverty_pc

block 3 pc1
women_labor_education_pc

built_surface 0.71
built_volume 0.71
age_65_plus 0.50
age_under_15 0.50
income_total 0.50
poverty_count 0.50
edu_low_comp_count 0.58
employed_persons_total 0.58
women_count 0.58

(b) Screening and feature construction

type component variable action

int hazard ndvi singleton
int hazard dem_m singleton
int hazard slope singleton
int hazard dist_river_m singleton
int hazard hand_m singleton
int p_sus road_density_m_per_km2 singleton
int p_sus dist_nearest_primary_road_m singleton
int p_sus dist_nearest_critical_infra_m singleton
int h_sus persons_per_household singleton
int h_sus age_dependency_rate singleton
int h_sus elderly_rate singleton
int h_sus youth_rate singleton
int h_sus foreign_share singleton
int h_sus women_per_pop singleton
int s_sus income_mean_hh singleton
int s_sus employment_rate_total singleton

ext p_sus built_surface PCA built_mass_pc
ext p_sus built_volume PCA built_mass_pc
ext h_sus age_65_plus PCA age_income_poverty_pc
ext h_sus age_under_15 PCA age_income_poverty_pc
ext s_sus income_total PCA age_income_poverty_pc
ext s_sus poverty_count PCA age_income_poverty_pc
ext h_sus women_count PCA women_labor_education_pc
ext s_sus edu_low_comp_count PCA women_labor_education_pc
ext s_sus employed_persons_total PCA women_labor_education_pc
ext h_sus foreign_total singleton
ext s_sus hh_1_person_count singleton
ext s_sus edu_high_comp_count singleton
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Table 5.3: PCA loadings and screening for Poland

(a) PCA loadings by block and principal component

intensive (int) extensive (ext)

variable block 1 pc1
household_income_size_pc

block 1 pc1
built_mass_pc

block 2 pc1
sociodemographic_mass_pc

income_mean_hh 0.71
persons_per_household 0.71
built_surface 0.71
built_volume 0.71
age_65_plus 0.32
age_under_15 0.32
edu_high_comp_count 0.34
edu_low_comp_count 0.34
employed_persons_total 0.34
hh_1_person_count 0.34
income_total 0.34
poverty_count 0.34
women_count 0.34

(b) Screening and feature construction

type component variable action

int h_sus persons_per_household PCA household_income_size_pc
int s_sus income_mean_hh PCA household_income_size_pc
int hazard ndvi singleton
int hazard dem_m singleton
int hazard slope singleton
int hazard dist_river_m singleton
int hazard hand_m singleton
int p_sus road_density_m_per_km2 singleton
int p_sus dist_nearest_primary_road_m singleton
int p_sus dist_nearest_critical_infra_m singleton
int h_sus age_dependency_rate singleton
int h_sus elderly_rate singleton
int h_sus youth_rate singleton
int h_sus women_per_pop singleton
int h_sus foreign_share singleton
int s_sus employment_rate_total singleton

ext p_sus built_surface PCA built_mass_pc
ext p_sus built_volume PCA built_mass_pc
ext h_sus age_65_plus PCA sociodemographic_mass_pc
ext h_sus age_under_15 PCA sociodemographic_mass_pc
ext h_sus women_count PCA sociodemographic_mass_pc
ext s_sus edu_high_comp_count PCA sociodemographic_mass_pc
ext s_sus edu_low_comp_count PCA sociodemographic_mass_pc
ext s_sus employed_persons_total PCA sociodemographic_mass_pc
ext s_sus hh_1_person_count PCA sociodemographic_mass_pc
ext s_sus income_total PCA sociodemographic_mass_pc
ext s_sus poverty_count PCA sociodemographic_mass_pc
ext h_sus foreign_total singleton
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Table 5.4: PCA loadings and screening for Spain

(a) PCA loadings by block and principal component

intensive (int) extensive (ext)

variable block 1 pc1
elderly_dependency_pc

block 1 pc1
built_mass_pc

block 2 pc1
sociodemographic_mass_pc

age_dependency_rate 0.71
elderly_rate 0.71
built_surface 0.71
built_volume 0.71
age_65_plus 0.32
age_under_15 0.31
edu_high_comp_count 0.32
edu_low_comp_count 0.31
employed_persons_total 0.34
foreign_total 0.31
hh_1_person_count 0.34
income_total 0.30
poverty_count 0.27
women_count 0.34

(b) Screening and feature construction

type component variable action

int h_sus age_dependency_rate PCA elderly_dependency_pc
int h_sus elderly_rate PCA elderly_dependency_pc
int hazard ndvi singleton
int hazard dem_m singleton
int hazard slope singleton
int hazard dist_river_m singleton
int hazard hand_m singleton
int p_sus road_density_m_per_km2 singleton
int p_sus dist_nearest_primary_road_m singleton
int p_sus dist_nearest_critical_infra_m singleton
int h_sus persons_per_household singleton
int h_sus youth_rate singleton
int h_sus women_per_pop singleton
int h_sus foreign_share singleton
int s_sus income_mean_hh singleton
int s_sus employment_rate_total singleton

ext p_sus built_surface PCA built_mass_pc
ext p_sus built_volume PCA built_mass_pc
ext h_sus age_65_plus PCA sociodemographic_mass_pc
ext h_sus age_under_15 PCA sociodemographic_mass_pc
ext h_sus foreign_total PCA sociodemographic_mass_pc
ext h_sus women_count PCA sociodemographic_mass_pc
ext s_sus edu_high_comp_count PCA sociodemographic_mass_pc
ext s_sus edu_low_comp_count PCA sociodemographic_mass_pc
ext s_sus employed_persons_total PCA sociodemographic_mass_pc
ext s_sus hh_1_person_count PCA sociodemographic_mass_pc
ext s_sus income_total PCA sociodemographic_mass_pc
ext s_sus poverty_count PCA sociodemographic_mass_pc
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1_person_count, income_total, poverty_count, and women_count all loading between about 0.27 and 0.34,
forming a broad sociodemographic_mass_pc variable. The nearly uniform, positive values in Table 5.4a indi‑
cate that these Spanish components act as an equally weighted composite of dependency, built mass, and
broad demographic‑labor volume within their respective blocks.

The final indicator set for Spain is given in Table 5.4b. Similar to Germany and Poland, all intensive variables
are kept as singletons, except for age_dependency_rate and elderly_rate, which enter through the intensive
PC. Extensive indicators are combined into the built‑mass PC (built_surface and built_volume) and the socio‑
demographic PC that aggregates age, education, employment, foreign_total, hh_1_person_count, income_‑
total, poverty_count, and women_count. In Spain, therefore, all extensive variables are represented through
principal components, while the hazard and most intensive socio‑demographic indicators remain in a form
that is straightforward to interpret in the spatial regression.

5.2. Spatial Clustering Results
Spatial clustering is used to identify recurring combinations of vulnerability conditions in the reduced indi‑
cator space. This section presents the cluster specifications and profiles, and how the damaged grids are
distributed among them. The damage is classified using the combined_dmg_num_bracket variable, which
groups combined_dmg_num variables into none, low, and high, with none having no damage, low ranging
from 1‑2 (representing Copernicus’ possibly damaged and damaged gradings), and high representing 3 and
above, either destroyed infrastructure or more than one damaged infrastructure category.

5.2.1. Selection of the Number of Clusters
Following the composite scoring procedure described in Chapter 4, the optimal number of clusters is deter‑
mined separately for each region. Three of the four regions converge on a composite‑optimal k = 3, while
Italy instead converges clearly on k = 2, with its composite scores at k = 2 substantially higher than any alter‑
native. The normalized validation indices used to select k are reported in the tables below, with the selected
value shaded. The corresponding inertia, silhouette, Calinski–Harabasz, andDavies–Bouldin diagnostic plots,
together with the raw non‑normalized values across the full tested range of k, are provided in Appendix C.

Germany
Inertia decreases monotonically with k and does not show a sharp bend, so it offers little guidance beyond
rulingout very small valuesofk. Silhouette scorespeakatk = 3anddecline steadily afterward,whileCalinski‑
Harabasz also peaks at k = 3 before falling off. Davies‑Bouldin instead favors somewhat larger values of k,
reaching its best (lowest) raw value around k = 8, though this comes at the cost of much weaker silhou‑
ette and Calinski‑Harabasz scores at that point. The composite score reconciles this disagreement in favor
of k = 3, which achieves the strongest silhouette and Calinski‑Harabasz normalized scores while remaining
reasonably competitive on Davies‑Bouldin.

Table 5.5: Normalized clustering validation indices by number of clusters for Germany.

k silhouette calinski_harabasz davies_bouldin normalized_average

2 0.588 0.998 0.000 0.529
3 1.000 1.000 0.744 0.915
4 0.513 0.791 0.976 0.760
5 0.532 0.544 0.580 0.552
6 0.232 0.391 0.631 0.418
7 0.217 0.269 0.683 0.390
8 0.192 0.169 1.000 0.454
9 0.088 0.079 0.943 0.370

10 0.000 0.000 0.731 0.244

Italy
Italy shows the clearest signal of the four regions. Silhouette, Calinski‑Harabasz, andDavies‑Bouldin all reach
their best value at k = 2, and the gap to the next‑best candidate is large across all three indices. This agree‑
ment is reflected directly in the composite score, which reaches its maximum of 1.000 at k = 2 and drops
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sharply for every larger k tested. Unlike the other three regions, no reconciliation between conflicting indices
is needed here, all three diagnostics point to the same, low value of k.

Table 5.6: Normalized clustering validation indices by number of clusters for Italy.

k silhouette calinski_harabasz davies_bouldin normalized_average

2 1.000 1.000 1.000 1.000
3 0.141 0.632 0.244 0.339
4 0.194 0.539 0.373 0.369
5 0.214 0.419 0.409 0.347
6 0.037 0.333 0.040 0.137
7 0.046 0.214 0.151 0.137
8 0.005 0.127 0.015 0.049
9 0.000 0.058 0.068 0.042

10 0.020 0.000 0.000 0.007

Poland
Silhouette andDavies‑Bouldin both favor k = 3, while Calinski‑Harabasz peaks slightly earlier at k = 2before
declining. This is a smaller disagreement than in Germany, since Calinski‑Harabasz’s score at k = 3 (0.604) re‑
mains the second‑highest value on that index rather than a distant alternative. The composite score resolves
this in favor of k = 3, driven primarily by its strong, near‑maximal silhouette and Davies‑Bouldin scores at
that point.

Table 5.7: Normalized clustering validation indices by number of clusters for Poland.

k silhouette calinski_harabasz davies_bouldin normalized_average

2 0.926 1.000 0.000 0.642
3 1.000 0.604 0.892 0.832
4 0.544 0.563 0.982 0.696
5 0.512 0.422 0.808 0.581
6 0.451 0.296 0.934 0.560
7 0.058 0.234 0.818 0.370
8 0.000 0.141 0.975 0.372
9 0.013 0.068 1.000 0.360

10 0.136 0.000 0.936 0.357

Spain
As in Poland, silhouette favors k = 3 while Calinski‑Harabasz peaks slightly earlier at k = 2. Davies‑Bouldin
behaves less predictably here, its best raw value falls at k = 10, but this comes alongside weak silhouette
and Calinski‑Harabasz scores at that point, so its influence on the composite score is limited by the other two
indices. The composite score peaks at k = 3, driven by its maximal silhouette score and a comparatively
strong Calinski‑Harabasz value relative to the remaining candidates.

Table 5.8: Normalized clustering validation indices by number of clusters for Spain.

k silhouette calinski_harabasz davies_bouldin normalized_average

2 0.760 1.000 0.000 0.587
3 1.000 0.772 0.493 0.755
4 0.236 0.576 0.501 0.438
5 0.326 0.361 0.813 0.500
6 0.000 0.226 0.521 0.249
7 0.440 0.158 0.759 0.452
8 0.490 0.100 0.899 0.496
9 0.452 0.049 0.972 0.491

10 0.314 0.000 1.000 0.438
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(a) Cluster map with damage overlay

(b) Cluster feature profiles and damage distribution by cluster

Figure 5.1: Spatial clustering map of Germany, cluster profiles, and histogram of damage distribution.
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Table 5.9: Damage distribution by cluster in Germany

Cluster No dmg Low dmg High dmg Total grids Any‑dmg (%) High‑dmg (%)

Rural Upscale Periphery 4189 0 0 4189 0.00 0.00
River Valley Slopes 6982 255 172 7409 5.76 2.32
Urban Core 1808 192 178 2178 16.99 8.17

5.2.2. Cluster Typologies and Damage Distribution: Germany
ForGermany, the three clustering typologies aremappedover populatedareas in the studyarea in Figure 5.1a,
and with areas experiencing damage shown within the red line. The cluster profiles and the corresponding
damage grid distributions in Figure 5.1b are described below.

Cluster 0, mainly present in the rural parts of the study area, has higher standardized values (z‑scores) for
distance to the nearest primary road, distance to the nearest critical infrastructure, distance to river, elevation,
HAND, andaveragehousehold income than theother clusters. NDVI is also thehighest in this cluster, although
less pronounced than the other variables. In contrast, it has the lowest values for employment rate, women
per population, youth rate, and the extensive sociodemographic mass PC. This cluster contains 4,189 cells
and no observed damage of either grade. It is labeled the ”rural upscale periphery” cluster.

Cluster 1 has mostly intermediate z‑scores compared with the other two clusters. Slope is strongly positive,
consistent with its grids being located along river valleys in the cluster map. Its main negative profile drivers
are theaginganddependencyPC, roaddensity, and, toa lesser extent, thebuilt‑massPC. This cluster contains
7,409 cells, the largest of the three, and 255 low‑damage and 172 high‑damage grids, giving an any‑damage
share of 5.76% and a high‑damage share of 2.32%. In themap, the grids in this cluster tend to border those in
Cluster 2, wrapping around them along the outskirts. This cluster is labeled the ”river valley slopes” cluster.

Cluster 2 has higher standardized means (z‑scores) for the aging and dependency PC, road density, youth
rate, both the built‑mass and the socio‑demographic mass PCs, and slightly higher values for women per
population. Its strongest negative values are for NDVI, slope, distance to the nearest critical infrastructure,
elevation, HAND, and average household income. Distance to the nearest primary road and distance to river
also shownegative values, although less pronounced. Cluster 2 contains only 2,178 cells but 192 low‑damage
and 178 high‑damage grids, giving an any‑damage share of 16.99% and a high‑damage share of 8.17%, the
highest of the three. In the map, grids in this cluster are concentrated near urban centers in the Ahrweiler
district. This cluster is labeled the ”urban core” cluster.

Cluster 1 therefore holds the largest absolute number of damaged grids, while Cluster 2 holds the highest
concentration of damage relative to its size.

5.2.3. Cluster Typologies and Damage Distribution: Italy
Table 5.10: Damage distribution by cluster in Italy

Cluster No dmg Low dmg High dmg Total grids Any‑dmg (%) High‑dmg (%)

Rural Periphery 98097 3312 236 101645 3.49 0.23
Urban Core 3878 436 74 4388 11.62 1.69

Italy’s two clusters immediately manifest as urban centers and outskirts, mapped in Figure 5.2a, with the
Ravenna city proper in the big dot slightly on the right. The cluster profiles as well as the damaged grids
are described belowbased on Figure 5.2b. Due to there being only two clusters, comparisons focusmainly on
which variables show a positive standardized z‑score for one cluster relative to the other.

Cluster 0, labeled the ”rural periphery” cluster, covers most of the study area and contains 101,645 cells. It is
concentrated in rural areas outside the main population centers, with high values for NDVI, distance to near‑
est primary road, distance to nearest critical infrastructure, elevation, slope, persons per household, average
household income, employment rate, age dependency rate, elderly rate, and youth rate. Population‑related
extensive variables are low. This cluster contains the largest absolute number of damaged cells, with 3,312
low‑damageand236high‑damagegrids, corresponding to anany‑damage share of 3.49%andahigh‑damage
share of 0.23%.
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(a) Cluster map with damage overlay

(b) Cluster feature profiles and damage distribution by cluster

Figure 5.2: Spatial clustering map of Italy, cluster profiles, and histogram of damage distribution.
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Cluster 1 is concentrated in Ravenna and the other populated centers within the study area. It shows the
opposite profile to Cluster 0, with higher standardized values for the built‑mass PC, the age‑income‑poverty
PC, the women‑labor‑education PC, foreign population count, single‑person household count, and higher
education count. Road density and proximity to primary roads and critical infrastructure are also elevated,
while NDVI and distance to river are lower. This cluster contains only 4,388 cells, far fewer than Cluster 0,
but its 436 low‑damage and 74 high‑damage grids correspond to an any‑damage share of 11.62% and a high‑
damage share of 1.69%, both well above Cluster 0’s. This cluster is labeled the ”urban core” cluster.

Cluster 0 therefore holds the largest absolute number of damaged grids, while Cluster 1 holds the highest
concentration of damage relative to its size.

5.2.4. Cluster Typologies and Damage Distribution: Poland
Table 5.11: Damage distribution by cluster in Poland

Cluster No dmg Low dmg High dmg Total grids Any‑dmg (%) High‑dmg (%)

Rural Periphery 21142 337 154 21633 2.27 0.71
Suburban Family Belt 32151 106 13 32270 0.37 0.04
Urban Core 2011 135 16 2162 6.98 0.74

In Poland, the clusters are spread across the study area, pictured in Figure 5.3a. Cluster 0 forms an outer band
around Cluster 2. Cluster 1 is more widely distributed along road networks. Cluster 2 is concentrated in cities
and population centers, with the city of Klodzko near the center of the cluster map. The profile descriptions
based on Figure 5.3b are given below.

Cluster 0 has a high standardized cluster mean (z‑score) for distance to the nearest primary road, distance to
the nearest critical infrastructure, distance to river, HAND, and, to a lesser extent, NDVI, elevation, and slope.
Employment rate has a strongly negative profile in this cluster. It contains 21,633 cells, the largest absolute
number of damaged grids among the three Polish clusters, with 337 low‑damage and 154 high‑damage grids,
an any‑damage share of 2.27%andahigh‑damage share of 0.71%. This cluster is labeled the ”rural periphery”
cluster.

Cluster 1 has a highmean z‑score for the incomeandpersons‑per‑household PC, employment rate, and youth
rate. It has strongly negative scores for women per population, foreign share, age dependency, and elderly
rate. This is the largest Polish cluster by grid count, with 32,270 cells, yet it contains the fewest damaged grids,
106 low‑damage and 13 high‑damage, giving the lowest any‑damage share of the three clusters at 0.37% and
a high‑damage share of 0.04%. This cluster is labeled the ”suburban family belt” cluster.

Cluster 2 has a high score for road density, women per population, and the extensive variables, and a moder‑
ately high score for foreign share. It is the smallest Polish cluster, with 2,162 cells, but has the highest damage
concentration of the three, with 135 low‑damage and 16 high‑damage grids corresponding to an any‑damage
share of 6.98% and a high‑damage share of 0.74%. This cluster is labeled the ”urban core” cluster.

Cluster 0 therefore holds the largest absolute number of damaged grids, while Cluster 2 holds the highest
concentration of damage relative to its size.

5.2.5. Cluster Typologies and Damage Distribution: Spain
Table 5.12: Damage distribution by cluster in Spain

Cluster No dmg Low dmg High dmg Total grids Any‑dmg (%) High‑dmg (%)

Rural Elderly Periphery 51744 150 110 52004 0.50 0.21
Employed Residential Belt 115062 3156 816 119034 3.34 0.69
Urban Core 15105 1621 612 17338 12.88 3.53

In Spain, the clusters are distributed across the study area, with Cluster 0 and Cluster 1 forming widespread
patterns and Cluster 2 concentrated around urban centers and along the main damage corridor. The cluster
map in Figure 5.4a shows damaged grids overlaying these clusters, and the profiles and damage counts are
summarized in Figure 5.4b.
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(a) Cluster map with damage overlay

(b) Cluster feature profiles and damage distribution by cluster

Figure 5.3: Spatial clustering map of Poland, cluster profiles, and histogram of damage distribution.
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(a) Cluster map with damage overlay

(b) Cluster feature profiles and damage distribution by cluster

Figure 5.4: Spatial clustering map of Spain, cluster profiles, and histogram of damage distribution.
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Cluster 0 has relatively high standardized means (z‑scores) for the aging and dependency PC, distance to the
nearest primary road, distance to the nearest critical infrastructure, elevation, slope, foreign share, andHAND.
Distance to river is strongly negative relative to the study‑areamean, alongwith employment rate, womenper
population, persons per household, mean household income, and youth rate. This cluster contains 52,004
cells, with 150 low‑damage and 110 high‑damage grids, an any‑damage share of 0.50% and a high‑damage
share of 0.21%. This cluster is labeled the ”rural elderly periphery” cluster.

Cluster 1 has higher z‑scores for NDVI, distance to river, employment rate, and a slightly higher score on youth
rate, while having negative values on aging and dependency PC and foreign share. It is the largest Spanish
cluster, with 119,034 cells, and contains the largest absolute number of damaged grids of the three, with 3,156
low‑damage and 816 high‑damage grids, an any‑damage share of 3.34% and a high‑damage share of 0.69%.
This cluster is labeled the ”employed residential belt” cluster.

Cluster 2 has high z‑scores for road density, women per population, and both extensive PCs, and lower values
for NDVI, distance to river and critical infrastructure, elevation, slope, and HAND. It also shows slightly higher
persons per household than Cluster 1. This is the smallest Spanish cluster, with 17,338 cells, yet it has by
far the highest damage concentration, with 1,621 low‑damage and 612 high‑damage grids corresponding to
an any‑damage share of 12.88% and a high‑damage share of 3.53%. This cluster is labeled the ”urban core”
cluster.

Cluster 1 therefore holds the largest absolute number of damaged grids, while Cluster 2 holds the highest
concentration of damage relative to its size.

5.3. Spatial Regression Results
Spatial regression is used to quantify the relationships between selected indicators and observed flood dam‑
age, taking spatial dependence into account. This section first summarizes model specification choices and
then reports region‑specific results.

5.3.1. Regression Sample and Model Specification
Spatial regression is estimated only for populated grid cells within the observed‑event footprint, identified
by grid_within_oe = True. Restricting the sample to inundated cells separates variation in flood damage
conditional on exposure from the physical determinants of flood occurrence itself. The regression therefore
examines whether vulnerability indicators help explain why some exposed cells record greater damage than
others. Additionally, the samples used in the spatial regression will decrease due to this initial filtering.

For each region,Ordinary LeastSquares (OLS) regression isdoneusing the reducedsetof indicators alongwith
the chosen dependent variable, the bracketed damage variable combined_dmg_num_bracket_code. Vari‑
ance Inflation Factors (VIFs) are inspected to diagnose multicollinearity and guide further variable selection,
following the procedure and threshold described in Chapter 4.

The set of variables removed at this stage differs by region, reflecting differences in each region’s underlying
correlation structure. In Germany, the only variable pruned is int_youth_rate, alongside int_elderly_depen‑
dency_pc as the other collinear pair. In Italy, three variables are removed: ext_hh_1_person_count, ext_‑
women_labor_education_pc, and int_age_dependency_rate. Poland requires the most extensive pruning,
with int_women_per_pop, int_household_income_size_pc, int_employment_rate_total, int_dem_m, int_for‑
eign_share, int_youth_rate, and int_elderly_rate all removed. Spain requires the least, with only int_youth_‑
rate excluded. Table 5.13 summarizes the variables removed per region.

As the research question inmind focuses on the vulnerability indicators, the SLX is the selectedmodel. SLX is
considered because it estimates the effect of neighboring covariates directly, which is relevant in a flood con‑
text where nearby socio‑economic and infrastructural conditions may influence local impacts. Monte Carlo
evidence suggests that SLX can yield accurate direct effects and relatively less biased indirect effects under
several realistic conditions (Rüttenauer, 2019).
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Table 5.13: Variables removed due to VIF multicollinearity, by region

Region Variables removed

Germany int_youth_rate
Italy ext_hh_1_person_count, ext_women_labor_education_pc, int_age_dependency_rate
Poland int_women_per_pop, int_household_income_size_pc, int_employment_rate_total,

int_dem_m, int_foreign_share, int_youth_rate, int_elderly_rate
Spain int_youth_rate

5.3.2. Residual Spatial Autocorrelation Diagnostics
Before proceeding to a spatial specification, Moran’s I is calculated on the residuals of the non‑spatial OLS
model for each region, following the ex‑ante diagnostic described in Chapter 4. In every region, residual spa‑
tial autocorrelation is statistically significant, confirming that the OLS specification fails to account for spatial
structure in the data and that a spatial model is warranted.

Table 5.14: Moran’s I on OLS residuals by region

Region Moran’s I zsim psim

Germany 0.252 14.37 0.0025***
Italy 0.248 50.83 0.0025***
Poland 0.222 15.63 0.0025***
Spain 0.341 68.83 0.0025***

Note: ∗∗∗p < 0.01.

Table 5.14 reports Moran’s I on the OLS residuals for each region, with 399 permutations each. All four regions
show positive, statistically significant spatial autocorrelation, confirming that the non‑spatial OLS specifica‑
tion fails to account for spatial structure in the data. The permutation‑based p‑value reaches its minimum
attainable value (1/400 permutations) in every region, so the standardized zsim statistic is reported alongside
it to distinguish relative strength across regions. Spain shows the strongest residual spatial autocorrelation
(I = 0.341, zsim = 68.8), while Germany shows the weakest, though still highly significant (I = 0.252,
zsim = 14.4). In every case, this confirms that a spatial regression specification is warranted rather than
optional.

5.3.3. Added Explanatory Value of Susceptibility Indicators
Having established that spatialmodeling is necessary, the contribution of susceptibility indicators is assessed
by comparing a hazard‑only baseline against the full model incorporating built environment, demographic,
and socio‑economic indicators alongside hazard variables. Figure 5.5 shows that the full model achieves a
lower Akaike Information Criterion (AIC) than the hazard‑only specification in every region, with the improve‑
mentmost pronounced in Italy. This provides direct evidence that susceptibility conditions contributemean‑
ingfully to explaining flood damage beyond physical hazard exposure alone, addressing part of SQ2 before
the region‑specific coefficient results are examined in detail.
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Figure 5.5: Fit comparison of hazard‑only model and with susceptibility variables included

5.3.4. Direct and Spatially Lagged Effects: Germany
Section 5.3.3 showed that the full model, including susceptibility indicators, fits Germany’s data better than
a hazard‑only baseline. To understand what drives this improvement, Figure 5.6 compares how each hazard
variable’s coefficient shifts between the hazard‑only and full specifications, revealing which hazard effects
are robust to the inclusion of susceptibility conditions and which are partly absorbed by them. Only slope
remains statistically significant in both runs. Its direct coefficient is negative, becoming slightly less negative
in the full model, while its spatially lagged coefficient is positive and increases to above 1.5 in the full model.
NDVI, by contrast, is significant in the hazard‑only specification but becomes statistically insignificant once
susceptibility indicators are included, its coefficient moving closer to zero, suggesting that some of NDVI’s
apparent hazard effect in the reduced model reflects susceptibility conditions it happens to correlate with
rather than vegetation cover itself. The remaining hazard controls show no statistical significance in either
specification.

Figure 5.6: Coefficient shift for hazard variables between the hazard‑only and full model for Germany (p < 0.05)

With this mechanism established, Table 5.15 and Figure 5.7 report the complete set of direct and spatially
lagged effects from the full model, including both hazard and susceptibility indicators together.

As for the full model SLX run, whose coefficients and significance are reported in Table 5.15 and visualized in
Figure 5.7, the statistically significant results are as follows. Distance to nearest critical infrastructure exhibits
high absolute values for both direct and spatially lagged coefficients, albeit in different polarities, with the
direct coefficient negatively correlated (‑3.468, p < 0.001) and the spatial lag positively correlated (3.815, p
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Table 5.15: Ordinal SLX model coefficients for Germany (direct and spatially lagged effects)

Direct Spatial Lag (WX)

Variable Coef. p Coef. p

Intensive Variables
int_elderly_dependency_pc 0.254 0.002*** 0.843 <0.001***
int_ndvi ‑0.211 0.071* ‑0.116 0.672
int_road_density_m_per_km2 0.419 <0.001*** ‑0.265 0.242
int_dist_nearest_primary_road_m ‑0.128 0.681 ‑0.057 0.882
int_dist_nearest_critical_infra_m ‑3.468 <0.001*** 3.815 <0.001***
int_dem_m 0.171 0.880 0.289 0.801
int_dist_river_m 0.094 0.501 ‑0.105 0.625
int_employment_rate_total ‑0.328 0.643 0.299 0.677
int_women_per_pop 0.813 0.598 ‑1.402 0.365
int_slope ‑0.437 0.007*** 1.605 <0.001***
int_hand_m ‑0.385 0.235 ‑0.299 0.466
int_income_mean_hh 0.814 0.677 ‑0.611 0.755

Extensive Variables
ext_built_mass_pc ‑0.328 0.049** ‑1.448 <0.001***
ext_sociodemographic_mass_pc 0.916 <0.001*** 2.238 <0.001***

Note: ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01. Standard errors and z‑statistics for all coefficients are
reported in Appendix D.

Figure 5.7: Forest plot of the direct and lag coefficients of the variables in Germany’s full model (p < 0.05)
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< 0.001). A similar, less pronounced pattern emerges in the slope variable, whose direct effect is negative (‑
0.437, p < 0.01) and spatial lag positive (1.605, p < 0.001). The socio‑demographic mass PC has both positive
coefficients for direct (0.916, p < 0.001) and lag effects (2.238, p < 0.001), the same can be said for the aging
and dependency intensive PC on a smaller scale (0.254 direct, 0.843 lag, both p < 0.01). The remaining two
variables are both direct effects, the negatively correlated built‑mass PC (‑0.328, p < 0.05) and the positively
correlated road density (0.419, p < 0.001).

5.3.5. Direct and Spatially Lagged Effects: Italy
Building on the fit comparison in Section 5.3.3, Figure 5.8 traces how each hazard coefficient shifts once sus‑
ceptibility indicators enter the model, showing where the improvement in fit is coming from. The direct coef‑
ficient for distance to nearest river becomes statistically significant and more negatively correlated once sus‑
ceptibility indicators are introduced, and its spatial lag also becomes significant, though with the opposite,
positive polarity. NDVI’s direct effect stays significant in both runs and grows larger in magnitude, while its
spatially lagged effect loses significance in the full model. Slope shows the reverse pattern to NDVI, its spatial
lag becomes significant only once susceptibility is added, while its direct effect stays insignificant throughout.
The remaining hazard controls show no statistical significance in either run.

Figure 5.8: Coefficient shift for hazard variables between the hazard‑only and full model for Italy (p < 0.05)

With this pattern established, Table 5.16 and Figure 5.9 report the full set of direct and spatially lagged effects,
hazard and susceptibility indicators together.

For Italy, several hazard and susceptibility variables are significantly associated with the ordered damage
outcome, reported in full in Table 5.16. As previously mentioned, distance to river has a different polarity
between its direct and lag coefficients, with its direct being negative (‑0.780, p < 0.05) and its lagged being
positive (0.789, p < 0.05), a pattern it shares with number of people with higher education, to a lesser extent
(‑0.241 direct, 0.519 lag, both p < 0.001). Other positively correlated variables include, in descending coef‑
ficients, the direct coefficients of built‑mass PC (0.680, p < 0.001), road density (0.462, p < 0.001), and NDVI
(0.207, p < 0.001). The negatively correlated variables are the spatial lag of number of foreigners (‑0.275, p <
0.01), slope (‑0.197, p < 0.05), and persons per household (‑0.185, p < 0.01), as well as the direct correlation of
foreign share (‑0.107, p < 0.05) and women per population (‑0.098, p < 0.05).

Several patterns appear in Table 5.16 and the accompanying forest plot in Figure 5.9. While distance to river
and number of people with high education are both statistically significant for their spatial lags and direct
effects, most do not. Six variables (built‑mass PC, road density, socio‑demographic mass PC, NDVI, foreign
share, andwomen per population) are only significant in their direct effects, while three variables (number of
foreigners, slope, and persons per household) are only significant in their spatial effects.
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Figure 5.9: Forest plot of the direct and lag coefficients of the variables in Italy’s full model (p < 0.05)
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Table 5.16: Ordinal SLX model coefficients for Italy (direct and spatially lagged effects)

Direct Spatial Lag (WX)

Variable Coef. p Coef. p

Intensive Variables
int_ndvi 0.207 <0.001*** ‑0.060 0.220
int_hand_m ‑0.064 0.278 ‑0.090 0.201
int_road_density_m_per_km2 0.462 <0.001*** ‑0.007 0.894
int_dist_nearest_primary_road_m 0.074 0.874 ‑0.100 0.832
int_dist_nearest_critical_infra_m ‑0.424 0.334 0.290 0.511
int_dem_m 0.034 0.415 ‑0.074 0.371
int_dist_river_m ‑0.780 0.034** 0.789 0.033**
int_slope 0.033 0.476 ‑0.197 0.011**
int_foreign_share ‑0.107 0.040** 0.025 0.683
int_women_per_pop ‑0.098 0.022** 0.054 0.309
int_persons_per_household ‑0.008 0.858 ‑0.185 0.002***
int_income_mean_hh 0.008 0.949 ‑0.012 0.927
int_employment_rate_total 0.039 0.394 0.003 0.958
int_elderly_rate ‑0.238 0.171 0.324 0.069*
int_youth_rate ‑0.074 0.725 0.029 0.892

Extensive Variables
ext_built_mass_pc 0.680 <0.001*** 0.049 0.453
ext_age_income_poverty_pc 0.365 <0.001*** ‑0.166 0.076*
ext_foreign_total 0.004 0.941 ‑0.275 0.002***
ext_edu_high_comp_count ‑0.241 <0.001*** 0.519 <0.001***

Note: ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01. Standard errors and z‑statistics for all coefficients are
reported in Appendix D.

5.3.6. Direct and Spatially Lagged Effects: Poland
Figure 5.10 shows the same hazard‑only to full model comparison as in the preceding regions, this time re‑
vealing which hazard effects hold up once susceptibility indicators are added for Poland. Elevation does not
appear in this comparison, since it was excluded from the full model due to multicollinearity. NDVI’s direct
effect loses significance once susceptibility indicators are introduced, while HAND moves in the opposite di‑
rection, becoming significant and more negative in the full model. NDVI’s spatially lagged effect, by contrast,
stays significant and grows more positive. Slope’s spatial lag loses significance once susceptibility is added.
The remaining hazard controls show no statistical significance in either run.

Figure 5.10: Coefficient shift for hazard variables between the hazard‑only and full model for Poland (p < 0.05)

The full set of coefficients underlying this shift is reported next, in Table 5.17 and Figure 5.11.

For Poland, far fewer indicators enter the full model, since the initial reduced indicator set showed high mul‑
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Table 5.17: Ordinal SLX model coefficients for Poland (direct and spatially lagged effects)

Direct Spatial Lag (WX)

Variable Coef. p Coef. p

Intensive Variables
int_ndvi 0.015 0.855 0.719 <0.001***
int_road_density_m_per_km2 0.415 <0.001*** 0.066 0.677
int_dist_nearest_primary_road_m ‑4.272 0.281 4.729 0.232
int_dist_nearest_critical_infra_m ‑2.406 <0.001*** 2.508 <0.001***
int_foreign_share 1.272 0.356 ‑0.984 0.479
int_dist_river_m ‑0.040 0.790 ‑0.189 0.365
int_slope ‑0.080 0.503 0.326 0.080*
int_hand_m ‑0.359 0.001*** 0.169 0.408
int_elderly_rate ‑0.080 0.766 0.117 0.687

Extensive Variables
ext_built_mass_pc 0.309 0.001*** 0.007 0.968
ext_sociodemographic_mass_pc 0.225 0.319 0.105 0.670
ext_foreign_total 0.038 0.838 ‑0.160 0.458

Note: ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01. Standard errors and z‑statistics for all coefficients are
reported in Appendix D.

Figure 5.11: Forest plot of the direct and lag coefficients of the variables in Poland’s full model (p < 0.05)
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ticollinearity, as shown in Table 5.17. A noticeable variable is the distance to nearest critical infrastructure,
where its direct coefficient is negative (‑2.406, p < 0.001), while its lagged coefficient is positive (2.508, p <
0.001). Additional positively correlated variables include the spatial lag of NDVI (0.719, p < 0.001), and the
direct coefficients of road density (0.415, p < 0.001) and built‑mass PC (0.309, p < 0.01). The only remaining
negatively correlated variable is the direct correlation of HAND (‑0.359, p < 0.01).

5.3.7. Direct and Spatially Lagged Effects: Spain
As with the other regions, Figure 5.12 isolates the shift in hazard coefficients behind the fit improvement al‑
ready established in Section 5.3.3. NDVI’s direct effect loses significance in the full model, while its lag stays
significant, though its negative coefficient shrinks somewhat. Both distance to river coefficients remain signif‑
icant across both runs, with each growing larger in its own direction, direct effects more negative and lagged
effects more positive. Slope and HAND also strengthen in the full model, both in the same direction they
already had in the hazard‑only run.

Figure 5.12: Coefficient shift for hazard variables between the hazard‑only and full model for Spain (p < 0.05)

Table 5.18 and Figure 5.13 give the complete direct and spatially lagged effects for the full model.

Spain’smodel results in the largest number of statistically significant variables compared to the other regions,
reported in Table 5.18. The details of those variables are as follows. The distance to the river is split, with its
direct effects being negatively correlated (‑1.385, p < 0.001) and its lagged effects positively correlated (1.190,
p < 0.001). A similar pattern occurs for the socio‑demographicmass PC on a smaller scale (‑0.113 direct, 0.120
lag, both significant). The remaining two variables with statistical significance in both of their coefficients are
the built‑mass PC (0.175 direct, 0.427 lag) and the road density (0.415 direct, 0.120 lag), both with positive
correlation across their coefficients. The remaining variables with positive coefficients are the spatial lags of
average household income (0.365, p < 0.001), foreign share (0.295, p < 0.001), women per population (0.229,
p < 0.01), and the aging and dependency PC (0.127, p < 0.05), as well as the direct effect of slope (0.111, p <
0.01). On the other hand, the remaining negatively correlated variables are the direct effects of HAND (‑0.255,
p < 0.05) and the spatial lag of NDVI (‑0.183, p < 0.001).
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Table 5.18: Ordinal SLX model coefficients for Spain (direct and spatially lagged effects)

Direct Spatial Lag (WX)

Variable Coef. p Coef. p

Intensive Variables
int_elderly_dependency_pc 0.010 0.641 0.127 0.010***
int_ndvi ‑0.006 0.826 ‑0.183 <0.001***
int_road_density_m_per_km2 0.415 <0.001*** 0.120 0.007***
int_dist_nearest_primary_road_m ‑0.104 0.808 0.020 0.962
int_dist_nearest_critical_infra_m ‑0.720 0.267 0.929 0.153
int_dem_m ‑2.645 0.170 2.616 0.175
int_dist_river_m ‑1.385 <0.001*** 1.190 <0.001***
int_slope 0.111 0.008*** ‑0.035 0.525
int_employment_rate_total 0.027 0.667 0.052 0.458
int_women_per_pop ‑0.027 0.732 0.229 0.007***
int_foreign_share ‑0.042 0.572 0.295 <0.001***
int_hand_m ‑0.255 0.013** ‑0.161 0.134
int_persons_per_household 0.073 0.285 0.053 0.480
int_income_mean_hh ‑0.116 0.060* 0.365 <0.001***

Extensive Variables
ext_built_mass_pc 0.175 <0.001*** 0.427 <0.001***
ext_sociodemographic_mass_pc ‑0.113 0.004*** 0.120 0.021**

Note: ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01. Standard errors and z‑statistics for all coefficients are
reported in Appendix D.

Figure 5.13: Forest plot of the direct and lag coefficients of the variables in Spain’s full model (p < 0.05)
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5.3.8. Ex-Post Spatial Diagnostics
Having estimated the SLX specification for each region, two ex‑post diagnostics assess how well the spatial
model performs. The first, a likelihood ratio test comparing the non‑spatial ordinal logit against the SLX spec‑
ification, tests whether the added spatial lag terms improve model fit. The second, Moran’s I on the SLX
model’s residuals, tests whether this improvement in fit is sufficient to fully account for the spatial depen‑
dence identified in the ex‑ante diagnostic.

Table 5.19 reports the likelihood ratio test for all four regions. In every region, the SLX specification signifi‑
cantly improves model fit over the non‑spatial ordinal logit, confirming that the spatial lag terms carry gen‑
uine explanatory power.

Table 5.19: Likelihood ratio test, non‑spatial vs. SLX ordinal logit, by region

Region LR statistic d.f. p‑value Conclusion

Germany 119.70 14 <0.001 SLX improves fit
Italy 85.97 19 <0.001 SLX improves fit
Poland 56.48 12 <0.001 SLX improves fit
Spain 296.27 16 <0.001 SLX improves fit

Table 5.20 compares Moran’s I on the ex‑ante OLS residuals against Moran’s I on the residuals of the fitted SLX
model. In Germany and Poland, both Moran’s I and its associated zsim statistic are lower under SLX, consis‑
tent with the spatial lag terms absorbing some of the residual spatial dependence identified in the ex‑ante
diagnostic. In Italy and Spain, Moran’s I is essentially unchanged, while zsim is somewhat higher, though this
comparison is not perfectly like‑for‑like, since the two diagnostics come from different model families, linear
OLS and ordinal logit, with structurally different residuals. In all four regions, residual spatial autocorrela‑
tion under the final SLX specification remains statistically significant, indicating that spatial dependence in
the data is not fully captured by lagging the observed covariates alone. The implications of this result are
discussed further in Chapter 6.

Table 5.20: Residual spatial autocorrelation before and after the SLX specification

OLS residuals SLX residuals

Region I zsim I zsim

Germany 0.252 14.37 0.200 12.39
Italy 0.248 50.83 0.244 54.27
Poland 0.222 15.63 0.210 14.75
Spain 0.341 68.83 0.343 72.75

5.4. Summary of Key Findings
This chapter has traced the empirical outcomes of the spatial analysis workflow for Germany, Italy, Poland,
and Spain. Blockwise PCA has reduced indicator redundancy while preserving domain content, clustering
has identified recurring vulnerability typologies, and spatial regression has quantified relationships between
indicators and damage under spatial dependence. Together, these results indicate that certain combinations
of built environment, demographic, and socio‑economic conditions are consistently associated with higher
flood impacts, although the exact configurations vary by region. The next chapter discusses these findings in
light of existing vulnerability frameworks and implications for policy.
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Discussion

This discussion chapter returns to themain research question and examines how themapped indicators and
empirical damage patterns relate across the four flood events. It first interprets the core findings from the
clustering and spatial regression results, paying attention to where theoretical vulnerability constructs align
with the observed impact zones and where they do not. It then connects these findings back to established
vulnerability frameworks and literature, to assess how far the case study results support, refine, or challenge
existing conceptualizations. The cross‑case sections focus on regional characteristics and recurring vulner‑
ability typologies, and ask whether similar combinations of susceptibility and hazard indicators emerge in
different flood contexts. Finally, the chapter outlines policy implications, reflects on methodological choices
and limitations, and identifies directions for future research that follow from the identified spatial typologies.

6.1. Cross-Case Synthesis of Vulnerability Patterns
This section brings together the main empirical results across the four flood events. It compares how indica‑
tors were structured through blockwise PCA, how they combined into spatial typologies through clustering,
andhow theywere associatedwith observed infrastructure damage in the spatial regressionmodels. The aim
is to identify which vulnerability patterns recur across Germany, Italy, Poland, and Spain, and which remain
dependent on local data structures, terrain, settlement patterns, and flood‑event conditions.

6.1.1. Indicator Structures Across Case Studies
The PCA results reveal several recurring features in the indicator structure across Germany, Italy, Poland, and
Spain. Built‑mass components based on built surface and built volume emerge in every case. Broad socio‑
demographic mass components also appear repeatedly, although their composition differs between regions.
These components absorb strongly correlated extensive variables into aggregates, whereas intensive indica‑
tors, particularly hazard variables and rates, are more often retained as singletons and enter the clustering
and regression models directly.

Each retained block in all four regions is represented by a single principal component, which is sufficient to
meet the 80%variance‑retention threshold. All four regions format least one PCAblock fromextensive indica‑
tors, whereasmost intensive indicators remain as singletons. Germany and Spain each contain a component
combining age dependency rate and elderly rate, while Poland has a distinct intensive component combining
household income and persons per household.

Built surface and built volume consistently form a separate built‑mass component in every region. Germany
and Spain aggregate most remaining extensive indicators into a broad socio‑demographic mass component.
Poland follows a similar pattern, although foreign population count remains separate. Italy differs more
clearly, with three extensive components and several extensive singleton variables. Italy is also the only case
without an intensive‑variable component.

55
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6.1.2. High-Impact Spatial Typologies Across Case Studies
Across all four regions, the cluster with the highest damaged‑cell share is an urban‑core typology. These clus‑
ters are smaller than the dominant rural or residential clusters in each study area, but they contain a larger
proportion of low‑ and high‑damage grid cells. The cross‑case comparison therefore distinguishes between
absolute damage burden, which is often greatest in the largest cluster, and damage concentration, which is
consistently greatest in the urban core.

Table 6.1: Damage distribution by cluster, all regions

Region Cluster No dmg Low dmg High dmg Total grids Any‑dmg (%) High‑dmg (%)

Germany 0 = Rural Upscale Periphery 4189 0 0 4189 0.00 0.00
Germany 1 = River Valley Slopes 6982 255 172 7409 5.76 2.32
Germany 2 = Urban Core 1808 192 178 2178 16.99 8.17

Italy 0 = Rural Periphery 98097 3312 236 101645 3.49 0.23
Italy 1 = Urban Core 3878 436 74 4388 11.62 1.69

Poland 0 = Rural Periphery 21142 337 154 21633 2.27 0.71
Poland 1 = Suburban Family Belt 32151 106 13 32270 0.37 0.04
Poland 2 = Urban Core 2011 135 16 2162 6.98 0.74

Spain 0 = Rural Elderly Periphery 51744 150 110 52004 0.50 0.21
Spain 1 = Employed Residential Belt 115062 3156 816 119034 3.34 0.69
Spain 2 = Urban Core 15105 1621 612 17338 12.88 3.53

Figure 6.1: Share of damaged grids per cluster per region

Table 6.1 consolidates the per‑region damage distributions reported in Chapter 5 (Tables 5.9–5.12) to allow
direct cross‑region comparison. Across regions, damaged grids appear to distribute across all clusters except
for Germany’s Rural Upscale Periphery cluster. Figure 6.1 highlights which cluster per region has the most
damaged grids per total number of grids in that cluster, both high and low, with each cluster’s total grids
in parentheses. Based on this, the clusters with the highest share of damaged grid cells are the Urban Core
clusters of all regions (Germany’s Cluster 2, Italy’s Cluster 1, Poland’s Cluster 2, and Spain’s Cluster 2). Subse‑
quently, Figure 6.2 details the relative feature profile, or typology, of those selected clusters.

This patternholds in every region’s own results, where the largest cluster consistently contains thegreatest ab‑
solute number of damaged grids while a smaller, denser cluster carries the highest concentration of damage
relative to its size, confirming that the distinction is a structural feature of the data rather than a consequence
of how the comparison cluster is selected.

The Cleveland dot plot lists all variables present in all selected clusters and plots the standardized cluster
mean (z‑score) values of each. The region representative clusters are represented with shapes along the
line. The shaded color represents the absolute threshold, set at 0.8, determined visually from the per‑region
heatmaps that would indicate superlative positioning across the clusters in their own respective regions. The
vote count plot counts the number of countries whose features go above the extreme threshold. The variable
sorting is determined by two factors. The first factor points to consistency, howmany clusters have a certain
variable within the extreme threshold. Should there be ties, the second factor settles this by averaging the
absolute mean of the z‑score of the variable from the clusters.
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Figure 6.2: Typologies of clusters with the highest share of damaged grids per cluster per region
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The selected clusters all represent the ”urban core” of their respective regions. A total of nine variables appear
in all of the clusters. Among them, four are hazard variables (NDVI, slope, elevation, and HAND), and five are
susceptibility variables. The susceptibility variables are further segmented into two extensive variables and
three intensive variables. The extensive variables of note are the built‑mass PC and the sociodemographic
mass PC, but looking down the plot, built‑mass components and broad socio‑demographic mass compo‑
nents are consistently elevated in the selected urban‑core clusters, although the precise indicators absorbed
by these componentsmostly differ across regions. The intensive variables are the physical susceptibility vari‑
ables road density, distance to nearest critical infrastructure, and the human susceptibility variable women
per population. Among the extreme variables, the direction is consistent for most extreme variables, except
for HAND, where Italy’s values are extreme positive compared to the majority negative.

The clusters are compared using damage share, calculated as the number of damaged grids divided by the
total number of grids in each cluster. This differs from a comparison based on raw damage count. Large rural
clusters often containmany damaged grids because they cover a large area, not necessarily because damage
ismore concentratedwithin that typology. Damage share therefore provides a clearer descriptivemeasure of
how strongly mapped damage is concentrated within each cluster.

Once clusters are compared on this basis, the clearest cross‑case pattern is the urban‑core typology identi‑
fied in the previous chapter. In all four regions, the cluster with the highest damage share combines high
built mass, dense road networks, low NDVI, and proximity to critical infrastructure. In Italy, the urban‑core
cluster covers a comparatively small share of the study area and contains fewer damaged grids in absolute
terms than the rural periphery cluster. It nevertheless has a substantially higher proportion of damaged grids.
The recurring urban‑core pattern suggests that dense urban fabric is a common feature of locations with con‑
centrated mapped flood damage across the four case studies, despite differences in terrain, event scale, and
national data structures.

Beyond this sharedphysical signature, thesocio‑demographic compositionof thehigh‑impact typologyvaries
more across cases. In all regions, the urban core cluster also carries a positive loading on the aggregated
socio‑demographic mass component, which combines age structure, education, employment, and house‑
hold counts into a single measure of population volume. Intensive variables show more variation, where
mean household income is negatively loaded in all regions but age dependency is more mixed. Germany,
for instance, has a high positive loading on youth rate, while Italy and Poland both load it negatively. This
suggests that while the physical exposure and built environment side of the typology travels well across the
four cases, the socio‑demographic profile that accompanies it is more sensitive to each country’s settlement
pattern and the specific composition of its census‑derived indicators.

The consistency observed for the urban core typology is mirrored, in the opposite direction, by a recurring
low‑damage typology at the other end of each region’s cluster structure, though this mirror image is not uni‑
form across all four cases. Germany’s rural upscale periphery, Italy’s rural periphery, and Spain’s rural elderly
periphery share a common profile despite their different names, greater distance from rivers and critical in‑
frastructure, higher elevation, and low built mass, and each records the lowest damage share of its region’s
clusters, close to zero in Germany’s case. This suggests the same physical exposure logic driving the urban
core’s high damage concentration operates in reverse just as reliably, distance from hazard‑relevant infras‑
tructure and terrain is protective in a way that is as consistent across countries as proximity is damaging.

Poland is an exception to this pattern. Its rural periphery cluster follows the same distance‑based profile as
the other three regions but is not its lowest‑damage typology, that position instead belongs to the subur‑
ban family belt cluster, an affluent, well‑connected typology with high household income, high employment,
and a young population, rather than a remote one. This indicates that low damage concentration can arise
through twodistinctmechanisms, physical remoteness fromhazard pathways inmost cases, or newer, better‑
resourced development in at least one, and that the demographic composition attached to the low‑damage
pole is no more uniform across countries than the composition attached to the high‑damage pole already
discussed above.

With these in mind, these results offer reasonably strong support for the idea of a transferable physical vul‑
nerability profile. Built mass and infrastructure density recur across all four cases regardless of flood mecha‑
nism, event scale, or national data structure, which suggests these twodimensions could reasonably anchor a
general‑purpose screening typology for European flood risk. The demographic composition of that typology,
however, cannot be assumed to transfer without adjustment, since its strength and specific makeup differ by
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country. Any attempt to apply these typologies operationally would need to treat the physical core as the sta‑
ble component and the socio‑demographic layer as one requiring local calibration. The regional discussion
below adds a further layer to this picture, drawing on resilience‑related context, terrain and warning time
in particular, that sits outside the spatial indicator system but helps account for differences in severity the
regression coefficients alone do not fully explain.

Havingestablishedconsistencywithin clustering, the sameconsistency check is nowapplied to the regression
results, before the twomethods are compared directly against each other.

6.1.3. Regression-Based Evidence on Damage Associations
Across the four case studies, several indicators are significantly associatedwith the ordered damage outcome
through direct effects, spatially lagged effects, or both. Road density and built mass recur among the most
important predictors across the regional models, whereas hazard, distance, and socio‑demographic indica‑
tors varymore by case. Because themodels use different samples and retain different predictor sets after VIF
screening, the comparison focuses on the direction, significance, and relative rank of indicators within each
regional model.

Table 6.2 lists the consensus ranking obtainedby averaging each indicator’s rank across the regions inwhich it
was retained. Road density and the built‑mass PC occupy the top twopositions, with amean rank around two
to three and retention in all four regions, matching the pattern already visible in the clustering results above.
Distance to nearest primary road, elevation, and employment rate sit near the bottomof the table, consistent
with the earlier observation that these indicators show no statistical significance in any region. A handful of
variables retained inonlyoneor two regions, suchas youth rateor theeducationcompletioncounts, appearat
theextremesof the table largelybecause theywerenot available for comparisonelsewhere, and their position
should not be read as evidence of particular importance or unimportance.

Table 6.2: Rank‑averaged consensus of indicator importance across regions

Indicator Germany Italy Poland Spain Regions Mean rank

Road density 5 2 1 1 4 2.25
Built‑mass PC 4 1 4 2 4 2.75
Age‑income‑poverty PC (IT only) — 4 — — 1 4.00
NDVI 7 3 2 5 4 4.25
High education count (IT only) — 5 — — 1 5.00
Sociodemographic mass PC 2 — 8 7 3 5.67
Slope 3 8 6 9 4 6.50
Distance to critical infrastructure 1 14 3 12 4 7.50
Elderly‑dependency PC 6 — — 10 2 8.00
Distance to river 10 10 10 3 4 8.25
Women per population 9 9 — 8 3 8.67
Foreign share — 11 9 6 3 8.67
Foreign population count (extensive) — 7 11 — 2 9.00
HAND 8 13 5 11 4 9.25
Persons per household — 6 — 14 2 10.00
Income per household 12 19 — 4 3 11.67
Elderly rate — 12 12 — 2 12.00
Distance to primary road 13 18 7 16 4 13.50
Elevation 14 15 — 13 3 14.00
Employment rate 11 16 — 15 3 14.00
Youth rate (IT only) — 17 — — 1 17.00

Note: rank 1 indicates the strongest importance within a region. Indicators tested in fewer than four
regions were not available for full cross‑region comparison, so their mean rank should be read with
that in mind.

Only the built‑mass PC and roaddensity reach statistical significance in every region. Both are physical indica‑
tors, built structures and roads, the kind of built environment that reviews link directly to flood exposure and
damage (Pulvirenti et al., 2024; Taramelli et al., 2022). Road density is the steadier of the two, with a positive
and significant direct effect in all four regions and a lag effect only in Spain. Built‑mass PC follows the same
positive pattern in Italy, Poland, and Spain, but turns negative in Germany. Section 6.3.1 traces this reversal
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to where Germany’s built mass happens to sit in the valley, not to any protective effect from dense develop‑
ment. The sociodemographic mass PC, distance to nearest critical infrastructure, slope, and distance to river
also come up often, though not in every region.

Elevation, distance to the nearest primary road, and employment rate show no statistically significant effects
across the regional models. Elevation may be less informative because the regression sample is already re‑
stricted to cells inside the observed flood footprint, where broad flood‑prone terrain conditions have partly
been conditioned on. Section 4.4.1 restricts it to the flooded footprint, which already selects for the physi‑
cal conditions that produce flooding in the first place, so within that sample elevation has little variation left
to explain. Distance to nearest primary road and employment rate sit in a different susceptibility domain, de‑
scribing general accessibility andeconomic conditions rather than thephysical structures that IRL and related
frameworks treat separately as physical susceptibility (Birkmann et al., 2013; Cutter et al., 2003), consistent
with damage being driven more by what is actually built near a hazard than by an area’s broader economic
profile.

Having established consistency within each method separately, the next step is to check whether clustering
and regression agree with each other on the same indicators.

6.1.4. Convergence and Divergence Between Clustering and Regression
Clustering identifies indicator profiles that characterize the highest‑damage‑share typology. Regression esti‑
mates whether individual indicators remain associated with damage after the remaining predictors are con‑
sidered. The twomethods are compared for each region through an evidence table based on two signals.

The cluster signal records whether an indicator has an extreme standardized mean above or below the ab‑
solute threshold of 0.8 in the highest‑damage‑share cluster. The regression signal records the direction and
significance of its direct or spatially lagged coefficient, or notes where the indicator was not retained in the
model. Indicators are classified as strongly consistent when the cluster and regression signals have the same
direction and the regression effect is significant at p < 0.05. Indicators are classified as consistent but weak
when the signs agree but the regression effect reaches only p < 0.10.

Indicators are classified as conflicting when the cluster signal is extreme and a significant regression coef‑
ficient at p < 0.05 has the opposite direction. Indicators are classified as scale‑dependent when significant
direct and spatially lagged regression coefficients have opposite signs. This category identifies differences be‑
tween local andneighborhoodassociationswith damage. It does not imply disagreement between clustering
and regression. Remaining indicators are classified as partial when onemethod provides ameaningful signal
but the other does not. Indicators are classified as irrelevant when neither method provides a meaningful
signal.

These categories provide a structured descriptive comparison. They do not constitute a separate statistical
test of causal importance.

Table 6.3: Evidence table classification counts by region

Classification Germany Italy Poland Spain

Strongly consistent 3 4 3 5
Consistent but weak 1 0 0 0
Conflicting 1 4 1 1
Scale‑dependent 2 3 1 3
Partial 6 11 9 5
Irrelevant 2 0 4 3

Table 6.3 summarizes the classification counts by region. Partial is the largest category in Germany, Italy, and
Poland. In Spain, it is tied with the strongly consistent category. This pattern reflects the different analytical
roles of the twomethods. Clustering identifies variables that characterize an extreme typology, while regres‑
sion evaluates whether individual indicators remain associated with damage after accounting for the other
retained predictors. An indicator can therefore characterize the urban‑core cluster without showing an inde‑
pendent association in the regressionmodel. The strongly consistent category provides the clearest evidence
of convergence across the twomethods.
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Table 6.4: Indicators classified as strongly consistent, by region

Region Indicator Cluster z Regression signal

Germany Sociodemographic mass PC 1.414 + (p < 0.05)
Germany Elderly‑dependency PC 1.412 + (p < 0.05)
Germany Road density 1.413 + (p < 0.05)

Italy Built‑mass PC 1.000 + (p < 0.05)
Italy Persons per household ‑1.000 − (p < 0.05)
Italy Road density 1.000 + (p < 0.05)
Italy Slope ‑1.000 − (p < 0.05)

Poland Built‑mass PC 1.414 + (p < 0.05)
Poland HAND ‑1.381 − (p < 0.05)
Poland Road density 1.414 + (p < 0.05)

Spain Built‑mass PC 1.414 + (p < 0.05)
Spain HAND ‑0.869 − (p < 0.05)
Spain NDVI ‑1.331 − (p < 0.05)
Spain Road density 1.406 + (p < 0.05)
Spain Women per population 1.257 + (p < 0.05)

Note: cluster z is the standardized cluster mean of the indicator in the region’s highest‑damage‑share
cluster. Full classification tables for all indicators and regions, including consistent but weak, conflict‑
ing, scale‑dependent, partial, and irrelevant categories, are reported in Appendix E.

Table 6.4 lists the strongly consistent indicators by region. Road density is the only indicator classified as
strongly consistent in all four cases. It is elevated in every highest‑damage‑share cluster and has a signifi‑
cant positive regression coefficient in Germany, Italy, Poland, and Spain. Road density therefore provides
the strongest cross‑method and cross‑case evidence in this thesis. Dense road networks are associated with
impervious surfaces and concentrated infrastructure, both of which may contribute to the accumulation of
damage within urban areas.

The built‑mass PC is strongly consistent in Italy, Poland, and Spain, but classified as conflicting in Germany,
with a negative regression association despite its high value in the urban‑core cluster. Section 6.3.1 examines
this pattern in relation to the Ahr Valley’s flood geometry and the location of built‑up areas within the valley.
The German result shows why cross‑case patterns require country‑specific interpretation.

Several indicators are strongly consistent in one region only. These include NDVI and women per population
in Spain, persons per household and slope in Italy, and the elderly‑dependency and sociodemographic mass
components inGermany. These indicators describe case‑specific features of thebroader vulnerability pattern.
Their limited recurrence across regions prevents them from being treated as transferable signals.

Table 6.5: Indicators classified as conflicting, by region

Region Indicator Cluster z Regression signal

Germany Built‑mass PC 1.414 (high) − (p < 0.05)
Italy Foreign population count 1.000 (high) − (p < 0.05)
Italy Foreign share 1.000 (high) − (p < 0.05)
Italy NDVI ‑1.000 (low) + (p < 0.05)
Italy Women per population 1.000 (high) − (p < 0.05)
Poland NDVI ‑1.411 (low) + (p < 0.05)
Spain Slope ‑0.889 (low) + (p < 0.05)

Note: cluster z and regression signal are defined as in Table 6.4. The full classification for every indica‑
tor, including partial and irrelevant categories, is reported in Appendix E.

Table 6.5 lists the conflicting indicators by region. Germany’s built‑mass PC is high in the urban‑core cluster
but negatively associated with damage in the regression model. The country‑specific discussion links this
pattern to the geometry of the Ahr Valley and the location of built‑up areas relative to themost confined flood
reaches. The result does not imply that dense development reduces flood damage.

Italy and Poland also show opposing NDVI signals. Low vegetation cover characterizes the urban‑core typol‑
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ogy, while NDVI has a positive association with damage within the flooded footprint. One possible interpre‑
tation is that vegetated floodplain land uses contribute to the positive regression association. This remains
tentative because the analysis does not directly model agricultural land use, flood intensity, asset value, or
the spatial distribution of farm infrastructure.

Italy’s foreignpopulationcount, foreignshare, andwomen‑per‑population indicatorsareelevated in theurban‑
core cluster but negatively associated with damage after the regression controls for built mass, road density,
and other predictors. These indicators may capture demographic characteristics that are spatially concen‑
trated in urban areas without independently increasing mapped infrastructure damage. The available data
do not allow this mechanism to be tested directly.

Spain shows a separate unresolved pattern. Slope is low in the highest‑damage‑share cluster but has a posi‑
tive regression association with damage. The present analysis does not identify a clear explanation, and this
relationship should be examined through amore detailed country‑level study.

Nine indicators are classified as scale‑dependent because their direct and spatially lagged regression coeffi‑
cients have opposite signs. Italy and Spain each contain three of these indicators, Germany contains two, and
Poland contains one. These patterns may reflect a difference between local and neighborhood associations
with damage. Theymay also reflectmodel sensitivity to spatial structure, sample size, or the specific configu‑
ration of predictors retained in each regional model. The present analysis cannot distinguish between these
explanations. The full list of scale‑dependent indicators is reported in Appendix E.

The cross‑method comparison supports the same conclusion as the clustering results. The recurring high‑
impact typology is an urban core with dense roads and high built mass. Road density is supported by both
clustering and regression in every region. Built mass is supported in three regions and requires a terrain‑
based interpretation in Germany. Socio‑demographic indicators contribute to urban‑core profiles, although
their composition and regression effects vary across cases. The physical built‑environment pattern provides
a useful starting point for cross‑case screening, while social and demographic indicators require local calibra‑
tion.

6.2. Interpreting the Findings Through Vulnerability Theory
This section situates the empirical results within the vulnerability concepts and frameworks outlined in Chap‑
ter 2. Theanalysis beganwitha literature‑based indicator set grounded in IRLand related frameworks. Hazard
indicators describe the physical setting of the flood, while susceptibility indicators describe the physical, so‑
cial, and human characteristics of exposed elements. Resilience remains primarily an interpretive dimension
because it could not be represented consistently in the spatial indicator system.

The spatial results provide partial support for this distinction. Topographic and physiographic indicators, in‑
cluding slope, elevation, HAND, and distance to river, describe the physical setting within the observed flood
footprint. Within this already exposed sample, susceptibility indicators help distinguish locations associated
with higher recorded infrastructure damage.

6.2.1. Built Environment, Land Cover, and Hazard Amplification
Built environment indicators that IRL and other frameworks (Birkmann et al., 2013; Cutter et al., 2003; Mc‑
Carthy, 2001) group under physical susceptibility, such as road density and built‑mass PCs derived from built
surface and built volume, consistently show distinct clustering profiles and significant spatial regression co‑
efficients. They form components that represent compactness and intensity of development, in line with
reviews that link imperviousness and dense urban form to flood exposure and damage (Pulvirenti et al., 2024;
Taramelli et al., 2022).

Hazard indicators also behave in line with IRL’s dual path. Where detailed hydrodynamic data are not avail‑
able, proxies such as NDVI, slope, HAND, and distance to river capture the broad hazard context, but their
direct effects on damage often weaken once susceptibility indicators are included, while spatial lag terms
remain important, particularly for distance‑based variables such as distance to river or distance to critical in‑
frastructure, which often enter with negative direct effects and positive spatial lags, indicating both local and
neighborhood roles. This supports the notion that hazard shapes neighborhood‑scale patterns, with suscep‑
tibility differentiating damage within those patterns (Rincón et al., 2018; Taromideh et al., 2022).
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6.2.2. Socio-Demographic Vulnerability and Exposure
Social and human susceptibility indicators, including age structure, income, and household composition,
form broad socio‑demographic and aging components in several cases. These components are prominent in
selected cluster profiles and regressionmodels, although their relationshipswith damage vary across regions.
The results support the inclusion of demographic and socio‑economic conditions in vulnerability frameworks
such as PAR, MOVE, and IRL, while also showing that their empirical expression depends on local context.

At the same time, the results refine someexpectations from the literature. ThePCA shows that extensive socio‑
demographic indicators rarely form separate axes of poverty, income, age, or education, but rather coagulate
into single components representing overall human and socio‑economic volume. This pattern suggests that,
at the grid scale used here, vulnerability related to social conditions is expressed through combined presence
of people, labor, and resources, in place of sharply separated sub‑dimensions.

6.2.3. Place-Based and Context-Dependent Vulnerability
Although this chapter primarily addresses SQ 3, the findings also provide a retrospective assessment of SQ 1.
The literature‑derived indicators capture several empirically relevant domains, especially built environment
intensity, flood‑pathwayproximity, andconcentratedsocio‑demographic conditions. Their importancevaries
across cases, which supports the use of a shared conceptual framework alongside local adaptation of the
indicator set.

Someconceptual dimensions, particularly resilience‑related criteria, couldnotbeoperationalizeddue todata
limitations, and therefore remain part of the interpretive context used in the following section rather than the
spatial indicator system itself. This points to a broader feature of the results. While the physical and demo‑
graphic domains discussed above hold reasonably consistently across the four case studies, the way vulner‑
ability actually translates into damage is also shaped by context‑specific factors, terrain, governance, and
event characteristics, that these frameworks position as resilience or response capacity instead of suscepti‑
bility. Section 6.3 examines these context‑dependent factors directly for each case. Within the constraints of
what couldbemapped spatially, the results reinforce the relevanceof the chosen indicators and show that the
literature‑based selection provides aworkable backbone for explaining howmapped vulnerability constructs
align with observed flood impacts.

6.3. Explaining Cross-Case Differences
This section explains country‑specific deviations from the cross‑case patterns identified above. Each case is
discussed through its PCA structure, regression results, and relevant resilience‑related context drawn from
event documentation.

Two analytical patterns require attention before discussing the individual cases. First, extensive variables
are often strongly correlated across all four regions. Several of these variables were redistributed to the grid
using the sameWorldPop ancillary layer, whichmay give count variables similar spatial distributions. A sensi‑
tivity check using a lower correlation threshold of 0.8 groupedmore extensive variables into the same blocks.
Some variables still remained separate, indicating that their spatial distributions retain information beyond
the shared disaggregation procedure.

Second, several distance‑based variables show negative direct effects and positive spatially lagged effects. A
negative direct coefficient indicates lower damage at cells located farther froma river or critical infrastructure.
A positive spatial lag indicates that cells may be close to the feature when surrounding cells are farther away.
This spatial arrangement can produce opposite local and neighboring effects. Italy’s distance‑to‑river result
and Germany’s distance‑to‑critical‑infrastructure result illustrate this pattern (Koks et al., 2022).

Event documentation also points to warning and coordination failures in Germany and Spain. These insti‑
tutional conditions lie outside the spatial indicator system, but they may help explain how similar physical
vulnerability patterns translated into different levels of damage.

6.3.1. Germany
The blockwise PCA results surface a component combining age dependency rate and elderly rate, a pattern
that recurs in Spain. Since the dependency rate includes both elderly and youth populations, this component
indicates that variation in dependency is closely aligned with variation in the elderly population within the
GermanandSpanish study areas. This alignswith Fekete (2010), who identify residents aged 65 andolder as a
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particularly high‑loading vulnerability indicator in Germany, supporting the decision to incorporate country‑
specific literature into the indicator selection process. Built surface and built volume also form a shared com‑
ponent in Germany, consistent with the pattern found across all four regions. Their common source and re‑
lated construction are discussed further in the limitations section.

Germany is also the only region where this built‑mass component is negatively associated with damage, in
both its direct and, more strongly, its spatially lagged form. One plausible interpretation is that buildings are
concentrated on flatter terrain, since steep valley sides are rarely built on. The same logic appears in the slope
coefficients. Slope’s direct effect is negative,meaning steeper grid cells see less damage, likely because fewer
buildings sit there to be damaged, while its spatial lag is positive,meaning grids near steep terrain, consistent
with valley floors, see more damage. This is consistent with the clustering map, where the lowest‑elevation,
lowest‑slope cluster is surrounded by the highest‑slope cluster, indicating that grids downstream of steep
terrain experienced disproportionately higher damage.

This terrain pattern plausibly compounds a resilience‑related factor the regression cannot directly test. The
Ahr Valley’s steep, confined topography channeled the 2021 floodwaters into a fast, high‑velocity flow, identi‑
fied elsewhere as a major contributor to the event’s 134 fatalities (Tradowsky et al., 2023), and the same con‑
finement that concentrates damage downstream also compresses the time available for warning and evacua‑
tion. This is consistent with documented shortcomings in the region’s early warning system, which involved
a sequence of separate actors, each responsible for a different stage of the warning process, without a single
point of coordination ensuring the information moved fast enough end to end:

1. National forecasting. TheGerman national weather service (DWD) issued floodwarnings roughly three
days in advance, but its river‑level forecast substantially underestimated the eventual peak, predicting
awater depth of approximately 5.7m at the Altenahr gauge against an observed peak of roughly 10.2m
(Thieken et al., 2023).

2. District‑level warning. The Landkreis Ahrweiler district authority issued its own flood warning only in
the early afternoon of 14 July, the day of the flood itself, several days after the initial national forecast
(Mohr et al., 2022).

3. Municipal evacuation. Themunicipality of Altenahr did not declare a state of emergency or order evac‑
uation until 23:09 that night, by which point floodwater levels in the valley were already extreme (Nick
et al., 2023).

Fragmented institutional responsibility for passing information between these three levels, as opposed to
a lack of forecasting capability at the national level, is identified as a central factor in the event’s high fatal‑
ity count (Mohr et al., 2022; Nick et al., 2023; Thieken et al., 2023). Germany’s urban‑core typology should
therefore be interpreted alongside a terrain‑driven constraint on response time and documented coordina‑
tion failures. These factorswere not included in the spatialmodel, but theymayhave influencedhowphysical
exposure and susceptibility translated into realized damage and loss.

6.3.2. Italy
Italy’sPCAcomponentsall occuramong theextensivevariables. Beyond thebuilt‑massandsocio‑demographic
PCs, a third component clusters number of women, population with low educational completion, and num‑
ber of employed persons. Both extensive PCs are positively associated with the urban core cluster, indicating
that it carries a broader socio‑demographic mass beyond built environment alone. Whether this reflects a
single undifferentiated population‑density effect or two more specific but co‑located patterns, household‑
anchored dependency and income on one hand, working‑age labor force presence on the other, cannot be
distinguished at the two‑cluster resolution used for Italy, and would require either a finer k or grid‑level cor‑
relation analysis to confirm.

Distance to river is among themost important predictors in Italy’s spatial regressionmodel. Its negative direct
effect and positive spatially lagged effect follow the local and neighborhood pattern described above. NDVI is
also significant in Italy andhasapositive regressionassociation, even though theurban‑core cluster has lower
NDVI than the rural periphery. This difference reflects the distinction between typological and conditional
analysis. At the typology scale, the urban core is densely built and has limited vegetation cover. Within the
observed flood footprint used for regression, higher NDVI may identify vegetated floodplain land uses that
werealso exposed todamage. Themodel doesnot includeagricultural landuse, asset value, or flood intensity
directly, so this interpretation remains tentative.
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Italy provides a partial contrast to Germany on the resilience dimension. The Emilia‑Romagna floods devel‑
opedacross a flat, low‑relief plain and involved successive rainfall events insteadof a rapid valley surge. These
conditionsmay have allowedmore time forwarning and evacuation before peakwater levels. This could help
explainwhy extensive flooding did not produce the same concentration of severe damage observed in the Ahr
Valley. Warning time and response capacity were not included in the spatial models, so this remains an inter‑
pretation based on event context.

6.3.3. Poland
Poland contains a distinct principal component combining mean household income and persons per house‑
hold, which does not appear in the other three regions. This component is strongly positive in the subur‑
ban family‑belt cluster, the region’s lowest‑damage typology, together with a relatively high youth rate. The
combination is consistent with comparatively well‑resourced family‑oriented suburban areas. The analysis
cannot determinewhether this reflects household composition, housing form, settlement history, or another
unmeasured local condition.

Poland shares some physical characteristics with Germany, including a fluvial flood setting and the recurring
importance of built‑environment indicators. Its typology and regression structure remain distinct. The in‑
come and household‑size component, the suburban family‑belt low‑damage cluster, and the different slope
and youth‑rate patterns show that Poland should not be treated as a direct counterpart to the German case.
Slope is negatively associated with direct damage in Germany but positively associated in Poland. One pos‑
sible explanation is that Poland’s less confined terrain allows infrastructure to be built on sloping land that
remains exposed to flooding. This is a contextual interpretation and not a direct test of floodmechanics.

No comparable large‑scale warning or institutional failure was identified in thematerial reviewed for the Pol‑
ish event. The discussion therefore focuses on terrain, settlement structure, and typology differences, while
recognizing that unmeasured response conditions may also have influenced observed impacts.

6.3.4. Spain
Spain’s typology is distinguished by road density, which is significant in both its direct and spatially lagged
effects. Higher local roaddensity is associatedwith agreater probability of belonging toahigher damage cate‑
gory. The positive spatial lag indicates that the surrounding road‑density context is also associatedwith dam‑
age. The Valencia event illustrates how transport corridors can channel, concentrate, and themselves sustain
flood impacts (Fekete et al., 2025). Taken together, these findings are consistentwith a broader infrastructure‑
intensive pattern of damage across connected urban areas.

Spain’s socio‑demographic indicators also show a distinct local and neighborhood pattern. At the grid‑cell
level, the composite socio‑demographic component is negatively associated with damage. Its spatial lag,
together with lags of education, income, women’s share, and foreign share, is positively associatedwith dam‑
age. This pattern suggests that socio‑demographic conditions are spatially structured. Central cells with high
socio‑demographic intensity may have limitedmapped damage, while surroundingmetropolitan areas com‑
bine different settlement, infrastructure, and exposure conditions. The protection associated with the Turia
diversion provides relevant context, but it was not represented in the spatial model and cannot be treated as
a tested explanation.

Response time adds a further dimension to Spain’s resilience profile. Analyses of the October 2024 Valencia
event describe delayed emergency alerts, late mobilization of resources, and institutional disputes over re‑
sponsibility during the crisis (Fekete et al., 2025; Hedgecoe, 2024). These governance conditions lie outside
the spatial indicator system, yet they may have shaped how exposure and susceptibility translated into dam‑
age and loss. In an area with high asset concentration along roads and urban belts, slow warning and weak
coordination can intensify the consequences of severe flooding. Spain’s typologies should therefore be inter‑
preted in relation to physical exposure, socio‑demographic structure, and crisis‑management capacity.

6.4. Implications and Contributions
6.4.1. Policy Implications
The cross‑case findings support a place‑based flood policy focus on dense urban infrastructure, coordina‑
tion across neighboring jurisdictions, and locally adaptedwarning and response systems. These implications
draw on recurring physical patterns while recognizing that terrain, flood dynamics, and governance condi‑
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tions differ across regions. This focus on vulnerability, not hazard alone, is consistent with broader evidence
that global declines in flood‑related fatalities since the mid‑1990s, despite continued population growth in
flood‑proneareas, areprimarily attributable to vulnerability reductionmeasures suchas improved risk aware‑
ness and structural defenses, rather than to any reduction in flood hazard itself (Merz et al., 2021).

Across all four regions, the clusterswith the highest damage share have high builtmass, dense road networks,
and proximity to population centers. These urban‑core typologies can support risk‑based land‑use planning.
Areas with concentrated roads, buildings, and critical infrastructure can be prioritized for structural protec‑
tion, retrofit measures, and flood‑compatible development controls (Dharmavaram et al., 2017). The regres‑
sion results support this focus because road density and built mass are among the most consistently signifi‑
cant indicators across the four cases.

Risk reduction measures should also reduce dependence on single facilities. Shelters, health services, and
emergency resources can be distributed across several accessible locations, since a centrally located facility
may be damaged or isolated during the same event it is intended to address. Measures such as soil‑cover
maintenance, flood storage, and space for rivers can complement building‑level resiliencemeasures in dense
urban areas (Dharmavaram et al., 2017).

The spatially lagged coefficients found throughout the regression results complicate a purely local reading of
risk, and here too there is a useful parallel in existing planning practice. Several indicators, including distance
to critical infrastructure and, in Germany and Spain, the aging and socio‑demographic mass components,
carry significant effects through their spatial lag rather than, or in addition to, their direct value, meaning a
grid cell’s damage outcome depends partly on the conditions of its neighbors. This mirrors a documented
weakness in conventional flood mapping, where sharply delineated flood zone boundaries understate the
real uncertainty at their edges, so that a facility located just outside a mapped flood line can face a similar
risk to one inside it (Dharmavaram et al., 2017). Norfolk, Virginia’s response to this problem, using deliber‑
ately fuzzy boundaries between risk zones in its long‑term planning framework instead of sharp lines, offers
one way to build this uncertainty into land use decisions (Dharmavaram et al., 2017). For flood risk plan‑
ning generally, this argues against drawing intervention boundaries strictly along administrative lines, since
neighboring municipalities or districts with elevated vulnerability can influence outcomes beyond their own
borders. Coordination across municipal boundaries would better match the spatial structure the regression
results reveal.

The cross‑regional comparison also shows that similar indicator combinations do not necessarily carry the
same policy implications everywhere. As discussed in the regional characteristics above, Germany’s terrain‑
driven constraints on warning lead time and Spain’s political fragmentation during the 2024 event both sug‑
gest that governance and response capacity interact with the physical vulnerability typology. Italy stands
apart fromtheother three cases in adifferentway,where the flat, slow‑onset character of theEmilia‑Romagna
floods appears to have moderated damage severity even without a comparable governance story. This di‑
vergence indicates that while physical susceptibility indicators travel reasonably well across contexts, their
translation into intervention priorities depends on the local governance and planning legacy and the terrain‑
driven pace of a flood event itself, and typologies derived fromone country should not be applied uncritically
to another without accounting for these differences (Fekete et al., 2025).

Germany and Spain also show the importance of warning and response systems. Structural protection can‑
not remove all flood risk, and defenses can create downstream risk or encourage over‑reliance if they are
treated as complete protection (Dharmavaram et al., 2017). Warning systems should therefore remain part of
flood‑risk planning. They also require redundancy, since floods can damage the communication infrastruc‑
ture used to issue alerts. Manual systems such as sirens or horns can provide a backupwhen digital networks
fail (Thieken et al., 2023).

6.4.2. Academic Contribution
Section 1.5 introduced disaster and emergencymanagement as a Grand Challenge (Miller et al., 2025), a fram‑
ing this thesis returns to here in light of its empirical findings. Rising flood frequency and severity are increas‑
ingly outpacing the capacity of purely structural defenses, making evidence‑based, vulnerability‑focused ap‑
proaches suchas theonedevelopedherean increasinglynecessary complement tohazard‑centeredplanning
(Birkmann et al., 2013; UNISDR, 2015). Beyond the specific findings discussed above, this thesis contributes
to that broader effort in three respects.
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First, prior vulnerability typology research has repeatedly identified a lack of empirical validation against ob‑
served impacts as a persistent gap, since most typologies are constructed and interpreted without formally
testing whether they hold across more than one case (Moreira et al., 2021). By comparing the profiles and
damage associations of independently derived typologies across four countries, this thesis responds to the
need for empirical validation beyond single‑case studies. The comparison identifies a recurring physical vul‑
nerability profile across the cases, while the social and institutional features vary by region.

Second, the thesis develops a structured approach for comparing independently estimated clusters and re‑
gional regression models. The comparison uses damage shares, standardized cluster profiles, regression sig‑
nificance, and a cross‑method evidence table. This approach avoids direct comparison of raw coefficients or
cluster means across models with different samples and predictor sets. It provides a transparent basis for
identifying recurring indicators while preserving country‑specific interpretation.

Third, the regional analysis identifies institutional coordination and warning systems as an important inter‑
pretive layer beyond the spatial indicatorsmodeled in this thesis. Evidence fromGermany andSpain suggests
that forecasting, warning issuance, and evacuation decisions shaped how physical exposure and susceptibil‑
ity translated into observed impacts. These mechanisms were not tested in the spatial models, but they pro‑
vide a relevant extension for future vulnerability research. This multi‑actor dimension of flood risk, distinct
fromand additional to the spatial indicatorsmodeled here, is consistentwith calls in the disaster literature for
flood risk tobeunderstoodas jointly producedbyphysical exposure and the institutional systems responsible
for managing it (Merz et al., 2021), and represents a natural extension of the spatial vulnerability perspective
developed in this thesis toward the multi‑actor systems that determine whether that vulnerability is realized
as damage.

6.5. Methodological Reflections and Limitations
Theanalyticalworkflowadopted in this thesis involveda series of choices regarding spatial resolution, cluster‑
ing, and regression specification, each of which carries implications for how the results should be interpreted.
This section reflects on these choices, on the limitations of the underlying data, and on how both may have
shaped the typologies identified and the estimated relationships with flood damage.

Working at a 100 m grid across multiple municipalities and four countries required a resolution fine enough
to capture within‑city variation while remaining computationally manageable across large study areas. This
choice smooths some local variation that a finer grid, or parcel‑level data, would preserve, particularly for
compact urban features such as individual buildings. Administrative boundaries also vary in size and shape
between countries and sit awkwardly against a uniform grid, so the same physical distance can represent
different fractions of a municipality depending on the case study region. The consistency gained by applying
one resolution across all four countries came at the cost of resolution appropriate to each individual context.

Clustering involved a similar trade‑off between rigor and computational feasibility. The optimal number of
clusters was determined using a single random state due to computational constraints. The selected values
range from k = 2 in Italy to k = 3 in Germany, Poland, and Spain. These choices should be treated as indica‑
tive, and repeated runs across multiple random states would provide a stronger assessment of cluster stabil‑
ity. Hierarchical clustering was considered, and given that the typology literature this thesis draws on (Rufat,
2012; Tate et al., 2025) generally favors hierarchical methods for their reproducibility and lack of dependence
on a predefined k, it may be the more defensible choice going forward, provided sufficient computational
capacity is available to run it at this scale.

The regression stagewent throughacomparableprocessof trial andcorrectionbefore settlingon its final spec‑
ification. Reintroducing indicators pruned during blockwise PCA back into the regression input table, in an
attempt to broaden the distribution of predictors, proved counterproductive, as the pruned variables carried
missing values that effectively told the optimizer every observation had a strictly positive outcome. A staged
VIF procedurewas applied instead, screening all candidate predictors in anOLS framework and removing any
exceeding a threshold of 5 before repeating the check on the reducedmatrix. Poisson and negative binomial
models were also tested; dispersion values were low enough across all regions for Poisson to be preferred.
For Germany specifically, reattaching raw census indicators reduced the usable sample from 802 to 295 cells,
since those variables covered only around a third of the flood event footprint, andwithin that smaller sample
fewer than 2 percent of observations were zero, making the model unusable. Excluding the raw census indi‑
cators restored the full sample and a more balanced zero rate, after which the model converged. Given that
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the damage variable is a composite score rather than a genuine count, and that a two‑part hurdle structure
implies a zero‑generating mechanism distinct from the damage process itself, an ordinal logit specification
was ultimately adopted as the primary approach, with the count‑based models retained as a record of the
specification search.

Although the likelihood ratio test confirms that including spatially lagged covariates significantly improves
model fit in every region, this test only establishes that the added lag terms are jointly different from zero, a
comparatively low bar, particularly given the large sample sizes in Italy and Spain (n > 10,000), where even
modest improvements in fit are readily detected as statistically significant. The residual Moran’s I test asks
a stronger question, whether spatial dependence in the model’s errors has been fully absorbed, and the two
results can diverge. Spatially lagged covariates can carry genuine, statistically significant explanatory power
without fully resolving the spatial structure present in the residuals. This is consistent with the pattern as
shown in Table 5.20 in Chapter 5. Italy and Spain pass the likelihood ratio test but show little to no reduction
in residual spatial autocorrelation, suggesting thatwhatever spatial dependence remains is notwell captured
by lagging the observed covariates alone.

Beyond these specification choices, several limitations in the underlying data affect how the indicators them‑
selves should be interpreted. Income variables are not defined consistently across the four countries, varying
in whether they refer to taxable or net income and whether they are measured per household or per tax unit,
which limits strict cross‑country comparability even where the variable name is shared. Documentation and
metadata for most indicators were only available in the national language of the corresponding case study,
and translation, assisted where necessary by AI tools, may not have captured every definitional nuance pre‑
cisely. Several socio‑economic and demographic datasets are also subject to statistical disclosure control,
including statistical suppression (Statistisches Bundesamt (Destatis), 2024) and the newer cell‑key methods
(Enderle & Kleber, 2024) applied to preserve confidentiality at fine spatial scales. In some cases indicators
had to be represented through proxies where a more direct measure existed elsewhere but was unavailable
for a given country. These forms of measurement inconsistency are difficult to correct for after the fact and
likely contribute some of the noise observed in the weaker regression relationships.

Indicator construction required several country‑specific validation steps. These included correcting spatial
joins for count variables, interpreting disclosure‑control codes, harmonizing percentage and fractional scales,
and verifying that source variables matched their intended concepts. These checks improved consistency
across the four case studies, but they also show the difficulty of combining independently structured national
datasets. Detailed examples are provided in Appendix F.

Source‑level validation also identified inconsistencies in derived indicators. Italy’s mean household income
indicator initially combined a population‑weighted income allocation with a separate household‑count de‑
nominator. This produced extreme outliers in sparsely populated census sections because the numerator
and denominator followed different spatial distributions. The final procedure used household counts as the
allocation weight for the income total. This ensured that the numerator and denominator were based on the
same source structure.

The indicator selection process itself carries forward limitations from the literature review stage. Relying on
existing systematic reviews and purposive literature searches as starting points means some relevant frame‑
works or indicators may not have been captured. Country‑specific studies employing PCA or factor analy‑
sis, used to refine the indicator set for local relevance, were also unevenly available across the four regions,
meaning some countries’ indicator selection benefited from more targeted local evidence than others. Fi‑
nally, dimensions of vulnerability identified as conceptually important but consistently under‑represented
in the literature, such as health status, preparedness, and social cohesion, could not be operationalized as
spatial indicators due to data availability constraints, and remain part of the interpretive context discussed in
this chapter’s regional analyses rather than the spatial indicator system itself.

A further limitation concerns the information captured by the hazard indicators. Slope, elevation, NDVI, dis‑
tance to river, and HAND describe a grid cell’s position within flood‑prone terrain. They do not measure the
depth, velocity, duration, or timing of the floodwater that reached each location. Damage reflects both vul‑
nerability and flood intensity. Two grid cells with similar vulnerability profiles may experience very different
impacts if one is exposed to deeper or faster water. Each regional model focuses on a single flood event,
which avoids pooling fundamentally different events within the same regression. Substantial variation in
flood depth, velocity, duration, and timing remains within each event. The models cannot fully separate haz‑
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ard intensity from vulnerability‑related associations.

Two further limitations concern how consistently the indicators represent conditions in space and time. The
Copernicuselevationproductused in this thesis is adigital surfacemodel insteadof abare‑earthdigital terrain
model. Buildings and tree canopy can therefore inflate elevation values, especially in urban and forested cells.
A bias‑corrected version of the DEM (Hawker et al., 2022) was identified only near the end of the analysis and
was not incorporated, though it would be a natural substitution for future iterations. Temporal alignment is a
separate concern, since the analysis is essentially a single cross‑section for each country and the underlying
datasets arenotperfectly aligned in timewith the floodevents themselves. Censusdata inparticular predates
some of the events by several years, and for Germany the 2022 census was used to characterize conditions
during a 2021 flood, meaning population and socio‑economic indicators may not fully reflect conditions at
the time of the event.

Dasymetric mapping introduces a related limitation. WorldPop population was used as the ancillary surface
for several extensive variables. WorldPop is itself a modeled population surface informed by settlement and
built‑environment covariates. Variables redistributed through the same weighting surface can therefore in‑
herit a shared spatial pattern. This may contribute to the strong correlations among count variables and to
the broad socio‑demographic mass components identified through blockwise PCA. The procedure was nec‑
essary to achieve a common grid resolution, but components basedmainly on extensive variables should be
interpreted partly as measures of spatial concentration alongside their substantive social meaning.

The impact variable carries its own limitations, and these matter more than any single indicator limitation,
since they affect what the regression is estimating in the first place. Grid cells without a Copernicus damage
gradingwere treated as zero damage. This assumes thatmissing grades indicate no observed damage anddo
not reflect incomplete mapping coverage. The underlying grades come from remote sensing interpretation
of satellite imagery, and although the Copernicus Emergency Management Service applies collective quality
control across releases, some grading bias is plausible, particularly for the possibly damaged category, which
is better understood as a confidence flag than as a genuine midpoint between no damage and confirmed
damage. Infrastructure damage is also, by necessity, used as a proxy for flood impact more broadly, which
likely explains why the indicators most strongly associated with damage in this thesis tend to relate to phys‑
ical susceptibility more than social or human susceptibility, since the dependent variable itself is a physical
measure. Other dimensions of impact, such as loss of life, displacement, or broader economic disruption, are
not captured here and would typically require survey data (Fekete et al., 2025), emergency service records
(Moreira et al., 2021), or social media based measures (Kruspe et al., 2021), all considerably harder to obtain
consistently across four European countries.

Relative to thegaps identifiedbyMoreiraetal. (2021) inprior vulnerability typologywork, this thesis addresses
dimensionality reductiondirectly, is explicit about thedisaggregationchoicesmadeat each stage, andapplies
some sensitivity testing to the correlation threshold used in blockwise PCA, settling on 0.9 after comparing
several alternatives, and to the determination of k through multiple clustering methods. A fuller sensitivity
analysis, covering the correlation threshold, the minimum non‑null share used to admit indicators, and the
stability of k across random states, remains a limitation shared with much of the reviewed literature (Hamidi
et al., 2025; Moreira et al., 2021), and would strengthen confidence in the typologies reported here.

A further limitation concerns how far these findings can be generalized. Four flood events across four coun‑
tries were deliberately chosen for their scale and for their diversity in flood mechanism, terrain, and institu‑
tional context. This supports some transferability in kind, since the recurring importance of built mass and
road density across all four regions is a pattern worth taking seriously. It does not establish how common
this pattern is across the wider range of European flood types, since coastal and pluvial flooding are not rep‑
resented in this sample. The country‑specific divergences documented in this chapter, such as Germany’s
built‑mass reversal, are also limited to the small number of cases available and should not be read as a full
account of when andwhy such reversals occur. A larger andmore varied set of cases would be needed before
these patterns can be treated as general findings instead of illustrative ones.

Several refinements follow directly from the limitations discussed above. Repeating the clustering procedure
across multiple random states, and applying hierarchical clustering at full scale, would test the stability of
the reported typologies. Replacing built surface and built volume with built surface and built height would
introduce genuinely independent variation into the built environment indicators, instead of two measures
derived from the same underlying source. Incorporating the bias‑corrected DEM andmore temporally consis‑
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tent socio‑economic data would address the spatial and temporal misalignments noted above. Finally, the
nearest‑neighbor imputation used for HAND values in Italy, where flat terrain caused the underlying hydrolog‑
ical computation to fail, is defensible given that the median value is close to zero, but a raster‑based recom‑
putation with a corrected DEM would be more rigorous for the small number of non‑zero pockets associated
with levees and embankments.

6.6. Future Research
Several directions for future research follow from the findings and methodological reflections presented in
this chapter. The clustering and regression stages in this thesis were run in parallel on the same indicator set.
A sequential design could first identify typological groups through clustering and then estimate separate re‑
gressionswithin eachgroup. This approach could identify indicator‑damage relationships that differ between
urban‑core, rural‑periphery, and suburban typologies (Lazarevic et al., 1999).

A second extension would apply Local Indicators of Spatial Association (LISA) directly to vulnerability indica‑
tors or damage outcomes. LISA could identify statistically significant hot and cold spots and provide a more
direct measure of local spatial concentration than the current overlay of damage on cluster typologies.

Residual Moran’s I remains statistically significant in all four regions even after fitting the SLX specification,
indicating that spatially lagged covariates alone do not fully absorb the spatial dependence present in the
data. This could reflect spatially patterned determinants of damage not captured by the indicator set used
here, such as local emergency response capacity or infrastructure condition, or it could reflect genuine spa‑
tial diffusion in damage itself, for instance where damage to one building’s utility connections propagates to
physically connected neighboring structures. Distinguishing between these explanations is not possible from
the residual diagnostic alone. A spatial error model, which explicitly models spatial dependence in the error
term, or a spatial autoregressive specification that lags the damage outcome itself, would be a natural next
step for isolating which mechanism is driving this remaining structure, and is left for future work.

Beyond the analytical structure, several data‑related extensions would strengthen future applications of this
approach. Incorporatingmore temporally dynamic socio‑economic indicatorswouldhelp address the tempo‑
ral misalignment between data collection and flood events discussed in the methodological reflections, and
would allow the typologies to better reflect conditions closer to the time of impact. Extending the analysis to
additional hazard types, such as coastal or pluvial flooding, or to further regions beyond the four cases stud‑
ied here, would test whether the recurring built‑mass and infrastructure‑density signal holds more broadly
or is specific to the fluvial and flash‑flood contexts examined in this thesis. Finally, translating the typolo‑
gies into an operational tool, such as a dashboard that flags high‑risk combinations of indicators for planners,
would help bridge the gap between the academic contribution of this thesis and its practical use, though this
would first require the sensitivity and robustness testing outlined earlier in this chapter to ensure the under‑
lying typologies are stable enough to support real decisions. Together, these directions connect the spatial
patterns identified in this thesis to the broader challenge of integrating vulnerability evidence into flood risk
management and climate adaptation practice across Europe (Birkmann et al., 2013; UNISDR, 2015).



7
Conclusion

This chapter returns to the main research question and summarizes the answers to the three sub‑research
questions. It then presents the central empirical contribution of the thesis.

To what extent do theoretical flood vulnerability indicators align with actual post‑disaster impact zones to
define spatial typologies across recent European flood events?

Themain research question is answered below through the three sub‑research questions.

SQ 1: Which indicators are identified in academic literature as the critical drivers of flood vul-
nerability?
Desk research grounded in recent systematic reviews of flood vulnerability frameworks (Hamidi et al., 2025;
Moreira et al., 2021; Shehzad et al., 2026; Tabasi et al., 2025) produced a structured indicator set organized
around the Integrated Risk Linkages framework, separating hazard from susceptibility and further dividing
susceptibility into physical, social, and human dimensions. A hybrid deductive‑inductive approachwas used.
The literature‑derived framework provided a common conceptual backbone, while country‑specific vulnera‑
bility studies informed the selection and interpretation of locally relevant indicators. This process supported
the inclusion of indicators such as elderly population structure in Germany, where prior research identifies
older residents as an important vulnerability group (Fekete, 2010).

The resulting list covers five hazard indicators, NDVI, distance to nearest river, HAND, elevation, and slope,
alongside physical susceptibility indicators (road density, distance to critical infrastructure) and a set of social
and human susceptibility indicators spanning income, poverty, unemployment, population density, house‑
hold composition, and age structure. SQ 1 is answered through a literature‑grounded indicator framework
that guided the spatial operationalization in the subsequent chapters. Data availability and cross‑country
harmonization limited the inclusion of several resilience‑related and detailed social vulnerability dimensions.
These factors therefore remained part of the interpretive context in the Discussion.

SQ 2: Using spatial statistics, to what extent do the mapped vulnerability indicators cluster and
correlate with the actual flood impact zones?
The spatial analysis shows that themapped indicators cluster and correlatewith observed flood impact zones
to a meaningful extent, though the strength and form of this relationship differs by indicator domain. Block‑
wise PCA reduced the indicator set while preserving domain content, and in every region extensive variables
coalesced into a small number of components representing builtmass andbroad socio‑demographic volume,
while hazard variables andmost intensive indicators remained interpretable as singletons. This structure car‑
ried through to clustering and regression. Each region contained an urban‑core cluster that was distinct from
rural, peripheral, or suburban profiles. The urban‑core clusters had the highest share of damaged grid cells
in all four cases. They were consistently characterized by high road density and high built mass, while socio‑
demographic components varied in composition across regions. Spatial regression added a grid‑level per‑
spective. Road density had a positive and statistically significant direct association with damage in all four
regions. Built‑mass components also appeared among the most important predictors, although Germany
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showed a negative association linked to local valley conditions. Socio‑demographic components were signif‑
icant in selected cases, but their direction and composition differed across regions.

The analysis also refines the theoretical treatment of social vulnerability indicators. Poverty, income, educa‑
tion, age, employment, andhouseholdmeasures frequently formedbroadcomponentsof socio‑demographic
volume instead of separate dimensions. At the 100 m grid scale, these indicators often reflected the spatial
concentration of people, services, and resources within the same areas.

SQ 2 is therefore answered by showing that mapped indicators align with observed impact zones to a mean‑
ingful extent. The strongest andmost consistent relationships concern the built environment, especially road
density andbuiltmass. Socio‑demographic conditions contribute to thehigh‑impact typologies, though their
composition and regression effects differ across countries.

SQ 3: Based on these spatial correlations, what high-impact vulnerability typologies consis-
tently emerge across case studies?
Comparing the four case studies on the basis of damage share in lieu of raw damaged grid counts reveals a
consistent urban core typology across flood events in Germany, Italy, Poland, and Spain that combines high
built mass, dense road networks, low vegetation cover, and proximity to critical infrastructure. This typology
held even in Italy, where the wider rural periphery cluster dominates the study area, since the smaller urban
core cluster nonetheless carries a substantially higher share of damaged grids. Road density provides the
strongest shared signal across methods and countries. It is elevated in every highest‑damage‑share urban‑
core cluster and has a positive, statistically significant regression association with damage in all four regions.
Built mass also recurs in the urban‑core typology and is important in three regional models, while Germany
shows a negative association linked to the location of urban development within the Ahr Valley.

The socio‑demographic composition attached to this physical core is less consistent, varying with each coun‑
try’s settlement pattern and the specific structure of its census indicators. Case‑specific factors outside the
spatial indicator system, such as the terrain‑driven compression ofwarning lead time in Germany’s Ahr Valley,
the flat, slow‑onset character of the Emilia‑Romagna floods, and institutional fragmentation during the 2024
Valencia floods, help explain differences in damage severity that the regression coefficients alone cannot fully
account for. SQ 3 is answered through a two‑part typology. The transferable physical core consists of dense
roads, high built mass, and concentrated infrastructure within urban areas. The socio‑demographic and gov‑
ernance dimensions require local interpretation because their composition and relationship with damage
vary across countries.

The main research question is answered as follows. Theoretical flood vulnerability indicators align with ob‑
served post‑disaster impact zones to a meaningful extent. The strongest alignment concerns built environ‑
ment indicators, especially road density and built mass. The resulting spatial typologies show a recurring
urban‑core profile with a high concentration of damaged grid cells across all four flood events.

Socio‑demographic indicators also contribute to vulnerability patterns, but their structure and association
withdamagevary across countries. Mapped indicators can therefore support the identificationof areaswhere
flood damage is likely to concentrate. Their use in policy requires local knowledge of settlement patterns,
terrain, planning history, warning systems, and emergency response capacity.

This thesis contributesacross‑caseperspective to floodvulnerability researchbyapplyinga literature‑derived
indicator framework to empirical damage data from four European flood events. The analysis compares inde‑
pendently derived typologies and regression results across cases, responding to the limited validationagainst
observed impacts identified in previous vulnerability research (Moreira et al., 2021).

The methodological reflections, policy implications, and future research directions identify several ways to
strengthen this approach. Thecentral empirical contribution is the identificationof a recurringurban‑core vul‑
nerability pattern across diverse European flood events. Its physical built‑environment features recur across
cases, while its socio‑demographic and institutional context remains locally specific.
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A
IRL Framework Component Figures

The following are the ready‑to‑use list of indicators from the Integrated Risk Linkages framework by Tabasi
et al. (2025).

Figure A.1: Hazard hierarchy (Tabasi et al., 2025)
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Figure A.2: Susceptibility hierarchy (Tabasi et al., 2025) a. Overall hierarchy; b. Managerial; c. Physical; d. Social; e. Human
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Figure A.3: Resilience hierarchy (Tabasi et al., 2025) a. Overall hierarchy; b. Management and planning; c. Available resources in flood
resilience



B
Choropleths

This appendix shows the different choropleths of each region and segmented based on components based
on the IRL framework.

B.1. Germany

Figure B.1: Choropleths of hazard indicators for Germany.
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Figure B.2: Choropleths of physical susceptibility indicators for Germany.
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Figure B.3: Choropleths of human susceptibility indicators for Germany.
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Figure B.4: Choropleths of social susceptibility indicators for Germany.
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B.2. Italy

Figure B.5: Choropleths of hazard indicators for Italy.

Figure B.6: Choropleths of physical susceptibility indicators for Italy.
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Figure B.7: Choropleths of human susceptibility indicators for Italy.
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Figure B.8: Choropleths of social susceptibility indicators for Italy.
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B.3. Poland

Figure B.9: Choropleths of hazard indicators for Poland.

Figure B.10: Choropleths of physical susceptibility indicators for Poland.
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Figure B.11: Choropleths of human susceptibility indicators for Poland.
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Figure B.12: Choropleths of social susceptibility indicators for Poland.
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B.4. Spain

Figure B.13: Choropleths of hazard indicators for Spain.

Figure B.14: Choropleths of physical susceptibility indicators for Spain.
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Figure B.15: Choropleths of human susceptibility indicators for Spain.
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Figure B.16: Choropleths of social susceptibility indicators for Spain.



C
Spatial Clustering K-Value Diagnosis

Raw Values

This appendix reports the raw values as results of the k‑value diagnostics referenced in Chapter 5. For each re‑
gion, inertia, silhouette score, the Calinski‑Harabasz index, and the Davies‑Bouldin index are reported across
the full tested range of k, prior to the rescaling described in Chapter 4. The composite‑optimal k for each
region is shaded.

C.1. Germany

(a) K values for Germany with inertia and silhouette methods

(b) K values for Germany with Calinski‑Harabasz and Davies‑Bouldin methods

Figure C.1: K value plots according to different methods for Germany.
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Table C.1: Raw clustering validation indices by number of clusters, Germany

k Inertia Silhouette Calinski‑Harabasz Davies‑Bouldin

2 170,831.86 0.161 2,887.18 2.091
3 145,554.52 0.179 2,890.09 1.882
4 131,547.38 0.158 2,620.54 1.817
5 123,824.73 0.158 2,302.55 1.928
6 117,116.98 0.145 2,105.13 1.914
7 111,759.95 0.144 1,948.23 1.899
8 107,363.92 0.143 1,818.69 1.810
9 103,837.57 0.139 1,703.72 1.826

10 100,947.60 0.135 1,601.45 1.886

C.2. Italy

(a) K values for Italy with inertia and silhouette methods

(b) K values for Italy with Calinski‑Harabasz and Davies‑Bouldin methods

Figure C.2: K value plots according to different methods for Italy.

Table C.2: Raw clustering validation indices by number of clusters, Italy

k Inertia Silhouette Calinski‑Harabasz Davies‑Bouldin

2 1,962,806.72 0.531 19,983.08 1.091
3 1,781,603.82 0.169 16,399.74 1.684
4 1,621,629.45 0.191 15,498.19 1.582
5 1,514,345.66 0.200 14,324.88 1.554
6 1,425,657.07 0.125 13,491.86 1.843
7 1,373,780.38 0.129 12,334.96 1.756
8 1,326,807.94 0.112 11,483.25 1.863
9 1,284,669.12 0.110 10,812.07 1.822

10 1,247,260.89 0.118 10,252.21 1.875
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C.3. Poland

(a) K values for Poland with inertia and silhouette methods

(b) K values for Poland with Calinski‑Harabasz and Davies‑Bouldin methods

Figure C.3: K value plots according to different methods for Poland.

Table C.3: Raw clustering validation indices by number of clusters, Poland

k Inertia Silhouette Calinski‑Harabasz Davies‑Bouldin

2 810,339.23 0.214 13,756.03 1.858
3 719,345.04 0.216 11,293.72 1.598
4 634,433.63 0.205 11,037.72 1.571
5 585,016.13 0.204 10,161.29 1.622
6 549,422.39 0.202 9,381.86 1.585
7 514,231.80 0.192 8,992.46 1.619
8 492,085.90 0.191 8,414.97 1.573
9 472,462.38 0.191 7,959.81 1.566

10 456,543.45 0.194 7,539.14 1.585
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C.4. Spain

(a) K values for Spain with inertia and silhouette methods

(b) K values for Spain with Calinski‑Harabasz and Davies‑Bouldin methods

Figure C.4: K value plots according to different methods for Spain.

Table C.4: Raw clustering validation indices by number of clusters, Spain

k Inertia Silhouette Calinski‑Harabasz Davies‑Bouldin

2 2,750,245.37 0.173 30,969.16 2.160
3 2,467,611.66 0.191 28,045.91 1.934
4 2,276,282.72 0.134 25,546.50 1.930
5 2,158,203.17 0.141 22,784.65 1.787
6 2,053,965.02 0.116 21,064.59 1.921
7 1,948,830.51 0.149 20,194.36 1.811
8 1,859,027.88 0.153 19,445.43 1.747
9 1,780,692.11 0.150 18,798.98 1.714

10 1,714,205.00 0.140 18,170.02 1.701



D
Full Spatial Regression Model Results

This appendix reports the full model statistics and coefficient tables for the ordinal spatial lag of X (SLX) mod‑
els estimated for each of the four countries in the sample. For each country, three model specifications are
compared: non‑spatial OLS, the non‑spatial ordinal logit, and the final ordinal logit with spatial lag (SLX) co‑
variates used in themain text. Model fit is assessed through AIC, BIC, log‑likelihood, and McFadden’s pseudo‑
R2, calculated relative to the null (intercept‑only) log‑likelihood reported for each country. The improvement
in fit fromadding spatial lag terms is tested formallywith a likelihood ratio test comparing the non‑spatial and
SLX ordinal logit specifications. Residual spatial autocorrelation is then assessed with Moran’s I, computed
on the residuals of the OLS baseline and, separately, on the residuals of the final SLXmodel, to checkwhether
the spatial lag specification adequately accounts for spatial dependence in the data.

For the coefficient tables, each predictor reports the estimated coefficient, standard error, z‑statistic, and p‑
value forboth itsdirect andspatially lagged (WX) effect. int_andext_prefixesdenote intensiveandextensive
variables respectively; full indicator definitions and the composition of each principal component are given
in Table 5.1b and its regional equivalents in Chapter 5. The final rows of each coefficient table report the
estimated threshold (cutpoint) parameters of the ordinal model.

D.1. Germany
Table D.1: Model comparison statistics for Germany

Model n AIC BIC Log‑lik. PseudoR2

Null (intercept only) 802 — — ‑823.77 —
OLS 802 1588.90 1659.20 ‑779.45 —
Ordinal logit (no SLX) 802 1492.10 1567.10 ‑730.05 0.114
Ordinal logit (SLX) 802 1400.40 1541.01 ‑670.20 0.186

Table D.2: Likelihood ratio test, non‑spatial vs. SLX ordinal logit, Germany

LR statistic 119.70
Degrees of freedom 14
p‑value < 0.001
Conclusion SLX improves fit

Residual spatial autocorrelation is reduced once spatially lagged covariates are added, but remains statisti‑
cally significant, indicating that the SLX specification does not fully capture the spatial structure present in
the data.
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Table D.3: Moran’s I on model residuals, Germany

OLS residuals SLX residuals

Moran’s I 0.252 0.200
Expected I ‑0.001 ‑0.001
zsim 14.37 12.39
psim 0.0025 0.0025
Permutations 399 399

Table D.4: Ordinal SLX model coefficients — Germany (direct and spatially lagged effects)

Direct Spatial Lag (WX)

Variable Coef. S.E. z p Coef. S.E. z p

Intensive Variables
int_elderly_dependency_pc 0.254 0.082 3.110 0.002*** 0.843 0.248 3.406 <0.001***
int_ndvi ‑0.211 0.117 ‑1.807 0.071* ‑0.116 0.273 ‑0.424 0.672
int_road_density_m_per_km2 0.419 0.108 3.868 <0.001*** ‑0.265 0.227 ‑1.169 0.242
int_dist_nearest_primary_road_m ‑0.128 0.311 ‑0.411 0.681 ‑0.057 0.381 ‑0.148 0.882
int_dist_nearest_critical_infra_m ‑3.468 0.592 ‑5.861 <0.001*** 3.815 0.609 6.264 <0.001***
int_dem_m 0.171 1.129 0.151 0.880 0.289 1.145 0.253 0.801
int_dist_river_m 0.094 0.140 0.673 0.501 ‑0.105 0.214 ‑0.489 0.625
int_employment_rate_total ‑0.328 0.709 ‑0.463 0.643 0.299 0.716 0.417 0.677
int_women_per_pop 0.813 1.541 0.528 0.598 ‑1.402 1.548 ‑0.906 0.365
int_slope ‑0.437 0.162 ‑2.695 0.007*** 1.605 0.300 5.343 <0.001***
int_hand_m ‑0.385 0.324 ‑1.187 0.235 ‑0.299 0.411 ‑0.728 0.466
int_income_mean_hh 0.814 1.953 0.417 0.677 ‑0.611 1.958 ‑0.312 0.755

Extensive Variables
ext_built_mass_pc ‑0.328 0.167 ‑1.966 0.049** ‑1.448 0.362 ‑3.995 <0.001***
ext_sociodemographic_mass_pc 0.916 0.189 4.842 <0.001*** 2.238 0.401 5.574 <0.001***

Threshold
τ0|1 ‑2.334 (0.128), z = −18.279, p < 0.001***
τ1|2 0.948 (0.052), z = 18.383, p < 0.001***

Note: ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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D.2. Italy
Table D.5: Model comparison statistics for Italy

Model n AIC BIC Log‑lik. PseudoR2

Null (intercept only) 10382 — — ‑7784.26 —
OLS 10382 13867.74 14012.70 ‑6913.87 —
Ordinal logit (no SLX) 10382 13021.16 13173.36 ‑6489.58 0.166
Ordinal logit (SLX) 10382 12973.19 13263.10 ‑6446.59 0.172

Table D.6: Likelihood ratio test, non‑spatial vs. SLX ordinal logit, Italy

LR statistic 85.97
Degrees of freedom 19
p‑value < 0.001
Conclusion SLX improves fit

Table D.7: Moran’s I on model residuals, Italy

OLS residuals SLX residuals

Moran’s I 0.248 0.244
Expected I 0.000 0.000
zsim 50.83 54.27
psim 0.0025 0.0025
Permutations 399 399

Unlike Germany and Poland, residual spatial autocorrelation in Italy does not meaningfully decrease once
spatially lagged covariates are included, and its zsim statistic increases slightly. This suggests the SLX specifi‑
cation captures little of the spatial dependence present in Italy’s OLS residuals.
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Table D.8: Ordinal SLX model coefficients — Italy (direct and spatially lagged effects)

Direct Spatial Lag (WX)

Variable Coef. S.E. z p Coef. S.E. z p

Intensive Variables
int_ndvi 0.207 0.030 6.841 <0.001*** ‑0.060 0.049 ‑1.227 0.220
int_hand_m ‑0.064 0.059 ‑1.086 0.278 ‑0.090 0.070 ‑1.280 0.201
int_road_density_m_per_km2 0.462 0.028 16.767 <0.001*** ‑0.007 0.055 ‑0.133 0.894
int_dist_nearest_primary_road_m 0.074 0.470 0.158 0.874 ‑0.100 0.471 ‑0.212 0.832
int_dist_nearest_critical_infra_m ‑0.424 0.439 ‑0.966 0.334 0.290 0.441 0.658 0.511
int_dem_m 0.034 0.042 0.816 0.415 ‑0.074 0.082 ‑0.895 0.371
int_dist_river_m ‑0.780 0.367 ‑2.125 0.034** 0.789 0.370 2.135 0.033**
int_slope 0.033 0.047 0.712 0.476 ‑0.197 0.078 ‑2.530 0.011**
int_foreign_share ‑0.107 0.052 ‑2.052 0.040** 0.025 0.062 0.408 0.683
int_women_per_pop ‑0.098 0.043 ‑2.297 0.022** 0.054 0.053 1.017 0.309
int_persons_per_household ‑0.008 0.047 ‑0.178 0.858 ‑0.185 0.058 ‑3.174 0.002***
int_income_mean_hh 0.008 0.123 0.064 0.949 ‑0.012 0.127 ‑0.092 0.927
int_employment_rate_total 0.039 0.046 0.852 0.394 0.003 0.055 0.052 0.958
int_elderly_rate ‑0.238 0.174 ‑1.370 0.171 0.324 0.178 1.821 0.069*
int_youth_rate ‑0.074 0.211 ‑0.352 0.725 0.029 0.214 0.135 0.892

Extensive Variables
ext_built_mass_pc 0.680 0.039 17.570 <0.001*** 0.049 0.066 0.750 0.453
ext_age_income_poverty_pc 0.365 0.064 5.714 <0.001*** ‑0.166 0.094 ‑1.777 0.076*
ext_foreign_total 0.004 0.058 0.074 0.941 ‑0.275 0.087 ‑3.169 0.002***
ext_edu_high_comp_count ‑0.241 0.057 ‑4.228 <0.001*** 0.519 0.095 5.453 <0.001***

Threshold
τ0|1 0.634 0.023 27.098 < 0.001***
τ1|2 1.358 0.021 64.321 < 0.001***

Note: ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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D.3. Poland
Table D.9: Model comparison statistics for Poland

Model n AIC BIC Log‑lik. PseudoR2

Null (intercept only) 1106 — — ‑1115.58 —
OLS 1106 2156.41 2221.52 ‑1065.20 —
Ordinal logit (no SLX) 1106 1930.03 2000.15 ‑951.02 0.148
Ordinal logit (SLX) 1106 1897.55 2027.77 ‑922.77 0.173

Table D.10: Likelihood ratio test, non‑spatial vs. SLX ordinal logit, Poland

LR statistic 56.48
Degrees of freedom 12
p‑value < 0.001
Conclusion SLX improves fit

Table D.11: Moran’s I on model residuals, Poland

OLS residuals SLX residuals

Moran’s I 0.222 0.210
Expected I ‑0.001 ‑0.001
zsim 15.63 14.75
psim 0.0025 0.0025
Permutations 399 399

As inGermany, residual spatial autocorrelationdecreasesoncespatially laggedcovariatesare included, though
it remains statistically significant.

Table D.12: Ordinal SLX model coefficients — Poland (direct and spatially lagged effects)

Direct Spatial Lag (WX)

Variable Coef. S.E. z p Coef. S.E. z p

Intensive Variables
int_ndvi 0.015 0.084 0.183 0.855 0.719 0.168 4.275 <0.001***
int_road_density_m_per_km2 0.415 0.071 5.844 <0.001*** 0.066 0.159 0.417 0.677
int_dist_nearest_primary_road_m ‑4.272 3.959 ‑1.079 0.281 4.729 3.959 1.194 0.232
int_dist_nearest_critical_infra_m ‑2.406 0.584 ‑4.122 <0.001*** 2.508 0.593 4.230 <0.001***
int_foreign_share 1.272 1.377 0.924 0.356 ‑0.984 1.389 ‑0.709 0.479
int_dist_river_m ‑0.040 0.152 ‑0.266 0.790 ‑0.189 0.208 ‑0.906 0.365
int_slope ‑0.080 0.119 ‑0.670 0.503 0.326 0.186 1.753 0.080*
int_hand_m ‑0.359 0.111 ‑3.224 0.001*** 0.169 0.205 0.827 0.408
int_elderly_rate ‑0.080 0.268 ‑0.298 0.766 0.117 0.292 0.403 0.687

Extensive Variables
ext_built_mass_pc 0.309 0.095 3.247 0.001*** 0.007 0.164 0.040 0.968
ext_sociodemographic_mass_pc 0.225 0.225 0.996 0.319 0.105 0.246 0.426 0.670
ext_foreign_total 0.038 0.185 0.204 0.838 ‑0.160 0.215 ‑0.743 0.458

Threshold
τ0|1 ‑0.067 0.074 ‑0.906 0.365
τ1|2 0.771 0.047 16.406 < 0.001***

Note: ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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D.4. Spain
Table D.13: Model comparison statistics for Spain

Model n AIC BIC Log‑lik. PseudoR2

Null (intercept only) 10605 — — ‑10547.10 —
OLS 10605 20401.85 20525.42 ‑10183.92 —
Ordinal logit (no SLX) 10605 18682.24 18813.08 ‑9323.12 0.116
Ordinal logit (SLX) 10605 18417.97 18665.12 ‑9174.99 0.130

Table D.14: Likelihood ratio test, non‑spatial vs. SLX ordinal logit, Spain

LR statistic 296.27
Degrees of freedom 16
p‑value < 0.001
Conclusion SLX improves fit

Table D.15: Moran’s I on model residuals, Spain

OLS residuals SLX residuals

Moran’s I 0.341 0.343
Expected I 0.000 0.000
zsim 68.83 72.75
psim 0.0025 0.0025
Permutations 399 399

Residual spatial autocorrelation in Spain is essentially unchanged after fitting the SLX specification, with
Moran’s I and zsim both marginally higher than under OLS. As with Italy, this suggests the spatial lag terms
capture little of the spatial dependence present in the residuals.
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Table D.16: Ordinal SLX model coefficients — Spain (direct and spatially lagged effects)

Direct Spatial Lag (WX)

Variable Coef. S.E. z p Coef. S.E. z p

Intensive Variables
int_elderly_dependency_pc 0.010 0.020 0.466 0.641 0.127 0.049 2.581 0.010***
int_ndvi ‑0.006 0.029 ‑0.220 0.826 ‑0.183 0.048 ‑3.798 0.000***
int_road_density_m_per_km2 0.415 0.025 16.444 <0.001*** 0.120 0.044 2.717 0.007***
int_dist_nearest_primary_road_m ‑0.104 0.429 ‑0.243 0.808 0.020 0.431 0.047 0.962
int_dist_nearest_critical_infra_m ‑0.720 0.649 ‑1.111 0.267 0.929 0.650 1.430 0.153
int_dem_m ‑2.645 1.926 ‑1.374 0.170 2.616 1.927 1.357 0.175
int_dist_river_m ‑1.385 0.186 ‑7.434 <0.001*** 1.190 0.189 6.283 <0.001***
int_slope 0.111 0.042 2.660 0.008*** ‑0.035 0.056 ‑0.636 0.525
int_employment_rate_total 0.027 0.062 0.430 0.667 0.052 0.071 0.743 0.458
int_women_per_pop ‑0.027 0.079 ‑0.343 0.732 0.229 0.084 2.718 0.007***
int_foreign_share ‑0.042 0.075 ‑0.564 0.572 0.295 0.081 3.634 0.000***
int_hand_m ‑0.255 0.102 ‑2.490 0.013** ‑0.161 0.108 ‑1.497 0.134
int_persons_per_household 0.073 0.069 1.068 0.285 0.053 0.075 0.707 0.480
int_income_mean_hh ‑0.116 0.062 ‑1.878 0.060* 0.365 0.071 5.128 <0.001***

Extensive Variables
ext_built_mass_pc 0.175 0.038 4.613 <0.001*** 0.427 0.053 8.130 <0.001***
ext_sociodemographic_mass_pc ‑0.113 0.039 ‑2.874 0.004*** 0.120 0.052 2.303 0.021**

Threshold
τ0|1 ‑0.120 0.022 ‑5.488 < 0.001***
τ1|2 0.863 0.015 59.315 < 0.001***

Note: ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.



E
Full Cross-Region Consistency Results

This appendix reports the full results underlying the cross‑country and cross‑methodconsistency checks sum‑
marized in Chapter 6. It reports the complete classification of every indicator by region, including the consis‑
tent but weak, conflicting, scale‑dependent, partial, and irrelevant categories summarized only by count in
Table 6.3.

Table E.1: Full evidence classification, Germany

Indicator Cluster z Cluster signal Regression signal Classification

Built‑mass PC 1.414 high − (p < 0.05) Conflicting
Sociodemographic mass PC 1.414 high + (p < 0.05) Strongly consistent
Elevation ‑0.959 low ns Partial
Distance to critical infrastructure ‑0.993 low direct− / lag + Scale‑dependent
Distance to primary road ‑0.788 no clear pattern ns Irrelevant
Distance to river ‑0.879 low ns Partial
Elderly‑dependency PC 1.412 high + (p < 0.05) Strongly consistent
Employment rate 0.726 no clear pattern ns Irrelevant
HAND ‑0.915 low ns Partial
Income per household ‑1.083 low ns Partial
NDVI ‑1.413 low − (p < 0.10) Consistent but weak
Road density 1.413 high + (p < 0.05) Strongly consistent
Slope ‑1.371 low direct− / lag + Scale‑dependent
Women per population 0.968 high ns Partial
Youth rate 1.353 high not in model Partial
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Table E.2: Full evidence classification, Italy

Indicator Cluster z Cluster signal Regression signal Classification

Age‑income‑poverty PC 1.000 high direct + / lag− Scale‑dependent
Built‑mass PC 1.000 high + (p < 0.05) Strongly consistent
High education count 1.000 high direct− / lag + Scale‑dependent
Foreign population count 1.000 high − (p < 0.05) Conflicting
Single‑person household count 1.000 high not in model Partial
Women‑labor‑education PC 1.000 high not in model Partial
Age dependency rate ‑1.000 low not in model Partial
Elevation ‑1.000 low ns Partial
Distance to critical infrastructure ‑1.000 low ns Partial
Distance to primary road ‑1.000 low ns Partial
Distance to river 1.000 high direct− / lag + Scale‑dependent
Elderly rate ‑1.000 low + (p < 0.10) Partial
Employment rate ‑1.000 low ns Partial
Foreign share 1.000 high − (p < 0.05) Conflicting
HAND 1.000 high ns Partial
Income per household ‑1.000 low ns Partial
NDVI ‑1.000 low + (p < 0.05) Conflicting
Persons per household ‑1.000 low − (p < 0.05) Strongly consistent
Road density 1.000 high + (p < 0.05) Strongly consistent
Slope ‑1.000 low − (p < 0.05) Strongly consistent
Women per population 1.000 high − (p < 0.05) Conflicting
Youth rate ‑1.000 low ns Partial

Table E.3: Full evidence classification, Poland

Indicator Cluster z Cluster signal Regression signal Classification

Built‑mass PC 1.414 high + (p < 0.05) Strongly consistent
Foreign population count 1.414 high ns Partial
Sociodemographic mass PC 1.414 high ns Partial
Age dependency rate 0.785 no clear pattern not in model Irrelevant
Elevation ‑1.410 low not in model Partial
Distance to critical infrastructure ‑1.366 low direct− / lag + Scale‑dependent
Distance to primary road ‑1.369 low ns Partial
Distance to river ‑1.383 low ns Partial
Elderly rate 0.766 no clear pattern ns Irrelevant
Employment rate 0.115 no clear pattern not in model Irrelevant
Foreign share 0.886 high ns Partial
HAND ‑1.381 low − (p < 0.05) Strongly consistent
Household income‑size PC ‑0.875 low not in model Partial
NDVI ‑1.411 low + (p < 0.05) Conflicting
Road density 1.414 high + (p < 0.05) Strongly consistent
Slope ‑1.407 low + (p < 0.10) Partial
Women per population 1.008 high not in model Partial
Youth rate ‑0.745 no clear pattern not in model Irrelevant
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Table E.4: Full evidence classification, Spain

Indicator Cluster z Cluster signal Regression signal Classification

Built‑mass PC 1.414 high + (p < 0.05) Strongly consistent
Sociodemographic mass PC 1.414 high direct− / lag + Scale‑dependent
Elevation ‑0.821 low ns Partial
Distance to critical infrastructure ‑0.993 low ns Partial
Distance to primary road ‑0.975 low ns Partial
Distance to river 0.421 no clear pattern direct− / lag + Scale‑dependent
Elderly‑dependency PC ‑0.534 no clear pattern + (p < 0.05) Partial
Employment rate 0.251 no clear pattern ns Irrelevant
Foreign share ‑0.014 no clear pattern + (p < 0.05) Partial
HAND ‑0.869 low − (p < 0.05) Strongly consistent
Income per household 0.698 no clear pattern direct− / lag + Scale‑dependent
NDVI ‑1.331 low − (p < 0.05) Strongly consistent
Persons per household 0.750 no clear pattern ns Irrelevant
Road density 1.406 high + (p < 0.05) Strongly consistent
Slope ‑0.889 low + (p < 0.05) Conflicting
Women per population 1.257 high + (p < 0.05) Strongly consistent
Youth rate 0.626 no clear pattern not in model Irrelevant



F
Data Validation and Indicator

Construction Checks

This appendix documents the validation checks applied during construction of the harmonized 100 m indi‑
cator datasets. The analysis combines hazard, built‑environment, demographic, socio‑economic, and flood‑
impact data from global, European, and national sources. These sources differ in spatial unit, coordinate
reference system, reporting year, value scale, and disclosure‑control practice. Validation was therefore ap‑
plied during source preparation, spatial processing, dasymetric mapping, derived‑variable construction, and
final dataset assembly.

Thecheckshad twopurposes. First, they verified that values retained their intendedmeaningafter conversion
to the common analytical grid. Second, they identified source mismatches, implausible values, incomplete
coverage, unit inconsistencies, and spatial‑allocation problems before the datasets entered PCA, clustering,
and regression.

F.1. General Validation Procedures
F.1.1. Spatial Reference and Grid Checks
All datasets were aligned to the common equal‑area analysis projection before spatial overlays, distance cal‑
culations, and grid‑level joins. For each country, vector inputs were checked for the presence of the com‑
mon grid identifier, cellid, before merging. Duplicate grid identifiers were removed where necessary, and
merged datasets were checked for duplicate geometry columns.

The combined‑data notebooks also verified the coordinate reference systems of input grids before merging.
In the Italian and Spanish workflows, the socio‑economic, income, impact, and infrastructure grids were re‑
projected to the commonMollweideprojectionbeforemergingbycellid. In theGermanworkflow, duplicate
infrastructure columns created during merging were compared directly. The overlapping primary‑road and
critical‑infrastructure distance columns showed no differing values in cells where both versions were avail‑
able.

F.1.2. Numerical Screening
Summary statisticswere generated repeatedly during construction and aftermerging. These checks included
count, mean, standard deviation, minimum, quartiles, maximum, missing‑value coverage, and value ranges.
Ratevariableswerechecked forplausible fractional ranges,while countvariableswerechecked fornon‑negative
values and local magnitudes consistent with their denominators.

Selected indicator maps were also produced as visual checks. These maps were used to identify isolated
extreme cells, unexpected administrative boundaries, sparse coverage, and patterns inconsistent with the
relevant geography. Outlying values were retained when they represented plausible local conditions. Values
were corrected or excluded when tracing showed that they resulted from a source, unit, join, or allocation
error.
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F.1.3. Dasymetric Allocation Checks
Extensive variableswere redistributed to the 100mgrid usingWorldPoppopulationor source‑specific denom‑
inators where appropriate. Where original totals and compatible source geometries were available, allocated
grid values were aggregated back to the source unit and compared with the original total.

For each extensive variableXs reported in source unit s, the mass‑preservation check was expressed as:

∑
i∈s

xi ≈ Xs

wherexi is theallocatedvalue ingrid cell i. Small differencesmayarise from floating‑pointprecisionor spatial
intersections. Material differences were investigated before an indicator was retained.

Derived ratios were recalculated after allocation where possible. This applied to variables such as foreign
population share, women per population, poverty count, and total income. Recalculation ensured that the
numerator and denominator remained internally consistent at grid level.

F.2. Germany
F.2.1. Administrative Identifier and Source-Format Checks
The German workflow combined INKAR data, Local Administrative Unit boundaries, Zensus 2022 grid prod‑
ucts, WorldPop, and the 100 m target grid. Administrative identifiers required normalization because INKAR
identifiers and boundary‑layer identifiers used different leading‑zero conventions. The workflow standard‑
ized identifiers before joining municipality and Kreis‑level statistics to the spatial boundaries.

German decimal and thousands‑separator conventions were also handled during source preparation. Nu‑
meric values were converted after removing source‑specific thousands separators and converting decimal
commas to decimal points. Indicator names and area‑reference labels were normalized to account for incon‑
sistent encoding of German umlauts and special characters.

F.2.2. German Zensus Data and Disclosure-Control Checks
Selected German Zensus grid products use disclosure‑control encoding for small counts. A placeholder value
in the relevant exportswas checkedagainst associated sourcedocumentation and treated as a true zero value
for the affected indicators. This correctionwas appliedbefore summary statistics,missingness screening, and
dimensionality reduction.

Several Zensus‑derived indicators were available at municipality or association level rather than directly on
the target grid. The workflow mapped municipality‑level data to Local Administrative Units and expanded
association‑level records to their constituent municipalities before constructing reporting polygons.

F.2.3. Education Data Allocation
Educational‑attainment variableswere derived fromGerman administrative education files. Loweducational
attainment was calculated from ISCED levels 1 and 2. Higher educational attainment was calculated from the
available tertiary‑level ISCED counts.

The resulting municipality and association‑level totals were redistributed to grid cells using WorldPop pop‑
ulation weights. Where a reporting unit had zero population weight, an equal‑area fallback allocation was
available to avoid losing the reported total. Summary statistics were inspected after redistribution, and the
output grid retained the expected count‑variable structure.

F.2.4. Correction of Count-Variable Allocation
During early processing, several German count variables were attached through direct spatial joins that re‑
peated administrative totals across grid cells. These joins were replaced with population‑weighted dasymet‑
ric redistribution. The correction reduced implausible grid‑cell maxima and restored consistency between
grid‑level values and administrative totals.

Source‑variable definitions were also checked against the INKAR indicator catalog. This identified a small
number of mismatches between unified variable names and the underlying source concept. Such variables
were remapped to the appropriate source series before inclusion in the final dataset.
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F.3. Italy
F.3.1. Coordinate Reference and Overlay Checks
The Italianworkflow integrated ISTAT census sections, CAP‑level incomedata,WorldPoppopulationdata, and
the100mtarget grid. Beforeoverlayswere carriedout, census‑sectionand incomepolygonswere reprojected
to a common metric coordinate reference system. The workflow checked that overlay operations produced
non‑empty intersections and retained stable identifiers for both census tracts and CAP polygons.

A coverage metric was calculated for each census tract:

CAP coverage fraction =
area of CAP intersections within the tract

total tract area

Values slightly above one, caused by small overlapping CAPpolygons, were capped at one. Census tractswith
no CAP intersection received a coverage value of zero.

F.3.2. Household-Weighted Income Allocation
CAP‑level income totals were initially explored using population‑based allocation. This produced implausi‑
ble income‑per‑household values in sparsely populated census sections because the income numerator was
distributed using WorldPop population while the denominator came from ISTAT household counts.

The final procedure allocated CAP‑level income totals to census tracts using ISTAT household counts as the
primary weight. Where a CAP polygon had no recorded household weight across its intersecting tracts, area
weighting was used as a fallback. The resulting tract‑level income total was divided by the ISTAT household
count to derive mean household income.

The final income indicatorwas retained onlywhere the tract had at least 75%CAP coverage. Notebook output
confirmed that census tracts below this threshold had no non‑null values for the final income‑per‑household
variable. The retained indicator had a range from approximately EUR 30,567 to EUR 53,341 per household.

F.3.3. Income and Poverty Allocation Checks
The CAP‑level allocation was checked by comparing source totals with allocated grid totals. The final note‑
book output showed near‑zero relative differences for the allocated extensive variables:

• total income;

• poverty count; and

• number of tax units.

The allocation check therefore confirmed that the grid‑level redistribution preserved source totals within nu‑
merical precision.

The poverty‑rate denominator was also checked against the population represented in the source income
brackets. The denominator was adjusted so that the poverty count and poverty rate referred to the same
source population.

F.4. Poland
F.4.1. API Retrieval and Metadata Checks
Polish indicators were retrieved from the GUS Local Data Bank API using a metadata table that specified the
variable identifier, year, source level, and standardized indicator name. The retrieval workflow recorded the
endpoint used, number of rows downloaded, and request status for each indicator. Failed requests were
logged instead of silently omitted.

The downloaded data were converted to numeric values, checked for duplicate indicator‑unit‑year combina‑
tions, and reshaped into separate tables by administrative level. This allowed municipal, powiat, regional,
and locality‑level data to be processed according to their source geography.
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F.4.2. Hierarchy and Derived-Indicator Checks
Polish indicators were reported at different administrative levels. Intensive variables reported at regional or
powiat level were attached to municipalities through the administrative hierarchy. Extensive variables re‑
ported at locality level were aggregated to municipalities. The workflow used unit identifiers and hierarchy
prefixes to map higher‑level values to their constituent municipalities.

Several final indicatorswerederived throughexplicit row‑wiseoperations. These included total income,poverty
count, foreign share, low educational attainment count, and women per population. Ratios were computed
with zero denominators converted to missing values before division.

The regional household‑income proxy was documented as a derived measure. It combined NUTS‑2 mean
household incomewithmunicipality‑level persons‑per‑household values. It is therefore interpreted as a spa‑
tially refined proxy and not as a direct municipality‑level household‑income observation.

F.4.3. Foreign Population Allocation
Foreign population count was available at a higher administrative level than several other indicators. Copy‑
ing this total directly to each municipality would have overstated local values. The total was redistributed
according to population weights.

The allocation procedure preserved the higher‑level total while producing a geographically differentiatedmu‑
nicipality distribution. Final grid‑level count indicators were then redistributed frommunicipalities using the
same extensive‑variable logic.

F.5. Spain
F.5.1. Raster and Census-Tract Checks
The Spanish workflow combined census‑tract data, WorldPop rasters, infrastructure data, impact layers, and
the 100m target grid. NegativeWorldPop raster artifacts were set to zero during preprocessing, while no‑data
pixels were converted to missing values.

Grid cells were assigned to census tracts through a largest‑overlap rule when they intersectedmore than one
tract. This prevented duplicate tract assignment before count‑variable allocation. Census rates were copied
to assigned grid cells, while count variables were redistributed through population weights.

F.5.2. Grid Merge and Duplicate-Column Checks
TheSpanishcombined‑gridworkflowchecked that socio‑economic, impact, andOpenStreetMapgrids shared
the same coordinate reference system and cellid structure. Where duplicate infrastructure columns arose
duringmerging, the duplicated versionswere compared and redundant columnswere removed after confirm‑
ing consistency.

Descriptive statistics were generated after raster sampling and after final merges. These checks covered ele‑
vation, slope, NDVI, distance to river, HAND, built surface, built volume, age variables, and dependency mea‑
sures.

F.5.3. Province-Level Employment Allocation
A province‑level employed‑women total was redistributed across Valencia grid cells using the relevant em‑
ploymentdenominatoras theweightingsurface. CellsoutsideValencia receivedzero for thisprovince‑specific
variable. The procedurewas designed to preserve the province totalwhile assigning larger values to cellswith
a greater share of the relevant local denominator.

F.6. Hazard, Infrastructure, and Impact Checks
F.6.1. Hazard Indicators
Elevation, slope, NDVI, distance to river, HAND, built surface, and built volumewere sampled or aggregated to
the target grid. Summary statistics were inspected after sampling. Hazard grids were also compared visually
with known terrain and hydrographic patterns.

HAND and distance‑to‑river outputs were checked against EU‑Hydro drainage lines. Flat terrain caused in‑
complete HAND coverage in Italy. A nearest‑neighbor procedure was used to fill selected missing HAND val‑
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ues. This choice is a limitation because a raster‑based recalculation using a corrected elevationmodel would
provide a stronger representation of local drainage conditions.

F.6.2. Infrastructure Indicators
Roaddensity, distance toprimary roads, anddistance tocritical infrastructurewerederived fromOpenStreetMap
features. Selected maps and summary statistics were inspected to confirm that road‑density values concen‑
trated in built‑up areas and that distance values decreased near the corresponding mapped features.

Built surface and built volume were checked for non‑negative values and grid alignment. Their strong corre‑
lationwas expected because both products describe related dimensions of the built environment. Theywere
retained during data construction and later reduced through blockwise PCA.

F.6.3. Flood-Impact Indicators
Copernicus EMS grading layers were checked for thematic category, geometry type, damage grade, and spa‑
tial overlapwith the observed‑event footprint. Damage grades were recoded as 1 for possibly damaged, 2 for
damaged, and 3 for destroyed.

The combined damage variable summed themaximumgrade recorded for built‑up areas, facilities, and trans‑
portation within each 100 m cell. The resulting score ranged from 0 to 9. Spatial outputs were inspected
against the original Copernicus layers to verify that damaged grid cells corresponded tomapped damage fea‑
tures.

Cells without a Copernicus damage grade were coded as zero damage. This assumes that missing grades
indicate no observed damage. Incomplete mapping coverage would violate this assumption and remains a
limitation of the impact measure.

F.7. Final Screening Before Analysis
Before PCA, clustering, and regression, each regional dataset was screened using the following procedures:

• restriction to populated grid cells using WorldPop;

• assessment of missing‑value and zero‑value coverage;

• removal of indicators with more than 50% null coverage in the relevant regional sample;

• descriptive‑statistics checks for implausible ranges and extreme values;

• visual inspection of selected indicator maps;

• verification of rate scales and count‑variable plausibility;

• Spearman rank‑correlation screening for PCA block formation; and

• inspection of final predictor availability before regression estimation.

Thesechecksdidnotdetermine theconceptual relevanceofan indicator. Theyensured thatvariablesentering
the spatial analyses had sufficient coverage, variation, andnumerical consistency for themethodsused in this
thesis.
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