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Abstract. Flood vulnerability is highly dynamic, shaped by evolving social, economic, physical, and environmental conditions.
Yet, most flood risk assessments still treat vulnerability as static, overlooking how these characteristics evolve and interact with
one another. Here, we investigate how dynamic vulnerability in the context of flood risk is considered in 67 studies that use
(a) indicator-based, (b) curve-based, (c) dynamic simulation models, (d) qualitative analysis, or (e) statistical analysis of sub-
dimensions of vulnerability. Specifically, we examine the conceptual focus (ex-post, during the event, ex-ante), the type of
dynamics (event-related, underlying, or complexity-caused), the dimensions of vulnerability captured, and the sources of data
used. We find that curve-based approaches were used to address all types of dynamics and conceptual foci, but often in con-
nection with quantitative impact modelling. Dynamic simulation models offered the richest representations of dynamics due
to behavioural and systemic complexity but required significant data and computational resources, and faced challenges of
model calibration and validation. Indicator-based approaches were effective in capturing underlying socio-economic and envi-
ronmental changes, though often at coarse temporal resolution. Qualitative methods provided deep insights into the processes
and contexts shaping vulnerability. Statistical analyses overlapped conceptually with indicator approaches but tended to focus
more narrowly on event-related processes and specific sub-dimensions of vulnerability. Based on our review, we identify three
priorities for advancing dynamic flood vulnerability research: leveraging scenarios to explore future change, improving causal
inference, and improving data availability and resolution. Additionally, we encourage the flood risk research community to look
to other hazard communities or research disciplines that work on systemic or dynamic processes, which might offer inspiration

or novel approaches to assessing flood vulnerability dynamics.
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1 Introduction

Vulnerability is a central component of understanding disaster risk, shaping how severely individuals, communities, and other
elements at risk are affected by natural hazards. It reflects a combination of social, economic, and physical characteristics
that make an exposed element susceptible to harm (UNDRR, 2017; IPCC, 2022). As the severity and damages of floods are
increasing (Rentschler et al., 2022; Tellman et al., 2021; van Loenhout and McClean, 2020), vulnerability plays a critical role
in guiding effective flood risk reduction and management (Hinkel et al., 2021). Importantly, vulnerability helps to explain the
uneven impacts of disasters and why similar flood events lead to different outcomes due to underlying conditions (e.g., poverty,
infrastructure deficiencies, or mismanagement) (Choong et al., 2025). As such, understanding vulnerability enables decision-
makers to move beyond hazard control or exposure reduction alone, toward more comprehensive risk reduction strategies that
address the root causes of vulnerability.

Vulnerability is a dynamic concept (Cardona et al., 2012), varying both in space and time. It can shift in response to de-
mographic changes, socio-economic developments, or experiences with and recovery from past impacts (Alwang et al., 2001;
Sauer et al., 2024). For example, vulnerability may increase during economic crises, reducing an individual’s or community’s
capacity to invest in adaptation measures (Matan6 et al., 2022). At the same time, uninsured losses and property devaluation
after a flood can increase the likelihood of abandonment and the financial instability for affected homeowners (Thomson et al.,
2023). Additionally, a farmer dealing with flood damage might be limited in their recovery efforts in case of simultaneous or
preceding hazards, e.g., by limitations to find field workers during pandemic lockdowns (Begum et al., 2023). These exam-
ples underscore that vulnerability is not only shaped by underlying conditions but also by cascading and compounding effects
within society, particularly in multi-hazard contexts (de Ruiter and van Loon, 2022). Vulnerability should thus be addressed as
a dynamic, multidimensional, and context-dependent concept (Cutter, 1996; de Ruiter et al., 2020).

A wide range of qualitative, quantitative, and mixed-method approaches have been developed to assess natural hazards
vulnerability (for an overview, see e.g., Douglas, 2007; Hagenlocher et al., 2019; Nasiri et al., 2016; Simmons et al., 2017).
Broadly, Fuchs et al. (2012) distinguish between deductive and inductive approaches. Deductive approaches typically apply
theory-driven frameworks, such as indicator-based indices or fragility curves. Conversely, inductive approaches derive under-
standing from observed data or stakeholder input, as seen in participatory methods or data-driven statistical analyses. These
methodological choices reflect diverse disciplinary perspectives and serve various purposes (Moret, 2014): some are used to
directly inform or evaluate policies or local actions, while others aim instead to feed into risk assessment approaches. Joakim
et al. (2016) further differentiates between conceptual approaches to vulnerability, ranging from vulnerability as a factor (i.e.,
used to determine impacts and adaptation needs), as a pre-existing condition (i.e., used to describe the state of an element at
risk), or as an outcome (i.e., emerging as a consequence of impacts, DRM, and adaptation). Finally, some vulnerability assess-
ments target the physical susceptibility of infrastructure or buildings to floods (e.g., Merz et al., 2010), while others emphasize
social and economic factors affecting human well-being (e.g., Tate, 2012).

Despite this methodological diversity, several reviews have noted that existing approaches often treat vulnerability as a static

state (Moreira et al., 2021), providing limited insight into how it evolves over time or in response to events and interventions.
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The dynamic nature of vulnerability has prompted calls for studies that account for its spatio-temporal evolution (e.g., Handmer
et al., 1999; Birkmann et al., 2013; Buijs et al., 2025; Fuchs et al., 2013; Simpson et al., 2021; Ward et al., 2022). For instance,
a systematic review of 95 flood vulnerability indices by Moreira et al. (2021) concluded that limited consideration is given to
the dynamic characteristics of vulnerability, with most assessments applying a pre-event vulnerability lens and giving limited
attention to assessments after floods (e.g. Carlier et al., 2018; Miguez and Ver6l, 2017). Similarly, a review by Jurgilevich
et al. (2017) showed that sub-national climate risk assessments rarely address changes in risk and vulnerability over time.
Other reviews have explored related aspects, including the sub-dimensions of social vulnerability considered in multi-hazard
contexts Drakes and Tate (2022) and the extent to which global flood risk assessments account for vulnerability dynamics Ward
et al. (2020a). While these reviews raise the lack of consideration of dynamic aspects in vulnerability assessment, none have
analyzed the methodological approaches used to assess it. However, conceptual advances in the field do exist. For example,
Mazzorana et al. (2012) offer a conceptual mathematical framework to allow for dynamic flood risk assessments, accounting for
the changes in vulnerability due to previous damages and risk mitigation efforts as part of the recovery. Schréter et al. (2014),
compares the performance of different damage models, including curve-based and data-mining approaches, when transferred
to a different context or different flood event. Likewise, de Ruiter and van Loon (2022) propose a typology of vulnerability
dynamics and suggest relevant methodological directions. These examples demonstrate the need for a targeted review of recent
advances in current assessment methods and how they capture vulnerability dynamics within flood hazard research.

This review addresses this gap by analyzing methodological applications to showcase how flood vulnerability assessment
methods have been used or adapted to capture vulnerability dynamics. Specifically, we examine: (1) the nature of change
in vulnerability; (2) which sub-dimensions of vulnerability are considered; (3) the types of data and methods used; and (4)
reported limitations. By exploring methodological applications across these analytical aspects, we offer practical recommen-
dations for researchers seeking to incorporate dynamic vulnerability in their own studies. We also offer insights that can inform
future applications or refinements of assessment methods for dynamic vulnerability, and inspire investigation into different
fields, such as various hazard disciplines or thematic focus areas, including health, finance, and other sub-dimensions of vul-
nerability. It should be noted that this review does not aim to be systematic; rather, it provides a structured synthesis of current

methodological practices and emerging directions in assessing dynamic vulnerability.

2 Theoretical perspectives on vulnerability

Vulnerability is a concept with multiple interpretations and no single, universally accepted definition. It is also difficult to
comprehensively measure vulnerability, mostly because of its latent intangible and multidimensional character (Spielman et al.,
2020; Giupponi et al., 2013). This conceptual ambiguity is further compounded, or perhaps even caused, by overlaps with
related concepts such as resilience, sensitivity, and susceptibility (e.g., Birkmann et al., 2013; Gallopin, 2006; Miller et al.,
2010) and by its different theoretical underpinnings, such as socio-ecological system thinking or disaster and climate risk
reduction (Eakin and Luers, 2006; Fekete et al., 2014; Turner et al., 2003; Wisner et al., 2004). To provide conceptual clarity,
the United Nations Office for Disaster Risk Reduction (UNDRR) and the Intergovernmental Panel on Climate Change (IPCC)
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offer widely recognized definitions that help anchor vulnerability within disaster and climate risk frameworks. UNDRR (2017)
defines vulnerability as “the conditions determined by physical, social, economic, and environmental factors or processes that
increase the susceptibility of an individual, community, assets, or systems to the impacts of hazards”. Similarly, IPCC (2022)
frames vulnerability as “the propensity or predisposition to be adversely affected”. Both definitions understand vulnerability
as the combination of characteristics that determine the possibility of adverse impacts.

In this review, we adopt a flexible interpretation of the IPCC and UNDRR definitions. We recognize vulnerability as de-
termined by various factors that shape the propensity of elements at risk to suffer harm. We thus include studies that touch
upon factors influencing the magnitude of impacts conditional on exposure to flooding, enabling us to include studies where
vulnerability is framed as ‘coping capacity’ or ‘sensitivity’ when considering the potential for adverse impacts. However, we
also explicitly distinguish our use of vulnerability from applications that conflate vulnerability with exposure, commonly de-
fined as the presence of people, infrastructure and other assets in hazard-prone areas (UNDRR, 2017) or hazard susceptibility,
commonly understood as the underlying conditions of a place that make it prone to experiencing the effects of a specific hazard.
Such conflation is common, for example, in coastal vulnerability assessments, where indicators such as elevation or proximity
to the coastline are included under the umbrella of "vulnerability" (e.g., Ahmed et al., 2022; Barik et al., 2021; Bera and Maiti,
2021; Domeneghetti et al., 2015), or coastal erosion/sea level rise is framed as a change of vulnerability (e.g., Hastuti et al.,
2022; Hoque et al., 2019; Islam et al., 2023; Kantamaneni et al., 2018). These approaches tend to embed hazard-specific or
geographical factors into their definitions, thereby collapsing the conceptual distinction between vulnerability, exposure, and
hazard. Similarly, studies that claimed to investigate vulnerability/risk changes primarily driven by population growth (e.g.,
Ballesteros and Esteves, 2021; Herslund et al., 2016; Ku et al., 2021; Londe et al., 2015) were also not considered. While such
approaches can be helpful in localized risk assessments, they diverge from our more generalizable and systemic framing. In

this study, we therefore do not adopt such interpretations of vulnerability.

3 Methods

This literature review follows a semi-systematic approach (Wong et al., 2013). A fully systematic review was not feasible
because the potential body of relevant literature is extremely large and diffuse; for example, a simple Scopus query using
TITLE-ABS-KEY (vulnerability AND dynamicx) returned over 30,000 hits in July 2025. While the concept of
dynamic vulnerability has been recognized in theory for decades (Cutter, 1996), its empirical operationalization remains limited
and the terminology inconsistent. In fact, the studies that do analyze vulnerability dynamics often do not describe them as
dynamic but rather define them as vulnerability "shifts" or "changes". Given the emerging and interdisciplinary nature of this
field, our aim was not to produce an exhaustive inventory of existing studies or measure effect sizes, but rather to identify key
research traditions, synthesise methodological approaches, and detect recurring patterns and challenges. To achieve this, we
adopted a qualitative, directed content analysis (Hsieh and Shannon, 2005) structured around a predefined set of categories

(Table 1). This meta-narrative strategy based on semi- or non-systematic reviews (Snyder, 2019) has been applied in other
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influential reviews on disaster risk management and climate change adaptation (e.g., de Angeli et al., 2022; Barendrecht et al.,
2024; Ford et al., 2025; Petzold et al., 2020; Ward et al., 2020a, b).

The review process followed two main steps. First, an initial scoping phase combined exploratory Google Scholar searches
with inputs from co-authors (see Appendix A for details). In this first step, we identified and analyzed 28 relevant articles.
This stage allowed us to refine search terms for the semi-systematic review. It also allowed us to develop and refine the
classification categories for the content analysis. In the second step, we conducted targeted searches in the Scopus database
(July 2025) using queries that combined methodological terms (e.g., curve-based, simulation, indicator-based, qualitative, or
statistical approaches) with flood-related keywords (e.g., flood, flood risk), vulnerability-related concepts (e.g., vulnerability,
resilience, adaptive capacity), and temporal or dynamic aspects (e.g., longitudinal, recovery, adaptation). The queries are listed
in Appendix B. Each query returned approximately 100 studies, totaling 620 articles. These studies were then screened for
relevance by co-authors with expertise in the respective methods. We included only peer-reviewed, English-language studies
and excluded those that did not address vulnerability dynamics. When eligibility was unclear, a second reviewer assessed
the study, and inclusion decisions were made collectively. The final set of 67 relevant publications, including the 28 studies
identified in the scoping phase, was reviewed in detail by at least one co-author, following the categories shown in Table 1.
Some categories followed existing typologies (e.g., physical and social vulnerability sub-dimensions summarized in Table
2), while others were adapted from the literature. Reviewers were asked to provide a free-text elaboration for some of the
categories, regarding the key findings of the study, and the limitations mentioned. The definitions for each of the adapted

categories are described in the next sections.

Table 1. Categories used to characterize the analysed publications. These categories were defined based on the scoping review of 28 articles

Categories Options

Methodological ap- (a) Indicator-based; (b) Curve-based; (c) Dynamic simulation models; (d) Qualitative analysis;  Section 3.1

proach (e) Statistical analysis of sub-dimensions of vulnerability
Conceptual focus Vulnerability as a (a) Precondition; (b) Factor; (c) Outcome Section 3.2
Type of dynamics (a) Event-related dynamics, (b) Underlying dynamics, (c) Complexity dynamics Section 3.3

Social  vulnerability  (a) Awareness & Information; (b) Crime & Conflict; (c) Culture & Behavior; (d) Demographic;  Section 3.4

sub-dimensions (e) Economic; (f) Governance; (g) Health; (h) Institutional

Physical vulnerability  (a) Critical Infrastructure; (b) Environment; (c) General (urban) assets Section 3.4

sub-dimensions

Data source (a) Cadastral Data; (b) Census Data; (c) Field Monitoring Data; (d) Focus groups and Work-  Section 3.5
shops; (e) Interviews, Surveys and Questionnaire Data; (f) Literature and Reports; (g) Maps and

Topography; (h) modeled Data; (i) Remote Sensing Data
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3.1 Methodological approach used for assessing vulnerability

There is no universally agreed-upon typology for categorizing vulnerability assessment methods. For instance, Nasiri et al.
(2016) identifies four quantitative method types: indicator-based approaches, vulnerability/damage curves, impact-data-based
assessments, and model-based approaches, Hagenlocher et al. (2019) categorizes methods into index-based, dynamic simula-
tion, and qualitative approaches, and Simmons et al. (2017) distinguishes between qualitative methods, quantitative indicator-
based methods, and quantitative methods using statistical analyses or loss data to generate curves or trends. These distinctions
reflect the underlying complexity of vulnerability. Indicator-based approaches typically aggregate a selection of factors influ-
encing vulnerability into composite indices using various statistical methods such as weighting and normalization (e.g., Kumar
and Bhattacharjya, 2020; de Brito et al., 2017; Moreira et al., 2021). Curve-based methods relate the intensity of the hazard (e.g.,
water depth, flood duration) to physical or monetary damage using empirical or modeled data, often called fragility-curves,
loss-damage functions, or vulnerability curves (e.g., Dottori et al., 2016; Fuchs et al., 2019; Mechler and Bouwer, 2015). Qual-
itative approaches often draw on expert knowledge, case studies, or narrative frameworks to explore causal mechanisms and
systemic effects (de Ruiter and van Loon, 2022; de Brito et al., 2024). Dynamic simulation models, such as agent-based or
system dynamics modeling, capture the process of impact or change (e.g., Lu et al., 2023; Dzulkarnain et al., 2019; Joakim
et al., 2016).

Based on our scoping review of 28 studies (see Appendix A), we developed a categorization scheme that builds on a com-
bination of the aforementioned studies and includes an additional class for studies that do not focus on the assessment of
vulnerability but address some of their components (e.g., economic resilience, behavioral patterns) (Table A1). This typology

was used to classify all 67 relevant articles in our sample.
3.2 Conceptual focus of vulnerability assessments

In general, the concept of vulnerability can be approached through three complementary conceptualizations (Joakim et al.,
2016, Figure 1). We follow the example of Jurgilevich et al. (2017) who use similar categories to differentiate between concep-
tual approaches to vulnerability: First, vulnerability can be seen as a precondition (ex-ante), referring to pre-existing sensitivi-
ties, structural deficits, or limited adaptive capacities that heighten the susceptibility to damage before a hazard occurs (Turner
et al., 2003). This perspective emphasizes the underlying social, economic, and environmental conditions that result in uneven
distribution of risk across society. Second, vulnerability can be conceptualized as a factor influencing how a hazard translates
into actual impacts during the event itself (Cardona et al., 2012; Birkmann et al., 2013). Here, vulnerability alongside hazard
and exposure as part of the risk equation shape the severity of losses. Third, vulnerability can be understood as an outcome
(ex-post), highlighting the residual or newly emerging vulnerabilities that manifest after an event has taken place (O’BRIEN
et al., 2007). This framing directs attention to how experiences of hazard and responses to it alter the vulnerability landscape

over time.
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Figure 1. Top: Representation of the different categories to describe different conceptual foci of the vulnerability assessment. Bottom:

Representation of the different types of dynamics. The temporal change in vulnerability can be assessed discretely or continuously.

3.3 Dynamic vulnerability types

We distinguish between the following types of dynamics (Figure 1: event-related dynamics, underlying dynamics, and com-
plexity dynamics. Event-related dynamics focus on vulnerability dynamics regarding one specific event, usually comparing
vulnerability before and after the event (e.g., vulnerability changes due to experienced flood event(s)). Underlying dynamics
focus on how vulnerability changes at multiple points over an extended period, without explicit consideration of how multiple
factors contribute to these changes. Complexity dynamics focuses on how vulnerability changes explicitly due to the joint
effects of multiple factors.

We defined these types of dynamics, building on the typology proposed by de Ruiter and van Loon (2022). They differentiate
between the following types: (1) vulnerability dynamics from underlying (non-hazard-specific) processes; (2) vulnerability
dynamics from long-lasting disasters; and (3) vulnerability dynamics from compound or consecutive events. While we tested
the use of these categories on the 28 scoping studies, they appeared to be poorly suited for distinguishing between different
types of dynamics in the context of flood vulnerability. Only a very small share of studies in the scoping phase investigated
vulnerability dynamics from long-lasting disasters (mostly related to the co-occurrence of the pandemic and flood events),

which meant that respective studies were also categorized according to the above type (3), and the categories suggested by

180 de Ruiter and van Loon (2022) did not account for the interaction of floods with other processes, such as spatial planning.
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3.4 Vulnerability dimensions

Although theoretical discussions provide essential insights into the meaning of vulnerability, empirical analysis requires a clear

breakdown of how vulnerability is measured and structured in practice. We distinguish between two core dimensions: physical

and social vulnerability. The physical dimension refers to the physical properties of elements at risk (Adger and Vincent, 2005;

Cutter et al., 2000), whereas the social dimension refers to the characteristics of a person or group in terms of their capacity to

anticipate, cope with, resist, and recover from the impact of a flood (Wisner et al., 2004). Past studies have operationalised these

dimensions in different ways, often drawing on earlier work without a clear rationale for the exact set of sub-dimensions. In this

study, we adopt the approach by Stolte et al. (2024), which builds on commonly accepted categories from previous literature

(e.g., Birkmann et al., 2013; Depietri, 2020; Hagenlocher et al., 2019) but adds explicit definitions to reduce ambiguity. This

framework, shown in Table 2, ensures that the selected sub-dimensions remain distinct, comparable, and suited to our review’s

scope.
Table 2: Definition of sub-dimensions of vulnerability as proposed by Stolte et al. (2024)
Dimension | Sub-dimension | Sub-dimension definition
Physical Critical Characteristics of those physical assets in a city that are essential in maintaining business
Infrastructure as usual. Drivers in this sub-dimension are, for instance, elevated roads, structural quality
of bridges, and reliability of electricity networks.
Environmental Relates to the characteristics of (semi-)natural areas and phenomena in and around a city.
Drivers in this sub-dimension are, for instance, the presence of urban vegetation and soil
types.
General Urban These are the characteristics of all the physical assets within a city that do not belong to
Assets the Environmental or Critical Infrastructure sub-dimensions. Drivers in this sub-dimension
are, for instance, about building characteristics of mostly residential buildings (e.g., roof
material, or the presence of a basement), the presence of emergency shelters, and urban
form (i.e., the large-scale morphological characteristics of the urban area).
Social Awareness & This relates to personal awareness about hazards, as well as to information provisions

Information about these hazards. Drivers in this sub-dimension are, for instance, about
gathering/conveying information, risk perception, and preparedness.

Crime & Illegal activities and small to large-scale conflicts within the urban area. Drivers in this

Conflict sub-dimension are, for instance, fear of crime, collaboration with gangs, and breaking
regulations.

Cultural & Cultural beliefs and practices, as well as (culturally-influenced) behavior of citizens.

Behavior Drivers in this sub-dimension, for instance, focus on health-affecting behaviors, social

support, and adaptive behaviors.
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Dimension | Sub-dimension | Sub-dimension definition

Demographic This refers to the demographic characteristics of the citizens in a city. Drivers in this

sub-dimension include, for instance, age, education, and minority status.

Economic Related to the economy and economic system of a city. Drivers in this sub-dimension, for

instance, are concerned with issues such as poverty, occupation, and insurance.

Governance Organization—but not the execution—of urban development. Drivers in this

sub-dimension are, for instance, planning, empowerment, and (stakeholder) collaboration.

Health This refers to health, patients, and medical support in cities. Drivers in this sub-dimension,
for instance, are concerned with pre-existing medical conditions, medical equipment, and

water treatment.

Institutional The practical execution by institutions of what is determined by the urban authorities.

Drivers in this sub-dimension are, for instance, about knowledge & expertise, resource

allocation, and aid & intervention.

3.5 Input data for vulnerability assessments

A critical foundation of any vulnerability assessment is the type and quality of data on which it relies. The choice of input
data not only determines the feasibility of applying different methods but also shapes the scope and validity of the results.
Especially in the context of vulnerability indicators, there has been extensive discussion of the different data required and used
to assess vulnerability (e.g., Papathoma-Kohle et al., 2017; Rufat et al., 2015; Tate, 2012), but with a limited comprehensive
discussion of the respective data sources. Birkmann (2013) outline data needs and sources for the application of the Methods for
the Improvement of Vulnerability Assessment (MOVE) framework, including micro-census, geodata, insurance information,
statistical information of the city, and expert opinions. Kumar and Bhattacharjya (2020) offers a categorization between expert
interviews, census data, survey-based questionnaires, satellite images, household surveys, field observations, official reports,
and previous publications.

Based on the initial set of 28 studies, we found that the categorization by Kumar and Bhattacharjya (2020) was the most
helpful as it captured the diversity of data sources more effectively (Table 1). We grouped some categories that seemed to have
no implications for different methodological choices (e.g., official reports and previous publications) and complemented these

with additional data sources commonly mentioned in the scoping studies (e.g., maps or cadastral data).

4 Results

We identified 67 relevant studies that explicitly consider dynamic vulnerability in their assessments. Figure 2 summarises the
distribution of methodological approaches, conceptual foci, types of dynamics, physical and social vulnerability categories,

and data sources considered. Overall, the main methodological approaches are relatively evenly represented. Most studies (n
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= 42) address vulnerability dynamics as the outcome of a flood event. A smaller subset (n = 17) applies dynamic vulnerability
in multiple ways, for example, treating it both as a precondition to hazard impact and as an outcome of the event. Across the
sample, there is a modest bias toward event-related dynamics (n = 33), while complexity-related dynamics are least represented
(n=13).

In terms of vulnerability dimensions, several recur across multiple studies. Economic factors and cultural/behavioural aspects
are most often considered, alongside awareness and information, demographic characteristics, and governance or institutional
features. Most studies address multiple aspects of social vulnerability, while physical vulnerability dimensions are more nar-
rowly represented. Here, there is a clear bias toward exposed urban assets (n = 38) and critical infrastructure (n = 21), which
are often the sole physical characteristics analysed.

The reviewed studies employ a broad range of data sources, which are evenly distributed. Remote sensing data and workshop-
derived inputs are the least common. Certain patterns emerge in the use of multiple data sources: cadastral and census data are
frequently combined, often supplemented with modeled data, whereas interview data are less commonly integrated with other
sources - likely because this form of data collection directly offers a combination of (self-reported) exposure and impact data,
thus explanatory and outcome measures in one place.

In the following subsections, the results are presented per methodological approach.
4.1 Curve-based approaches

Fifteen studies apply curve-based methods to address dynamic vulnerability. As shown in Figure 2, the majority uses vulner-
ability as a factor influencing the degree of damage. All sources of vulnerability dynamics are represented relatively equally,
while the considered subcomponents are biased toward the physical sub-dimension. Based on the conceptual focus of assess-
ment and the types of dynamics, these studies can be grouped into five thematic clusters.

The first group comprises large-scale historical loss analyses (Formetta and Feyen, 2019; Jongman et al., 2012; Paprotny
et al., 2025; Tanoue et al., 2016). These studies examine regional to global changes in vulnerability by comparing modeled
hazard events with reported damages for the period between 1950 and 2020. Vulnerability is treated implicitly as a correction
factor in the damage calculations. They combine modeled hazard and impact datasets with census and field monitoring data,
alongside compiled damage reports. While Formetta and Feyen (2019); Jongman et al. (2012); Tanoue et al. (2016) primarily
explore relationships between changes in losses and income development at the global scale, Paprotny et al. (2025) extend the
analysis to include a spatio-temporal examination of drivers for flood protection and vulnerability in Europe. The earlier studies
observe long-term declines in vulnerability linked to economic development, whereas Paprotny et al. (2025) identify a recent
stabilisation and even slight increases in flood impacts since 2010. Formetta and Feyen (2019) also note that the relationship
between wealth and vulnerability may be non-linear for the lowest income ranges, with initial increases in mortality and losses
before eventual declines. Across these studies, limitations include the challenge of obtaining harmonized and reliable input
data on experienced damages and losses, which affects spatially explicit conclusions, as well as a mismatch between reported
and modeled damages, adding uncertainty to the attribution of vulnerability change (Formetta and Feyen, 2019; Paprotny et al.,
2025).

10
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Curve -E Frequency of occurrence (n=67)
- Dynamic simulation modelling - 12 present in more than 35 studies
<] . .
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Figure 2. Summary of key characteristics of dynamic vulnerability assessment studies (n=67), including the main method applied, focus,
dynamics type, the physical and social dimensions, and the type of data used. The heatmap shows the frequency of overlaps between different

characteristics of studies, where each subplot represents a specific pair of categories (e.g., "Method" vs. "Focus").
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A second group focuses on the local-scale evaluation of adaptation measures, such as dikes and retention basins (e.g., Arrighi
et al., 2018; Bryant et al., 2022; Lasage et al., 2014; Schlumberger et al., 2022; Vamvakeridou-Lyroudia et al., 2020). While
these measures primarily affect hazard or exposure, they also alter intrinsic characteristics of the exposed system through
risk management interventions. These studies use statistical flood event data, cadastral and census records, and occasionally
interviews or workshops to construct curves linking return periods with expected damages under different adaptation scenarios
(Arrighi et al., 2018; Bryant et al., 2022; Vamvakeridou-Lyroudia et al., 2020) or linking different adaptation manifestations
with expected damages for a representative flood event (Lasage et al., 2014). Commonly, these studies acknowledge the lack
of calibration and validation data for the flood impact models.

The third group examined structural stability under multi-hazard loading of bridges, storage tanks, or coastal structures
(Bernier and Padgett, 2019; Gehl and D’Ayala, 2018; van Verseveld et al., 2015). They employ various methods, includ-
ing discrete Bayesian networks and physics-mechanistic models, to capture the effects of different load combinations on the
element of interest. While Bernier and Padgett (2019) use statistical hazard data to determine the load combinations in a
physics-mechanistic model for the analysis, van Verseveld et al. (2015) use damage data, modeled hazard data and property
characteristics for the statistical inference of damages and Gehl and D’ Ayala (2018) use scenarios of past flood events resulting
in different scour depths, which affect the stability in case of earthquakes. Bernier and Padgett (2019) and van Verseveld et al.
(2015) investigate the importance of considering multiple hazards to determine increased impacts (e.g., storage spill when
considering load combinations) or improved predictability of damage by the model. Gehl and D’ Ayala (2018) use a synthetic
case to showcase how the performance loss exceedance probability is dependent on the combination of different hazard loads,
and what implications it has for the recovery and restoration curves of the road network. We found similar studies to Gehl and
D’ Ayala (2018) which primarily focus on the bridge and its functionality loss due to a combination of flood-induced scour and
earthquake damage (e.g., Pinto et al., 2024; Jithiya et al., 2022).

A fourth group explored crop and ecosystem vulnerability in relation to seasonal growth cycles. They investigate how
seasonal hydrological variability and coupled extreme events influence the vegetation growth (Hong et al., 2025) or how growth
cycles in combination with cultivation patterns result in spatio-temporal patterns of vulnerability (Sianturi et al., 2018). Both
use the intrinsic information of growth-stage-related sensitivity as a precondition to estimate the vulnerability and impacts.
Hong et al. (2025) use field observations and statistical methods to analyse growth responses to different sets of (multi-)hazard
events, including single floods, droughts following floods, and floods following droughts. They derive impact curves and
develop extreme-event-related growth response lags based on the statistical analysis of historical data. Sianturi et al. (2018)
integrate crop growth-stage sensitivity with Earth observation imagery to capture spatio-temporal patterns of vulnerability
evolution within the cultivation season in Indonesia. Limitations include Earth observation resolution constraints (Sianturi
et al., 2018) and short time horizons that prevent consideration of multi-seasonal responses (Hong et al., 2025).

Finally, the remaining studies assess vulnerability dynamics as an outcome of specific events. Arrighi et al. (2022) develop
curve relations between inundation depth and recovery time of cultural heritage sites using literature and reports. Yang et al.
(2016) investigate the relationship between inundation depth and business recovery times through surveys, noting limitations

due to small sample sizes and single-event focus.
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4.2 Dynamic simulation modelling approaches

Twelve studies employ dynamic simulation models. As shown in Figure 2, there is a slight bias in the conceptual focus
towards vulnerability as a precondition, and only one out of the twelve studies addresses the underlying drivers of vulnerability
dynamics.

The majority of studies use agent-based modelling approaches (ABM, Abebe et al., 2019; Ciullo et al., 2017; Dawson et al.,
2011; Di Baldassarre et al., 2015; Erdlenbruch and Bonté, 2018; Haer et al., 2019; Jenkins et al., 2017; Sobiech, 2013). These
models are primarily used to examine the effects of behavioural changes in response to flood events, such as shifts in risk
perception, memory, and adaptation (i.e., the adoption of mitigation measures). For example, Di Baldassarre et al. (2015)
capture the levee effect, increasing the long-term risk by encouraging development and population growth behind the dike.
Haer et al. (2019) uses the ABM to derive information about the residual risk under different scenarios of adaptive behavior
and Ciullo et al. (2017) investigate recovery time under different scenarios of adaptation strategies, risk attitude, and risk
awareness. Only Sobiech (2013) and Erdlenbruch and Bonté (2018) calibrate agent behaviour using interview data, while most
others rely on expert judgement or conceptual models from literature. Several studies applied ABMs to assess governance
strategies, including the effectiveness of risk communication, early warning systems, and financial or technological incentives
for risk mitigation (e.g., Abebe et al., 2019; Dawson et al., 2011; Erdlenbruch and Bonté, 2018; Haer et al., 2019; Jenkins
et al., 2017). Erdlenbruch and Bonté (2018) is the only study investigating vulnerability dynamics from underlying processes,
modelling the number of temporary adaptation measures implemented over time under varying lead times, lifetimes, and
communication strategies. Across ABM studies, a recurring limitation is the lack of empirical data for parameterizing agent
behavior, and a focus on select dynamics, which constrains model realism (e.g., Abebe et al., 2019; Ciullo et al., 2017; Haer
etal., 2019).

Other simulation approaches include system dynamics modelling and complex computational models. Schoppa et al. (2024)
use interview data to derive temporal relationships for awareness and preparedness, incorporating these into a system dynamics
model for flood risk in Dresden. Batouli and Mostafavi (2018), Espinoza et al. (2016) and Kong et al. (2019) consider vulner-
ability dynamics due to a complex combination of processes. While Batouli and Mostafavi (2018) simulate temporal changes
in infrastructure quality under combined effects of deterioration, flooding, and sea-level rise to test management strategies,
Espinoza et al. (2016) and Kong et al. (2019) use a system-of-systems modelling approach to investigate interdependencies
among infrastructure subsystems and their influence on cascading impacts and recovery. For example, Espinoza et al. (2016)
(similar to Asaridis et al., 2025) build an impact model for an energy network accounting for the damage to individual elements
using depth-damage curves, impact cascades through the energy network, the process (and time) for repair, and the effects of
certain risk mitigation measures to reduce energy supply reductions. These studies often highlight limitations in capturing the
full scope of complexity and dynamics, and identify the need for inclusion of additional processes in future work (e.g., Kong
et al., 2019; Espinoza et al., 2016).
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4.3 Indicator-based approaches

Indicator-based methods are applied in 16 studies, most often to investigate vulnerability dynamics as an outcome of under-
lying processes. Regarding the social dimension of vulnerability, the majority of studies primarily consider demographic and
economic aspects, with an almost even distribution across the vulnerability components of the physical dimension.

Most studies calculate vulnerability indices at multiple points in time to capture underlying changes based on historical
data (Cian et al., 2021; Chen and Chen, 2012; Alexander Fekete and Janos Bogardi, 2019; Garcia-Rosabel et al., 2024; He
et al., 2024; Huang et al., 2024; Li, 2024; Meijer et al., 2023; Zhou et al., 2024) or projecting future changes (Giupponi et al.,
2013; Jurgilevich, 2021). Census data is the most common source, but some studies integrate alternative datasets, such as field
monitoring data on prior flood experiences (Cian et al., 2021), interview data for forward-looking vulnerability perspectives
(Giupponi et al., 2013; Jurgilevich, 2021), maps and topographic data for identifying flood-prone areas (Meijer et al., 2023;
Li, 2024), and Earth observation data for environmental sensitivity indicators (Cian et al., 2021). All studies reveal different
patterns of changes in vulnerability and the reasons behind these changes. Often, they appear to be related to socio-economic
changes, such as shifts in age distribution and employment patterns. The authors acknowledge a wide range of limitations,
including the selection of parameters to form the indicators (e.g., Giupponi et al., 2013), uncertainty and lack of input data (e.g.,
Chen and Chen, 2012), focus on administrative boundaries (Zhou et al., 2025) and indicator weighting ambiguity (Li et al.,
2021). Li et al. (2021) also acknowledges a limitation specific to dynamic vulnerability indicators, namely the chosen time
gaps between moments of analysis (in their case, 10 years), which adds uncertainty regarding how the change in vulnerability
occurred between the two moments of investigation.

Two studies (Ramesh et al., 2022; Khan and Salman, 2012) correlate pre-event vulnerability indicators with event impacts
or post-event recovery trajectories. Ramesh et al. (2022) analyse emergency department visits following floods in relation to
census-block vulnerability levels, and find that the number of emergency department visits increased with increasing vulnera-
bility level post-flood overall and for some illnesses specifically. Khan and Salman (2012) explore recovery one year post-flood
and its association with specific vulnerability sub-dimensions. They find correlations between livestock ownership (if livestock
is owned, they are more likely to recover), adult literacy rates, and electricity access (the higher the access, the higher the

chance of recovery).
4.4 Qualitative analysis

Thirteen studies use qualitative approaches. They either focus on event-related or complexity-driven vulnerability dynamics,
and many studies approach vulnerability both as a precondition and an outcome (Figure 2). These studies primarily rely on
participatory data collection, maps, and reports.

One group of studies investigates directional changes in vulnerability. Ajibade et al. (2013), Kreibich et al. (2017, 2023),
Maiwald and Schwarz (2014), and Thieken et al. (2016) all examine changes in vulnerability as an outcome of specific flood
events. Maiwald and Schwarz (2014) introduce an approach to change vulnerability class for buildings due to previous impacts

based on expert judgement, Kreibich et al. (2017, 2023) and Thieken et al. (2016) use literature and reports about the existing
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flood management system at consecutive (flood) events to investigate the directional change of vulnerability between the
two events. Ajibade et al. (2013) focus specifically on the changes in vulnerability in the interaction of gender and other
vulnerability characteristics using interviews and workshops for data collection (Ajibade et al., 2013). It is noteworthy that
Kreibich et al. (2017, 2023), and Thieken et al. (2016) relate their analysis of vulnerability to consecutive hazard events and
determine the changes in vulnerability based on the difference in experienced damages and reflections on the effectiveness of
the risk management mechanism in place. As such, they also discuss measures taken in response to the first flood event that
shape vulnerability as a precondition for the second event. Analysis of paired flood events by Kreibich et al. (2017, 2023) reveal
general trends across four vulnerability dimensions: awareness, preparedness, emergency management, and coping capacity.
They find that awareness often increases after flood events due to experience or public campaigns and that preparedness
typically improves through better forecasting and early warning systems. They also find that emergency management structures
improved in most cases, but coping capacity saw mixed results. Ajibade et al. (2013) find that middle and upper-class women
are more protected from gender biases and the impacts of disaster. Lower-income women are more vulnerable after a flood due
to limited economic resources and social support. Female-led households are particularly vulnerable after a flood.

Another group addresses complexity dynamics, often using narrative or storyline methods, primarily drawing on inputs
from workshops and interviews, supplemented by literature and reports. Albulescu and Armas (2024), de Bruijn et al. (2016),
Rahman et al. (2021), Tran et al. (2022) and Whytlaw et al. (2021) investigate how multiple hazards or processes, such as floods
coinciding with pandemics, repeated flood events alongside socio-economic change, or recovery of critical infrastructure,
interact to influence vulnerability. Albulescu and Armas (2024) use impact-chains to structure and manage the information on
the complex processes. Rahaman and Esraz-Ul-Zannat (2021) use scenarios of co-occurring hazards (floods during extended
periods of disease outbreaks) to collect inputs from residents regarding their perception of vulnerabilities and the effectiveness
of different flood risk reduction measures. Chang et al. (2014) develop protocols for expert elicitation to estimate recovery
patterns of critical infrastructure within two weeks following a flood event for a historic flood event and two augmented
scenarios of counter-factual dike breach events. Multiple studies acknowledged the challenge of navigating the amount of
information needed to explore the complexity of events, both in terms of visual representation and in the process of expert
elicitation Albulescu and Armas (2024); Chang et al. (2014).

4.5 Statistical analyses of vulnerability sub-dimensions

Twelve studies employ statistical approaches, which differ mainly in whether they analyse vulnerability as an outcome of
events or as a precondition influencing outcomes. As shown in Figure 2, no study conceptualizes vulnerability as a factor in
their analysis. In our sample set, we do not find any studies that investigate vulnerability dynamics due to the complexity of
interacting processes. Instead, most studies employ an event-related assessment approach, utilizing various data sources and
focusing on different vulnerability components. A key distinguishing element is whether they approached vulnerability solely
as an outcome or as both a precondition and outcome.

The first group primarily applies an outcome-focused approach (Bubeck et al., 2012; Gallagher and Hartley, 2017; Kienzler
et al., 2015; Kohler et al., 2023; Phifer et al., 1988). Bubeck et al. (2012), Kienzler et al. (2015) and Kohler et al. (2023)
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investigate explicit correlations between past flood experiences and future flood preparedness or mitigation efforts, while
Phifer et al. (1988) investigate relations to the health in the elderly and Gallagher and Hartley (2017) investigate debt patterns
(regarding loans and credit cards) in the recovery process from flood events. Some studies rely primarily on interview data
and apply descriptive statistical approaches in their analysis (Bubeck et al., 2012; Kohler et al., 2023; Phifer et al., 1988).
Gallagher and Hartley (2017) use a difference-in-difference approach comparing census blocks that were affected by the
flood with those that were not, using modeled flood data, census information, along with field monitoring data regarding
the debt development. Phifer et al. (1988) find that flood vulnerability extends beyond immediate damage, as health effects
persist over time, particularly among those who experience both personal and community-wide destruction. Similarly, Kohler
et al. (2023) identify a paradox where individuals with more flood experience tend to take more precautionary measures
but simultaneously feel less resilient. These findings underscore the role of psychological and social dynamics in vulnerability.
While Bubeck et al. (2012) demonstrate that flood events trigger accelerated mitigation efforts and preparedness improvements,
Kienzler et al. (2015) show that these improvements are inconsistent across cases. Gallagher and Hartley (2017) find that the
debt decreased after an event in correlation with the payout of flood insurance money used to pay back loans instead of
rebuilding. They hypothesize on possible reasons, both a demand-driven process (paying off loans and moving) and a lender-
driven process (required to pay off mortgages on houses where house value was used as collateral). Similar to studies employing
other methodological approaches, multiple studies acknowledge the challenges associated with input data completeness and
accuracy (e.g., Gallagher and Hartley, 2017; Kohler et al., 2023). Bubeck et al. (2012) note some dynamic vulnerability specific
challenges with regards to the timing of flood events considered, which is not resolved in enough detail to derive conclusions
about overlapping processes of recovery and risk reduction/mitigation efforts.

Studies combining precondition—outcome perspectives include Atiqul Haq et al. (2024), Biswas et al. (2024), Jamshed et al.
(2021), Jiang et al. (2023), Houston et al. (2021) and Salvucci and Santos (2020). These studies examine how flood exposure
affects broader vulnerability characteristics, including fertility, birth weight, mobility, and consumption. They also investigate
which vulnerability sub-dimensions are correlated with the changes. For example, Biswas et al. (2024) investigate which socio-
economic factors are generally correlated more strongly with low birth weights in combination with potential flood exposure.
Jamshed et al. (2021) investigate how the mobility patterns between rural and urban settlements varies depending on the age
of the household head, economic situation, etc and Jiang et al. (2023) explore how recovery patterns in terms of credit use are
affected by the wealth of the impacted household (Contreras and Torres-Machi, 2025, do the same for travel characteristics).
They use various data sources for their analysis and apply some different methods of inference analysis including bivariate,
multivariate or multinomial regression analysis (e.g., Atiqul Haq et al., 2024; Biswas et al., 2024; Jamshed et al., 2021),
Autoregressive Integrated Moving Average model for time-series data (e.g., Atiqul Haq et al., 2024) and Moran’s I statistics
for spatial correlation analysis (e.g., Biswas et al., 2024), difference-in-difference to compare changes in affected regions
in comparison to unaffected places (Salvucci and Tarp, 2021), and descriptive statistics (Jamshed et al., 2021; Jiang et al.,
2023; Houston et al., 2021). Biswas et al. (2024) note that a key limitation in the inability to establish causality is due to

input/measurement data constraints.
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Tang et al. (2024) is the only study analysing changes in vulnerability due to underlying changes. They use random forests
to classify different land use types and soil infiltration capacities, identifying the drivers that impact vegetation cover, infil-
tration capacity, and flood risk. They primarily rely on Earth observation data, complemented by local field measurements of

infiltration capacity.

5 Discussion

This review set out to map and analyse how different flood vulnerability assessment methods are used to capture vulnerabil-
ity dynamics. The analysis presented in the previous section provides an empirical basis for this comparison by synthesising
67 studies according to their methodological type, conceptual focus, and the types and dimensions of dynamics considered.
Across the reviewed studies, dynamic vulnerability assessments served three primary purposes. First, they were used for pol-
icy analysis, providing accountability for past disaster risk management efforts and informing the design of future measures.
Second, they contributed to understanding the effects of floods on vulnerability dimensions beyond direct damages, identify-
ing changes that influence predisposition to harm and recovery capacity in future events. Third, they supported analyses of
cascading impacts, recovery, and response patterns, particularly in infrastructure networks and socio-economic systems.

The methods varied in their capacity to address the three types of dynamics. Event-related dynamics were well represented
across all methods, but were particularly prominent in curve-based, statistical, and many simulation studies. Underlying dy-
namics, such as demographic or economic shifts, were most systematically addressed in indicator-based analyses and in certain
long-term curve-based studies. Complexity dynamics, involving multi-hazard interactions or cascading processes, were most
extensively explored through simulation models, qualitative analyses, and mechanistic curve-based applications (e.g., structural
stability under combined loads).

In the following, we will first reflect on the limitations of this study, and then discuss the relative strengths and limitations

of each approach. Finally, we reflect on the opportunities and challenges for advancing dynamic vulnerability research.
5.1 Limitations of this study

While we categorized studies by their primary method, most applied mixed-methods designs. For example, Schoppa et al.
(2024) used statistical methods to develop a model of risk awareness and memory, which was then implemented in a system
dynamics model. Similarly, indicator-based studies often used statistical methods to explore correlations between vulnerabil-
ity indicators and impacts, and curve-based studies frequently integrated statistical techniques to fit or validate curves. This
methodological blending both enriches insights and complicates classification.

Another challenge emerged when categorizing by the conceptualization focus, as taken from Joakim et al. (2016). Particu-
larly for studies investigating consecutive events or cascading impacts, vulnerability often acted simultaneously as a precondi-
tion and an outcome. This dual role blurs the boundaries between categories. It highlights the need for a more differentiated
framework for categorizing the vulnerability focus in dynamic vulnerability research, especially in the context of multi-hazard

events.
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The most significant limitation of our review lies in its design: it does not follow a fully systematic approach and is therefore
not comprehensive. The choice of search terms, drawn primarily from the disaster risk research community, together with the
applied definition of vulnerability and the focus on flood-related studies, may have introduced bias. However, the research field
of dynamic vulnerability is still in its early stages (e.g., de Ruiter and van Loon, 2022). While our synthesis is partial, it provides
a foundation for more systematic and comprehensive assessments that will become increasingly feasible as the field matures
by sharpening the boundaries between different concepts and further advancing the methods used. We believe that this study
offers insights into practical ways to categorize different studies based on their methodological approach, conceptual focus,
and addressed dynamics, as well as inspiration for future research avenues and methodological advancements. It serves as a
snapshot that can be used to build upon for more systematic studies that reach beyond the flood hazard research community
or even beyond the disaster risk management community. In this study, we focus our review on flood-related vulnerability
dynamics, but insights from research on vulnerability related to other natural hazards (e.g., earthquakes, droughts, or landslides)
could be valuable inspiration for new methods applied to flood risk assessment (e.g., Cremen et al., 2022). It could be interesting
for example, to investigate how hazards with different mechanistic understanding (e.g. earthquakes) or different time horizons
(e.g. slow-onset events such as droughts) address the complexity of vulnerability dynamics, what methods they apply and data

they use.
5.2 Method-level reflections and future research avenues

This review highlights a diverse range of methodological approaches applied to capture dynamic vulnerability in the context
of flood risk. All five considered method types were capable of capturing aspects of vulnerability change, yet their patterns of
use, strengths, and limitations varied considerably (Table 3).

Curve-based approaches were the most flexible, spanning all types of dynamics. Their strong link to quantitative impact
modelling allowed predictive relationships between hazard intensity, exposure, and losses. Complexity dynamics were often
captured through mechanistic modelling (e.g., structural failure, crop sensitivity), while event-driven change was frequently
framed around adaptation measures. Future research could broaden the scope beyond governance interventions to processes
such as infrastructure deterioration, long-term socio-economic change, or, in the context of crops and ecosystems, changes in
vulnerability due to climate change, effects of invasive species, or other human interferences.

Dynamic simulation modelling approaches were primarily implemented as agent-based models. These excelled at rep-
resenting behavioural feedbacks and governance processes. While often event-focused, they can also be adapted to explore
gradual changes in vulnerability, particularly if parameterized with longitudinal social or behavioral data. Future work could
focus on addressing the challenge of model calibration, for example, by incorporating studies that offer statistical insights into
recovery patterns to reduce ambiguity or uncertainty in behavior dynamics. Agent-based modelling, in particular, is a promis-
ing methodological approach for combining multiple key concepts relevant for dynamic vulnerability and multi-hazard risk
management, such as system-of-systems thinking and social processes of decision-making (Hochrainer-Stigler et al., 2023;
de Ruiter and van Loon, 2022; Taberna et al., 2020).
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Table 3. Comparative overview of methodological approaches for assessing dynamic vulnerability in flood risk contexts.

Method type

Typical applications

Common limitations

Dynamics most often addressed

Curve-based approaches

Modelling hazard-impact relations
over time; evaluation of adaptation
measures; structural performance
under multi-hazard loads; seasonal
crop sensitivity; event-driven re-

covery analysis.

Limited calibration data;
mismatch between modeled

and reported damages;

transferability across
events; short temporal
horizons.

All three types (event-related, un-

derlying, complexity), strongest

coverage across methods.

Dynamic simulation models

Agent-based models of be-

havioural change; governance
strategy evaluation; system dy-
namics for risk perception and
preparedness; system-of-systems

infrastructure modelling.

High data requirements for
parameterisation; resource-
intensive; limited use for
underlying long-term dy-

namics.

Primarily event-related and com-
plexity dynamics; less focus on un-

derlying dynamics.

Indicator-based approaches

Tracking socio-economic, demo-
graphic, and environmental vul-
nerability trends; projecting future
vulnerability; linking indicators to

recovery patterns.

Data scarcity for repeated
measurements; parameter
selection and weighting
uncertainty; long intervals

obscure processes.

Predominantly underlying dynam-
ics; occasional event-related appli-

cations.

Qualitative methods

Directional change analysis be-
tween events; narrative exploration
of multi-hazard interactions; par-
ticipatory elicitation of recovery

patterns and vulnerabilities.

Limited scalability; trans-
ferability issues; complex-

ity management challenges.

Mostly complexity dynamics and

event-related changes.

Statistical analyses

Correlating  vulnerability — sub-

dimensions with  outcomes;
quasi-experimental impact assess-
ments; trend analysis of specific

social/economic indicators.

Dependent on available
datasets; temporal and spa-
tial resolution constraints;
partial capture of system

dynamics.

Primarily event-related dynamics;
some underlying dynamics via

trend analysis.

Indicator-based approaches effectively tracked underlying vulnerability changes, particularly socio-economic shifts. Al-
though these approaches can link pre-event indicators to post-event impacts, their application to recovery processes remains
underexplored. However, combining indicator-based assessments with statistical analyses could strengthen the linkage between
pre-event vulnerability states and post-event outcomes, also offering evidence for refining curve-based models or calibrating
simulation approaches. Future research could also focus on reducing the long intervals between observations. Such studies

would potentially enable the development of temporal vulnerability curves that could be compared to those developed by,
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for example, Jongman et al. (2012) or Tanoue et al. (2016), offering insights into the similarities and deviations in long-term
vulnerability development using different methodological approaches.

Qualitative methods were primarily employed to investigate complexity dynamics or directional changes between consecu-
tive events. They proved valuable in unpacking socio-political processes, contextual drivers, and interactions between multiple
hazards, particularly where quantitative data were scarce. While the latter relied purely on reports and expert judgment, this
approach might serve as inspiration for future studies, which could complement the analysis with simulation or curve-based
assessment methods, for example, by comparing how buildings exposed to two consecutive floods experienced or reported
damages differently. Similarly, qualitative methods could expand and further substantiate quantitative approaches to address
aspects that are not captured by data or models. Future work could also focus on meta-analysis of qualitative narratives to
identify recurring patterns that can inform modelling assumptions or indicator selection to capture vulnerability dynamics.

Lastly, statistical analyses were mainly applied within the context of specific events to correlate event experiences with
changes in vulnerability or risk management. As such, they were pretty similar to indicator-based approaches in terms of
conceptual focus. Their potential lies in expanding longitudinal coverage, which could help uncover the temporal evolution of
recovery processes, as well as linking these processes with the impacts of subsequent events. Additionally, reflecting on how
such statistical analysis could inform the formulation and calibration of potent dynamic simulation models or curve calibration

could be a valuable exercise to utilize the limited available knowledge about recovery dynamics.
5.3 Key observations and implications across different methodological approaches

Across methodological types, scenarios were a central instrument for exploring vulnerability dynamics. They were used to eval-
uate disaster risk management options, test adaptation measures, or specify the characteristics of events under study. Emerging
scenario frameworks, such as storyline approaches tailored to multi-hazard contexts (Crummy et al., in preparation), could help
standardise scenario development or analysis for comparability across studies. Likewise, concepts from exploratory modelling
and stress-testing (Marchau et al., 2019; Moallemi et al., 2020) could be adapted to identify critical thresholds and drivers of
vulnerability change.

Another insight is that despite the diversity of methods and data sources, few studies explicitly identified causal pathways
for changes in vulnerability. Most quantitative work focused on correlations, which provide associations but not mechanisms.
Exceptions included mechanistic curve-based models of infrastructure or crop sensitivity, as well as specific dynamic simula-
tion models. Qualitative approaches, such as the advanced impact chains developed by Albulescu and Armas (2024) or expert
elicitation by Whytlaw et al. (2021), offer more profound insight into process-level causality. A way forward may lie in meta-
analyses of correlation studies to extract generalizable trends, analogous to how some depth—damage curves are developed for
different infrastructure, thereby bridging qualitative process mapping with quantitative model calibration.

Finally, many limitations identified by the reviewed studies align with those commonly recognised for the respective meth-
ods. For curve-based approaches, issues such as lack of calibration, mismatch between modeled and observed losses, and
limited transferability were frequently encountered (e.g., Dottori et al., 2016; Merz et al., 2010). Dynamic simulation models

often struggled with parameterization and validation due to data scarcity (e.g. Taberna et al., 2020). Indicator approaches faced
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challenges of repeated data collection, and weighting calibration (e.g., Moreira et al., 2021, 2023; Rufat et al., 2019). Qualita-
tive methods were constrained by scalability and transferability (e.g., Denzin and Lincoln, 2011), while statistical approaches
were limited by data resolution and temporal coverage (Merz et al., 2010).

In the context of dynamic vulnerability, these limitations appear to be intensified. More harmonized data are needed on multi-
hazard events and other complex processes, as well as the processes that follow such events, particularly in terms of hazard,
exposure, and vulnerability characteristics (Sakic Trogrlic et al., 2024). Repeated surveys, systematic monitoring, and the use
of high-frequency remote sensing could help capture the temporal evolution of vulnerability more accurately, particularly for
behavioural and social dimensions.

Similarly, for some of the studies, the timing is relevant: if events occur too closely together, recovery and preparedness
processes can overlap, complicating attribution (Bubeck et al., 2012). Likewise, time lags in data collection can distort the
picture of recovery and change (e.g., Albulescu and Armas, 2024; Li et al., 2021; Houston et al., 2021). Future studies would

benefit from systematically assessing the sensitivity of findings to the temporal relationship between data collection and events.

6 Conclusion

This review brought together and compared methodological applications that capture vulnerability dynamics in the context of
flood risk. We focused on how common assessment methods have been used or adapted, the types of data and sub-dimensions
considered, the conceptual focus on vulnerability, the nature of changes analyzed, and reported limitations. The aim was not to
compile an exhaustive list of studies, but to provide a structured overview of different methods that can help researchers select
and refine approaches, and to point to opportunities for applying these methods beyond flood risk to other hazards and thematic
areas.

Across the 67 studies analyzed, we identified five main methodological approaches: curve-based, dynamic simulation,
indicator-based, qualitative, and statistical, each with distinct strengths and limitations. Event-related dynamics dominate the
field, with underlying and complexity-related changes receiving less attention. Social vulnerability dimensions such as eco-
nomic, cultural/behavioural, and governance aspects are commonly included, while the physical dimension is often reduced
to urban assets and critical infrastructure. Most methods draw on a combination of data sources, although remote sensing and
workshop-derived inputs appear to be relatively uncommon.

Looking ahead, progress will depend on making better use of complementary strengths across methods, for example, by
linking statistical trend analysis to simulation modelling, or combining qualitative narratives with curve-based estimates. More
frequent and harmonised data collection would make it possible to study changes in vulnerability with greater precision.
Furthermore, learning from other risk disciplines or research fields that investigate dynamic responses within a system may
offer valuable insights to further advance research on vulnerability dynamics in the context of flood risk.

As the field develops, applying these approaches across various hazards, integrating different methods, paying closer atten-
tion to causal pathways, and conducting meta-analyses of findings regarding changes in vulnerability may improve both the

understanding of vulnerability dynamics and the ability to manage and predict them.
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Appendix A: Scoping Phase to identify example studies

Figure A1 highlights the process for conducting the scoping literature review. The review did not strictly adhere to specific
protocols, similar to a semi-systematic literature review as defined by Snyder (2019) or a meta-narrative review as defined by
Wong et al. (2013). A search query in Google Scholar on November 13, 2024, used keywords related to dynamic vulnerability
and multi-hazard vulnerability assessment (Table A1). We also invited collaborators to suggest additional studies. This process

yielded 980 publications.

Table A1l. Overview of the applied search terms on Google Scholar and yielded results.

N of publications
"dynamic vulnerability assessment" AND (flood OR floods OR flooding 100
OR "flood event" OR “flood events” OR “floods”)
"multi-hazard vulnerability assessment” AND (flood OR floods OR 315
flooding OR "flood event" OR “flood events” OR “floods”)
"multi-hazard vulnerability analysis" AND (flood OR floods OR flood- 19
ing OR "flood event" OR “flood events” OR “floods”)
"dynamic vulnerability analysis" AND (flood OR floods OR flooding 85
OR "flood event" OR “flood events” OR “floods™)
"vulnerability dynamics" AND (flood OR floods OR flooding OR "flood 419
event" OR “flood events” OR “floods”)

Additional papers added by collaborators 41
Total 980

To be included, publications had to meet the following criteria: (i) published in English; (ii) peer-reviewed; (iii) freely
accessible to the reviewers; (iv) investigate vulnerability concerning floods, potentially amongst other hazards; (v) adopt a def-
inition of vulnerability consistent with the IPCC (2022) or UNDRR (2017) (see section 2); (vi) provide details on vulnerability
assessment processes, data, and methodologies.

We first removed duplicates, inaccessible publications, and non-English or non-peer-reviewed works to identify relevant
papers meeting these criteria. Next, we excluded irrelevant studies based on title and abstract. Finally, at least two authors
reviewed each of the remaining publications for relevance. Decisions on their relevance were made collectively based on the
inclusion criteria. Through this double-review process, 28 papers were identified as relevant, applying some form of dynamic
vulnerability assessment in a specific case study. Due to the relatively small number of studies in each category, conducting
meta-analyses or statistical comparisons was not feasible. Instead, we provide a qualitative description of key studies and their
methodological approaches.

Table A2 shows how the reviewed studies were grouped into five main categories:
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Not Peer-reviewed

192
Studies Screened Out Not Accessible
289 35
I l Duplicates
62
Studies Identified Excluded Based on Title & Abstract
980 368

Studies Screened In

691

Excluded by Single Reader
198

Excluded by Second Reader
97

- Included
28
Made at SankeyMATIC.com

Figure Al. Summary of the literature review and number of publications included in this analysis.

Table A2. Grouping of initial scoping literature into methodological categories. Study reference numbers correspond to the full list in the

Supplemental Information

Method Group initial method specification and publication

Curve multi-dimension fragility curve (3), impact/loss-based vulnerability curve (8, 11, 25), discrete Bayesian net-
work (27)

Indicator multi-hazard impact index (2), dynamic flood vulnerability index (6), Social vulnerability index (7, 18, 19),

expert-based indicators (9)

dynamic simulation

socio-hydrological method for continuous flood risk projection (23), agent-based model (24)

modelling
Qualitative impact chain (1), expert inputs and report review (16, 17, 26, 28), scenario analysis (13), storyline (21)
Statistical analysis of vulnerability sub-dimensions: Economic (10, 22), Cultural & Behavior (4, 11, 14), Awareness &

Information (14, 15), Health (21), General Urban Assets (4)
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Appendix B: Search queries for Scopus search

Curve-based approaches

TITLE-ABS-KEY ( ( "fragility curve*" OR "vulnerability curve*" OR "loss-damage function*" OR "damage curve*" OR
"loss curve*" OR "impact function*" OR "damage function*" ) AND ( "flood*" OR "flood risk" OR "flood damage" ) AND (
"vulnerability" OR "resilience" OR "susceptibility" ) AND ( ( "temporal" OR "dynamic*" OR "longitudinal" OR "time series"
OR "change over time" ) OR ( "recovery" OR "post-event" OR "adaptation” ) ) )

Dynamic simulation modelling approaches
TITLE-ABS-KEY ( ( ( "agent-based model*" OR "system dynamics model*" OR "dynamic simulation" OR "process-based
model*" OR "socio-hydrological model*" OR "simulation model*" ) AND ( "flood*" OR "flood risk" ) AND ( "vulnerabil-
ity" OR "resilience" OR "adaptive capacity” ) ) AND ( ( "temporal” OR "dynamic*" OR "longitudinal” OR "time series" OR
"change over time" ) OR ( "recovery" OR "post-event" OR "adaptation" ) ) )

Indicator-based approaches
TITLE-ABS-KEY( ("vulnerability ind*" OR "impact ind*" OR "indicator-based approach*" OR "index-based approach*" OR
"composite ind*" OR "index-based assessment*" OR "indicator-based assessment*") AND flood* AND ("vulnerability" OR
"resilience" OR "coping capacity" OR "adaptive capacity") AND ("temporal*" OR "dynamic*" OR "longitudinal" OR "time

series" OR "change over time" OR "recovery" OR "post-event") )

Qualitative approaches
TITLE-ABS-KEY ( ( ( "qualitative assessment*" OR "impact chain*" OR "expert judgment" OR "scenario analysis" OR "sto-
ryline approach*" OR "narrative analysis" OR "report review" OR "vulnerability matrix*" ) AND ( "flood*" OR "flood risk" )
AND ( "vulnerability" OR "resilience" OR "adaptive capacity" ) ) AND ( ( "temporal" OR "dynamic*" OR "longitudinal" OR

"time series" OR "change over time" ) OR ( "recovery" OR "post-event" OR "adaptation" ) ) )

Statistical analysis of vulnerability sub-components
ABS ("statistical analysis" OR "multivariate analysis" OR "regression analysis" OR "principal component analysis" OR "latent
variable model*" OR "data-driven approach*" OR "trend analysis" ) AND TITLE-ABS ( "flood*" ) AND ABS ( "vulnerability"
OR "resilience”" OR "coping capacity" OR "adaptive capacity" ) AND ABS ( "temporal*" OR "dynamic*" OR "longitudinal"

OR "time series" OR "change over time" OR "recovery" OR "post-event" )
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