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ARTICLE INFO ABSTRACT

Keywords: Flood risk is projected to increase under climate change due to more frequent extreme events and
F1.°°d expanding human development in hazard-prone areas. While large-scale assessments provide
Risk valuable overviews of emerging risk, they often lack the spatial detail and social-environmental
Hazard . . . . . . . . .
Expostire integration needed to inform local adaptation planning. This study applies a high-resolution
Vu11>nerability hazard-exposure-vulnerability framework to assess compound coastal-fluvial flood risk and
Climate evaluates how methodological choices affect estimates of exposure, economic damage and spatial

risk. The framework is applied to the low-lying Broadland catchment in eastern England using
UKCP18 convection-permitting climate projections under RCP8.5 to simulate compound flood
scenarios for 1990, 2030, and 2070. Exposure is assessed using population and property data,
while vulnerability is quantified across 31 social, economic, and environmental indicators sta-
tistically weighted via principal components analysis. The results show that methodological
choices can substantially influence outcomes. In particular, building depth sampling methods and
depth-damage assumptions can alter loss estimates by over 70%, while different population
datasets affect estimated human exposure. By using the OpenPopGrid population dataset and the
footprint-maximum depth, the estimated economic damages increase from £439 million in 1990
to £718 million in 2070, with risk concentrated in urban coastal locations where exposure and
vulnerability converge. By integrating high-resolution climate projections with spatially explicit
vulnerability analysis, this study demonstrates how local-scale assessments can provide spatially
detailed evidence to inform adaptation planning. The framework is potentially transferable to
other coastal and estuarine regions, although its implementation depends on the availability and
local suitability of hazard, exposure and vulnerability data.

1. Introduction

Traditional definitions of flood risk consider both the likelihood and adverse consequences of inundation on an asset or system [3,
4]. This is commonly represented through the “risk triangle” of hazard, exposure and vulnerability [5,6]. Hazard refers to the prob-
ability and magnitude of a potentially damaging event, exposure to the presence of people, infrastructure or environmental systems in
places that could be affected, and vulnerability to the susceptibility of those elements to harm and their capacity for loss [7-9]. While
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this hazard-exposure—vulnerability framing is well established, its practical implementation remains sensitive to data choice, spatial
scale, indicator selection and damage-estimation assumptions, particularly for compound flood events.

Flooding is historically one of the most impactful natural hazards in the UK, with major events including the 1953 North Sea flood,
the 2007 summer floods and the 2013/14 winter floods causing severe social and economic impacts [10-12]. The potential to
experience loss from such events is not uniform, as previous studies on social vulnerability have shown (e.g. Ref. [13]).

While future flood risk is often framed in terms of increasing hazard intensity due to climate change, changes in exposure and
vulnerability may further compound these risks. Exposure is likely to increase, with continued population growth, increasing ur-
banisation and floodplain development (e.g. Ref. [13-17]). The third UK Climate Change Risk Assessment (CCRA) estimates 544,000
residential and 72,000 non-residential buildings are situated on coastal floodplains [18]. Of these, approximately 47,000 residential
and 11,000 non-residential buildings are subject to an average rate of flooding of less than 1-in-75-years (ibid). With limited adap-
tation in flood risk management, these exposure magnitudes are estimated to increase by six-to ten-fold in UK residential properties
under 2 and 4°C warming futures by 2100, respectively (ibid). The exposure of vulnerable populations is also projected to increase
disproportionately, with the population in flood-prone areas rising by 45% to 10.8 million, while the increase in deprived neigh-
bourhoods is projected to reach 310%, from 451,000 to 1.4 million [13].

The Norfolk and Suffolk Broads in East Anglia represent a low-lying, flood-prone region, where land sits at or below sea level with a
tidal-dominance from the North Sea reaching 40-50 km inland (CH2M, [19-21]). The wider Broadland catchment includes a dense
river network, making the region susceptible to both tidal and fluvial flooding [20]. Over the years, flood risk management has become
more strategic, with Shoreline Management Plans (SMPs) being implemented and flood compartments separating low-elevation land
into 40 distinct segments ([22,23]; CH2M, 2016). However, despite proposals for more future-focused strategies, many areas continue
to follow a ‘hold-the-line’ approach [24-26].

Integrated flood-risk assessment encompasses a range of approaches that differ in their treatment of hazard, exposure, vulnerability
and consequences. Some studies focus primarily on the spatial distribution of inundation, exposed assets and direct economic damage.
For example, Thumerer et al. [27] estimated potential damage across land-use classes, while Mokrech et al. [28] examined how
socio-economic development pathways could alter future coastal-flood exposure in eastern England. Such approaches provide direct
estimates of physical and economic consequences but may represent social vulnerability only indirectly. A second strand of research
uses indicator-based methods to characterise the susceptibility and coping capacity of exposed populations. Shepard et al. [29]
combined exposure and vulnerability in assessing coastal-flood risk, while Garbutt et al. [30] developed social-vulnerability indices for
Norfolk based on population sensitivity, access to services and flood-hazard zones. Scheuer et al. [31] and Kotzee and Reyers [32]
extended this perspective through multidimensional composite indices incorporating social, economic and environmental indicators.
These methods can identify spatial inequalities in vulnerability, although their results depend on indicator selection, weighting and
spatial aggregation. Other integrated frameworks combine hazard, exposure and vulnerability within a common spatial assessment.
These approaches range from relatively transparent index-based methods to probabilistic risk models and system-based decision--
support frameworks. They differ in whether risk is represented through expected annual losses, scenario-specific impacts, composite
indices, or robustness across multiple futures. The appropriate approach therefore depends on the decision context, available data and
required spatial and probabilistic detail.

The present study falls within the third category of integrated hazard—exposure-vulnerability assessment and applies this estab-
lished approach to a high-resolution compound coastal-fluvial flood assessment in the Broadland catchment. Building on the com-
pound flood hazard modelling presented by Gudde et al. [2], it links scenario-specific inundation with population exposure,
building-level direct-damage estimates and an MSOA-level multidimensional vulnerability index. The overarching aim is to assess
climate-driven compound flood risk while evaluating how selected data choices and analytical assumptions influence estimates of
population exposure, economic loss and spatial risk prioritisation.

Specifically, the study addresses three research questions: (1) how can compound flood risk be spatially characterised at fine
resolution by integrating high-resolution hazard projections with multi-dimensional exposure and vulnerability metrics; (2) how are
flood risks projected to evolve over time under UKCP18 convection-permitting climate scenarios; and (3) how do methodological
choices, such as population datasets, exposure thresholds, building-depth sampling methods and depth-damage assumptions, influence
estimates of future flood risk?

To address these questions, the study combines UKCP18 convection-permitting model (CPM) climate projections with spatially
explicit exposure mapping and multidimensional vulnerability analysis for the Broadland catchment, UK. It links compound coast-
al-fluvial inundation scenarios with population and building exposure datasets, economic damage estimation and a vulnerability
index that incorporates social, economic and environmental indicators. The resulting assessment provides locally relevant evidence to
inform adaptation and disaster-risk-reduction planning. The spatial risk patterns are intended to support screening and prioritisation
for more detailed place-based assessment rather than evaluation of specific adaptation measures.

2. Data and methodology

This flood risk assessment follows the “risk triangle” framework, in which risk is conceptualised as the interaction of hazard,
exposure, and vulnerability. Hazard is characterised using high-resolution compound fluvial-tidal inundation scenarios derived from
the hydrodynamic modelling of Gudde et al. [2], driven by UKCP18 RCP8.5 projections. Exposure is quantified for both population and
buildings by overlaying flood-depth rasters with gridded population datasets and a building footprint inventory. Vulnerability is
represented by a composite index of social, economic, and environmental indicators, with indicator weights derived using principal
components analysis (PCA). The overall workflow and associated input datasets are summarised in Fig. 1. In addition to producing
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scenario-specific risk estimates, the workflow was also designed to examine how selected methodological choices influence exposure
and damage estimates, including population dataset selection, flood-depth thresholding, building-depth sampling and depth-damage
assumptions.

2.1. Study area

The Broadland catchment in East Anglia, UK, spans approximately 3200 km? with nearly 1 million residents across villages, towns
and 13 major settlements (Fig. 2); the three largest being Norwich, Great Yarmouth and Lowestoft [33-35]. It is drained by five
primary rivers, the Ant, Bure, Wensum, Yare and Waveney, which converge in the Broads National Park before discharging into the
North Sea [33]. This Broadland catchment features 107 Middle Super Output Areas (MSOAs) as of the 2021 UK Census. Each MSOA
represents a disaggregated segment of local authorities and contains approximately 2000-6000 households with a resident population
of 5000-15,000 [36]. MSOAs were selected as the common reporting unit in this study because they represented the finest spatial scale
at which the full suite of social, economic and environmental indicators could be assembled consistently. Population exposure was
estimated by overlaying each gridded population dataset with the 2 m flood-depth rasters, while building exposure was assessed at
building-centroid or building-footprint scale. The population exposure was aggregated to MSOA level for integration with
vulnerability.

At 303 km? with 2.7 km of coastline, the Broads National Park is the UK's largest designated wetland [20,37]. It is a network of
artificial lakes and rivers supporting 28 Sites of Specific Scientific Interest (SSSIs) and providing habitat for around a quarter of the UK's
rarest flora and fauna species. These attributes produce approximately £568 million annually through tourism revenue [20,33]. The
catchment's underlying geology consists predominantly of chalk and limestone bedrock overlain by glacial alluvium [33]. This
configuration contributes to spatial variability in hydrological responses. The exposed bedrock promotes groundwater infiltration and
peak flow mitigation, while alluvium-capped areas increase surface runoff and sensitivity to intense precipitation. The Broads system is
strongly influenced by the tidal regime, with saline intrusion posing a threat to freshwater ecosystems by reducing food availability and
increasing the risk of large-scale mortality amongst indigenous species [21]. The risk is amplified by sea level rise, which enables saline
waters to penetrate farther inland, particularly during summer low-flow periods when reduced river discharge limits the system's
natural flushing capacity. In addition, sea level rise directly increases flood risk, by raising baseline water levels and expanding
inundation extents in this low-lying landscape [20].

The Broads system and the wider Broadland catchment have long been susceptible to flooding, with historical events such as the
1953 ‘Big Flood’ and the 2013/14 winter floods having severe local implications [12,38-41]. This region is recognised as highly
sensitive to climate change, particularly due to sea-level rise and the intensification of hydrometeorological events [2,42,43]. It is
further characterised by dynamic socio-economic change, with concentrated populations and ageing infrastructure in urban centres,
coupled with high levels of social vulnerability in rural coastal towns. These intersecting physical and socio-economic characteristics
make Broadland well suited to assessing climate-driven flood risk and the effectiveness of integrated risk methodologies.
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Fig. 1. Methodological workflow and input datasets used to derive hazard, exposure, vulnerability, and flood risk in the Broadland study area,
including the sensitivity analyses undertaken. Hazard is represented through the scenario-specific inundation extent and depth used to
derive exposure.
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Fig. 2. The Broadland catchment, the Broads National Park and its Middle Super Output Areas (MSOAs). All MSOAs that intersect with the
Broadland Catchment (the study area) are included in the study, with data collected from the full extent of each included MSOA (the dark grey area)
not just that which intersects (the light grey area). The blue shading shows the modelled inundation extent from the 2070 compound-flood scenario
from Gudde et al. [2].

2.2. Hydraulic model and flood scenarios

The HEC-RAS hydraulic model used to generate the inundation scenarios was originally developed and evaluated in Pasquier et al.
[42] and subsequently refined and applied in Pasquier et al. [20] and Gudde et al. [2]. Model calibration and validation were un-
dertaken using historical Environment Agency river-level observations. This study adopts the inundation rasters from Gudde et al. [2]
as fixed hazard inputs.

This investigation examines three extreme inundation scenarios simulated in Gudde et al. [2], based on UKCP18 RCP8.5 local
projections and tidal gauge data used to model river discharge and storm surge components, respectively. In Gudde et al. [2], the
UKCP18 convection-permitting model (CPM) projections were used for three 20-year time slices, referred to by their midpoint years:
1990 (1981-2000), 2030 (2021-2040) and 2070 (2061-2080). The UKCP18 CPM ensemble is available only for RCP8.5 and equiv-
alent CPM simulations were not produced for lower-emission pathways. Although both future periods are derived from RCP8.5, they
do not represent the same degree of climate change. The 2030 time slice represents an earlier and comparatively less climate-affected
state, whereas the 2070 time slice reflects a substantially stronger late-century climate signal under the same emissions pathway. The
fluvial component varies across these scenarios through bias-corrected UKCP18 precipitation, temperature and derived evapotrans-
piration inputs used to drive the HBV-TYN hydrological model [44], from which 100-year return discharges were estimated. The
coastal component varies through storm-surge boundary conditions adjusted using UKCP18 sea-level-rise projections, applied to a
normalised Lowestoft surge profile. The simulations represent coastal and fluvial inundation only. Although climate-adjusted pre-
cipitation contributes to the derivation of river-discharge boundary conditions through the HBV-TYN hydrological model, rainfall was
not applied directly to the land surface, and pluvial flooding caused by exceedance of infiltration or drainage capacity was not
simulated.

Present-day defences are included (as of 2016), sourced from LiDAR data and built within the HEC-RAS modelling software [2,43].
Within this there was no consideration of defence failure, which in future study could be included along the lines of system risk analysis
where defence performance is evaluated [45]. Each scenario combines a 100-year river discharge event and a 100-year coastal storm
surge event. Assuming statistical independence between the two marginal events gives a nominal joint exceedance probability
equivalent to a synthetic 10,000-year design event. This value should not be interpreted as a formally estimated joint return period for
the Broadland catchment, because the dependence structure between river discharge and coastal surge was not modelled explicitly.
The hydraulic model nevertheless represents the physical interaction of the imposed upstream and downstream boundary conditions,
including tidal propagation and backwater effects. More rigorous estimation of compound-event probability would require a
joint-probability or copula-based analysis of the fluvial and coastal drivers. This produced a synthetic 10,000-year compound flood,
evaluated for three time periods. To isolate climate-driven changes in the modelled hazard, the population data, building exposure and
vulnerability indicators were held constant across the three time periods. Present-day flood defences were also held constant. Defence
failure, deterioration and future upgrades were not considered. This assumption reflects both data limitations and uncertainty in
long-term projections of population and development patterns [46]. Risk was quantified at the MSOA level by integrating
scenario-specific hazards with exposure and vulnerability indices for human and built environments.
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2.3. Risk index

A scenario-based relative flood risk index was calculated for each MSOA. Hazard is represented by the scenario-specific inundation
extent and flood depth from the compound-flood simulations. These hazard characteristics determine population exposure and built-
environment exposure, including depth-related economic damage to buildings. Population exposure and building exposure were each
rescaled to a 0-1 range and combined using equal weighting to derive the combined exposure index. The final risk index was then
calculated as the product of the combined exposure index and the rescaled vulnerability index for MSOAs affected by the modelled
inundation. Index values were ranked across the relevant MSOAs and classified into four quantile-based categories: low, moderate,
high and very high. Hazard probability was not included as a separate multiplicative factor. The index therefore represents the relative
spatial distribution of risk conditional on each fixed compound-flood scenario, rather than annual expected risk or probability-
weighted loss. Although vulnerability was derived for the entire study area, only MSOAs with population or building exposure
were included in the exposure and risk maps.

2.3.1. Exposure estimation and sensitivity analysis

Exposure was quantified separately for the population and the built environment. In this study, population exposure refers to the
number of people located within areas exceeding the specified flood-depth threshold, while building exposure refers to inundated
residential and non-residential properties and their associated direct economic losses. The term built environment is used to describe
the physical building stock represented in the exposure analysis. In addition, sensitivity analyses were undertaken to assess how
alternative population datasets, flood-depth thresholds, and building delineation methods influenced estimates of exposure and
damage.

The relationship between flood depth and damage is well established for built assets, with numerous empirical and theoretical
models linking inundation characteristics to property loss. In contrast, the relationship between flooding and impacts on people is
more complex and cannot be represented using a simple depth-damage function [47-49]. Recent studies have proposed probabilistic
approaches for assessing pedestrian instability or loss probability in floodwater, using information on flood characteristics such as
water depth and flow velocity, together with assumptions about pedestrian vulnerability and stability [50,51]. These approaches
provide a more detailed representation of risk to people, but their full application requires hydraulic and vulnerability information
beyond the simplified exposure data used in the present study. Human exposure was therefore estimated using a simplified binary
method, similar to that of Sayers et al. [18], where a spatial unit was considered exposed only if flood depths exceed a critical
threshold. A flood-depth threshold of 0.5 m was adopted based on Ramsbottom et al. [52], Fg. 4.1) who identify this depth as the point
at which hazard or damage begins to occur.

Human exposure was estimated using the flood extents generated from the HEC-RAS flood model overlaid with spatial population
datasets. Two alternative gridded population datasets were used to explore the uncertainties in population mapping within flood risk
assessment and to compare resulting exposure estimates and error metrics. The first was OpenPopGrid (OPG, [1]), which dasy-
metrically redistributes 2011 UK Census headcounts into 10 m grids using residential building polygons from Ordnance Survey (OS)
vector layers. This dataset aligns well with the 2 m resolution HEC-RAS flood maps. The second was Meta's Humanitarian Data Ex-
change (HDX) population dataset (HDX, 2026) [53], produced in Meta's Data for Good project which uses machine learning, satellite
imagery, and global navigation satellite system (GNSS) signal tracking to estimate global population distributions [54]. Available at 1
arc-second resolution (~30 m resolution at the equator) in both GeoTIFF raster and CSV formats, the Meta dataset was used as an
alternative gridded population product to the 10 m OpenPopGrid dataset.

Buildings can be represented by polygons of building footprints in datasets such as OS OpenMap and UKBuildings from Verisk. The
open-source OS OpenMap datasets do not provide building-use attributes (e.g. residential, commercial and industrial), unlike premium
OS products such as the National Geographic Database (NGD). Previous research has explored predicting residential and non-
residential properties from standard OS layers using a machine-learning approach [55]. Such additional processing was considered
beyond the scope of this study. A more complete source is the UKBuildings dataset from Verisk 3D Visual Intelligence UK, which
provides building details including use, age, height and area. Furthermore, this dataset boasts greater disaggregation of building
clusters, especially in dense urban areas. The Verisk dataset provides the spatial and attribute detail necessary for reliable exposure and
damage estimation.

A sensitivity analysis was conducted to assess how different methods for defining exposed units affect estimates of exposure and
damage, given the limited consistency in such definitions across the literature. Two delineation methods and three flood-depth
measurements were tested following the guidance in Section 4 of Environment Agency [56]. The delineation methods were geo-
metric building centroids and full building footprints. For the centroid-based method, a single flood-depth value was assigned to each
building. For the footprint-based method, mean and maximum inundation depths within the building footprint were used. Because
polygon-based data can lead to double counting along MSOA boundaries during aggregation, affected units and their associated flood
depths were converted to centroids prior to aggregation.

The most common depth-damage functions linking flooding to property loss use a unit-loss approach, whereby damage per unit is
derived from a maximum economic loss and an associated damage function [57,58]. A wide range of depth-damage function suites has
been developed for estimating direct tangible damage in different regions. Multi-national and global repositories, such as those of Gerl
et al. [59], Pregnolato and Galasso [60], and Bombelli et al. [61], illustrate the breadth of work in this field. In the UK, the
Multi-Coloured Manual [48] is widely used and includes an extensive set of damage functions. However, its restricted accessibility
makes it less suitable for transparent, open-access research. This study therefore used the European depth-damage dataset of Huizinga
et al. [62], which provides open-source functions for broad occupancy classes compatible with the available UK building data. No local
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recalibration was undertaken. Although previous research has examined the transferability of flood-loss functions between regions
[15], the applicability of the Huizinga et al. functions to local UK building stock remains a source of uncertainty.

The available building dataset did not include property-level characteristics known to influence flood damage, such as first-floor
elevation, basement presence, number of storeys, construction materials or property-level flood-resistance measures. The resulting
damage estimates therefore represent average occupancy-specific relationships rather than detailed predictions of structural
vulnerability for individual buildings.

Because the detailed occupancy classes in the Verisk dataset did not correspond directly to the broader building classes used in the
Huizinga et al. [62] depth-damage functions, a deterministic rule-based crosswalk was applied (Table S1). Municipal occupancies
were mapped to the commercial class. Agricultural occupancies represented built structures rather than agricultural land or crop areas
and were therefore mapped to the industrial building class. Where occupancy was recorded as unknown, no single class could be
justified; these buildings were assigned the arithmetic mean of the residential, commercial and industrial depth-damage functions and
corresponding maximum-damage values. These mappings represent methodological assumptions rather than the outputs of a statis-
tically trained or independently validated building-classification model.

As the Verisk data included building footprint information, the damage per square metre values from Huizinga et al. [62] were
applied. Final loss estimates were converted from EUR to GBP using historical exchange rates from Xe.com [63]. The 2010 GDP-based
maximum damage values reported by Huizinga et al. [62] were adjusted to 2025 prices using the GDP deflators (28th March 2025)
published by HM Treasury [63,64].

2.3.2. Vulnerability estimation

Vulnerability data were extracted from the full extent of all 107 MSOAs that intersect the Broadland hydrological catchment.
Vulnerability was quantified through an end point multi-criteria approach, where pre-defined characteristics of the system, including
those related to coping capacity, are identified and assigned, providing a positive or negative effect on vulnerability [65]. This
approach provides a more holistic representation of vulnerability by accounting for longer-term effects of flooding. The derived
vulnerability was assigned to the MSOA areas within the Broadland boundary for compatibility with the spatially bounded exposure
data.

A total number of 56 base indicators were established through a literature review, reduced from an initially identified 67. These
comprised social, economic and environmental indicators describing demographic sensitivity, socio-economic capacity, built-
environment characteristics and environmental susceptibility. Data were primarily derived from the 2021 Census, OS OpenMap
and the UK Verisk dataset, with demographic information mainly taken from the Census and spatial-environmental information
derived from OS OpenMap and Verisk. All but three datasets were available at the MSOA level. Company size, housing value and
income were available only at district level, so each district-level value was assigned to all MSOAs within the corresponding district
[66]. Data sources and parent references are summarised in Tables S3 and S4.

Indicator suitability for principal components analysis (PCA) was subsequently assessed using the Kaiser-Meyer—Olkin (KMO) test,
as described below. Table 1 provides a simplified summary of the indicator themes and examples used in the vulnerability assessment.
The complete list of base indicators, including definitions, data sources, direction of effect and retained variables after KMO screening,
is provided in Table S2.

Extraction and processing were performed using QGIS (spatial data) and R (demographic and further processing). Variables
requiring normalisation were made proportional to their MSOA's total sample area or population. While studies such as Garbutt et al.
[30] simplified indicators using a binary scoring system (0 = below the national average; 1 = above the national average), this study
retained continuous indicator values to preserve spatial variability and better capture underlying patterns in the data.

Following the creation of the base index, the Kaiser-Meyer-Olkin test was applied using a threshold of >0.7, with inadequate
variables omitted [67]. This test assesses the proportion of variance that may be attributed to common factors and is used to determine
sampling adequacy. Bartlett's Test of Sphericity was then applied to assess whether the retained variables were sufficiently correlated
for subsequent data reduction using principal components analysis [68]. A p-value of <0.01 was taken to indicate that it was
appropriate to proceed with principal components analysis.

Principal components analysis (PCA) with varimax rotation was applied to reduce dataset dimensionality and intercorrelation
among variables, and to derive loadings for the retained principal components (PCs). Although components with eigenvalues greater

Table 1
Simplified summary of vulnerability indicator themes used in the vulnerability assessment. The full list of base indicators, including definitions, data
sources, direction of effect and retained variables after KMO screening, is provided in Table S2.

Theme Indicator types included Examples of indicators Expected relationship with vulnerability
Social Age, health, care needs, household structure, Age dependency ratio; population under 5; Higher dependency, care needs and
mobility, education population over 65; persons in need of care; no  limited mobility generally increase
vehicle access vulnerability
Economic Employment, economic diversity, education, Economic diversity; educational diversity; Greater diversity, resources and service
housing/property characteristics, services and workforce by sector; housing age; utility access generally reduce vulnerability
infrastructure facilities; transport access
Environmental Elevation, erosion susceptibility, land use, Mean elevation; erosion-susceptible land; land- Lower elevation, erosion susceptibility
urbanisation use diversity; urbanised area; unpopulated area  and urbanisation generally increase
vulnerability
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than one are commonly retained in PCA [66], this criterion produced 16 PCs in the present study. A cumulative explained variance
threshold of 80% was therefore adopted as a more pragmatic retention criterion, consistent with Saisana & Tarantola [69].

Prior to PCA, all variables were standardised using z-scores, with indicator direction defined according to whether higher values
increased or reduced flood vulnerability. The varimax-rotated PCA outputs were used to derive a mean weighting for each of the 31
retained indicators. For the final index calculation, each retained indicator was rescaled independently to a 0-1 range. The rescaled
value of each indicator was then multiplied by its corresponding mean PCA-derived weighting, and the weighted indicator values were
summed to obtain the vulnerability score for each MSOA:

31
Vi= Y wg
i=1

where Vj is the vulnerability score for MSOA j, x; is the rescaled value of indicator i for MSOA j, and w is its corresponding mean PCA-
derived weighting, with direction defined according to the positive or negative relationship shown in Table 2. The imported indicator
weightings were applied directly, with no additional normalisation during the final aggregation stage. The resulting vulnerability
scores were used to represent relative differences among MSOAs and were subsequently rescaled to a 0-1 range for integration with the
exposure index.

3. Results
3.1. Exposure

This section presents exposure estimates alongside sensitivity analyses of population dataset choice, flood-depth thresholding and
building-depth sampling method.

3.1.1. Population exposure
Despite similar total population estimates from the OpenPopGrid (OPG, 240,000) and Meta (242,000) datasets in the flood-affected
region, estimated human exposure differs substantially between datasets. For the 1990 scenario, OPG yields 9071 exposed people

Table 2

Final indicators retained for the vulnerability index and their mean PCA-derived weightings. The sign shown for each indicator denotes
whether higher indicator values increase (+) or reduce (—) vulnerability. In the final aggregation, each indicator was rescaled to 0-1,
multiplied by its corresponding weighting and summed across all 31 indicators. The reported values are loading-derived coefficients and were
not normalised to sum to 1.

Indicator (Effect) [Theme] Mean weighting Rank
Elevation (—) [Environmental] 0.020 1
Erosion (+) [Environmental] 0.017 2
Population under five (+) [Social] 0.014 3
Educational diversity (—) [Economic] 0.012 4
Student (—) [Social] 0.012 5
Land use diversity (—) [Environmental] 0.009 6
Age dependency (+) [Social] 0.009 7
Economic diversity (—) [Economic] 0.008 8
Utility facilities (—) [Economic] 0.008 9
Persons in need of care (+) [Social] 0.007 10
Hospitals (+) [Social] 0.007 11
Workforce in economic sectors (—) [Economic] 0.007 12
Single parent with dependent children (+) [Social] 0.007 13
No vehicle (+) [Economic] 0.007 14
Health centres (+) [Social] 0.007 15
Population density (+) [Social] 0.004 16
Commerce (—) [Economic] 0.004 17
Urbanised area (+) [Environmental] 0.004 18
Living space per person (—) [Social] 0.004 19
Population above 65 (+) [Social] 0.004 20
Median age (+) [Social] 0.002 21
Recovery (—) [Economic] 0.002 22
No secondary school diploma (+) [Economic] 0.002 23
Long term resident (—) [Social] 0.002 24
New resident (+) [Social] 0.002 25
Workforce in industry, construction and service sectors (—) [Economic] 0.002 26
Housing age (+) [Economic] 0.002 27
Transport (—) [Economic] 0.002 28
Residential buildings (+) [Economic] 0.002 29
Unpopulated area (—) [Environmental] 0.001 30
Central age (—) [Social] 0.001 31
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while Meta yields 10,821 (=19% higher), with enhanced differences in 2030 (OPG 9,184, Meta 11,126, ~21% higher) and 2070 (OPG
12,308, Meta 15,461, ~26% higher). OPG was selected as the best candidate for all following methodological steps due to its lower
Root Mean Square Error (RMSE), calculated against 2021 Census population totals aggregated at MSOA level. OPG produced a lower
RMSE than Meta across all locations (421.1 OPG versus 503.0 Meta) and in the most influential locations (top ten locations by
population exposed; 379.1 OPG versus 721.7 Meta). This reflects larger discrepancies between Meta and the 2021 Census at the ex-
tremes, both in over- and under-representation.

Population exposure is primarily concentrated in Great Yarmouth, where several high-exposure MSOAs dominate the overall
exposure totals (Fig. 3). Although these locations contain only 19.5% of the total OPG population, they account for 93% of the total
exposure (1990 scenario). This relationship remains consistently significant although the dominance of these six Great Yarmouth
locations reduces to 92% then 79% as the flood extents increase and inundate new areas. Reinforcing this are low median values, for
example nine people exposed for OPG in the 1990 scenario, where the extremes of Great Yarmouth exposure mask a general lower
magnitude of exposure elsewhere.

3.1.2. Building exposure

The sensitivity analysis between the three depth derivation methods (centroid, building footprint mean and maximum) yielded
significant differences. Use of the building centroid produced the lowest total economic loss values across all scenarios. In the base
scenario (1990), the centroid method produced £257 million of economic loss (Fig. 4). The footprint mean method was 22% greater at
£312 million and the footprint-maximum was 71% above the centroid method at £439 million. Total event losses increased markedly,
with the centroid totals increasing 16% (2030; £297 million) and 93% (2070; £495 million) relative to 1990. Similar relationships were
shown for the footprint mean and maximum, both increasing 4% in 2030 relative to 1990 (£323 million and £457 million, mean and
maximum respectively) and increasing 70% and 64% in 2070 relative to 1990 (£530 million and £718 million, mean and maximum
respectively). Although losses increase across scenarios, the percentage difference relative to the centroid method decreases over time
(from 22% in 1990, 9% in 2030, to 7% in 2070 for footprint mean, and from 71% in 1990, 54% in 2030, to 45% in 2070 for footprint-
maximum). As flood extents and depths increase in the 2030 and 2070 scenarios, more buildings are inundated above damaging
thresholds across their footprints, making exposure estimates less sensitive to whether depth is taken at the centroid or as the footprint
mean/maximum.

For the headline risk estimates, we use the footprint-maximum depth as a conservative upper-bound assumption. This choice
minimises the risk of underestimating damages for partially inundated buildings where local depth gradients occur within a footprint
and provides a precautionary basis for adaptation planning. Centroid and footprint-mean methods are retained as lower-bound al-
ternatives to characterise methodological uncertainty (Fig. 4). Using the footprint-maximum method, estimated exposure losses are
£439 million (1990), £457 million (2030), and £718 million (2070), derived from 9,021, 9,309, and 12,705 exposed buildings,
respectively.

Within the exposed MSOAs, the composition of the building inventory is dominated by residential (73%) and commercial (20%)
occupancies. Although total economic losses increase across scenarios, the relative contribution of each occupancy class remains
broadly consistent (Fig. 5). Commercial properties are the dominant driver of loss, accounting for approximately 51-53% of total losses
across all scenarios (£228 million in 1990, £233 million in 2030 and £379 million in 2070). Residential buildings contribute 32-36% of
losses despite representing a larger share of exposed properties (73-76%), reflecting their lower unit values. Industrial properties
account for 8-10% of losses (£33 million in 1990, £36 million in 2030 and £71 million in 2070), exceeding their share of the building
inventory, likely due to higher concentrations in areas exposed to tidal flooding around Great Yarmouth and Lowestoft. The remaining

1990 2030 2070

Yarmouth

Lowestoft
<> Norwich [ Low Exposure [ High Exposure
[ Flooded MSOAs  [] Moderate Exposure WM Very High Exposure

Fig. 3. Population exposure within the flood-affected MSOAs for each scenario. Values are classified into quartiles, ranging from low to very high
population exposure.
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Fig. 4. Economic loss (GBP millions, present-day value) across all occupancies for the three depth-damage derivation methods (centroid, polygonal
mean, and polygonal maximum). Agricultural and transport occupancies contribute only minor proportions of total loss and therefore appear only as
small components of the stacked bars.
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Fig. 5. Percentage contribution of economic losses by building occupancy class for the polygonal maximum depth-damage derivation method
across the 1990, 2030 and 2070 scenarios.

occupancy classes contribute only small proportions of total losses, with unknown use accounting for 3-4%, agricultural 1.1-1.4%, and
transport 0.1-1.0%.

The top ten loss-driving locations were Great Yarmouth (75% of total 1990 loss, with 45% of the total attributed to Great Yarmouth
007), Broadland 017 (containing a large industrial facility on the bank of the River Yare; 5.8%) and Lowestoft (6.1%) (Fig. 6). The
three-digit codes refer to individual MSOAs. Representing 81% of all losses in the 1990 scenario, it is evident that the tidal-dominated,

1990 2030 2070

o

Great
Yarmouth

Broadland
017

Lowestoft

O Norwich ] £0m - £0.42m B £4.12m - £12.94m
[ Flooded MSOAs  [] £0.42m - £4.12m WM £12.94m - £197.48m

Fig. 6. Exposure of the built environment within the flood-affected MSOAs for the 1990, 2030 and 2070 scenarios. Values are economic damage in
GBP millions indexed to present day and shown as quartiles.



R. Gudde et al. International Journal of Disaster Risk Reduction 145 (2026) 106410

urban centres of Great Yarmouth and Lowestoft are the dominant contributors to modelled economic losses. The lower median losses
(£4.1 million in 1990, £4.5 million in 2030 and £8.3 million in 2070) indicate a skewed distribution in which a small number of urban
coastal MSOAs (in Great Yarmouth and Lowestoft) contribute disproportionately to the total losses. The contribution of the top loss
locations decreases in the 2030 and 2070 scenarios, where loss is spread further across the affected region.

Human and built exposure showed significant spatial correlation. However, there were some differences that underlie the final
combined exposure distribution (Fig. 7). Human exposure was very concentrated, primarily in Great Yarmouth, leading to a handful of
peripheral MSOAs in this area showing significant exposure throughout all scenarios. Built exposure showed slightly more variation,
driving greater exposure in western Lowestoft. Scaled values for exposure can be found in Table S5.

3.2. Vulnerability

The Kaiser-Meyer-Olkin statistical test removed 25 variables below a score of 0.7, leaving 31 remaining indicators. The p-value for
Bartlett's Test of Sphericity was <2.22 x 10-16, far below the 0.01 threshold. Principal Components Analysis (PCA) determined eight
principal components (PCs) with a cumulative proportion of variance explained of 81.2%. The first component explained 35.5% of the
variance, with this proportion falling to 16.4% (PC2), then 8.16% (PC3) and 6.32% (PC4), with the remaining exhibiting progressively
smaller proportions. The loadings of the varimax-rotated PCs identified 11 variable loadings of absolute values greater than 0.1, with
maximums seen for workforce in industry, construction and service sector (0.451), new resident (0.425) and central age (—0.385). The
resultant statistically assigned weightings from the PCA analysis (Table 2) range from 0.020 (Elevation) to 0.001 (Central age).

Vulnerability showed clear correlation with coastal and urban regions (Fig. 8). This is driven by environmental factors with lower
elevations and lower land use diversity as well as social factors with higher population below five and lower educational diversity.
Further impact is shown in urban regions from low economic diversity while some more rural, coastal regions showed influence from
higher erodibility. Standardised total vulnerability ranges from —0.010 to 0.037 with a median of 0.01. Great Yarmouth 011 (Fig. 8)
was the most vulnerable at 0.037, driven significantly by low rankings in indicators with heavily negative weightings (elevation,
educational diversity and land use diversity at 78th, 98th and 107th, out of 107 locations respectively) and high rankings in the
significantly positive weighted population below five (10th). Great Yarmouth 007 and 009 (Fig. 8) display similar characteristics
(vulnerability of 0.036 and 0.034, respectively), with low rankings in strong negative weighted indicators of elevation (106th and
84th, respectively), educational diversity (106th and 103rd, respectively) as well as land use diversity for 009 (76th), while ranking
highly in the influential positively-weighted population below five indicator (3rd and 9th, respectively).

Conversely, Norwich 017, Broadland 002 and Breckland 010 (Fig. 8) were the three least vulnerable locations at vulnerability
values of —0.01, —0.0087 and —0.0083, respectively. Despite a low ranking of 72nd in the negatively-weighted elevation indicator,
Norwich 017 held significantly low rankings for the positively-weighted erosion, population below five and age dependency indicators
(72nd, 92nd and 107th) in addition to high rankings in the negatively-weighted educational diversity and student indicators (3rd and
2nd). Broadland 002 and Breckland 010 (a location with minimal intersection with the study area) ranked moderately high in
elevation (28th and 22nd) and low in population below five for the former (80th) and erosion for the latter (85th). The effects of this
were enhanced in the aggregate by moderately low rankings in positively weighted indicators and moderately high rankings in
negatively weighted indicators. Scaled values for vulnerability in flood-exposed MSOAs are found in Table S5.

1990 2030

Great
Yarmouth

Lowestoft

<> Norwich [ Low Exposure [ High Exposure
[ Flooded MSOAs  [] Moderate Exposure W Very High Exposure

Fig. 7. Combined exposure of the human and built environment within the flood-affected MSOAs for the 1990, 2030 and 2070 scenarios. Values are
classified into quartiles, ranging from low to very high combined exposure.
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Fig. 8. Vulnerability within the MSOAs. Colour scale shows quartiles as low vulnerability (blue) to very high vulnerability (red). Label “GY”
represents “Great Yarmouth”. Three-digit codes refer to MSOAs.

3.3. Risk

Driven by consistently high exposure and elevated vulnerability, the urban and coastal towns of Great Yarmouth and Lowestoft
exhibited the greatest magnitudes of risk across all scenarios (Fig. 9). While it was observed that the most vulnerable region, Great
Yarmouth 011, was not included in the final locations at risk due to not experiencing any inundation, dominance was shown by Great
Yarmouth 007, 005 and 006 which remained first, second, and third from 1990 to 2070. 1990 and 2030 showed similarity, where the
relatively modest increase in exposure produced minimal variation, before significant change occurred from 2030 to 2070. The largest
variation from 2030 to 2070 was exhibited in Lowestoft where East Suffolk 006 moved from 7th to 4th and East Suffolk 009 moved
even further from 21st to 8th. Lowest risk was observed in more expansive rural regions where the density (and consequently exposure)
of the human and built environment are lower, with additional vulnerability mitigation due to higher elevation further inland. Scaled
values for risk in flood-exposed MSOAs are found in Table S5.

1990 2030

Great
Yarmouth

Lowestoft
< Norwich [ Low Risk B High Risk
[ MSOAs at Risk [ Moderate Risk WM Very High Risk

Fig. 9. Scenario-based relative flood risk within the flood-affected MSOAs for each scenario. Values are classified into quartiles, ranging from low to
very high relative risk.
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4. Discussion
4.1. Exposure estimates and methodological sensitivity

Compared with other studies within the domain, greater exposure was generally observed (combined totals for residential, in-
dustrial and commercial buildings of 9,021, 9309 and 12,705 for the 1990, 2030 and 2070 scenarios respectively) with Pasquier [43]
detailing property exposures of 3579 (2030 scenario) and 4109-4945 (2055-2080 scenarios). These differences likely reflect the
methodological choices in exposure delineation. The use of ‘binary exposure’ [18] increases the sensitivity of the exposure derivation
process, where any small changes in flood extent can cause intersection and subsequent ‘exposure’ of further properties. Such methods
are more useful as a precautionary tool to establish all elements with potential for any level of damage. This method can select above a
‘critical threshold’, where elements that are predicted to experience inundation above this water depth are considered exposed [70].
The most comprehensive method uses depth-damage functions to establish total damage or loss across a region, where elements are
aggregated across fractions of a depth-damage function, with these fractions being associated with an economic loss [71]. Shepard
et al. [29] is a classic example of these methods, where population exposure is assessed via critical threshold and property exposure
employs depth-damage functions from the Federal Emergency Management Agency's (FEMA) Hazus-MH Flood Model software.
Equivalence was found in a more manual process using vulnerability curves from Huizinga et al. [62] and ArcGIS. This manual process
promotes complete flexibility in damage derivation; however, quality assurance checks must be implemented thoroughly.

Furthermore, it is important to assess the sensitivity of the results to key methodological steps and ensure the chosen assumptions
remain conceptually robust. This study shows that apparently minor choices can introduce substantial uncertainty: in the 1990 sce-
nario, estimated building exposure losses increase from £257 million (centroid) to £439 million (footprint-maximum), a 71% differ-
ence. While this choice of property representation is often constrained by data availability, decisions should be made based on how the
underlying depth-damage functions are defined and applied. In practice, property-level impact estimation commonly relies on
simplified representations of flood depth at the building scale, and guidance for local flood risk assessment explicitly notes that
extracting depth at a point (property locations) versus across a building footprint—and selecting mean versus maximum depth within
that footprint—may have significant implications for the depths returned [56]. Footprint-maximum sampling can be viewed as a
conservative representation where depth varies strongly within a footprint, but it may overestimate damages if only a small part of the
building is affected. Conversely, centroid (point) sampling is computationally efficient and avoids applying a single extreme depth
across a footprint but may underestimate damages where depth variability within a building footprint is substantial [56].

In addition to uncertainty associated with depth sampling and the transferability of the depth-damage functions, property-level
characteristics that can substantially influence observed damage—including first-floor elevation, basement presence, number of
storeys, construction materials and flood-resistance measures—were not consistently available. The estimated losses should therefore
be interpreted as aggregate screening estimates rather than predictions for individual buildings. Their primary value lies in comparing
scenarios and identifying spatial concentrations of potential damage that may warrant more detailed appraisal.

The sensitivity of estimated losses to building-depth sampling is consistent with the wider literature showing that flood-risk es-
timates depend on model structure, datasets and analytical assumptions. The contribution here is to quantify the magnitude of this
effect within a high-resolution compound coastal-fluvial assessment. For decision support, the alternative estimates may be inter-
preted as a methodological range rather than as competing predictions from which a single value must be selected. This can help
distinguish conclusions that remain stable across assumptions from those that are more assumption-dependent. Such an interpretation
is consistent with decision-making under deep uncertainty, which emphasises strategies that perform acceptably across multiple
plausible futures rather than optimisation for a single assumed future [72-74].

While more discriminative selection, such as binary exposure, may not capture the full spatial variability of inundation within
buildings, population exposure often requires thresholding because there is no widely accepted depth-damage relationship for human
harm. Therefore, critical thresholds must be applied, with this study setting this limit at 0.5 m based upon the initiation depth of harm
to humans in Ramsbottom et al. [52], Fg. 4.1). However, the choice of threshold can substantially affect estimated exposure. For
methodological comparison, Sayers et al. [18] and Gudde et al. [2] define exposure as any inundation, corresponding to a 0 m
threshold, whereas the present study applies a 0.5 m threshold to represent the onset of potential harm to people. On the same OPG
data and same compound flood scenarios, Gudde et al. [2] report exposure counts of 13,917 (1990), 14,088 (2030) and 18,785 (2070)
which are approximately 53% higher than the 0.5 m threshold exposure counts used in this study. This comparison demonstrates that
population exposure estimates are sensitive to threshold choice, even where the same population dataset and flood scenarios are used.
For broader context, the Broadland Rivers Catchment Flood Management Plan (CFMP, [33]) reports that at present around 3900
people are at risk within the CFMP area, noting that risk arises from river flooding (1% annual probability), tidal flooding (0.5% annual
probability) and, in some locations, a combination of both. The same report provides future (2100) people-at-risk estimates for the
Great Yarmouth and Lowestoft sub-areas (10,309 and 4,051, respectively), highlighting the potential for substantially increased
exposure over the long term [33]. The CFMP estimates are not directly comparable with the threshold-based exposure estimates used
here because they are based on Environment Agency flood-risk mapping assumptions rather than a gridded depth-threshold overlay.

The projected increase in property and population exposure is consistent with wider UK evidence. Under a 2°C warming pathway
by 2100 and excluding coastal erosion, annual flood losses for non-residential properties are projected to increase by 27% by 2050 and
40% by 2080 [18,75]. Similarly, the exposed population is projected to increase from 2 million (2018) to 6.4 million (by the 2080s) in
a 4°C future with current adaptation [13]. However, long-term exposure trajectories remain highly uncertain because socio-economic
pathways (e.g., demographic change, development patterns, and future adaptation) are too diverse to assess with traditional methods
[76]. Observed trends nevertheless indicate substantial development in UK floodplains [77]. Continued floodplain development would
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increase the number of assets and people located in high-hazard areas and could also alter flood dynamics through changes in
floodplain conveyance and land cover [78].

Methodological choices also introduce uncertainty, particularly the selection of datasets used to represent population distribution.
With OpenPopGrid [1] and Meta [54] being directly compared, we found OpenPopGrid to be more representative within this study
area when compared against the 2021 UK Census. This is likely due to OpenPopGrid disaggregating data directly from the 2011 UK
Census [1]. Despite OpenPopGrid outperforming Meta, Meta's errors were concentrated in the highest-exposure (primarily urban)
MSOAs, resulting in a higher RMSE for the top ten locations despite lower errors in some other areas. Given that Meta was designed to
improve population mapping in data-sparse and rural settings [54,79], this pattern may reflect differing strengths of the two products
across settlement types.

Overall, these results demonstrate that methodological choices in exposure delineation, population mapping and building-depth
sampling can substantially affect estimated impacts, and therefore shape how flood-risk information is interpreted for adaptation
planning.

4.2. Vulnerability

The spatial distribution of flood vulnerability shows higher values near urban centres (Fig. 8), with higher values exhibited near
and within Great Yarmouth and Lowestoft. Conversely, lower vulnerability was observed in less densely populated MSOAs occupying
larger extents in more rural and inland locations. Some intra-urban variation is evident in Norwich, where higher vulnerability in some
MSOAs is associated with a higher proportion of children under five and greater erosion-susceptible land cover. This spatial trend
generally agrees with a previous study on vulnerability in Norfolk by Garbutt et al. [30]. However, the most discernible difference is
the area directly to the east of Norwich which Garbutt et al. [30] classifies as low vulnerability, while this study finds it to be high
vulnerability. This heightened vulnerability is driven by a combination of factors: low-to-moderate elevation, high erosion suscepti-
bility and high-to-moderate population below five.

The created vulnerability index provides a multi-dimensional representation of vulnerability by combining indicators across social,
economic and environmental themes. The final index comprises 14 social, 12 economic and 5 environmental indicators (Table 2),
distilled from an original set of 56 (Table 1). The inclusion of environmental indicators distinguishes this study from Shepard et al.
[29], which only considered socio-economic dimensions of the affected system. In our study, elevation and erosion susceptibility are
the two most highly weighted indicators (0.020 and 0.017, respectively). The retained indicators span social, economic and envi-
ronmental themes, but the two highest individual PCA-derived weights were assigned to the environmental indicators elevation and
erosion susceptibility. This indicates a comparatively strong influence of environmental characteristics on the index, although in-
dicators from all three themes contributed to the final vulnerability pattern. This reinforces the analysis of the application of
weightings conducted within Kotzee & Reyers [32], who highlight the value of PCA-based weighting in capturing multi-dimensional
socio-ecological interactions. Additionally, PCA reduced the dimensionality of the dataset while retaining a comprehensive index of
indicators with sufficient sampling adequacy [69,80,81]. Alternative approaches, including stakeholder-led or expert-based weight-
ing, may better reflect decision priorities but introduce their own subjectivities regarding stakeholder selection and preference
reconciliation [81,82]. Similarly, there is contention on indicator selection, where subjectivity or reliance on specific conceptual
models could create bias [83]. In this study, we sought to reduce such subjectivity by drawing indicators broadly from the literature,
followed by statistical screening for redundancy and multicollinearity and PCA-based weighting [84]. Nevertheless, some bias is
unavoidable because any operational definition of vulnerability shapes indicator selection and interpretation.

Alternative unsupervised approaches, including clustering, self-organising maps and nonlinear representation-learning methods,
could potentially identify vulnerability structures or interactions not captured by linear PCA [85]. However, such methods would not
remove the underlying constraints associated with indicator availability, spatial aggregation and the relatively small sample of 107
MSOAEs, and their outputs would require careful evaluation for stability and interpretability. Future work could compare PCA-derived
indices with alternative unsupervised approaches where larger spatial samples and independent validation data are available.

Constructing the vulnerability index at LSOA or Output Area level could reveal finer intra-MSOA differences and improve spatial
alignment with the hazard and exposure components. However, fewer indicators are consistently available at these scales, and the use
of smaller spatial units may increase sensitivity to small denominators, disclosure controls and unstable rates. The selected MSOA scale
therefore represents a compromise between spatial detail, indicator completeness and statistical robustness.

4.3. Risk

The combined exposure index and vulnerability index were multiplied to derive the scenario-based relative flood risk. Because
vulnerability is assumed stationary across time periods, changes in risk between 1990, 2030, and 2070 are driven primarily by changes
in hazard extent and associated exposure. This assumption is necessary given the limited availability and high uncertainty of long-term
projections for socio-economic vulnerability at MSOA scale. In principle, temporally varying vulnerability could be explored through
projected changes in population [18] and the built environment (i.e. property density) [28,86], but they are highly uncertain and
scenario dependent. The spatial pattern of risk illustrates the value of interpreting hazard, exposure and vulnerability together. Lo-
cations such as Great Yarmouth and Lowestoft emerge as persistent hotspots because high exposure coincides with elevated vulner-
ability within the modelled inundation extent. Conversely, the example of Great Yarmouth 011, which has the highest vulnerability
score but is not included in the final risk locations because it is not inundated under the simulated scenarios, shows that vulnerability
alone does not determine flood risk. This distinction is important for adaptation planning because it helps differentiate locations where
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vulnerability coincides with modelled flood exposure from those where vulnerability is high but hazard exposure is limited under the
scenarios assessed.

Physical building damage and human vulnerability are represented as analytically distinct dimensions in this framework, but they
are not independent in practice. Building damage can contribute to displacement, disruption of services, adverse health and wellbeing
outcomes, and reduced recovery capacity. Conversely, socio-economic conditions can influence housing quality, preparedness, in-
surance access and the ability to repair or adapt properties. The present framework combines the spatial patterns of these dimensions at
MSOA level but does not explicitly model causal, feedback or nonlinear interactions between them. Treating them separately preserves
transparency between direct tangible losses and area-level social vulnerability and avoids imposing an interaction structure that
cannot be supported by the available data, but it may underrepresent locations where physical and social disadvantages reinforce one
another.

A further consideration is the transferability of the methodology to other study locations. The conceptual structure of the
framework—integrating hazard, exposure and vulnerability—is transferable across coastal and estuarine settings, but the specific
datasets, spatial units and parameterisations used here are context dependent. The approach is therefore most readily applied in data-
rich settings where census information, building footprints, land-cover indicators and suitable flood-damage relationships are avail-
able at compatible spatial resolutions [87]. In other settings, the Verisk building inventory, UK census indicators and MSOA geography
would need to be replaced with locally appropriate data, while depth-damage functions may require local calibration or validation.

In data-poor regions, global building exposure products [88,89] and gridded population datasets [54,90-92] may provide sur-
rogate inputs. However, such substitutions are likely to reduce spatial detail and increase uncertainty, particularly in building oc-
cupancy classification, vulnerability characterisation and damage estimation. The framework should therefore be regarded as
methodologically transferable rather than directly portable without local adaptation.

4.4. Implications for adaptation planning

The analysis does not evaluate individual adaptation measures, but it identifies where different forms of intervention may warrant
further appraisal. MSOAs in which high exposure and high vulnerability coincide, particularly in and around Great Yarmouth and
Lowestoft, may represent priorities for more detailed assessment of flood-defence investment, property-level resilience, emergency
planning and targeted support for vulnerable populations. Areas where projected exposure increases markedly between scenarios may
also require closer consideration in land-use planning and development control.

The separate treatment of population exposure, building losses and vulnerability can help distinguish different adaptation needs.
Locations dominated by high building losses may justify appraisal of structural protection or property-level measures, whereas areas
with comparatively high social vulnerability may require strengthened warning, evacuation and recovery support. The results should
be interpreted as a screening and prioritisation tool rather than as an evaluation of the effectiveness or cost-benefit performance of
specific adaptation options. Selection among measures such as hold-the-line, managed realignment or property-level resilience would
require additional modelling of intervention performance, costs, residual risk and stakeholder preferences (e.g. Ref. [93]). The sce-
narios used here are best interpreted as high-end stress tests rather than predictions of the most likely future. Their value for adaptation
planning lies in identifying locations and risk components that may become critical under severe compound flooding. They can
therefore support screening, contingency planning and prioritisation of locations for more detailed appraisal, but should be considered
alongside more frequent events, alternative climate pathways (e.g. Ref. [94]) and intervention-specific analyses before major in-
vestment decisions are made.

4.5. Assumptions and limitations

The primary limitation of this study is the spatial extent of the hydraulic model domain, which captures the Broads and adjacent
low-lying coastal areas but not the full Broadland catchment. The resulting risk estimates should therefore be interpreted as applying
only to the modelled floodplain and not to the wider catchment. This focus was considered appropriate for the compound fluvial-tidal
hazard examined here, for which storm surge impacts are expected to be greatest in and around Great Yarmouth and Lowestoft. An
additional element of the hazard not represented here is pluvial (surface-water) flooding, which can be important in urban areas and is
increasingly being assessed using high-resolution urban flood risk frameworks [95]. The reported exposure, damage and risk estimates
relate specifically to the coastal-fluvial inundation scenarios modelled by Gudde et al. [2] and should not be interpreted as an
assessment of total flood risk from all potential sources.

A key data limitation was the lack of dasymetric population distribution based on the 2021 UK Census. The OpenPopGrid dis-
tribution used here is based on the 2011 Census. Furthermore, we assume that the spatial distributions of the built environment and
population remain stationary across the 1990, 2030, and 2070 scenarios. This assumption isolates climate-driven changes in hazard
but may underestimate future exposure where floodplain development and demographic change increase the number of assets and
people located in inundation-prone areas.

The assumption of stationary population, building stock and vulnerability isolates climate-driven changes in the modelled com-
pound hazard, but is likely to underestimate future risk where population growth, floodplain development or increasing socio-
economic disadvantage occur within inundation-prone areas. As an illustrative population-only bound, applying the 45% increase
in floodplain population projected by Sayers et al. [13] uniformly to the modelled 2070 exposed population would increase the
estimated number of exposed people from 12,308 to approximately 17,847. This represents around 5539 additional exposed people.
However, this simple scaling does not account for the spatial distribution of population growth, changes in floodplain development,
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future adaptation or changes in vulnerability, and should therefore not be interpreted as a formal future exposure scenario. Likewise,
the projected increase in deprived neighbourhoods cannot be translated directly into a proportional increase in the vulnerability index,
because vulnerability is derived from multiple social, economic and environmental indicators whose future trajectories are uncertain.

Although MSOAs provided the finest common spatial unit across the full vulnerability indicator suite, aggregation at this scale may
obscure intra-MSOA variation in vulnerability, particularly in heterogeneous urban areas. The resulting risk patterns should therefore
be interpreted at MSOA scale rather than as neighbourhood- or property-level estimates.

A key assumption in the exposure methodology concerns building occupancy classifications, because the depth-damage functions
are defined only for broad categories. Additional assumptions were required to map Verisk occupancy types to these classes, for
example, assigning agricultural buildings to the industrial class and applying an average of residential, commercial, and industrial
functions to buildings with unknown occupancy. Further work could benefit from sensitivity analysis to assess the effects of using
different functions for these unrepresented occupancies. A further assumption is that the Huizinga et al. [62] damage functions are
transferable to the study area. No UK-specific or local recalibration was undertaken. Although these functions provide transparent and
open-access relationships for broad occupancy classes and have previously been applied in European and UK contexts, they may not
fully represent local building construction, basement prevalence, property-level resilience measures or contents values. This in-
troduces uncertainty into the absolute damage estimates. Future work could compare results across alternative UK and European
function libraries and benchmark them against local post-event damage observations where available.

The depth-damage functions include direct tangible damages but not indirect damages such as business interruption or wider
economic disruption, which can contribute substantially to total flood losses [96], or intangible impacts such as health and trauma.
These omissions may lead to underestimation of total losses, but appropriate uplift factors are context dependent and remain
uncertain.

A further limitation is how flood characteristics are translated into impacts for both buildings and people. For buildings, the hazard
includes a substantial component of storm surge. Floodwater velocity, which is not included in the present damage estimation, may
contribute additional property damage, particularly where high velocities occur near flow constrictions or defences are overtopped
[97,98]. The magnitude of this effect could not be quantified because the applied depth-damage functions use inundation depth alone
and locally applicable depth-velocity damage functions were unavailable. Consequently, the reported losses may underestimate
damage locally where hydrodynamic forces are important. Conversely, site-level resistance measures (e.g., property-level protection)
may reduce realised damages but are not represented here. For people, the relationship between flood characteristics and harm is more
complex than for buildings. Although this study uses a depth threshold to estimate human exposure, risks to people may also depend on
velocity, depth—velocity combinations, warning time, mobility, behaviour and local evacuation conditions [50-52,99]. The omission
of velocity may therefore underestimate risk in areas where shallow but fast flows occur. Future work should apply velocity-informed
or probabilistic approaches where suitable hydraulic outputs and exposure information are available.

Further work should test the robustness of the vulnerability index to alternative weighting schemes, indicator selections and spatial
aggregation units, and should explore additional climate and socio-economic scenarios where suitable data are available. These ex-
tensions would help clarify how far the identified risk patterns depend on PCA-based weighting, MSOA-level aggregation and the
assumption of stationary exposure and vulnerability.

A final assumption relates to the inflation and currency adjustments used to express all losses in present-day monetary terms.
Alternative choices, such as valuing each scenario in its corresponding year, could affect the comparability of monetary losses across
time slices.

5. Conclusions

This study applied an integrated flood risk assessment framework to evaluate climate-driven compound flood risk in Broadland,
with particular emphasis on how methodological choices influence exposure, damage and spatial risk estimates. We show that out-
comes can be highly sensitive to methodological choices that may appear to be minor. For example, how flood depth is sampled for
buildings or how exposure is delineated can substantially influence estimated losses. The results highlight strongly skewed risk pat-
terns, with disproportionate exposure and risk concentrated in coastal urban areas, particularly Great Yarmouth and Lowestoft. These
spatial patterns can support the prioritisation of locations for more detailed appraisal of flood-defence investment, property-level
resilience, emergency planning and land-use controls. However, the study does not evaluate the effectiveness or cost-benefit perfor-
mance of specific adaptation options. Elevated risk is also identified within parts of the Broads National Park floodplain, where
development overlaps with areas susceptible to surge-related inundation. Under the assumption of stationary vulnerability, changes in
risk across scenarios are driven primarily by changes in hazard and resulting exposure. Using the footprint-maximum depth method for
building impacts, estimated exposure losses increase from £439 million (1990) to £457 million (2030) and £718 million (2070).

Further work should test the robustness of the vulnerability index to alternative weighting schemes, indicator selections and spatial
aggregation units, and should explore additional climate and socio-economic scenarios where suitable data are available. These ex-
tensions would help clarify how far the identified risk patterns depend on PCA-based weighting, MSOA-level aggregation and the
assumption of stationary exposure and vulnerability. A formal decision-making-under-deep-uncertainty assessment would addition-
ally require testing alternative adaptation options against explicit performance criteria across these plausible futures.
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