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Abstract. Climate change increases the risk of wildfires and floods in the Mediterranean region. Yet, wildfire hazards are
often overlooked in flood risk assessments and treated in isolation even though they can amplify floods. Indeed, by altering the
hydrological response of burnt areas, wildfires can lead to increased runoff and cascading impaetseffects. This study aims to

comprehensively assess flood risk using a multi-eriteria-GIS-based-multi-hazard approach, considering beth-eurrentconditions

and-future-seenariosforthe effect of wildfires on flood risk, and integrating diverse socio-economic indicators with hydrological

roperties. More specifically, this study investigates current and future flood risks in the Ebro River basin in Spain inthe-year
i —this— Hrvest < tsk-for the year 2100 under the Shared Socioeconomic Pathways

(SPP) 1-2.6 and SSP5-8.5 scenarios, taking into account projected sectoeconomie-socio-economic conditions and the cascading
impaet-effect of wildfires. An Analytical Hierarchy Process (AHP) approach is employed to assign weights to various indicators
and components of flood risk ;-based on insights gathered from interviews with seven experts specializing in natural hazards.
Results show that the influence of wildfires on baseline flood risk is not apparent. Under the SSP1-2.6 scenario, regions with
high flood risk are expected to experience a slight risk reduction, regardless of the presence of wildfires, due to an expected
substantial development in adaptive capacity. The highest flood risk, almost double compared to the baseline, is projected to
occur in the SSP5-8.5 scenario, especially when considering the cascading impaets-effect of wildfires. Therefore, this research
highlights the importance of adopting a multi-hazard risk management approach, as reliance solely on single-risk analyses may

lead to an underestimation of the compound and cascading impaets-effects of multi-hazards.

1 Introduction

Floods, among all natural hazards, are known as the most frequently occurring natural hazard with immense adverse impacts
on both society and the environment (Cai et al., 2019). The likelihood and severity of flooding are expected to increase even
further in the future, driven by climate change, land-use change, and population growth (Jongman et al., 2012; Rentschler
et al., 2023). Climate change not only enhances the frequency and intensity of heavy precipitation events but also increases the
duration and occurrence of dry spells and heatwaves, leading to droughts and water shortages that, in turn, can trigger wildfires

2Saareni-et-al;2645)(Saaroni et al., 2015; Mazdiyasni and AghaKouchak, 2015; He et al., 2022). As such, floods and wild-

fires are interlinked hazardous events since wildfires can potentially create more vulnerable conditions to subsequent flooding,
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thereby increasing flood probability and severity (Versini et al., 2013). For instance, wildfire occurrences leave soils vulnerable
to surface runoff and erosion due to the loss of vegetation and alteration of soil properties (Moftakhari and AghaKouchak,
2019). The occurrence of cascading flooding after wildfires poses challenges to societies, environmental ecosystems, and eco-
logical systems. Understanding and assessing the impacts of these natural hazards is thus of utmost importance to prepare for
and mitigate the consequences of floods and wildfires in the years ahead (Lehner et al., 2006).

Besides the changing climatic conditions, a better understanding of the socio-economic drivers of flood disasters is needed to
address their risks. The global population’s rise has resulted in an increased number of people exposed to disasters (Rentschler
etal., 2023). Astonishingly, more than a quarter of the global population has already been impacted by flooding over the last 20
years, not only physically but also economically (Tabari et al., 2021). Urbanization and land-use changes have also augmented
society’s exposure and vulnerability to floods, thereby escalating expected losses due to the increasing economic development
(Tabari et al., 2021). Moreover, income inequalities contribute to the diversification of the impacts of flooding. Research has
shown that the most economically disadvantaged people are impacted the most as they possess fewer resources and capabilities
to adapt to and prepare for floods (Brouwer et al., 2007). Therefore, it is crucial to enhance the economic resilience and capacity
of the population to effectively prepare for, cope with, and recover from disasters. At the same time, institutional capacity is
equally pivotal in reducing citizens’ vulnerability (Romero-Lankao et al., 2013). Hence, besides hazard aspects, both economic
and institutional capacities should be considered in risk assessments.

Analyzing future flood risk, considering changes in climatic conditions, socio-economic drivers, and the cascading effects of
wildfires on flood risk, presents a multifaceted and intricate challenge. The complexity stems from three primary sources. First,
there is the inherent uncertainty of the likelihood of wildfire or flooding occurrence, denoted as the hazard probability. Second,
the hazard exposure and the vulnerability of social and economic systems are dynamic and rapidly evolving (Klijn et al., 2015;
Sword-Daniels et al., 2018; Moreira et al., 2021). Third, natural hazards often yield multiple interconnected effects that lead
to consecutive disasters (de Ruiter et al., 2020; de Brito, 2021). Concerning the third source of complexity, despite amplifying
the risk of floods, wildfire-induced-impacts-are-frequently-underestimated-the effect induced by wildfires are often given little
consideration in conventional flood risk assessments (Versini et al., 2013). Exceptions include studies such as Versini et al.
(2013), which assessed flood risk in the Ebro river basin, Spain, after wildfires and projected future flood risk. However, their
study primarily focused on the hydrological probability of flooding, overlooking key socio-economic indicators and land-use
changes anticipated. These indicators are, however, key to evaluating flood risk, as they address the exposure and vulnerability
of societies to floods, transcending the mere measurement of hydrological flood probability (Ologunorisa, 2004; Moreira et al.,
2021).

Building upon prior research conducted by Versini et al. (2013), we adopted a comprehensive approach to assess current
and future flood risk in the Ebro River basin. We consider the cascading effects of wildfires and other socio-economic in-
dicators, such as population density and GDP. Cascading here means that the occurrence of wildfires preceding floods will
trigger or amplify the risk of flooding (de Ruiter et al., 2020). Integrating wildfires and socio-economic indicators is crucial for
identifying hotspot areas prone to flood risk, which has not been done before. Therefore, this study goes beyond conventional

assessments by evaluating historical and future flood risk within the framework of multiple hazards and incorporating these
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socio-economic indicators. Furthermore, we also incorporate spatial and temporal dynamics by projecting future flood risk. To
this end, we compare this historical flood risk with the Shared Socioeconomic Pathways (SSPs) and Representative Concentra-
tion Pathways (RCPs) projections for the year 2100 under the climate scenarios SSP1-2.6 and SSP5-8.5. Section 2 provides an
in-depth exploration of the methods and data employed in the flood risk assessment. Chapter 3 presents the maps delineating
each component of flood risk, including detailed exposure and vulnerabilities, and flood risk assessment for both the present

and future. We discuss the findings in Chapter 4 and draw the conclusion in Chapter 5.

2 Methods and data
2.1 The Ebro River basin

The Ebro River basin is a major river basin located in the northern region of Spain (Fig. 1). The river spans approximately
928 km, with a drainage area of 85,500 km? (Silva et al., 2011). Originating at an elevation of around 2,000 m.a.s.l in the
Cantabrian mountains, the river flows from the northwest to the southeast, ultimately draining into the Mediterranean Sea
between the cities of Barcelona and Valencia (Almazan-Gomez et al., 2019; ?). The Ebro River basin can be divided into three
sub-basins: the Upper Ebro, extending from Cantabria (limited by the Iberian range and the Pyrenees) to Miranda de Ebro; the
Middle Ebro, representing the largest sub-basin from Haro to Mequinenza; and the Lower Ebro, measuring 115 km in length,
which serves as the confluence point for tributaries of the Ebro originating from the Cinca-Serge system to the delta into the
Mediterranean Sea (Balasch et al., 2019).

Climate and hydrology in the Ebro basin differ significantly across its three sub-basins. Overall, the climate is Mediter-
ranean with some continental characteristics and a semi-arid climate in the central part of the basin. On average, the annual
precipitation was estimated to be 622 mmever-the-previous-eentury-, averaged from 1920 to 2000 (Balasch et al., 2019). The
Upper Ebro experiences milder temperatures and higher precipitation, ranging between 1,000-1,500 mm annually. In the Mid-
dle Ebro, the average precipitation is lower, varying from 400 to 700 mm annually. Last, the Lower Ebro receives less than 400
mm (Balasch et al., 2019). The Upper Ebro hydrological regime highly relies on snowfall and snow retention. In contrast, the
Middle and Lower Ebro are rainfall-driven basins, with peak flow occurring in spring and autumn and a discernable reduction
during summer. Furthermore, the hydrological regime is significantly influenced by the several dams constructed throughout
the basin. These dams are pivotal in regulating the river’s flow and hydrological dynamics.

The Ebro basin is home to approximately 2.8 million people, accounting for 7,3% of Spain’s total population (Almazén-
Goémez et al., 2019). Among its major cities, Zaragoza and Pamplona are the biggest ones;—with-an-. The average population
density of the basin is 38 people/km? (Silva et al., 2011; Terrado et al., 2006). Other notable cities with populations exceeding
100,000 inhabitants are Lleida, Logrofio, and Vitoria-Gasteiz. Nearly 40% of the entire basin is sparsely inhabited, with fewer
than 5 people/km?, and is therefore considered uninhabited (?). The total Gross Domestic Product (GDP) of the Ebro River
basin contributes significantly to Spain’s economy, comprising 8.5% of the nation’s total GDP (Almazan-Gémez et al., 2019),

which accounts for approximately 102.6 billion euros in the year 2021 (Statista, 2022). Zaragoza and Pamplona’s regions serve
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Figure 1. Basic hydrologic information of the Ebro River basin. Derived from Almazdn-Gémez et al. (2021).

as economic hubs within the basin, hosting diverse economic activities, such as industry and agriculture (Grantham et al.,
2013).

On the institutional level, the Hydrographical Ebro Confederation (“Confederacion Hidrogrdfica del Ebro”) holds a signif-
icant authority within the basin, overseeing various plans related to flood management in alignment with the European Water
Framework Directive (?). In contrast, wildfire management is addressed at different spatial levels, rather than basin-wide co-

ordination. This discrepancy is also evident at the European level, where the European Flood Directive (2007/60/EC of the

European Parliament) focuses on assessing and managing flood risk. However, there are only policies aimed at protecting the
EU’s forests against fire, which have not been translated into a European fire directive. Therefore, flood management appears
to have a higher priority than fire management due to higher civil protection standards associated with flooding (Grantham
etal., 2013).

2.2 Fleod-Indicators for flood risk indicatorsassessment including wildfire risk

We conducted a comprehensive flood risk assessment by estimating both the probability of hazards-flood and wildfire hazards in
the context of multi-hazard risk framework and the potential consequences of the flooding event under specific socio-economic

contexts. To this end, we integrated these various elements using GIS (ArcGIS Pro), going beyond hazards to consider critical
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contextual socio-economic and geophysical indicators, included within exposure and vulnerability components. These indica-
tors comprise e.g., institutional capacity, economic values, land use and land cover, geographic conditions, population, and the
available infrastructures (Merz et al., 2014), as shown in Figure 2. These indicators were selected based on previous literature
reviews (Supplementary Information Tables S1 and S2 provide detailed references for data). Data availability constraints lim-
ited a broader selection of indicators. Nevertheless, we employed a variety of indicators that allowed us to gain a more holistic
understanding of flood risk.

To incorporate the cascading impaeteffect of wildfires into our analysis, we considered both wildfire and flood hazard maps.

The burnt area data indicates the wildfire hazard for the baseline scenario, while the Fire Weather Index (FWI) indicates the

probability of futare-fire-events{(Abatzeglou-etal; 2019 fire danger prediction (Van Wagner, 1987; Abatzoglou et al., 2019
. The FWI is a fire danger index derived from meteorological data that accounts for the effects of fuel moisture and weather
conditions on fire risk. These meteorological data include temperature, relative humidity, wind speed, and precipitation. The

FWI has been used worldwide to identify the potential for fire occurrence (de Groot and Flannigan, 2014; Field et al., 2015)

and to estimate future fire activity under different climate scenarios 2013; Quilcaille et al., 2023). Thus, this

study also utilizes the FWI to project future fire occurrences.

The recovery time of vegetation can vary significantly, ranging from a few years to several decades, depending on the

Grantham et al.,

ecosystem types and fire severity (Petropoulos et al., 2014). Gimeno-Garcia et al. (2007) show that runoff is only slightly
higher in burnt areas than in unburnt areas after 8 years. Therefore, this study assumed a recovery time of 8 years for vegetation
and ecosystems for the baseline scenario, taking values from burnt areas between 2010 and 2018. However, for the year 2100,
the recovery time of vegetation is neglected, as the FWI values are considered. One should note that while FWI indicates
the likelihood of fires derived from climatic indices, burnt areas represent observed data derived from satellite images. Since
current and future flood hazard maps are not available for the study area, we elaborated them by considering the methodology
by Seibert et al. (2010). In our analysis, therefore, the runoff coefficient (K) was used as a key metric for quantifying the amount
of runoff relative to the volume of precipitation in the basin. A higher runoff coefficient signifies an increased likelihood of
floods.

The exposure component consists of the population exposed to the hazard. It also includes economic values, quantified as
the total GDP per region, and exposure related to road infrastructure, measured in terms of distance from roads/highways to
flood zones (Fig. 2). The total GDP per province reflects the exposure concerning economic damages. However, most provinces
are not fully included in the Ebro River basin, as the basin is unevenly distributed over the provinces. Therefore, a weighted
average is used to adjust for the uneven distribution. To calculate the weighted average total GDP, the surface area in m? was
calculated by ArcGIS Pro. This value was then divided by the total surface area of each province and multiplied by the total
GDP for that province. Furthermore, we incorporated the distance from the rivers to reflect the level of exposure to the flood
hazard. The closer an element is situated to the river, the higher its exposure to potential flooding (Zhang et al., 2020). This
was determined by arbitrarily selecting the main streams with cumulative lengths of 50,000 meters or more. Highways-Only

highways were selected as they play a major role in transportation. Provincial and local roads were not considered as part of the
exposure components. To calculate the distance from readshighways, the Euclidean distance to highway across the entire Ebro
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The physical vulnerability component was considered to be linked with the effects of wildfires on the soil’s infiltration
capacity, measured as saturated hydraulic conductivity (Versini et al., 2013). Physical vulnerability is also influenced by sev-
eral other indicators, such as topography, measured in slope steepness and elevation, land cover/land use, and soil texture. The
elevation indicates how vulnerable areas are to flooding, with lower-lying areas being more susceptible to inundation and there-
fore posing a higher risk to flooding. For the slope steepness, steeper slopes increase flow velocity, influencing vulnerability
to flooding (Rahmati et al., 2016). The soil texture indicates the infiltration rate of water moving through the soil. The higher
the infiltration rate, the lower the runoff will be, and vice versa (Berhanu et al., 2013). The saturated hydraulic conductivity
(K sat), measured at a soil depth of 15 cm, reflects soil’s ability to infiltrate water when saturated (Mohanty et al., 1994). The
K sat was estimated with and without considering the wildfire effects. Nonetheless, the social vulnerability can be mitigated
by the society’s adaptive capacity. Adaptive capacity comprises a range of indicators, such as awareness, training, and available
technology. In this study, due to the complexity of assessing these drivers, we focused on two key social vulnerability indica-
tors: economic capacity and institutional capacity (Thanvisitthpon et al., 2020). Economic capacity, such as household income
measured in GDP, serves as a measure to assess the community’s ability to prevent, cope with, or recover from wildfires and
floods. Higher GDP per capita values indicate a greater economic capacity to mitigate the negative effects of flooding, resulting
in lower vulnerability. Additionally, institutional capacity, represented by indicators like the number of fire stations in the area
dedicated to protecting the population from wildfires and floods, measures the capability of institutions to assist in preventing,
managing, and recovering from these natural disasters (McLennan and Birch, 2005). This study focuses solely on the number
of fire stations, as data on personnel and budget are not freely available and are difficult to quantify for future scenarios. Areas
closer to fire stations are considered to have a lower vulnerability to flooding due to quicker response times in case of both
flooding and wildfires (Agrawal et al., 2020). The data sources used in this study are presented in Supplementary Information

Tables S1 and S2.
2.3 Baseline and future flood risk under different SSP-RCP scenarios

To evaluate the current flood risk state, a baseline scenario was set. This baseline scenario serves as a reference period against
which changes in the state can be measured (Allwood et al., 2014). For the flood hazard component, runoff coefficient and
rainfall data were obtained from +974—-20001971-2000, with the average value being used as the reference. Additionally,
for the burnt area indicator, the relevant data pertained to the period from 2012 to 2020, accounting for the 8-year recovery
period following wildfires. Regarding other indicators such as GDP and population density, the most recent available data was
considered. Supplementary Information Table S1 and S2 provide detailed data used in this research.

To assess future flood risk, the SSPs and RCPs were employed. The SSPs contain narratives that describe how the future
may unfold in terms of demographics, economics, and the likelihood of achieving climate change mitigation and adaptation
targets (Riahi et al., 2017). These pathways are useful for deriving data on population density, GDP, and institutional and eco-
nomic capacity, all of which are instrumental in evaluating flood risk. The RCPs, as precursors to the SSPs, primarily focus on
calculating the concentration of greenhouse gases in the atmosphere. They look solely at greenhouse gas emissions and their ra-

diative forcing effects (Riahi et al., 2017). Therefore, when the SSP and RCP scenarios are combined, they provide an estimate
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of future climate change and socio-economic conditions. This study utilized the SSP scenarios to define the socio-economic
changes and the RCPs to estimate the climatic changes. We selected an optimistic outlook (SSP1-2.6) and a pessimistic one
(SSP5-8.5). We combined the SSP scenarios with their corresponding RCP scenarios because not all indicators are provided for
SSP scenarios. For instance, the FWI was only calculated based on the RCP scenarios (Di Giuseppe et al., 2018). Therefore,
for SSP1-2.6 and SSP5-8.5 scenarios, the RCP2.6 data and RCP8.5 data were used, respectively. One should note that the
radiative forcing associated with SSP1-2.6 and SSP5-8.5 is similar to that of RCP2.6 and RCP8.5 (O’Neill et al., 2017).
When projected data was not available for some exposure and vulnerability indicators, we made calculations and assumptions
to bridge the gap. For example, the population density and the total GDP data were calculated using growth factors obtained
from the International Institute for Applied Systems Analysis (ITASA), as outlined in Riahi et al. (2017) (Supplementary
Information Table S2). These growth factors were applied to the latest available values derived from the baseline period (2020)
to estimate future values. Different assumptions were made based on the SSPs for the distance from fire stations. For SSP1,
which entails substantial increases in healthcare institutions and efforts to deal with natural hazards (Ebi, 2014; O’Neill et al.,
2017), we anticipated that by 2100, we assumed an additional 10 fire stations will be established, bringing the total to 10 extra
stations compared to baseline. In contrast, for SSP5, where investments in healthcare institutions are substantial but not as
large as in SSP1, and where there are more frequent and intense climate change effects, particularly wildfires and floods due to
increased fossil fuel investments, we foreseen-foresee a somewhat different scenario. In 2100, we expected an additional seven
fire stations to be established. For some indicators, such as soil type and topography, we assumed they remain constant and

thus we utilized the most recent data.
2.4 Indicator risk classification

In this study, all flood risk indicators were reclassified into four risk classes i.e., low, moderate, high, and very high risk
(Zhang et al., 2020). This data normalization step was necessary as the data was obtained from different sources and had
inconsistent units which impeded their aggregation. For instance, the original burnt area map developed by the USBA-United
States Department of Agriculture (USDA) has eight classes (Chen, 1994) (Supplementary Information Fig. S1a) whereas the
runoff coefficient (K) is dimensionless, ranging from O to 1, with 0 indicating no runoff and 1 representing complete runoff
(Supplementary Information Fig. S1b).

For the continuous variables, we used the Jenks Natural Breaks classification. The resulting reclassified maps are provided
in Supplementary Information Fig—Figure S2 and Fig—Figure S3. For the categorical variables, we considered different as-
sumptions. For instance, for the soil texture, we considered that the higher the infiltration rate, the lower the runoff will be,
and vice versa (Berhanu et al., 2013). We modified 12 USDA soil texture classifications into four classes: Silty Clay, Sandy
Loam, Loam, and Sand (Supplementary Information Fig. S3c). The normalization of land use and land cover normalization
was adapted from the classification of Cramer et al. (2020). However, it was assumed that croplands have high-risk-high-risk
values, instead of moderate to-consider-the-when considering agricultural damages. Furthermore, it was assumed that the bare
area has a high-risk class as bare soils are highly vulnerable for erosion and high runoff generation, leading to a high (flash)

flooding potential (Mukherjee and Singh, 2020) (Supplementary Information Fig. S3d). Generally, land use and soil texture are



integrated into the runoff coefficient. However, these indicators are considered in the flood risk assessment for the vulnerability
component. To facilitate comparisons between future wildfire effeets-(FWI)-danger indicated by FWI and the burnt area, the
original six risk classes used in the Copernicus dataset for FWI were reclassified into four classes consistent with other datasets

used in this study (Berg et al., 2021). The detailed indicators’ class range is described in Table 1.

Table 1: Overview of risk classifications for the indicators

Component Indicator Original unit Class range Risk level
0-50 Low (1)
Burnt area (WF) hectares 50-121 Moderate (2)
121-404 High (3)
> 404 Very high (4)
Hazard 0-11.2 Low (1)
Fire Weather Index (FWI) 0-100 11.2-21.3 Moderate (2)
21.3-38 High (3)
> 38 Very high (4)
<0.2 Low (1)
Runoff coefficient (K) 0-1 0.2-0.3 Moderate (2)
0.3-0.4 High (3)
>04 Very high (4)
<120 Low (1)
Population density (PD) Person/km? 120-563 Moderate (2)
563-4085 High (3)
> 4085 Very high (4)
<838 Low (1)
Total weighted average GDP (EC) Million EUR 8.8-18.2 Moderate (2)
Exposure
18.2-33.5 High (3)
>335 Very high (4)

Continued on next page




Table 1 — continued from previous page

Component Indicator Unit Class range Risk level
> 2000 Low (1)
Distance from highways (RO) m 1500-2000 Moderate (2)
500-1500 High (3)
< 500 Very high (4)
> 1500 Low (1)
Distance from river (RV) m 500-1500 Moderate (2)
250-500 High (3)
<250 Very high (4)
<958 Low (1)
Elevation (EL) m 958-1591 Moderate (2)
1591-3384 High (3)
> 3384 Very high (4)
<2 Low (1)
Slope steepness (SS) degrees 2-5 Moderate (2)
5-9 High (3)
>9 Very high (4)
Sand Low (1)
Soil texture (ST) Type Loam Moderate (2)
Vulnerability Sandy loam High (3)
Silty clay Very high (4)
Forest Low (1)
Land use (LU) Type Grassland Moderate (2)
Bare area and crop land High (3)
Urban and surface water ~ Very high (4)

Continued on next page
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Component Class range Risk level

> 5289 Low (1)

Saturated hydraulic conductivity (HC) 3702-5289 Moderate (2)
61-3702 High (3)

<6l Very high (4)
> 28759 Low (1)

GDP per capita (CA) 24910-28759 Moderate (2)
23083-24910 High (3)

leq 23083 Very high (4)
<23 Low (1)

Distance from fire stations (FS) 23-42 Moderate (2)
42-68 High (3)

> 68 Very high (4)

2.5 Analytical hierarchy process

Weights were assigned to each indicator contributing to flood risk (Fig. 2), as these indicators contribute differently to flood risk.
To accomplish this, we employed the Analytical Hierarchy Process (AHP), a widely utilized method in flood risk assessments
(de Brito and Evers, 2016). AHP offers the advantage of structuring complex problems in a hierarchical and logical framework
(Ha-Mim et al., 2022). The method was proposed by Saaty (1988) as a Multi Criteria Decision Making (MCDA) tool for
decision-makers to make robust and flexible decisions by conducting pairwise comparisons between various indicators and
ranking them based on their relative importance. Due to its flexibility, AHP is highly applicable in the GIS environment (Wu
et al., 2022). Within the AHP framework, we conducted detailed pairwise comparisons among the indicators involved in the
three risk components. This was accomplished using a matrix, wherein scores reflecting relative importance were assigned.
Given that the weights for each indicator are net-avattableunavailable, we interviewed seven experts in the field of natural
hazards to assess the importance of different indicators contributing to flood risk within the AHP framework (Supplementary
Information Table S5). These experts were selected based on their expertise on natural hazard risk (Experts 2, 3, ineluding
flood-and-fires5), including flood (Experts 4, 6) and fires (Experts 1, 7), and their research background, such as technical and
non-technteat-fields(Experts 2, 3, 4) and non-technical fields (Experts 1, 5, 6, 7). The academic background varies among

the experts, spanning from social, technical, and multidisciplinary expertise. Each expert has knowledge and experience re-
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lated to wildfire risk, flood risk, or multi-risk assessments involving natural hazards. The experts’ backgrounds were carefully
considered to mitigate potential biases in scoring indicators, influenced by their fields of expertise (Zio, 1996). A template

in the form of an Excel file obtained from Goepel (2013) was used to execute the AHP. The interview was guided providin

detailed explanations during the AHP procedure. Furthermore, the consistency index and ratio were calculated to check the
consistency of the experts’ opinions and validate the weighting (Roy et al., 2021). In case of high inconsistencies, experts could
re-evaluate their answers to ensure an appropriate consistency index. A detailed description of the AHP process can be found
in the Supplementary Information (Supplementary Method).

After completing the AHP analysis, the normalized weights obtained were multiplied for each indicator and then aggregated
to derive the flood index for each component. This process allows us to calculate the Flood Hazard Index (FHI), the Flood
Exposure Index (FEI), and the Flood Vulnerability Index (FVI), as denoted by Equation 1. This approach is instrumental in
flood risk assessment since not all indicators contribute equally to flood risk (Ghosh and Kar, 2018). Furthermore, to achieve
a holistic assessment of flood risk, relative weights (b1 for flood hazard, b2 for exposure, and b3 for vulnerability) determined
through the AHP analysis were assigned to the different components (hazard, exposure, and vulnerability) of flood risk (adapted

from Zhang et al. (2020)). The total of these weights is 1 (see Supplementary Information and Section 3.4.1).

FR=bl* FHI +2+ FEI + b3+ FVI )

Where FHI, FEI, and FVI are determined from hazard properties and socio-economic indicators as follows:

FHI=a1+K + 22« WF @
FEI =yl +EC 4y2+ PD y3+ RV +yd+ RO ()
FVI=14EL+ 22588+ 28+ ST+ 244 LU + 55« HC £ 26+ CA+ 2T+ FS @

The constants 7, yi, and 27 (i being the number of the indicator) are the weights for each flood indicators obtained from the
AHP. K and WE in the FHI are runoff and wildfires denoted by the FWI or burnt area, respectively. The FEI consists of EC,
PD, RV, and RO, which stand for GDP per region, population density, distance from the river, and distance from highways,
respectively. Vulnerability (FVI) has seven indicators, which are EL for elevation, SS for slope stepness, ST for soil texture,
LU for land use, HC for hydraulic conductivity, CA for economic capacity, and FS for distance from the fire station.

All the weighting values for flood risk, hazard, exposure. and vulnerability components obtained from the AHP could be
applied to other river basins, including smaller ones. This suggests that additional expert interviews are unnecessary if the
proposed approach is applied to other areas as long as all the flood components remain the same. However, additional expert

12



interviews become imperative if additional exposure and vulnerability indicators are introduced. Furthermore, the inclusion of
experts with different backgrounds may lead to slightly different weighting values, although we anticipate the difference will be

relatively small, as has been shown by other studies investigating the sensitivity of weightings (de Brito et al., 2019; Moreira et al., 2023

260

3 Results

Flood risk (FR) is defined as a function of flood probability, exposure, and vulnerability, which are represented in flood hazard
index (FHI), flood exposure index (FEI) and flood vulnerability index (FVI), respectively (Eq. 1) (Klijn et al., 2015). Thus, FR

can be estimated prior to the calculation of FHI, FEI, and FVI, which are described in Section 3.1 for FHI, Section 3.2 for FEI
265 and Section 3.3 for FVL. The FR is described in Section 3.4.

3.1 Distribution of the Flood Hazard Index (FHI)

The AHP analysis results in different weights for runoff and wildfires. The burnt area (WF) receives 30% of the weight

and runoff (K) receives 70% of the weight for the FHI calculation, considering the wildfire effect —(Eq. 2). In the scenario
where the effect of wildfires on flood risk was not taken into account, the runoff receives a full 100% weight in the FHI

270 calculation. Interestingly, all experts acknowledged that wildfires tend to increase the runoff due to reduced soil infiltration
capacity (Supplementary Table S5). Most participants mentioned that runoff was crucial for flood hazard assessment, primarily
because wildfires generally occur in localized areas within the catchment. However, the runoff occurs in the entire catchment.
Thus, the experts strongly favor a higher weight for the runoff. They also argued that burnt areas do not lead to flood risk i
there-is-no-without a water source. Only one expert argued that the two indicators are equally important since these indicators

275 are strongly interlinked, where each could exacerbate the other. Another respondent strongly emphasized the wildfire factor
over the runoff, citing personal experiences with flash flooding in burnt areas as a compelling reason. The weight percentage
Figure 3a illustrates the FHI map, considering the effects of wildfires. The majority of the FHI values fall within the low-risk
category. Notably, the influence of burnt areas is visible, leading to increased FHI values in areas where wildfires have occurred

280 (Supplementary Information Fig. S1a). Major cities in the region mostly have low FHI values, with only Pamplona falling into
the moderate-risk category. Supplementary Information Figure S4-S5 clearly shows the increase of future FHI under various
scenarios, both with and without wildfire effects. The impaeteffect of wildfires on FHI is more pronounced for the SSP5-8.5
scenario, even though the runoff coefficient declines in the RCP8.5 scenario (Supplementary Information Fig. S5bS6b). This
discrepancy is attributed to the strong increase in the FWIin RCP8.5, which counteracts the decline in runoff when considering

285 wildfire effects. The increase in FHI without accounting for wildfire effects in the RCP8.5 scenario is explained as the runoff

receives full weight (100%) in this scenario while in the baseline scenario with wildfire effect, runoff is counted only 70%.
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Figure 3. a) Spatial distribution of the classification of the FHI for the baseline scenario, b) spatial distribution of the classification of the FEI
for the baseline scenario, and c) spatial distribution of the classification of the FVI for the baseline scenario. Green color (FHI=1) indicates
low risk, light green color (FHI=2) indicates moderate risk, orange color (FHI=3) indicates high risk, and red color (FHI=4) indicates very

high risk. Regions with white contour map are outside the studied region.

3.2 Distribution of the Flood Exposure Index (FEI)

The distribution of weight for the FEI, derived from expert judgments, shows that population density (PD) and the distance
from the river (RV) both receive the highest portion of the weight (37%). The GDP (EC) receives the second-largest share of
weight (18%), while the distance from reads-highways (RO) accounts for only 8% of the total weight (Eq. 2)-5) (Supplementary
Information Figure S7). These weight distributions were used to calculate the FEI, as illustrated in Figure 3b. The main reason
for the notably higher weight for the population density and distance from the river is that saving lives is the most important
factor of the exposure component and in the flood risk assessment (Supplementary Information Table S5). One respondent
emphasized the general hierarchy in operational risk management, where prioritizing people’s safety is of utmost importance
over infrastructure and nature. The high weight given to distance from rivers (37%) reflects that proximity to rivers poses a

significant risk to human lives and economic assets. One expert noted that in mountainous areas within the basin, low population
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density is attributed to the local population’s awareness of flash flood-prone zones, leading them to avoid exposure. Conversely,
exposure to roads-highways was not considered a critical indicator by all respondents, largely because this factor is already

incorporated into the GDP, which is viewed as a more comprehensive indicator by the experts.

FEI=0.18+EC +0.37« PD +0.37 % RV +0.08 % RO 5)

Figure 3b clearly indicates the high exposure levels in major cities due to the high population density. Moreover, these cities
are centered along river streams, which make them susceptible to flood risk. On the other hand, the western part of the basin
exhibits lower exposure levels, which are attributed to its lower total GDP indicator, as shown in Supplementary Information
Figure S2b. The maximum value of the FEI for the baseline is 3.8, whereas future scenarios yield maximum values of 4. This
increase in the FEI results from projected population and economic growth, depicted in Supplementary Information Figure
S6S8, elevates the overall exposure levels. Notably, the SSP5-8.5 scenario substantially increases the FEI due to its strong

population and total GDP growth.
3.3 Distribution of the Flood Vulnerability Index (FVI)

The FVI is determined based on weight distributions for each vulnerability indicator and in our case is highly diverse. Among
the indicators, Slope Steepness (SS) receives the highest weight, accounting for 26% (Supplementary Information Figure
S9). The economic capacity (CA) shown in GDP per capita follows closely with 22% of the weight while land cover/land
use (LU) represents 17% of the weight. The Distance from Fire Stations (FS), Saturated Hydraulic Conductivity (HC), Soil
Texture (ST), and Elevation (EL) receive 11%, 9%, 8%, and 8% of the weight, respectively (Eq. 36). Interview results highlight
different opinions among experts regarding the importance of vulnerability indicators (Supplementary Information Table S5).
However, most participants agreed that slope steepness holds the utmost significance due to its strong correlation with increased
runoff and (flash) flood risk on steep slopes. Slope steepness also impacts wildfire risk, as wildfires can spread more easily
on such terrain, according to some wildfire experts. Figure 3c shows regions with steep slopes (Supplementary Information
Fig. S3b) having high FVI values. Additionally, most experts consider GDP per capita crucial because vulnerability can be
considerably reduced if there are high economic resources to adapt to wildfires and flooding. Our finding on the importance

of slope steepness and GDP is in agreement with previous studies. Roy et al. (2021) found that elevation and slope are the
most important indicators for flood risk while Moreira et al. (2021) also found that social and economic indicators, such as

opulation and income are crucial in flood vulnerability. Here, we classified population as exposure, which also receives the
highest weight. The distance from fire stations indicator is deemed less important because most experts believe that fire stations

do not possess the capacity to fully address floodingand-wildfires. Most experts also acknowledge the land use indicator to be

important due to its significant influence on runoff and wildfires.

FVI=0.08«EL+0.26%S5S5+0.08%xST+0.17« LU +0.09%« HC +0.22xCA+0.11 % F'S (6)
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The last three geophysical indicators related to vulnerability, namely hydraulic conductivity, soil texture, and elevation,
are generally perceived as of low importance by most experts. An explanation would be that some experts may lack sufficient
knowledge about the soil texture and hydraulic conductivity indicators, while others may prioritize social aspects of vulnerability
and the slope steepness indicator in the FVI. Moreover, many experts note a significant correlation between hydraulic conductivity
and soil texture, which could lead to redundancy in their inclusion. Opinions on the elevation indicator are rather diverse. Some
experts believe that water accumulation in low-lying areas results in high vulnerability, while others argue that flash flooding
can also occur in higher arcas. Some experts consider SS a more comprehensive indicator for assessing vulnerability, which
could influence their views on the inferior importance of elevation in the FVI.

Figure 3c provides a clear visualization of the importance of each indicator in developing the FVI map. The significance of
slope steepness, as shown in Supplementary Information Figure S3b, is clearly observable, with areas around the Pyrenees and
Iberian mountains showing high FVI values. On the other hand, the delta of the basin, the region around the city of Lleida,
and the area between Zaragoza and Logrofio predominantly exhibit low FVI values. This is attributed to the absence of slope
steepness, coupled with high economic and institutional capacity reflected in GDP per capita and the presence of fire stations,
as shown in Supplementary Information Figure S3b, S3g, and S3h, respectively.

For the future scenarios with and without the wildfire effect, changes in the FVI values are similar as shown in Supplementary
Information Figure S7S10. The primary factor that distinguishes FVI values in scenarios with and without wildfire effects is
hydraulic conductivity. Although hydraulic conductivity values are lower with wildfire effects in the future scenarios compared
to baseline (Supplementary Information Fig. $8-S11 and Fig. S3e,f), this variable only counts a 9% weight in the total FVI
calculation (Eq. 36). This explains the overall similarity between FVI values with and without the wildfire effect. However,
the maximum value of the FVI increases from 3.5 to 3.6 for scenarios without wildfire effects, which can be explained by the
changes in land use and saturated hydraulic conductivity. Furthermore, the wildfire effects lead to an increase in the maximum
FVI value to 3.6 in 2100 for SSP5-8.5 (Supplementary Information Fig. S7dS10d). This is primarily due to a significant

increase in FWI for this scenario.
3.4 Flood Risk map (FR)
3.4.1 Weight distribution for FR map

After all flood risk (FR) component maps, such as FHI, FEI, and FVI were developed, we analyzed the FR map based on the
weighting distribution for each FR component (b1, b2, and b3 in Eq. 1) obtained from the AHP analysis. The FVI receives
46% of the weight, FEI takes up to 34% of the total weight distribution, and the FHI only receives 20% of the total weight
distribution (Eq. 4)7)(Supplementary Information Figure S12). The FVI receives almost half ef-the weight from the experts
because they believe that-vulnerability is the most manageable risk component. Another reason is that societies experience

negative effects from flooding and wildfires when they are vulnerable. Here, we agreed with the experts’ opinions that flood

risk could be better managed if the vulnerability is reduced. This can be achieved through increasing societal interventions
such as improving economic and institutional capacities, and physical interventions such as slope stabilization, regreening, and
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Table 2. Reclassification of spatial distribution of flood risk for the FR equation with corresponding color indication

Risk level  Class value  Flood probability class ~ Color indication

Low 1-1.5 <16.7% green
Moderate 1.5-2 16.7-33.3% light green
High 2-2.5 33.3-50% orange

Very high 2.5-4 >50% red

soil improvement works. Exposure is also considered crucial since risk cannot exist without exposure and both people and

economic assets, which are part of FEI, play essential roles in flood risk assessment. However, exposure and hazard are less
manageable compared to vulnerability.

FR=02+«FHI+0.34%x FEI40.46x FVI @)

The experts’ insights highlight the different perspectives on flood and wildfire risk management (Supplementary Information
Table S5). Fire experts emphasized that fire hazard is more manageable, primarily due to effective fuel management practices,
while flood management is viewed as rather complex. Interestingly, many technical experts underscored the importance of FEI
and FVI over FHI because they believe understanding the societal consequences of flooding is key to effective risk management.
They expressed the need for a holistic approach that considers all risk components, including exposure and vulnerability, rather
than just focusing on the hazard. However, one expert who has a background in social science and works in some technical
aspects advocated for equal weight distribution (around 33%) to all risk components, emphasizing that risk assessment and
management are multifaceted problems with both technical and social aspects.

In this study, the FR map was categorized into four distinct classes, each representing a different level of flood risk. These
categories were defined based on the flood risk values, with a score of less than lmeanstow-risk, meaning low risk, and a
score of 4means-, meaning very high risk (Table 2). Since the flood risk is assessed for the annual mean, the class range values
are unevenly distributed, with a larger class range for the ‘Very high’ risk level. Any flood risk level of 50% or higher during
the year was categorized as ‘very high’ flood risk. The other three flood risk values were divided equally into intervals of

16;716.7% per class.
3.4.2 Flood risk for the baseline scenario

Figure 4a shows the FR map for the baseline scenario developed using Equation 47. The map clearly highlights the relevance
of indicators, such as population density, slope steepness, and distance from the river in assessing flood risk. High and very
high flood risk areas are prominently identified, particularly in the mountainous regions in the northern part of the basin, the
city of Pamplona, and in the delta of the basin. These areas are recognized as hotspots for (flash) flood risk. Additionally,
the northeastern part of the basin exhibits high flood risk, which can be attributed to factors such as a high runoff coefficient,

exposure in terms of total GDP, steep slopes, low saturated hydraulic conductivity, and limited institutional capacity, as depicted
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Figure 4. a) Flood risk map for the baseline scenario for the Ebro River basin and b) distribution of flood risk classes corresponding to

surface area in km?

in Supplementary Information Figure S1b, S2b, S3b, S3e, and S3g, respectively. On the other hand, there-are-some-areas-with
some areas have low flood risk values in various regions, owing to the complex interplay of indicators that makes it challenging
to explain. Overall, only 1% of the area, covering 585 km?Z, falls into the low flood risk category, while another 1%, equivalent
to 952 km? falls into the very high flood risk category (Fig. 4b). The majority of the basin exhibits moderate and high flood risk
levels, covering 58% (50,959 km?) and 40% (35,219 km?) of the total basin, respectively. Notably, the effects of burnt area,
which were evident in the FHI for the baseline (Supplementary Information Fig. S1a), are less pronounced in the overall FR
map. This might be attributed to the relatively lower weight assigned to the burnt area indicator as-wel-as-the FHlcompenent;
which-Himits—its—influenece(30%) in the FHI. Moreover, the FHI component is only counted for 20% in the FR calculation
limiting the influence of burnt area on the total flood risk assessment.

3.4.3 Flood risk for future scenarios without wildfire effects

Compared to the baseline scenario, the flood risk map for the year 2100 under SSP5-8.5 reveals hotspots of high and very
high flood risk, particularly in the southern and eastern parts of the basin (Fig. 5a). These high and very high flood risks in
these regions result from a strong increase in exposure, including GDP, population density, and vulnerability as indicated by
the land use indicator. The increase in flood risk is less apparent for SSP1-2.6, except in areas like Pamplona and the southern
region of Leida (Supplementary Information Fig. $9aS13a). Overall, the proportion of the basin characterized by moderate
flood risk increases from 58% to 65% (57,011 km2) for SSP1-2.6 (Fig. 4b and Supplementary Information Fig. S96S13b).
On the contrary, the area that may experience high flood risk in the future decreases from 40% for the baseline scenario to
32% for SSP1-2.6 due to a reduction in FVI (Supplementary Information Fig. S7aS10a). For the SSP5-8.5 scenario, more than
half (55%) of the basin falls into high flood risk category (48,712 km?), with 5% (4,848 km?) classified as very high flood
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Figure 5. a) Flood risk map without wildfire effects in the Ebro River basin for SSP5-8.5 year 2100, b) distribution of flood risk classes
without wildfire effect for SSP5-8.5 year 2100 corresponding to surface area in km?, ¢) same as a but with wildfire effect, and d) same as b

but with wildfire effect.

risk, indicating a substantial increase in high flood risk in 2100 (Fig. 5b). The main driver behind the increase in flood risk for
SSP5-8.5 is the increase of all three flood risk components (FHI, FEI, and FVI) (Supplementary Information Fig. S4b-S6b;
and-S7bS5b, S8b, and S10b, respectively).

3.4.4 Flood risk for future scenarios with wildfire effects

Figure 5c clearly shows the impaet-effect of wildfires on future flood risk. Wildfires lead to a 2% increase in the probability
of very high flood risk and a 10% increase in the probability of high flood risk for SSP5-8.5 (Fig. 5b and 5d). This increase in
flood risk when wildfires are considered in the analysis is caused by the increase in FHI due to the use of FWI (Supplemen-
tary Information Fig. S4dS5d). As previously described, the strong increase in FWI in the RCP8.5 scenario, which reduces
saturated hydraulic conductivity, explains the increase in FHI. Conversely, the change in FVI is negligible (Supplementary In-

formation Fig. S76S10b,d). The hotspot regions classified as very high flood risk remain relatively consistent with and without
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wildfires. Compared to the baseline scenario, the total areas characterized-as-having-with very high and high flood risk nearly
deubledoubled, rising from 41% to 72% (Fig. 4b and 5d).

The influence of wildfires on flood risk is less pronounced for SSP1-2.6 (Supplementary Information Fig. $9¢S13c). Wild-
fires reduce the areas classified as having moderate flood risk from 65% to 60% and shift these regions towards high-risk flood
areas from 32% to 38% (Supplementary Information Fig. S96S13b,d). Interestingly, the area that will be categorized as prone
to very high and high flood risk under SSP1-2.6 (39%) is slightly smaller than in the baseline scenario (41%). This can be
attributed to the slightly lower FVI under SSP1-2.6 compared to the baseline (Supplementary Information Fig. S7eS10c).

4 Discussion
4.1 ImpaetEffect of wildfires on floods based on baseline scenario

Analyzing the impact-effect of wildfires on flood clearly indicates the cascading effect, with higher risk when wildfires are
considered in the analysis as agreed by many experts (Fig. 3). Wildfires may alter the hydraulic conductivity and thus increase
runoff (Seibert et al., 2010; Folador et al., 2021). In an Italian basin, the runoff response due to wildfires increased from 75% to
125% after wildfires occurred. A similar finding is also found in an American basin, with a 120% increase in runoff response
compared to pre-fire runoff value (Seibert et al., 2010). During the interviews, experts also emphasize that wildfires lead to an
increase in runoff coefficient. In some cases, wildfires showed no impact on runoff response but in most cases, they increased

runoff response by a factor of 1.2 to 6.5 during heavy rainfall events (Leopardi and Scorzini, 2015). Hewever;-whencompared

with-the baseline seenarto-in-The observed effect of wildfire in increasing runoff could be used to replace the expert interview.
For example, an increase in the runoff coefficient by a factor of 1.2 after wildfires would increase the FHI by 1.2 (FHI=1.2 x

runoff) and equal to one for scenario without wildfires (FHI = 1 x runoff). This approach, however, requires the use of rainfall

runoff model, measurement, or experiment to obtain the correction factor. In this research, sueh-a strong increase in flood
hazard in burnt areas is not particularly evident. This may be related to the limited occurrence of large-scale wildfires in the
Ebro Basin for the baseline scenario (see Supplementary Information Fig. S1a). The limited-oceurrence-offarge-wildfiresean
Mediterranean ecosystem typically has low.
biomass, resulting in a decreased fuel load (Bedia-et-al;2043)and fuel moisture, contributing to the limited occurrence of large

4.2 Future flood risk by taking into account wildfires

Analyzing future flood risk is always subject to high uncertainties due to the estimation of future flood risk components, such as
flood probability, exposure, and vulnerability. In the case of the FHI, the main components are runoff and wildfires. The projec-
tion of runoff, which is crucial for analyzing the FHI, strongly depends on precipitation patterns. In the Mediterranean region,
it is expected that although there will be more heavy rainfall events, there will also be a decrease in the number of precipitation

days, resulting in lower average runoff, especially under the RCP8.5 scenario (Erol and Randhir, 2012; Shakesby, 2011). When
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analyzing future runoff, it is important to consider not only precipitation but also human activities, such as agricultural and
industrial water demand, flood protection measures like dams and weirs, and land use and land cover management (Garcia-
Ruiz et al., 2011). However, these human activities are typically considered in the exposure and vulnerability components of
flooding rather than in the hazard component.

In this study, we also acknowledge that analyzing future FHI while considering the effects of wildfires introduces additional
uncertainty. There is no definitive data to predict future fires, so the study relies on the FWI as a proxy for the probability of fire
occurrences, which has been shown to have a substantial effect on the FHI, especially for the SSP5-8.5 scenario (Bedia et al.,
2013). Some research indicates that the number of dry days is expected to increase significantly in the Mediterranean, poten-
tially leading to higher wildfire risk in the future (Erol and Randhir, 2012; Hoinka et al., 2007; Ruffault et al., 2020). However,
predicting future wildfire risk is intrinsically more complex and wicked. The majority of wildfires are largely human-provoked,
compared to floods which are induced by human activity, its impact depends, for example, on forest (fuel) management, vege-
tation and land use practices, and fuel moisture (Shakesby, 2011; Turco et al., 2014). Wildfire risk varies spatially and can vary
depending on the climate change scenarios. For example, SSP1-2.6 assumes better fuel and land use management, leading to
a lower wildfire hazard than SSP5-8.5 (Wu et al., 2015). However, some argue that forest management in the Mediterranean is
largely unmanaged and requires improved management to deal with wildfires and, indirectly, flooding (Lindner et al., 2010).
Yet, the majority of wildfires in the region are human-ignited, which shifts the focus of forest management towards risk com-
munication to societies to prevent human-caused wildfires (Martinez et al., 2009). Naturally, adverse climatic conditions can
exacerbate the effects of human-induced fires by increasing the size, severity, and frequency of devastating wildfires in the
future (Pausas and Keeley, 2021).

Socio-economic changes also play an important role in this research, particularly in assessing future wildfires and flood risk
by applying the components of exposure and vulnerability. The ITASA database for climate change was used, yielding a higher
exposure for SSP5-8.5, as population and economic growth are higher compared to SSP1-2.6 (Riahi et al., 2017). In terms of
vulnerability, previous studies have shown severe impacts of increased vulnerability across the physical aspects of the Mediter-
ranean, such as land-use changes in terms of desertification and urbanization, pessessing-pose huge threats to the Mediterranean
societies (Erol and Randhir, 2012; Filipe et al., 2013; Cramer et al., 2018). Furthermore, with regard to flood vulnerability, the
limited capacity of stormwater management systems to cope with changes in flash flooding patterns in the future, along with
an increase in populated flood-prone regions, are expected to result in a higher vulnerability in most parts of the Mediterranean
(Cramer et al., 2018). Rapid urbanization makes communities more vulnerable to the impacts of flooding caused by climate
change, often due to a lack of awareness and the ineffectiveness of policies and management in communicating and mitigating
risk (Llasat, 2021). Other drivers, including deforestation and socio-economic inequalities, further exacerbate the susceptibility
of societies to flooding in the future (Papathoma-Kohle et al., 2021). However, the increase in vulnerability may not be clearly
evident in the FVI analysis, possibly due to the effective management of wildfires and flooding, which is considered with the
inclusion of distance to fire stations as one of the indicators. Additionally, some indicators are assumed to remain relatively
constant in the future. Furthermore, land-use changes for SSP1-2.6 in the far future may have an opposite relationship with

flooding due to a significant expansion of forested areas (Garcia-Ruiz et al., 2011). Hence, it is crucial to consider the adaptive

21



480

485

490

495

500

505

510

capacity of the population to deal with the adverse effects of climate change regarding wildfires and flooding, which are shown
to be relatively high in the Ebro River basin, with minor spatial differences in economic and institutional capacity within the

basin.
4.3 Shifting from a single hazard paradigm to multi-hazard approach

The impacteffect of wildfires on flood risk, particularly for the future concerning climate change, underlines the urgency of ef-
fectively managing these interconnected risksfer-the-futare. Currently, hazards like wildfires and floods are often managed sep-
arately rather than in-using a multi-risk approach. This siloed approach can lead to ineffective and inefficient risk management,
especially when these hazards can occur successively (de Ruiter et al., 2020). Fhe-Despite their potential interdependence, the
experts who participated in this research also highlighted the challenges of managing wildfires and flood risks as separate en-
tities;-despite-their-potential-interdependenee. Some experts stated that sometimes institutions coping with wildfires and floods
have different perspectives and management plans and see these hazards as individual events. This underscores the need for
interdisciplinary collaboration to create comprehensive multi-hazard risk management strategies that can address the increasing.

threat of wildfires and their cascading effects on flood risk.
A multi-hazard approach, which involves conducting multi-risk assessments, has been widely advocated for and is consid-

ered fundamental in building robust governance and management structures to address the increase of compound and cascading
natural hazards (Arosio et al., 2020; de Ruiter et al., 2020). This study focuses on an integrated approach, considering the cas-
cading hazards of wildfires and flooding, which aligns with this recommendation. It is important to note that wildfires can have
various cascading effects, such as erosion leading to water quality issues and landslides triggered by heavy rainfall events.
Therefore, there is a need to assess and understand these cascading effects of wildfires more comprehensively (Pouyan et al.,
2021). Therefore, this research provides an example of how to integrate multiple hazards into risk evaluation by conducting
comprehensive assessments that consider numerous drivers and indicators that will contribute to increased flood risk in the

future.
4.4 Data limitations

Assessing future flood risks is a complex task that relies on historical and projection data related to flood hazard, expo-
sure, and vulnerability. These data are not always available; therefore, some assumptions need to be made. We acknowledge
that the cascading effect of wildfires on flood risk is considered only for on-the-spot impact. The analysis did not incor-
porate the downstream effects of increased runoff on bare land due to wildfires. This could potentially underestimate the
true extent of the impaet-effect of wildfires on flood risk. The flood risk assessment was conducted annually, even though
wildfire and flood occurrence can vary substantially within seasons. We also did not take into account the flood return

periods since the runoff coefficient was used. As mentioned in Section 4.2, using indexes-FWI may overestimate the oc-

currence of wildfires. Meoreover—the-The FWI was estimated solely based on the meteorological variables, influencing fire
activity or fuel dryness. Thus, the FWI only captures the potential fuel moisture and does not explicitly model fire evolution
Di Giuseppe et al., 2018; Abatzoglou et al., 2019). One should note that FWI is a measure of fire danger and fire ignition is
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required to start a fire (Van Wagner, 1987). This study did not consider the distinction between human-induced fires-and natural
fireswas-netconsidered. Fires are complex hazards mostly triggered by human ignitions rather than solely depending on climate

conditions (Versini et al., 2013; Sutanto et al., 2019). Therefore, this study focused on the natural variables that set wildfire risk
that-enables-and enable a spark to build into a wildfire without considering if it was human or natural induced. Furthermore, the
recovery time of wildfires was assumed to be 8§ years for the baseline and is not considered in the future projection. The actual

recovery time for burned areas can vary widely depending on factors like vegetation type and post-fire management practices.

We also acknowledge that the number of experts involved in this study is limited. AHP relies on the experts’ judgements and
therefore can be subjective. Different experts might provide evaluations based on their personal experiences and biases. This is

also found in our result where one expert gave more weight to wildfires than runoff due to their experience in flash floods on
burnt areas.

5 Conclusions

This study employed an integrated multi-criteria GIS-based approach to assess flood risk in the Ebro River basin in Northern
Spain, considering current and future scenarios, wildfire impaetseffects, and socio-economic drivers. Interviews with experts
highlighted the consensus that vulnerability and exposure are the most critical components in a flood risk assessment. However,

experts have various reasons for prioritizing certain indicators and components contributing to flood risk. Their backgrounds

and experiences in natural hazards and disasters explain a—wide—range—of reasons—Theresearch—underseores—theneedfor

threat-of-wildfires-and-their-cascading-effeets-on-flood-risk—various reasons. In the baseline scenario, the study found that the
cascading effects of burnt areas did not significantly contribute to an increase in flood risk, due to the limited occurrence of
large wildfire events during the study period. Instead, indicators such as the runoff coefficient, population density, land use and
land cover, and slope steepness played a significant role in flood risk, particularly in major cities and the Pyrenees region.
Compared to the baseline scenario, SSP1-2.6 for the year 2100 shows a reduction in flood risk, even when not considering
the cascading effects of wildfires. This reduction can be attributed to significant developments in adaptive capacity, including
increased economic and institutional resources, leading to improved resilience to flooding. Furthermore, lower exposure levels
and less severe climate change impacts in this scenario contribute to lower flood risk. The strongest increase in flood risk is
apparent for SSP5-8.5 for the year 2100, primarily due to substantial population growth, urbanization, and lower institutional
resources to cope with flooding. It is evident that a strong increase in flood risk is intensified when considering the cascading
hazard of wildfires, with a significant increase in wildfire risk contributing to the high flood risk. This study highlights the
importance of adopting a multi-hazard risk management approach, as solely focusing on individual risks may underestimate
multiple hazards’ compound and cascading impaetseffects. The integrated flood risk assessment conducted here provides valu-
able insights into the complex dynamics of flood risk, emphasizing the need for comprehensive strategies to build resilience

against the increasing frequency of extreme weather events and their associated risks.

23



545

550

Data availability. Data used in this study are freely available online from many sources. We provided information on the data source in the

Supplementary Table Al and A2.

Author contributions. S.J.S., M.J., and M.P.G. conceived and implemented the research. Data analyses and all figures have been performed
by M.J. M.M.B. contributed to interpreting the results and discussion. All authors contributed substantially to the editing and commenting

on the article drafts for several rounds. All authors have read and agreed to the published version of the manuscript.

Competing interests. The authors declare no conflict of interest.

Acknowledgements. This research is supported by the ML-CDHEU project, which is funded by the WUR Data Driven Discoveries in
a Changing Climate investment (D3C2) project code 5160958747. The authors would like to thank all experts for their contribution as
without them the current study would not have been possible. This research supports the work of the IAHS Helping program Drought in the
Anthropocene (DitA).

24



5565

560

565

570

575

580

585

590

References

Abatzoglou, J. T., Williams, A. P., and Barbero, R.: Global Emergence of Anthropogenic Climate Change in Fire Weather Indices, Geophys-
ical Research Letters, 46(1), 326-336, https://doi.org/10.1029/2018GL080959, 2019.

Agrawal, N., Elliott, M., and Simonovic, S. P.: Risk and Resilience: A Case of Perception versus Reality in Flood Management, Water, 12(5),
1254, https://doi.org/10.3390/w12051254, 2020.

Allwood, J. M., Bosseti, V., Dubash, N. K., Gémez-Echeverri, L., and Stechow, v. C.: Glossary. In: Climate Change 2014: Mitigation of
Climate Change. Contribution of Working Group III to the Fifth Assessment Report of the Intergovernmental Panel on Climate Change,
2014.

Almazdn-Gémez, M., Duarte, R., Langarita, R., and Sdnchez Chdliz, J.: Effects of water re-allocation in the Ebro River
basin: A multiregional input-output and geographical analysis, Journal of Environmental Management, 241, 645-657,
https://doi.org/10.1016/j.jenvman.2019.03.042, 2019.

Almazin-Gémez, M., Duarte, R., Langarita, R., and Sanchez Chdliz, J.: Water and socioeconomic dependencies: a multiregional model,
Clean Technologies and Environmental Policy, 23, 783-796, https://doi.org/10.1007/s10098-020-01915-x, 2021.

Arosio, M., Martina, M. L. V., and Figueiredo, R.: The whole is greater than the sum of its parts: a holistic graph-based assessment approach
for natural hazard risk of complex systems, Nat. Hazards Earth Syst. Sci., 20(2), 521-547, https://doi.org/10.5194/nhess-20-521-2020,
2020.

Balasch, J. C., Pino, D., Ruiz-Bellet, J. L., Tuset, J., Barriendos, M., Castelltort, X., and Peiia, J. C.: The extreme floods in the Ebro River
basin since 1600 CE, Science of The Total Environment, 646, 645-660, https://doi.org/10.1016/j.scitotenv.2018.07.325, 2019.

Bedia, J., Herrera, S., Martin, D. S., Koutsias, N., and Gutiérrez, J. M.: Robust projections of Fire Weather Index in the Mediterranean using
statistical downscaling, Climatic Change, 120(1), 229-247, https://doi.org/10.1007/s10584-013-0787-3, 2013.

Berg, P., Photiadou, C., Bartosova, A., Biermann, J., and co authors: "Hydrology related climate impact indicators from 1970 to 2100 derived
from bias adjusted European climate projections, version 1, Copernicus Climate Change Service (C3S) Climate Data Store (CDS)", online;
Retrieved 14-12-2022, 2021.

Berhanu, B., Melesse, A. M., and Seleshi, Y.: GIS-based hydrological zones and soil geo-database of Ethiopia, CATENA, 104, 21-31,
https://doi.org/10.1016/j.catena.2012.12.007, 2013.

Brouwer, R., Akter, S., Brander, L., and Haque, E.: Socioeconomic Vulnerability and Adaptation to Environmental Risk: A Case Study of
Climate Change and Flooding in Bangladesh, Risk Analysis, 27(2), 313-326, https://doi.org/10.1111/j.1539-6924.2007.00884.x, 2007.
Cai, T., Li, X., Ding, X., Wang, J., and Zhan, J.: Flood risk assessment based on hydrodynamic model and fuzzy comprehensive evaluation

with GIS technique, International Journal of Disaster Risk Reduction, 35, 101 077, https://doi.org/10.1016/.1jdrr.2019.101077, 2019.

Chen, Y.: Post settlement Changes in Natural Fire Regimes and Forest Structure, Journal of Sustainable Forestry, 2(1-2), 153-181,
https://doi.org/10.1300/J091v02n01_07, 1994.

Cramer, W., Guiot, J., Fader, M., Garrabou, J., Gattuso, J.-P., Iglesias, A., Lange, M. A., and co authors: Climate change and interconnected
risks to sustainable development in the Mediterranean, Nature Climate Change, 8(11), 972-980, https://doi.org/10.1038/s41558-018-0299-
2,2018.

Cramer, W., Guiot, J., Fader, M., Garrabou, J., Gattuso, J.-P., Iglesias, A., Lange, M. A., and co authors: Identification and validation of poten-
tial flood hazard area using GIS-based multi-criteria analysis and satellite data-derived water index, Journal of Flood Risk Management,
13(3), €12 620, https://doi.org/10.1111/jfr3.12620, 2020.

25



595

600

605

610

615

620

625

de Brito, M. M.: Compound and cascading drought impacts do not happen by chance: A proposal to quantify their relationships, Science of
the Total Environment, 778, 146 236, https://doi.org/10.1016/j.scitotenv.2021.146236, 2021.

de Brito, M. M. and Evers, M.: Multi-criteria decision-making for flood risk management: a survey of the current state of the art, Nat. Hazards
Earth Syst. Sci., 16, 1019-1033, https://doi.org/10.5194/nhess-16-1019-2016, 2016.

de Brito, M. M., Almoradie, A., and Evers, M.: Spatially-explicit sensitivity and uncertainty analysis in a MCDA-based flood vulnerability
model, International Journal of Geographical Information Science, 33:9, 1788-1806, https://doi.org/10.1080/13658816.2019.1599125,
2019.

de Groot, W. J. and Flannigan, M. D.: Climate change and early warning systems for wildland fire, in: Reducing Disaster: Early warning
systems for climate change, edited by: Zommers, Z. and Singh, A., vol. pp. 127-151, Springer Netherlands, doi:10.1007/978-94-017-
8598-3, 2014.

de Ruiter, M. C., Couasnon, A., van den Homberg, M. J. C., Daniell, J. E., Gill, J. C., and Ward, P. J.: Why We Can No Longer Ignore
Consecutive Disasters, Earth’s Future, 8(3), e2019EF001 425, https://doi.org/10.1029/2019EF001425, 2020.

Di Giuseppe, F., Rémy, S., Pappenberger, F., and Wetterhall, F.: Using the Fire Weather Index (FWI) to improve the estimation of fire
emissions from fire radiative power (FRP) observations, Atmos. Chem. Phys., 18(8), 5359-5370, https://doi.org/10.5194/acp-18-5359-
2018, 2018.

Ebi, K. L.: Health in the New Scenarios for Climate Change Research, International Journal of Environmental Research and Public Health,
11(1), 3046, 2014.

Erol, A. and Randhir, T. O.: Climatic change impacts on the ecohydrology of Mediterranean watersheds, Climatic Change, 114(2), 319-341,
https://doi.org/10.1007/s10584-012-0406-8, 2012.

Field, R. D., Spessa, A. C., Aziz, N. A., Camia, A., Cantin, A., Carr, R., de Groot, W. J., Dowdy, A. J., Flannigan, M. D., Manomaiphiboon,
K., Pappenberger, F., Tanpipat, V., and Wang, X.: Development of a Global Fire Weather Database, Nat. Hazards Earth Syst. Sci., 15,
1407-1423, https://doi.org/10.5194/nhess-15-1407-2015, 2015.

Filipe, A. F., Lawrence, J. E., and Bonada, N.: Vulnerability of stream biota to climate change in mediterranean climate regions: a synthesis
of ecological responses and conservation challenges, Hydrobiologia, 719(1), 331-351, https://doi.org/10.1007/s10750-012-1244-4, 2013.

Folador, L., Cislaghi, A., Vacchiano, G., and Masseroni, D.: Integrating Remote and In-Situ Data to Assess the Hydrological Response of a
Post-Fire Watershed, Hydrology, 8(4), 169, https://doi.org/10.3390/hydrology8040169, 2021.

Garcfa-Ruiz, J. M., Lépez-Moreno, J. 1., Vicente-Serrano, S. M., Lasanta—Martinez, T., and Begueria, S.: Mediterranean water resources in
a global change scenario, Earth-Science Reviews, 105(3), 121-139, https://doi.org/10.1016/j.earscirev.2011.01.006, 2011.

Ghosh, A. and Kar, S. K.: Application of analytical hierarchy process (AHP) for flood risk assessment: a case study in Malda district of West
Bengal, India, Natural Hazards, 94(1), 349-368, https://doi.org/10.1007/s11069-018-3392-y, 2018.

Gimeno-Garcia, E., Andreu, V., and Rubio, J. L.: Influence of vegetation recovery on water erosion at short and medium-term after experi-
mental fires in a Mediterranean shrubland, CATENA, 69(2), 150-160, https://doi.org/10.1016/j.catena.2006.05.003, 2007.

Goepel, K. D.: Implementing the analytic hierarchy process as a standard method for multi-criteria decision making in corporate enterprises
—new AHP excel template with multiple inputs. Proceedings of the International Symposium on the Analytic Hierarchy Process, Kuala
Lumpur, Malaysia, 2013.

Grantham, T. E., Figueroa, R., and Prat, N.: Water management in mediterranean river basins: a comparison of management frameworks,

physical impacts, and ecological responses, Hydrobiologia, 719(1), 451-482, https://doi.org/10.1007/s10750-012-1289-4, 2013.

26



630

635

640

645

650

655

660

665

Ha-Mim, N. M., Rahman, M. A., Hossain, M. Z., Fariha, J. N., and Rahaman, K. R.: Employing multi-criteria decision analysis and geospatial
techniques to assess flood risks: A study of Barguna district in Bangladesh, International Journal of Disaster Risk Reduction, 77, 103 081,
https://doi.org/10.1016/j.ijdrr.2022.103081, 2022.

He, B., Zhong, Z., Chen, D., Liu, J., Chen, Y., Miao, C., Ding, R., yuan, W., Guo, L., Huang, L., Hao, X., and Chen, A.: Lengthening dry
spells intensify summer heatwaves, Geophysical Research Letters, 49, https://doi.org/10.1073/pnas.1422945112, 2022.

Hoinka, K. P., Gaertner, M., and de Castro, M.: Iberian thermal lows in a changed climate, Quarterly Journal of the Royal Meteorological
Society, 133(626), 1113-1126, https://doi.org/10.1002/qj.78, 2007.

Jongman, B., Ward, P. J., and Aerts, J. C. J. H.: Global exposure to river and coastal flooding: Long term trends and changes, Global
Environmental Change, 22(4), 823-835, https://doi.org/10.1016/j.gloenvcha.2012.07.004, 2012.

Klijn, F., Kreibich, H., de Moel, H., and Penning-Rowsell, E.: Adaptive flood risk management planning based on a comprehensive flood
risk conceptualization, Mitig. Adapt. Strateg. Glob. Change, 20, 845-864, https://doi.org/10.1007/s11027-015-9638-z, 2015.

Lehner, B., Doll, P., Alcamo, J., Henrichs, T., and Kaspar, F.: Estimating the Impact of Global Change on Flood and Drought Risks in Europe:
A Continental, Integrated Analysis, Climatic Change, 75(3), 273-299, https://doi.org/10.1007/s10584-006-6338-4, 2006.

Leopardi, M. and Scorzini, A.: Effects of wildfires on peak discharges in watersheds [Technical Reports], iForest - Biogeosciences and
Forestry, 8(3), 302-307, https://doi.org/10.3832ifor1120-007, 2015.

Lindner, M., Maroschek, M., Netherer, S., Kremer, A., Barbati, A., Garcia-Gonzalo, J., Seidl, R., Delzon, S., Corona, P., Kolstrom, M., Lexer,
M. J., and Marchetti, M.: Climate change impacts, adaptive capacity, and vulnerability of European forest ecosystems, Forest Ecology and
Management, 259(4), 698-709, https://doi.org/10.1016/j.foreco.2009.09.023, 2010.

Llasat, M. C.: Floods evolution in the Mediterranean region in a context of climate and environmental change, Cuadernos de Investigacion
Geografica, 47(1), 13-32, https://doi.org/10.18172/cig.4897, 2021.

Martinez, J., Vega-Garcia, C., and Chuvieco, E.: Human-caused wildfire risk rating for prevention planning in Spain, Journal of Environ-
mental Management, 90(2), 1241-1252, https://doi.org/10.1016/j.jenvman.2008.07.005, 2009.

Mazdiyasni, O. and AghaKouchak, A.: Substantial increase in concurrent droughts and heatwaves in the United States, PNAS, 112(37),
1148411489, https://doi.org/10.1073/pnas.1422945112, 2015.

McLennan, J. and Birch, A.: A potential crisis in wildfire emergency response capability? Australia’s volunteer firefighters, Global Environ-
mental Change Part B: Environmental Hazards, 6(2), 101-107, https://doi.org/10.1016/j.hazards.2005.10.003, 2005.

Merz, B., Aerts, J., Arnbjerg-Nielsen, K., Baldi, M., Becker, A., Bichet, A., and co authors: Floods and climate: emerging perspectives for
flood risk assessment and management, Nat. Hazards Earth Syst. Sci., 14(7), 1921-1942, https://doi.org/10.5194/nhess-14-1921-2014,
2014.

Meyn, A., White, P.,, Buhk, C., and Jentsch, A.: Environmental drivers of large, infrequent wildfires: The emerging conceptual model, Prog.
Phys. Geog., 31, 287-312, 2007.

Moftakhari, H. and AghaKouchak, A.: Increasing exposure of energy infrastructure to compound hazards: cascading wildfires and extreme
rainfall, Environmental Research Letters, 14(10), 104 018, https://doi.org/10.1088/1748-9326/ab41a6, 2019.

Mohanty, B. P., Kanwar, R. S., and Everts, C. J.: Comparison of Saturated Hydraulic Conductivity Measurement Methods for a Glacial-Till
Soil, Soil Science Society of America Journal, 58(3), 672—677, https://doi.org/10.2136/ss52j1994.03615995005800030006x, 1994.

Moreira, L. L., de Brito, M. M., and Kobiyama, M.: Review article: A systematic review and future prospects of flood vulnerability indices,

Nat. Hazards Earth Syst. Sci., 21, 1513-1530, https://doi.org/10.5194/nhess-21-1513-2021, 2021.

27



670

675

680

685

690

695

700

Moreira, L. L., Vanelli, F. M., Schwamback, D., Kobiyama, M., and de Brito, M. M.: Sensitivity analysis of indicator weights for the
construction of flood vulnerability indexes: A participatory approach, Front. Water, 5, 970 469, https://doi.org/10.3389/frwa.2023.970469,
2023.

Mukherjee, F. and Singh, D.: Detecting flood prone areas in Harris County: a GIS based analysis, GeoJournal, 85(3), 647-663,
https://doi.org/10.1007/s10708-019-09984-2, 2020.

Ologunorisa, T. E.: An assessment of flood vulnerability zones in the Niger Delta, Nigeria, International Journal of Environmental Studies,
61(1), 31-38, https://doi.org/10.1080/0020723032000130061, 2004.

O’Neill, B. C., Kriegler, E., Ebi, K. L., Kemp-Benedict, E., Riahi, K., Rothman, D. S., van Ruijven, B. J., van Vuuren, D. P., Birkmann, J.,
Kok, K., Levy, M., and Solecki, W.: The roads ahead: Narratives for shared socioeconomic pathways describing world futures in the 21st
century, Global Environmental Change, 42, 169-180, https://doi.org/10.1016/j.gloenvcha.2015.01.004, 2017.

Papathoma-Ko&hle, M., Thaler, T., and Fuchs, S.: An institutional approach to vulnerability: evidence from natural hazard management in
Europe, Environmental Research Letters, 16(4), 044 056, https://doi.org/10.1088/1748-9326/abe88c, 2021.

Pausas, J. G. and Keeley, J. E.: Wildfires and global change, Frontiers in Ecology and the Environment, 19(7), 387-395,
https://doi.org/10.1002/fee.2359, 2021.

Petropoulos, G. P., Griffiths, H. M., and Kalivas, D. P: Quantifying spatial and temporal vegetation recovery dynam-
ics following a wildfire event in a Mediterranean landscape using EO data and GIS, Applied Geography, 50, 120-131,
https://doi.org/10.1016/j.apgeog.2014.02.006, 2014.

Pouyan, S., Pourghasemi, H. R., Bordbar, M., Rahmanian, S., and Clague, J. J.: A multi-hazard map-based flooding, gully erosion, forest
fires, and earthquakes in Iran, Scientific Reports, 11(1), 14 889, https://doi.org/10.1038/s41598-021-94266-6, 2021.

Quilcaille, Y., Batibeniz, F., Ribeiro, A. F. S., Padrén, R. S., and Seneviratne, S. I.: Fire weather index data under historical and shared
socioeconomic pathway projections in the 6th phase of the Coupled Model Intercomparison Project from 1850 to 2100, Earth Syst. Sci.
Data, 15, 2153-2177, https://doi.org/10.5194/essd-15-2153-2023, 2023.

Rahmati, O., Zeinivand, H., and Besharat, M.: Flood hazard zoning in Yasooj region, Iran, using GIS and multi-criteria decision analysis,
Geomatics, Natural Hazards and Risk, 7(3), 1000-1017, https://doi.org/10.1080/19475705.2015.1045043, 2016.

Rentschler, J., Avner, P., Marconcini, M., Su, R., Strano, E., Vousdoukas, M., and Hallegatte, S.: Global evidence of rapid urban growth in
flood zones since 1985, Nature, 622, 87-92, https://doi.org/10.1038/s41586-023-06468-9, 2023.

Riahi, K., van Vuuren, D. P., Kriegler, E., Edmonds, J., O’Neill, B. C., Fujimori, S., Bauer, N., and co authors: The Shared Socioeconomic
Pathways and their energy, land use, and greenhouse gas emissions implications: An overview, Global Environmental Change, 42, 153—
168, https://doi.org/10.1016/j.gloenvcha.2016.05.009, 2017.

Romero-Lankao, P., Hughes, S., Rosas-Huerta, A., Borquez, R., and Gnatz, D. M.: Institutional Capacity for Climate Change Responses: An
Examination of Construction and Pathways in Mexico City and Santiago, Environment and Planning C: Government and Policy, 31(5),
785-805, https://doi.org/10.1068/c12173, 2013.

Roy, S., Bose, A., and Chowdhury, I. R.: Flood risk assessment using geospatial data and multi-criteria decision approach: a study from histor-
ically active flood-prone region of Himalayan foothill, India, Arabian Journal of Geosciences, 14(11), 999, https://doi.org/10.1007/s12517-
021-07324-8, 2021.

Ruffault, J., Curt, T., Moron, V., Trigo, R. M., Mouillot, F., Koutsias, N., Pimont, F., Martin-StPaul, N., Barbero, R., Dupuy, J.-L., Russo,
A., and Belhadj-Khedher, C.: Increased likelihood of heat-induced large wildfires in the Mediterranean Basin, Scientific Reports, 10(1),
13790, https://doi.org/10.1038/s41598-020-70069-z, 2020.

28



705

710

715

720

725

730

735

740

Saaroni, H., Ziv, B., Lempert, J., Gazit, Y., and Morin, E.: Prolonged dry spells in the Levant region: climatologic-synoptic analysis, Interna-
tional Journal of Climatology, 35(9), 2223-2236, https://doi.org/https://doi.org/10.1002/joc.4143, 2015.

Saaty, T. L.: What is the Analytic Hierarchy Process? Mathematical Models for Decision Support., Berlin, Heidelberg, 1988.

Seibert, J., McDonnell, J. J., and Woodsmith, R. D.: Effects of wildfire on catchment runoff response: a modelling approach to detect changes
in snow-dominated forested catchments, Hydrology Research, 41(5), 378-390, https://doi.org/10.2166/nh.2010.036, 2010.

Shakesby, R. A.: Post-wildfire soil erosion in the Mediterranean: Review and future research directions, Earth-Science Reviews, 105(3),
71-100, https://doi.org/10.1016/j.earscirev.2011.01.001, 2011.

Silva, B. F. d., Jelic, A., Lépez-Serna, R., Mozeto, A. A., Petrovic, M., and Barceld, D.: Occurrence and distribution of phar-
maceuticals in surface water, suspended solids and sediments of the Ebro River basin, Spain, Chemosphere, 85(8), 1331-1339,
https://doi.org/10.1016/j.chemosphere.2011.07.051, 2011.

Statista:  Gross domestic product (GDP) in current prices in Spain from 2008 to 2021 (in billion euros),
https://www.statista.com/statistics/469491/gross-domestic-product-gdp-in-spain/, 2022.

Sutanto, S. J., Vitolo, C., Di Napoli, C., D’Andrea, M., and Van Lanen, H. A. J.: Heatwaves, droughts, and fires: Exploring compound and
cascading dry hazards at the pan-European scale, Environmental International, 134, 105 276, https://doi.org/10.1016/j.envint.2019.105276,
2019.

Sword-Daniels, V., Eriksen, C., Hudson-Doyle, E. E., Alaniz, R., Adler, C., Schenk, T., and Vallance, S.: Embodied uncertainty: living with
complexity and natural hazards, Journal of Risk Research, 21(3), 290-307, https://doi.org/10.1080/13669877.2016.1200659, 2018.

Tabari, H., Hosseinzadehtalaei, P., Thiery, W., and Willems, P.: Amplified Drought and Flood Risk Under Future Socioeconomic and Climatic
Change, Earth’s Future, 9(10), e2021EF002 295, https://doi.org/10.1029/2021EF002295, 2021.

Terrado, M., Barceld, D., and Tauler, R.: Identification and distribution of contamination sources in the Ebro river basin by chemometrics
modelling coupled to geographical information systems, Talanta, 70(4), 691-704, https://doi.org/10.1016/j.talanta.2006.05.041, 2006.
Thanvisitthpon, N., Shrestha, S., Pal, 1., Ninsawat, S., and Chaowiwat, W.: Assessment of flood adaptive capacity of urban areas in Thailand,

Environmental Impact Assessment Review, 81, 106 363, https://doi.org/10.1016/j.eiar.2019.106363, 2020.

Turco, M., Llasat, M.-C., von Hardenberg, J., and Provenzale, A.: Climate change impacts on wildfires in a Mediterranean environment,
Climatic Change, 125(3), 369-380, https://doi.org/10.1007/s10584-014-1183-3, 2014.

Van Wagner, C. E.: Development and structure of the Canadian Forest Fire Weather Index System, Tech. Rep., 35, 37 pp, canadian Forest
Service, Ottawa, Canada, 1987.

Versini, P. A., Velasco, M., Cabello, A., and Sempere-Torres, D.: Hydrological impact of forest fires and climate change in a Mediterranean
basin, Natural Hazards, 66(2), 609-628, https://doi.org/10.1007/s11069-012-0503-z, 2013.

Wu, J., Chen, X., and Lu, J.: Assessment of long and short-term flood risk using the multi-criteria analysis model with the AHP-Entropy
method in Poyang Lake basin, International Journal of Disaster Risk Reduction, 75, 102 968, https://doi.org/10.1016/j.ijdrr.2022.102968,
2022.

Wu, M., Knorr, W., Thonicke, K., Schurgers, G., Camia, A., and Arneth, A.: Sensitivity of burned area in Europe to climate change, atmo-
spheric CO2 levels, and demography: A comparison of two fire-vegetation models, Journal of Geophysical Research: Biogeosciences,
120(11), 2256-2272, https://doi.org/10.1002/2015JG003036, 2015.

Zhang, D., Shi, X., Xu, H., Jing, Q., Pan, X., Liu, T., Wang, H., and Hou, H.: A GIS-based spatial multi-index model for flood risk assessment
in the Yangtze River Basin, China, Environmental Impact Assessment Review, 83, 106 397, https://doi.org/10.1016/j.eiar.2020.106397,
2020.

29



Zio, E.: On the use of the analytic hierarchy process in the aggregation of expert judgments, Reliability Engineering & System Safety, 53(2),
127-138, https://doi.org/10.1016/0951-8320(96)00060-9, 1996.

30



