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Abstract. Since 1990, natural hazards have led to over 1.6 million fatalities globally, and economic losses are estimated at an
average of around $260-310 billion per year. The scientific and policy community recognise the need to reduce these risks. As
a result, the last decade has seen a rapid development of global models for assessing risk from natural hazards at the global
scale. In this paper, we review the scientific literature on natural hazard risk assessments at the global scale, and specifically
examine whether and how they have examined future projections of hazard, exposure, and/or vulnerability. In doing so, we
examine similarities and differences between the approaches taken across the different hazards, and identify potential ways in
which different hazard communities can learn from each other. For example, we show that global risk studies focusing on
hydrological, climatological, and meteorological hazards, have included future projections and disaster risk reduction measures
(in the case of floods), whilst these are missing in global studies related to geological hazards. The methods used for projecting
future exposure in the former could be applied to the geological studies. On the other hand, studies of earthquake and tsunami
risk are now using stochastic modelling approaches to allow for a fully probabilistic assessment of risk, which could benefit
the modelling of risk from other hazards. Finally, we discuss opportunities for learning from methods and approaches being
developed and applied to assess natural hazard risks at more continental or regional scales. Through this paper, we hope to
encourage dialogue on knowledge sharing between scientists and communities working on different hazards and at different

spatial scales.
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1. Introduction

The risk caused by natural hazards is extremely high and increasing. Since 1990, reported disasters have led to over 1.6 million
fatalities globally, and economic losses are estimated at an average of around $260-310 billion per year (UNDRR, 2015a). The
need to reduce the risk associated with natural hazards is recognised by the international community, and is at the heart of the
Sendai Framework for Disaster Risk Reduction (Sendai Framework; UNDRR, 2015b). The Sendai Framework adopts the
conceptualisation of disaster risk as the product of hazard, exposure, and vulnerability. The hazard refers to the hazardous
phenomena itself, such as a flood event, including its characteristics and probability of occurrence; exposure refers to the
location of economic assets or people in a hazard-prone area; and vulnerability refers to the susceptibility of those assets or
people to suffer damage and loss (e.g. due to unsafe housing and living conditions, or lack of early warning procedures).
Reducing risk is also recognised as a key aspect of sustainable development in the Sustainable Development Goals (SDGS)
and the Paris Agreement on climate change.

Managing disaster risk requires an understanding of risk and its drivers, from household to global scales. This includes an
understanding of how risk may change in the future, and how that risk may be reduced through disaster risk reduction (DRR)
efforts. A global scale understanding of disaster risk is important for identifying regions most at risk, providing science-based
information for DRR advocacy, and assessing the potential effectiveness of DRR solutions. Efforts to assess and map natural
hazard risk at the global scale have been ongoing since the mid 2000s, starting with the Natural Disaster Hotspots analysis of
Dilley et al. (2005). This was followed by the global risk assessments for an increasing number of natural hazards in the
biennial Global Assessment Reports (GARs) of the United Nations Office for Disaster Risk Reduction (UNDRR) (UNDRR,
2009, 2011, 2013, 2015a, 2017).

At the same time, there have been increasing efforts in the scientific community to develop global methods to assess the
potential risks of natural hazards at the global scale, in order to inform (inter)national decision-makers. In 2012, the session
Global and continental scale risk assessment for natural hazards: methods and practice was established at the General Assembly
of the European Geosciences Union, in order to bring together people and institutes working on large scale risk assessment
from different disciplinary communities. The session has been held each year since 2012, leading to the current special issue
in Natural Hazards and Earth System Sciences. One of the enduring themes of these sessions has been assessing future natural
hazard risk. In Figure 1, we show the percentage of abstracts accepted to this session each year that explicitly mentions
examining future projections of risk based on future scenarios of hazard, exposure, or vulnerability projections. The number
of abstracts dealing with future scenarios of hazard and exposure is much higher than those dealing with future scenarios of
vulnerability. Over the eight year period that the session has run, scenarios of future hazards have been the most common

aspect amongst those abstracts dealing with future risk projections.

Figure 1
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In this paper, we review the scientific literature on natural hazard risk assessments at the global scale, and specifically examine
whether and how they have examined future projections of hazard, exposure, and/or vulnerability. In doing so, we examine
similarities and differences between the approaches taken across the different hazards, thereby identifying potential ways in
which different hazard communities can learn from each other whilst acknowledging the challenges faced by the respective
hazard communities. First, we review the scientific literature for each natural hazard risk individually. Second, we compare
and contrast the state of the art across the different hazard types. Third, we conclude by discussing future research challenges

faced by the global risk modelling community, and several opportunities for addressing those challenges.

2. Review of literature per hazard type

In this section, we review scientific literature on global scale natural hazard risk assessments. We limit the review to those
studies that have used a spatial representation of the risk elements. Therefore, we do not include studies that use global (or
continental) damage functions to directly translate from a global stressor (e.g. global temperature change) to a loss, or studies
that solely use normalisation methods to assess trends in past reported losses. The results are presented for major natural
hazards, including those that have been modelled for the UNDRR Global Assessment Reports.

In carrying out the review, we focus on the aspects described in the bullets below. For each of the reviewed studies, the
information across these aspects is summarised in Table 1.

o Risk elements: we indicate whether hazard, exposure, and vulnerability are explicitly represented in the study. If so,
we indicate whether these are represented in a static or dynamic nature over time. By static, we mean that no future
projections are included (i.e only current representation is used), and by dynamic we mean that future projections are
included. In the table, no representation is shown in white, static in orange, and dynamic in green.

e Resolution of risk elements: we indicate the spatial resolution at which each risk element is represented.

e Risk indicators: we show the indicators used to express the risk.

e Future DRR measures: we indicate whether the study explicitly represents future DRR measures in its modelling
framework, and if so we indicate whether these are related to structural, nature-based, or non-structural measures. We
also indicate whether the costs of these measures are assessed, and whether the impact of human behaviour on their
effectiveness is assessed.

e Risk analysis: we indicate the type of risk assessment that was carried out. We have classed these as either non-
probabilistic (NP) or probabilistic (P). By probabilistic, we mean that expected annual impacts are assessed either by
integrating across return periods or based on a probabilistic stochastic event set. We also indicate whether the risk
assessment represents hazard using stochastic event sets (S), return period maps (R), maps of yearly (YY) or monthly
(M) hazard, past events (PE), or the radius around a specific volcano (V). We also indicate the time horizon reported
in the study, and the resolution at which the risk analysis is carried out, and the geographical scale to which the results

are aggregated.



105

110

115

120

125

130

135

https://doi.org/10.5194/nhess-2019-403
Preprint. Discussion started: 16 December 2019
(© Author(s) 2019. CC BY 4.0 License.

In the following subsections, each hazard is reported individually.

Table 1
2.1. Floods
2.1.1. River floods

A relatively large number of studies have been carried out to assess global risk from river floods. A description of each study
and main findings can be found in the Supplementary Information. These studies are summarised in this section, and details
of the reviewed aspects for each study are shown in Table 1.

Dilley et al. (2005) was the first study to overlay regions that had been affected by large floods between 1985-2003 with
population data. Guneralp et al. (2015) used the same data to map potential changes in urban areas in flood-prone regions.
However, the flood maps used only provide a general impression of regions affected by floods, but not necessarily actual
inundated areas, and are therefore not included in Table 1. The earliest assessments of future river flood risk examine changes
in the number of people experiencing discharge flows of different magnitudes, at coarse resolutions ranging from 0.5° x 0.5°
to ‘large river basins’ (Kleinen and Petschel-Held, 2007; Hirabayashi and Kanage, 2009; Arnell and Lloyd-Hughes, 2014; Arnell
and Gosling, 2016). Whilst the numbers differ greatly between studies, they all reveal large increase throughout the 20th
century.

Since then, river flood risk modelling has progressed to examine flood hazard based on modelled inundation maps at
resolutions varying from 30” x 30” to 2.5° x 2.5°. Several early studies only examined current risk (Ward et al., 2013; UNDRR,
2015a) or examined either dynamic hazard (Hirabayashi et al., 2013; Alfieri et al., 2017; Willner et al., 2018) or dynamic
exposure (Jongman et al., 2012). Several of the most recent studies have used dynamic projections of both hazard and exposure
(Winsemius et al., 2016; Ward et al., 2017; Dottori et al., 2018), whilst Jongman et al. (2015) also added dynamic vulnerability.
In terms of hazard modelling, there has been a clear movement from the coarse resolution maps of extreme discharge to
approaches using inundation maps of different return periods, whereby probabilistic risk is also assessed. There has been an
overall shift from coarse exposure maps (0.5° x 0.5° to ‘large river basins’) of population only, to higher resolution maps with
population, GDP, and land use. This has accompanied a transition from addressing affected people only, to moving towards a
broader range of risk indicators, including direct damage and, in the case of Dottori et al. (2018), also indirect damage. In most
studies where vulnerability has been considered, this has been done by using (one or a limited number of) intensity-damage
functions (IDFs), namely depth-damage functions, whilst Jongman et al. (2015) and Dottori et al. (2018) have also used
vulnerability ratios. The only study to develop dynamic vulnerability scenarios is that of Jongman et al. (2015).

There has also been a clear shift from studies using non-probabilistic approaches focusing on impacts in a given year or time-
period, or on one or several discrete return period, to approaches using a probabilistic approach. The latter studies have
integrated impacts across a range of return periods to estimate risk in terms of expected annual impacts. To date, none of the

global scale studies use probabilistic stochastic event sets.
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Planned future DRR measures have only been considered in the studies of Winsemius et al. (2016), Ward et al. (2017), and
Willner et al. (2018), and only through structural measures. Of these studies, only Ward et al. (2017) assesses the associated
costs and benefits. No studies to date have assessed behavioural aspects of future DRR measures. All studies project huge
increases in future absolute risk, assuming no future DRR measures, on the order of hundreds to thousands of percent
depending on indicator, scenario, time-periods, and study. However, the increases are significantly lower when expressed
relative to population and/or GDP. Moreover, the more recent papers that include either change in vulnerability or future DRR
measures show that much of the projected future risk could be reduced if effective DRR measures are taken, often with the

benefits of these exceeding the costs.

2.1.2. Coastal floods

As with river floods, a relatively large number of studies have been carried out to assess global risk from coastal floods. Details
of each study can, therefore, be found in the Supplementary Information, and they are summarised in this section and in Table
1.

Pioneering work on global coastal flood risk was performed in the Global Vulnerability Assessment for the Intergovernmental
Panel on Climate Change (IPCC) (Hoozemans et al., 1993). This study used empirical approaches to derive extreme sea levels
for four different return periods using co-variables such as wind and pressure climatologies and bathymetry. These were
combined with socioeconomic data and scenarios, as well as cost estimates for increasing protection standards to estimate
present day and future risk, as well as the costs of future DRR measures.

This method was extended in the European DINAS-COAST project, in which the Dynamic Interactive Vulnerability
Assessment model (DIVA) was developed. This model assesses coastal flood risks at a finer spatial resolution than Hoozemans
(1993) using coastal segments, whereby each segment represents a different coastal archetype (Vafeidis et al. 2008). In total,
12,148 coastal segments are defined, with the length of each section ranging from less than 1 to 5,213 kilometres, depending
on physical and socioeconomic conditions. For these segments, extreme sea levels were computed following Hoozemans et
al. (1993), and combined with biophysical and socioeconomic data along these coastal segments to enable assessment of risk
in terms of affected coastal area and population, population forced to migrate, as well as damage based on a single depth-
damage function. From the start, the DIVA model has explicitly represented the costs and benefits of future DRR measures,
since it was developed to assist climate adaptation studies. DIVA has been used in several studies at global scale, including
Hinkel and Klein (2009), Hinkel et al. (2010), and Hinkel et al. (2014) to assess risks under scenarios of sea level rise,
subsidence, and population growth, with several assumptions on future DRR measures. It has also been used by Hallegatte et
al. (2013) to assess coastal flood risk and the costs and benefits of structural DRR measures in major coastal cities by 2050.
Jongman et al. (2012) used extreme sea level estimates from the DIVA studies to produce a gridded inundation map for a 100
year flood. Using this, they assessed the increase in risk during the 21st century as a result of change in exposure only. More
recently, Schuerch et al. (2018) modified DIVA to perform a more comprehensive assessment of coastal wetland responses to

climate change globally. Combined, the aforementioned studies show that in general risk will increase by a large amount
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throughout the 21st century if no future DRR measures take place. The costs of implementing future DRR measures are large,
but are far smaller than the benefits gained by their risk reducing effect.

The previous studies all use the extreme sea levels from the original DIVA model. Fang et al. (2014) present the first gridded
analysis of current flood risk in terms of affected people and affected GDP. Not until 2013 were the extreme sea levels in
coastal flood risk studies improved through hydrodynamic modelling. Muis et al. (2016) made the dynamic Global Tide and
Surge Reanalysis (GTSR) - the first of its kind - using the physically-based global coverage Global Tide and Storm surge
Model (GTSM). GTSR was validated against sea level observations world-wide and compared against the previously used
extreme sea levels within DIVA. GTSR represents extreme sea levels much better than the previously used extreme sea levels.
Muis et al. (2016, 2017) used these new extreme sea levels to estimate the population exposed to a 100 year return period
flood, and found the global numbers to be about 28% lower than those using the previously used extreme sea levels. Recent
work by Hunter et al. (2017) used the approach of Hallegatte et al. (2013) to assess flood risk in global cities, but using extreme
sea levels derived from tide gauges. They find that the original extreme sea levels are overestimated compared to observations,
and that average annual damages are about 30% lower using observations.

Several recent studies have examined new avenues for examining coastal risk. Beck et al. (2018) estimate the global flood
protection savings that can be provided by coral reefs. Vafeidis et al. (2019) investigate the uncertainty introduced to global
coastal risk modelling by the flood attenuation land inwards. They show that the uncertainties in attenuation are similar in size
to the uncertainties in sea level rise, suggesting this is an important future research direction.

From the outset, coastal flood risk assessments have been forward-looking, since the original studies were developed to assist
climate adaptation studies. The use of future hazard and exposure scenarios is therefore widespread, as is the assessment of
the costs and benefits of DRR measures, both structural and nature-based. Vulnerability has been included in many of the
DIVA studies, dynamic vulnerability scenarios have not been developed. Several recent studies have focused more on current
risk, using the newer datasets on extreme sea levels. Recently, a number of studies have assessed risks at a 30” x 30” gridded
resolution, moving towards a higher spatial resolution compared to the studies carried out using the DIVA model. Coastal
flood risk studies have either assessed impacts for a single return period, or have assessed probabilistic risk by aggregating
across several return periods. As with river floods, to date none of the global scale studies use probabilistic stochastic event

sets.

2.1.3. Pluvial floods

To the best of our knowledge, the scientific literature does not contain any examples of global scale pluvial flood risk
assessments, i.e. flooding caused by intense rainfall that exceeds the capacity of the drainage system. Pluvial flooding is most
commonly assessed using flood models for a small area (e.g. city or even part of a city) that generate data on depth and velocity
of surface water associated with rainfall events of different intensities. Guerreiro etal. (2017) did develop a modelling approach
to assess pluvial flood hazard for 571 cities at the continental scale in Europe. The paper outlines some of the key challenges

in such a continental approach, which would be amplified for a potential global scale application. These include: difficulties

6



205

210

215

220

225

230

https://doi.org/10.5194/nhess-2019-403
Preprint. Discussion started: 16 December 2019
(© Author(s) 2019. CC BY 4.0 License.

in obtaining the required hourly rainfall records; low resolution of continental to global Digital Elevation Models (DEMs)
compared to those typically used for pluvial flood models; and the lack of data to represent local sewer systems, building
shapes, and infiltration in local green spaces. Opportunities to collect such data lie in high resolution remote sensing and data
science (Schumann and Bates, 2018), but also in local crowd sourced methods such as community mapping (Winsemius et al.,
2019), which is a promising avenue particularly in strongly growing urban centres in developing countries. Guerreiro et al.
(2017) demonstrate that current modelling capabilities and requisite computing power make large scale pluvial flood hazard

assessment a possibility, if these data challenges can be overcome.

2.2. Tropical cyclones

Several studies on tropical cyclone (TC) risk have been carried out at the global scale, using various methods (Table 1). Peduzzi
et al. (2009) assess current TC risk hotspots, expressed in terms of expected number of fatalities per year per country. Hazard
is represented by computing buffers along individual TC tracks between 1980-2000, where wind speed exceeds a threshold of
42.5 m/s. The tracks are taken from the the PreView Global Cyclones Asymmetric Windspeed Profile dataset. The average
cyclone frequency per cell is determined by taking the spatial extents of individual cyclones (5km x 5km), and averaging the
frequency over the entire period. Exposure is represented by population and GDP per capita (5km x 5km); taken from GRID
and the World Bank, respectively. Vulnerability is represented using a selection of 32 socioeconomic and environmental
variables. Since the results are only for current conditions, future DRR measures are not accounted for.

Cardona et al. (2014) also assess current risk from TCs in the current time-period. They express risk in terms of economic
damage (average annual loss and probable maximum loss for fixed return period of 250 years) by combining data on hazard,
exposure, and vulnerability within the CAPRA Platform Risk Calculator (www.ecapra.org). Hazard is represented by maps of
wind speed for different return periods at a horizontal resolution of 1km x 1km. These are derived from a stochastic set of
wind fields, calculated using a model forced by historical observations of TCs from the IBTrACS v02r01 dataset (Knapp et
al., 2010). Exposure is represented using the common dataset of the GAR 2015, in which it is represented as a group of
buildings in each point or cell of analysis with a resolution of 5km x 5km. Vulnerability is represented by IDFs relating
maximum wind velocity sustained for five seconds gusts at ten metres above ground level (Yamin et al., 2014). Since the
results are only for current conditions, future DRR measures are not included. In the paper, rankings of national level risk are
shown.

Fang et al (2015) assess the global population and GDP at risk from TC winds in the current period. To represent hazard, they
develop a 6-hourly TC track database up to 2012 using CMA-track (Ying et al 2014), HURDAT, (Landsea and Franklin 2013)
and IBTrACS (Knapp et al., 2010). To convert the gust wind to sustained wind speed, a gust factor model is applied. Next, a
Gumbel distribution is fitted to all grid cells (30” x 30”) with more than 20 TC events to calculate wind speeds at several return
periods. Exposure is represented using gridded population data at a resolution of 30” x 30” from LandScan 2010 from ORNL,
and is represented using gridded GDP data at a resolution of 0.5 °x 0.5° from the Greenhouse Gas Initiative (GGI) dataset of

IIASA for 2010. Vulnerability is not accounted for, and since the study only examines current risk, no future DRR measures
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are included. They find that China has the highest expected annual affected population and GDP, and the top 10% of countries
are largely in Asia.

Peduzzi et al. (2012) assess risk from TCs over the period 1970-2009, with projections of future risk to 2030 based on
projections of increased exposure only. Hazard is represented by maps showing TC frequency and maximum intensity for
events between 1970 and 2009 at a horizontal resolution of 2km x 2km. The dataset is derived from a TC model of wind speed
profiles using a parametric Holland model (Holland, 1980), which is forced using historical observations of TCs from the
IBTrACS v02r01 dataset (Knapp et al., 2010). Exposure is represented by gridded maps of population and GDP at a horizontal
resolution of 30” x 30”. Current population data are taken from LandScan 2008 (LandScan, 2008) and current GDP data are
taken from data from the World Bank. They are both extrapolated to each decade from 1970 to 2030, based on UNEP country
data. Vulnerability is represented using different country level parameters relating to the economy, demography, environment,
development, early warning, governance, health, education, and remoteness. These are used to calculate exposed GDP, affected
population, and mortality risk per country for each year between 1970-2030. Future DRR measures are not included. The
average population exposed to TCs per year is projected to increase by 11.7% by 2030, with about 90% of this increase in
Asia. In relative terms, the largest increase in risk is in Africa.

Mendelsohn et al. (2012) assess TC risk using future scenarios of hazard, exposure, and vulnerability. Risk is expressed in
terms of direct damage, and the damage pertains to storm surge, wind, and freshwater flooding, without distinguishing between
the three sources. Hazard is represented by TC landfall locations and intensity from a synthetic dataset of TC tracks, simulated
using the model of Emanuel et al. (2008). The TC model is seeded with climate data from four GCMs: CNRM-CM3, ECHAM-
5, GFDL-CM2.0, and MIROC-3.2, for both the current period (1981-2000) and future period (2081-2100) under the SRES
Alb emissions scenario; sea level rise is not accounted for. The damage per storm is calculated using a statistical damage
function per county in the USA or per country for the rest of the world. The damage function uses population density to
represent exposure, and income as an indicator of vulnerability. Current exposure and income data are used per county for the
USA and per country for other regions. Future projections of population per country are taken from the World Bank (2010),
and future projections of GDP per country are based on long-term growth rates for three income groups. Probabilistic risk is
expressed as direct damage per year, based on the damages from the stochastic storm tracks. Future DRR measures are not
included. The main findings are an increase in global damage of ~115% by 2100 due to changes in population and income,
with approximately a further doubling due to climate change.

In summary, several studies have examined the risk from TCs at the global scale. Most have only considered current conditions,
except Peduzzi et al. (2009) (change in exposure) and Mendelsohn et al. (2012) (changes in hazard, exposure, vulnerability).
A defining aspect of a TC hazard is that it is composed of wind, precipitation, and storm surge. However, the current studies
to date do not explicitly model all of these aspects. At present there are no methods available to parametrically model 2D
precipitation fields from TCs in the same way that wind fields are parametrically modelled using the Holland Model (Holland

1980). A large range of different approaches have been used for defining and modelling both the hazard and risk. Mendelsohn
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et al. (2012) and Cardona et al. (2014) express risk in probabilistic terms. Mendelsohn et al (2012) is the only study to use a
synthetic TC dataset, whilst the other studies use historical TC events to construct the hazard.

2.3. Hazards associated with severe convective storms

Perils associated with severe convective storms (SCS), such as large hail, heavy rainfall, strong wind gusts, or tornadoes, are
among the most important perils in several regions of the world (Christian et al., 2003; Virts et al., 2013; Cecil et al., 2014).
Of all SCS-related hazards, hail causes the largest economic damage (Kunz and Geissbuehler, 2017). However, the modelling
of SCS risk is still in its infancy (Allen et al, 2016; Martius et al., 2018). As a result, there are currently no global risk models
available for these SCS events or their sub-perils (hail, wind gusts, tornadoes, heavy rain, lightning), nor are efforts being made
in this direction.

However, as insurance companies have to either provide the solvency capital for rare events (e.g. 200-year return period event
according to the EU Solvency Il directive in Europe) or have to reinsure their risk, there is a growing and large demand to
better estimate the risk related to the different SCS sub-perils in a scientific manner (Allen et al., 2019). The few existing
models owned by the insurance market quantify the risk mainly on a regional (e.g., Schmidberger, 2018a), national, or
continental level (e.g., Punge et al., 2014). These models are not freely available and the literature is scarce. Initial loss
estimates in the insurance industry were based on mathematical analyses of the company's own damage data and portfolio. As
more and more data on SCS events and their sub-perils have become available during the last decade, an increasing number
of damage and risk models for SCS have been developed either by insurance companies or by companies developing
catastrophe models (CAT models). The CAT models consider basic hazard characteristics (e.g. length, width, angle of the
footprints of sub-perils) and intensity metrics (e.g. hailstone size, hail kinetic energy, precipitation amount, max. wind speed)
of an underlying event set and quantify the damage for a certain portfolio (exposure data) via fragility curves, a kind of IDF.
Due to the restricted record length of SCS hazard event sets, stochastic simulations based on, for example, statistical
distributions of the relevant input parameters in combination with Markov or Poisson processes are performed (e.g. Punge et
al., 2014; Holmes, 2015; Ritz, 2017; Schmidberger, 2018a,b). In some cases, the CAT models also consider atmospheric
conditions relevant for SCS development. None of the insurance models consider projected changes in the frequency and

severity of SCS due to climate change.

2.4. Droughts

A relatively large number of studies have been carried out to assess global risk from droughts. Therefore, these are summarised
in this section and in Table 1, and further elaborated upon in Supplementary Information. Here, we focus specifically on
drought risk, rather than water scarcity. Drought itself is a difficult concept to define, and as a result more than 150 indices
have been developed for its identification over the past decades. Commonly, drought as a hazard us defined as a relative
concept, mostly as a deficit to normal e.g. when such drought indices fall below/exceed a given threshold. Nevertheless, since

drought is a complex hazard which propagates from a rainfall deficit (meteorological drought), to soil moisture drought to
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hydrological drought, variety of corresponding impacts may results with regard to the different types of drought, as well as
underlying socio- economic and ecological conditions. Hence, since a universal of drought seems impracticable, a paradigm
shift towards a definition of drought by its impacts has been recommended (Lloyd-Hughes 2014).

The multifaceted aspects of drought are reflected in the large range of risk indicators used in the studies described below, as
well as the very diverse range of approaches and datasets used to represent hazard, exposure, and vulnerability. The studies
described below neither explicitly include future DRR measures, nor assess risk in a probabilistic sense.

Dilley et al. (2005) is one of the first to conduct a global scale assessment of drought risk, overlaying layers of hazard (Weighted
Anomaly of Standardized Precipitation; WASP) and exposure (population, GDP, road density) information at a relatively
coarse resolution of 2.5° x 2.5° for the current time period. They assess risk in terms of affected GDP, population, roads, and
infrastructure. Christenson et al. (2014) build on the drought risk assessment of Dilley et al. (2005), by making a further
distinction between the type of population exposed (i.e. urban or rural). Neither of the aforementioned studies assess
vulnerability. The studies of Yin et al. (2014) and Carr&o et al. (2016) do include vulnerability (as well as hazard and exposure),
and also calculate risk at a higher spatial resolution of 0.5° x 0.5°. Yin et al. (2014) express risk in terms of maize yield, and
represent vulnerability by fitted logistic regressions between historical maize crop loss estimates and simulations of drought
stress. Drought hazard is represented as the normalised cumulative water stress index during the growing season, and exposure
is represented by a map of fields and maize yield. Carrédo et al. (2016) assess risk using a drought index integrating several
factors. Vulnerability is represented in the form of proxies of economic, social, and infrastructural vulnerability, at resolutions
from 5° x 5’ to country scale. Hazard is represented by WASP, whereby a drought is identified when the monthly precipitation
deficit is less than or equal to 50% of its long-term median value for three or more consecutive months. Exposure is represented
by gridded maps of agricultural land, population, and livestock. On the basis of their results, Carrdo et al. (2016) state that a
reduction in drought risk could be rapidly achieved by improved irrigation and water harvesting in regions where infrastructural
vulnerability is high.

Several studies assess future drought risk, as a result of either hazard, or hazard and exposure. The forward-looking studies
below all use a horizontal resolution of 0.5° x 0.5°, except for that of Smirnov et al. (2016), where a resolution of 2° x 2° is
used. The majority of these studies do not include vulnerability (Arnell et al., 2013; Smirnov et al., 2016; Arnell et al., 2018;
Liu et al., 2018), whilst Li et al. (2009) and Guo et al. (2016) do include vulnerability, but only under current conditions.

Li etal. (2009), Arnell et al. (2013), and Guo et al. (2016) perform future simulations by projecting changes in hazard only for
different time slices up to the end of the 21st century, as a result of climate change. As with the current drought risk studies,
the risk, hazard, exposure, and vulnerability are represented using very diverse metrics. All assess risk in terms of agricultural
impacts, although the metric used is different in all cases. Hazard is represented by the Palmer Drought Severity Index (PDSI),
Standardised Precipitation Index (SPI), namely SPI-12, and normalised cumulative water stress index respectively, whereby
different thresholds are used to identify hazardous drought conditions. Representation of exposure is diverse, but shows some

similarities across the studies, being represented either by data on crop yields, cropland/field areas, or a combination of both.
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Vulnerability is included in very different ways; the proportion of area equipped for irrigation per country in Li et al. (2009)
and proxies of economic, social and infrastructural vulnerability in Guo et al. (2016).

Smirnov et al. (2016), Arnell et al. (2018), and Liu et al. (2018) add a layer of complexity in their future drought risk
assessments by including projections of change in exposure as well as hazard, although vulnerability is not included in these
studies. Risk is expressed in terms of the population affected in all of the studies, as well as cropland area affected by Arnell
et al. (2018). Again, the indicators used to represent hazard are very diverse: Standardised Precipitation Evapotranspiration
Index (SPEI), namely SPEI-24; Standardised Runoff Index (SRI); and PDSI respectively. Since they all assess the population
affected by drought, they all use gridded population projections for the current and future time period, with Arnell et al. (2018)
additionally using crop data.

As a result of the wide range of risk indicators and approaches used, estimates of global drought risk vary significantly from
study to study. Nevertheless, all studies find a robust increase in future drought risk due to changes in both climate and

socioeconomic conditions.

2.5. Wildfire

Wildfire is increasingly understood as being an inherently socio-natural phenomenon with feedbacks between society,
vegetation, fire weather, and climate (Riley et al., 2019). However, global wildfire risk is a particularly understudied area of
disaster risk assessment. This may be due to a focus on global burnt area products to provide input to global climate modelling
as a significant source of emissions (Giglio et al., 2009; GCOS, 2011; Chuvieco et al., 2016) rather than a disaster risk
emphasis. It is also due to the large degree of complexity with interactions between natural and human processes driving
occurrence and intensity of wildfires as well as exposure and vulnerability to them.

In the studies reviewed below, DRR measures are not explicitly accounted for in the modelling frameworks. This is largely
due to uncertainty in human actions - continued ability to manage fuel and suppress fires under different climatic conditions
and increased sprawl into wildland-urban-interface (WUI) areas; and on regime changes in weather and vegetation making
previously non-hazardous vegetation areas susceptible to fire, especially with increased logging and fragmentation, particularly
in tropical areas (Laurance and Williamson, 2001; Flannigan et al., 2009; Corlett, 2011; Jolly et al., 2015). Significant steps
forward could be made by examining interactions between vegetation, weather, climate, and human activities that cause
wildfires.

Meng et al. (2015) map forest wildfire risk globally under current conditions only. Risk is expressed in terms of forest area
burnt for different return periods at a resolution of 0.1° x 0.1°, but are not integrated to estimates of probabilistic risk. Hazard
is represented as annual forest wildfire occurrence based on historical data from MODIS satellite imagery (0.1° x 0.1°). The
short historical time series of wildfire occurrence (12 years) required the use of fuzzy mathematics to allow for the calculation
of different return periods of forest wildfire (Huang, 1997; Huang, 2012). Exposure is represented by the area of forest
(representing economic value), using land cover data at 0.1° x 0.1°. Vulnerability is modelled as a function derived from fire

occurrence versus burnt area, whereby a cell with high vulnerability indicates that a small number of fires can cause a large
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amount of burnt area, with the inverse being true for low vulnerability. The results show highest risk in central Africa, central
South America, north-western Southeast Asia, mid-eastern Siberia, and the northern regions of North America. High risk can
also be seen eastern Australia, Laos, Cambodia, Thailand, Bangladesh, eastern Russia, and the borders of Zambia, Angola and
Democratic Republic of Congo. Risk results from Meng et al. (2015) are used in Shi et al. (2015) as part of a multi-hazard
global risk assessment. In this study, impacts are integrated across return periods to estimate probabilistic risk. However, the
results are aggregated across eleven different hazards, so the risk attributed to wildland fire cannot be identified.

Cao et al. (2015) is a similar study to Meng et al. (2015), but presents results for grassland wildfire risk at a resolution of 1km
x 1km. The analysis is carried out for current conditions, expressing risk as average impacts per year over 2000-2010. Hazard
is calculated based on probability of ignition, slope and vegetation properties (calculated from MODIS data) (1km x 1km). A
logistic regression model is developed using these properties and historical burnt area records to model the probability of
grassland burning. Exposure is based on the assumption that the primary impact of grassland fires is on the stock industry,
which is dependent on available biomass from grassland. Therefore global net primary product (NPP) (1km x 1km) is used as
the proxy for exposed value for grassland wildfire. Vulnerability is the probability of fire spread or propagation and contributes
to the calculation of probability of grassland burning. The key results show that the areas of highest risk are in Australia, Brazil,
Mozambique, Madagascar, United States of America, Russia, Kazakhstan, China, Tanzania, Canada, Angola, South Africa,
Venezuela, Argentina, Nigeria, Sudan and Colombia. Again, the results are used in Shi et al. (2015) as part of a multi-hazard
global risk assessment.

Knorr et al. (2016) present wildfire risk for 1901 to 2005 and then to 2100 using Representative Concentration Pathways
(RCPs) and Shared Socioeconomic Pathways (SSPs) to project hazard and exposure. Risk is expressed in terms of affected
people and burnt area per year at a resolution of 1° x 1°. Hazard is modelled by coupling a semi-empirical fire model, SIMFIRE
(Knorr et al., 2014) with a global dynamic land ecosystem and biogeochemical model LPJ-GUESS (Ahlstrom et al., 2012).
This produces hazard metrics of fractional burnt area per year. The coupling with LPJ-GUESS allows vegetation and weather
factors to update, with SIMFIRE providing annual updates on fire frequency per grid cell. The hazard modelling is driven
using RCP4.5 and 8.5 data for monthly mean precipitation, temperature and radiation from CMIP5. Exposure is represented
by population under SSP 2, 3 and 5, although this does not include changing rates of population splits between urban and rural
areas, which is an important factor for future interactions with wildfire. Vulnerability and DRR measures are not explicitly
considered, although population density is a factor within SIMFIRE accounting for the idea that generally increasing
population will suppress wildfires. Under the future scenarios, there is a significant increase in the number of people in fire
prone areas between 1971-2000 and 2071-2100: between 23% and 56% for RCP 4.5, and 25% and 73% for RCP 8.5, averaged
across SSPs.

2.6. Earthquakes

A relatively large number of studies have been carried out to assess global risk from earthquakes. Therefore, these are

summarised in this section and in Table 1, and elaborated on in Supplementary Information. Several global assessments have
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used index-based methods based on overlays to assess global earthquake risk, and are not explicitly discussed in this review.
All of the studies reviewed in Table 1 explicitly include hazard, exposure, and vulnerability, although none of them carry out
future projections of risk.

One of the first global earthquake risk models to go beyond this approach is that of Chan et al. (1998), which examines direct
damage via macroeconomic indicators to derive global seismic loss at the relatively coarse scale of 0.5° x 0.5°. The study of
Dilley et al. (2005) also uses hazard data based on past events (based on the Richter scale), but in addition uses 50 year return
period hazard maps from the Global Seismic Hazard Program (GSHAP). The resolution of the risk analysis is higher, at 2.5’
x 2.5°, and a wider range of impact indicators is used (affected population, affected GDP, affected road and rail infrastructure,
and fatalities). Global studies at a higher resolution of 1km x 1km were performed by Jaiswal and Wald (2010, 2011). These
two studies essentially use the same approach, but the former assesses risk in terms of affected people and fatalities, whilst the
latter also assesses risk in terms of direct economic damage and affected GDP. Hazard is represented by shakemaps of intensity
from past events at a resolution of 1km x 1km.

Daniell (2014) and Daniell and Wenzel (2014) also assess global earthquake risk at 1km x 1km, whereby risk is expressed in
terms of direct and indirect damage, fatalities, affected people, and affected GDP, at a resolution of 1km x 1km. In this case,
hazard is represented by the spectral acceleration and/or macroseismic intensity (MMI) at each point, which is then rasterised
on a 1km x 1km grid for each event. None of the aforementioned studies assess risk probabilistically, instead calculating
impacts for past events or for a given return period.

Li et al. (2015) describe a global earthquake risk model using a probabilistic approach, in which the impacts are integrated
over several exceedance probabilities. Hazard is represented by peak ground acceleration (PGA) at 0.1° x 0.1° with conversion
to macroseismic intensity. Risk is expressed in terms of direct damage, fatalities, affected people, and affected GDP, at a
resolution of 0.5° x 0.5° for mortality and 0.1° x 0.1° for economic-social wealth.

From the GAR2013 onwards (UNDRR, 2013, 2015a, 2017), a probabilistic approach using stochastic hazard modelling has
been used in the GARSs. Risk, in terms of direct damages, is calculated stochastically at a country resolution; and expressed at
national scale in terms of Probable Maximum Loss and Annual Average Losses. Hazard is represented by spectral accelerations
at a resolution of 5km x 5km, using a stochastic event set of earthquakes around the world. The Global Earthquake Model
(GEM) (Silva et al., 2018) also uses stochastic event sets to produce probabilistic risk estimates in terms of economic damage
to buildings (1km x 1km).

Exposure data used in global earthquake models has generally increased in resolution from ~0.5° to ~1km, usually using
datasets such as gridded population and GDP. A defining feature of more recent global studies has been the use of capital stock
data (e.g. Daniell, 2014; Daniell and Wenzel, 2014; Silva et al., 2018). Vulnerability is represented in various ways, ranging
from empirical loss and fatality functions based on reported losses and fatalities, empirical fatality and loss ratios; and 1DFs
based on different building types.

13



435

440

445

450

455

460

https://doi.org/10.5194/nhess-2019-403
Preprint. Discussion started: 16 December 2019
(© Author(s) 2019. CC BY 4.0 License.

2.7. Tsunamis

As with other natural hazards, tsunami risk can be broken down into hazard, vulnerability and exposure. However, limited
empirical data on vulnerability and the computational burden of tsunami wave propagation simulations means that only a
limited number of studies have so far been developed, and most of them either have limited scope or resolution. Early risk
assessments at local scale from Berryman et al. (2005) and Grezio et al. (2012) use methods to estimate the inundation at low
resolution. The highest spatial resolution simulations have been carried out by Wiebe and Cox (2014) for parts of Oregon,
Jelinek et al (2012) for Cadiz in Spain, and De Risi and Goda (2017) for the Miyagi prefecture in Japan. Some models have
assessed risk in terms of fatalities, such as Tinti et al. (2008) or Okumura et al. (2017).

Lavholt et al. (2015) assess global risk in terms of direct damage, affected people, and fatalities at a resolution of 1km x 1km.
Risk is calculated probabilistically using stochastic event sets and a Probable Maximum Loss curve at 100, 500 and 1500 years,
as well as average annual losses. Risk is only assessed for current conditions, and therefore no DRR measures are included.
Hazard is represented in terms of inundation depth at a resolution of 90m x 90m. This is simulated using a 25km propagation
model, followed by a 2D-model at a resolution of 1’ x 1°, and then further downscaled using a 90m DEM. Exposure is
represented by capital stock and population at 1km x 1km, taken from the coastal database of De Bono and Chatenoux (2015)
used as part of GAR2015. Vulnerability is represented by IDFs for different buildings types derived from expert workshops
(Magsood et al., 2014) for the Asia Pacific. The Suppastri et al. (2013) functions are used for the rest of the world. They find
that Japan and the Philippines, among other island nations, have the highest relative risk.

Schafer (2018) introduce a generic tsunami risk assessment framework that could be applied for global risk modelling, and
apply it to various regions around the world. Risk is expressed in terms of direct damage, affected GDP, affected population,
and fatalities, for current conditions, not accounting for DRR measures. It is calculated at 90m x 90m resolution for various
return periods, with expected annual impacts being assessed by integrating across different exceedance probabilities. Hazard
is represented by maps of inundation depths (90m x 90m), based on numerical simulations using shallow water wave equations
and machine learning. Exposure is derived using a population-based capital stock model (90m x 90m) built from the Global
Human Settlement Layer (Pesaresi et al., 2016). Vulnerability is represented by depth-damage IDFs that are resolved for three
building classes (light, moderate and massive buildings) and a fatality function considering both water depth and arrival time.
The study is tested in various regions, including Japan, Chile and the Caribbean and derives average annual losses and probable

maximum loss curves.

2.8. Volcanoes

Volcanoes can produce a variety of hazards, including pyroclastic density currents (pyroclastic flows, surges and blasts),
tsunamis, lahars, tephra (including volcanic ash and ballistics), debris avalanches (sector collapse), gases and aerosols, lava
flows and domes and lightning. Not all volcanic hazards are produced by every volcano or eruption, and some can occur

without an eruption, for instance volcanic gas. Whilst many hazards might be triggered by the volcano directly, the occurrence
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or distribution of others can be influenced by hydrometeorological factors, for instance, rainfall triggered lahars and landslides
or the influence of wind on the distribution of volcanic ash. Comprehensive assessments of volcanic hazard or risk at the global
scale do not exist. Even assessments at the local scale are unlikely to include the effect of DRR measures. The field of volcanic
hazard and risk assessment can therefore appear less well developed compared to other natural hazards, with the effect that
assessments combining multiple natural hazards typically underestimate the threat from volcanic activity. There are at least
three key factors that limit our ability to assess volcanic risk at the global scale: the multi-hazard, time-varying, and complex
nature of volcanic events; a large discrepancy in the quality and quantity of data required to inform global volcanic hazard
assessments between regions; and limitations of data to inform global volcanic risk assessment, especially because large,
damaging eruptions impacting populated areas are relatively infrequent and impacted zones can be dangerous and sometimes
inaccessible for long periods. International collaborations have now been established to facilitate the production of systematic
evidence, data, and analysis of volcanic hazards and risk from local to global scales (e.g. Loughlin et al., 2015; Newhall et al.,
2017; Bonadonna et al., 2018).

Past approaches to global volcano risk, described below, have mainly aimed to identify those volcanoes or cells that pose the
greatest relative danger, in order to inform subsequent in depth investigations using local data and knowledge. The first
assessment of the hazard threat posed by volcanoes globally is Yokoyama et al. (1984). They use an index-based approach to
identify ‘high-risk” volcanoes. Binary indices are used to score ten hazard and five exposure components, describing the
frequency of recent explosive activity and hazards, and the size of the population within a certain radius of the volcano,
respectively. Two quasi-vulnerability binary scores are used: one for if the volcano had produced historical fatalities, and one
for if evacuations had resulted from historical eruptions. Scores for each volcano are summed, with ‘high-risk’ volcanoes
defined as those with a score > 10. This approach results in notable volcanoes that went on to produce some of the worst
volcanic catastrophes of the 20th century being considered not high-risk.

Small and Naumann (2001) and Freire et al. (2019) rank volcanoes globally according to the population exposed within radii
of 200 km and 10-100 km from a volcano, respectively. Hence, hazard and vulnerability are not included. Exposure is
represented by gridded population data at a resolution of 2.5’ x 2.5’ (Small and Naumann, 2001) and 250 m (Freire et al.,
2019). For the GAR2015, an index-based approach to assessing volcanic hazard and risk is also used, combining data and the
approaches of Auker et al. (2015) and Brown et al. (2015a,b). Hazard is represented by Auker et al. (2015) using an index
method to represent the hazard level of each volcano according to the frequency and intensity of past eruptions, while
accounting for record incompleteness. Exposure is represented using the method of Brown et al. (2015a), an index of
population exposure weighted to historical data of fatalities (Auker et al. 2013) with distance, and vulnerability is expressed
in terms of affected population and fatalities for past events. Combining the hazard index with fatality-weighted population
counts gives estimates of individual volcanic threat. Not all volcanic hazards are considered in the weighting; the weights are
sourced from volcanic flow fatality data only, as pyroclastic density currents and lahars are the source of the majority of direct

historical fatalities (Auker et al. 2013). Brown et al. (2015b) further aggregate the volcanoes to the national scale to provide
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country-level estimates of volcanic threat. Whilst this approach represents our most sophisticated attempt at considering
volcanic hazard and risk at the global scale, it still assumes concentric radii around each volcano.
Grid-based global assessments of volcanic risk have been carried out by Dilley et al. (2005) and Pan et al. (2015). Dilley et al.
(2005) include volcanoes as part of their multi-hazard hotspot analysis, whereby risk is expressed in terms of affected GDP
and population, and fatalities (2.5 x 2.5”). Hazard is expressed in terms of the count of volcanic activity, which is gridded to
2.5° x 2.5°, between 79-2000 A.D. (i.e. no consideration of the size of eruptions or their spatial extent). Exposure is represented
by gridded population from the Gridded Population of the World 3 (GPWv3) dataset from CIESIN; GDP per capita at national
scale from the World Bank; and transportation lengths from the VMAP datasets, all at 2.5’ x 2.5’. Vulnerability is represented
by two quasi-vulnerability values, for mortality and economic loss rates globally as a result of volcanic activity between 1981
and 2000 based on the EM-DAT database, aggregated to country and regional levels. A major limitation of this approach, as
recognised by the authors themselves, is that the hazard records are too short to capture the larger, typically more damaging
events and are biased towards those volcanoes for which we have good and recent records of past activity. Also, no attempt
was made to account for far-reaching volcanic hazards like ash. Pan et al. (2015) built on this approach to assess fatalities, by
extending the length of the fatalities database used to 1600 AD. They also add relationships between eruption Volcanic
Explosivity Index (VEI) and frequency and hazard extent, although concentric circles are still assumed. Hazard is defined here
as the frequency of each VEI eruption, using the method of Jenkins et al. (2012a). Exposure is represented using gridded
population data (30” x 30”) of 2010 from Oak Ridge National Laboratory (ORNL) (Bright et al 2011). Vulnerability is
represented by fatality curves fitted to the historical average fatality of each VEI provided by National Oceanic and
Atmospheric Administration (NOAA).

2.9. Landslides
Assessing the risk associated with landslides at a global scale is challenging for several reasons. Firstly, the spatial extent of
individual landslides is typically small, limiting the effectiveness of routinely monitoring these events at global scale. Further,
the diversity of parameters influencing the hazard susceptibility (e.g. elevation, lithology), preconditioning (e.g. soil moisture,
seismicity), and triggering (e.g. extreme rainfall, earthquakes) make it difficult to physically model these processes using
uniform approaches. Moreover, while the spatial extent of landslide source regions is generally small, the downstream hazards
- which are often associated with the greatest damage (Badoux et al., 2014) - can be more widely distributed, meaning risk
assessments must consider locations both near and far from the source areas.
Efforts have been made to catalogue landslides and their impacts, based on a range of data sources including media reports,
government statistics and other written sources, remote sensing, and citizen science (e.g. Guzzetti et al. 1994; Kirschbaum et
al. 2010, Petley, 2012; Tanyas et al., 2017; Froude and Petley, 2018; Juang et al. 2019). In addition, several studies have tried
to model global landslide hazard (e.g. Stanley and Kirschbaum, 2017; Kirschbaum and Stanley, 2018). In the following
paragraphs, those studies that have explicitly assessed global risk are described, and summarised in Table 1.
Nadim et al. (2004, and updated in 2006) is among the first studies to assess risk associated with landslides at the global scale.

Risk is expressed in terms of the number of fatalities per year at a resolution of 30” x 30”, over the period 1980-2000, associated
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with landslides and avalanches. Hazard is estimated using a range of global datasets based on both susceptibility (factors such
as slope, lithology, and soil moisture) and triggering factors (rainfall and seismicity). A similar approach is used to define the
hazard associated with avalanches. Exposure is represented by the Global Population of the World v4 (GPWv4) dataset (30
x 30”) (CIESIN 2016). Vulnerability is estimated using empirical data on loss-of-life from landslides in a number of countries,
using the EM-DAT database. Future projections and therefore future DRR measures are not included in the study. They find
that hotspots for landslide fatalities are the Himalayas, Taiwan, the Philippines, Central America, northwestern South America,
the Caucasus, Indonesia, Italy, and Japan, with smaller proportional impacts in other countries and regions.

Dilley et al. (2005) estimate the risk associated with landslides, expressed in terms of direct damage and affected GDP and
population at 2.5° x 2.5’, for current conditions. Hazard is represented using the data of Nadim et al. (2004) at 30” x 30”.
Exposure is represented by data at 2.5’ x 2.5’ constructed from GPW population data, road density data from VMAP datasets
developed by the United States National Imagery and Mapping Agency, and gridded economic and agricultural activity from
the World Bank and based on Sachs et al. (2001). Vulnerability is represented by empirical loss rates based on the EM-DAT
database. Future projections and therefore future DRR measures are not included in the study. Their primary output is in map
form, with the most elevated impacts found in many of the same locations as Nadim et al. (2004, 2006), although they find
higher impacts in terms of total GDP in China.

Yang et al. (2015) assess risk in terms of fatalities for the current period at a resolution of 0.25° x 0.25°. Hazard is represented
based on the method of Nadim et al. (2006), using TRMM satellite rainfall data to estimate the number of landslide events,
and filling in gaps in the data using information diffusion theory. Exposure is represented by population data from Landscan,
resampled to 0.25° x 0.25°. Vulnerability is based on empirical mortality rates per country calibrated using a dataset of global
landslides causing fatalities from Kirschbaum et al. (2010). Future projections and therefore future DRR measures are not
included in the study. They find similar patterns to Dilley et al. (2005) and Nadim et al. (2006), but additionally find many
areas that have elevated risk of mortality compared to those prior studies, including large parts of China and sub-Saharan
Africa.

Nowicki Jessee et al. (2018) present a global earthquake-induced landslide hazard model, which is implemented within the
USGS Ground Failure hazard and risk model. Risk is expressed in terms of exposed population in near real-time for each
earthquake event that triggers landsliding. Hazard is calculated by leveraging the earthquake-triggered database from Tanyas
etal. (2017), based on various sources of information describing factors controlling susceptibility (such as slope and lithology)
and earthquake parameters, such as shaking intensity, to estimate the relative density of landsliding within an area impacted
by a major earthquake. The model landslide density estimates are not dependent on resolution. Exposure is represented by
Landscan population maps, with a resolution of 30” x 30” (Bright et al. 2017). No vulnerability data are incorporated. Future
projections and therefore future DRR measures are not included in the study. For each earthquake, an estimate of population
exposed to landsliding and liquefaction is presented.
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3. Comparison of approaches across hazard types
3.1. (Dynamics of) risk elements

As our review focuses on global scale natural hazard risk assessments, we have not included studies that only examine the
hazard. All but two of the studies have an explicit representation of hazard intensity and/or probability, and of exposure. The
only exceptions are the volcano studies of Small and Naumann (2001) and Freire et al. (2019), in which the population living
within a set radius of volcanoes is estimated, without an explicit representation of the hazard. About two-thirds of the reviewed
studies include a specific representation of vulnerability. Across the various hazards, there is no clear difference in the
proportion of studies including vulnerability as we move towards the most recent publications. It is noteworthy that all of the
earthquake and tsunami studies reviewed include a specific representation of vulnerability. For pluvial flooding and SCS, there
are currently no global scale risk models, with the local scale of the hazard and impact of these events making their large scale
modelling difficult.

In terms of the inclusion of dynamic risk drivers, there is a clear difference between studies focusing on hydrological,
climatological, and meteorological hazards, and those focusing on geological hazards. For geological hazards, none of the
reviewed studies include future projections, whilst for hydrological, climatological, and meteorological hazards, around two-
thirds of the studies include projections of at least one of the risk drivers. The difference between the studies of hydrological,
climatological, and meteorological hazards, compared to those of geological hazards in terms of projections, may be due to
the climate change-related focus of many studies in the former group. This provides a policy context for carrying out forward-
looking hazard projections to examine the influence of climate change on risk. In total, there are 32 reviewed studies that
include future projections: 19 include projections of hazard and exposure; 8 include projections of hazard only; and 3 include
projections of exposure only. The remaining 2 studies include projections of vulnerability (as well as hazard and exposure); 1
study for river flooding and 1 for TCs. Time-horizons used for the forward-looking studies tend to be towards mid and late
21st Century. For river flooding and drought, several recent studies have examined future warming levels, rather than future
time-slices. It is interesting to note that projections of the other risk drivers have not yet been examined for the geological
hazards, despite their importance for other policy contexts, such as the Sendai Framework and SDGs, although definitions
used for monitoring of these frameworks explicitly state disaster risk assessment as “evaluating of existing conditions of
exposure and vulnerability” without considering future change (UNGA, 2016). The global scale geological risk studies could
apply some of the forward-looking models of exposure in their analysis to estimate future risk, which is of importance for

designing prospective risk management strategies and measures.

3.2. Resolution and type of input data

The list of studies in Table 1 shows a general tendency towards higher resolution risk analyses as we move towards more
recent studies, though this is not the case for all studies. Many of the early studies are at resolutions from several degrees to

0.5°, and for many hazards there has been a progression towards higher resolutions of 30”/1km, and even up to 90m/point
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values in some cases. We do see differences between the various hazards. Most of the early coastal flood risk studies examine
risk using the coastal segments from the DIVA database, although recent studies have also moved towards 30”/1km. For
drought, the resolution tends to be much lower, from around 0.5° to 2.0° in general. This is in line with the difference in
resolution at which drought impacts are felt (Stahl and Hisdal, 2004), compared to many of the other hazards in which the
direct impacts are felt more locally. For a similar reason, TC studies tend to show a much higher resolution in their analysis,
which reflects the fact that TC impacts for an individual event are felt over smaller areas. Most global volcano risk studies to
date examine risk at the resolution of an individual volcano, rather than on a raster grid. Several recent studies on earthquakes
(Silva et al., 2018) and earthquake-induced landslides (Nowicki Jessee et al., 2017) use model frameworks that can use
variables scales.

In most cases, the resolution of the risk analysis follows the resolution of the hazard and exposure datasets used as input. In
most cases these have the same resolution, and where this is not the case the tendency is either to resample the lower resolution
datasets to the higher resolution, or vice versa. Therefore, the resolution of the input hazard and exposure databases tends to
show the same overall patterns as those discussed above for the risk calculations. The most commonly used datasets used to
represent exposure are gridded datasets of population and GDP. Direct economic damage is further assessed using land use
data, whilst in recent studies related to earthquakes and tsunamis the use of capital stock estimates (based on building
typologies) has become more common. Given the importance of agricultural impacts for drought, exposure is also represented
using datasets such as gridded agricultural area, cropland area, planting area, and so forth. For wildfires, area of forest and
grassland are also used. Nevertheless, Kreibich et al. (2019) highlighted that especially for drought, data on losses/impacts that

are directly attributed to the hazard of drought are lacking.

Methods and datasets used to represent vulnerability are highly diverse. Within the flooding community, the most common
approach is to use intensity damage functions (IDFs). For flooding, the IDF takes the form of a depth-damage function. In
most studies, one global IDF is used (especially for coastal flooding), whilst for river flooding several studies have also used
regional or country level IDFs. Jongman et al. (2015) also use regional ratios of affected GDP to reported losses and affected
population to reported fatalities; the latter is also used by Dottori et al. (2018). Global IDFs are also used in studies that examine
wildfires. Some earthquake and tsunami studies have also used IDFs. They either use IDFs per income class or region (i.e. not
a global function), or in more recent years there has been a tendency to use IDFs related to building types. Another approach
is to use empirically derived regressions between reported impacts and a given levels of hazard/exposure to derive empirical
regression equations. In volcanology the limited amount of impact data has meant that only a few vulnerability and fragility
functions for physical vulnerability have been developed (Blong, 2003; Jenkins et al., 2014; Magsood et al., 2014, Wilson et
al., 2014). Global TC and volcano studies tend to use various socioeconomic variables at country (or state) level as a proxy
of vulnerability. Therefore, the spatial representation of vulnerability is much coarser, and does not use gridded datasets in the

same way as hazard or exposure.
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It is clear that the different hazard communities use some common datasets to represent exposure, for example relating to
population and GDP. However, there are also differences and opportunities for learning. For example, the use of building stock
data based on building typologies in earthquake and tsunami studies could provide opportunities for improving the assessment
of other hazards. The same can be said for the other hazards, where advances in IDFs related to building type offer opportunities
outside the seismic community. On the other hand, approaches that have been developed to project future exposure in the flood

risk community could be harnessed by the other hazard communities.

3.3. Risk indicators

The most commonly used risk indicator is the number of affected people, which is used in 59% of the reviewed studies. A
large number of studies also use some indicator of direct economic damage (44%), with fatalities (26%) and affected GDP
(24%) have also been used in many studies. Fatalities have been much less commonly assessed in flood and drought-risk

studies than in studies of the other hazards, offering potential for cross hazard learning on methods for fatality assessment.

3.4. Future DRR measures

To date, future DRR measures have only been explicitly included in several studies, all of which are related to flooding. Global
scale assessments in coastal flooding have been forward-looking from the outset, since the original studies were developed to
assist climate adaptation studies. As such, they also include a wider range of DRR measures (both structural and nature-based)
than the few river flood studies that have explicitly included DRR measures in recent years. The costs of DRR measures have
only been explicitly assessed in a couple of studies, for coastal or river flood risk. Hence, in this regard the global flood
modelling community has a lot of knowledge and examples that can be used to begin to include DRR measures in global scale
assessments of other hazards. To date, no global studies have assessed the influence that human behaviour and perception can

have on the effectiveness of DRR measures.

3.5. Type of analysis

In Table 1, we have classed studies as either non-probabilistic (NP) or probabilistic (P), whereby probabilistic refers to studies
that assess expected annual impacts either by integrating across return periods of based on a probabilistic stochastic event set.
For droughts, volcanoes, and landslides, studies to date have used non-probabilistic approaches only. Studies on floods and
earthquakes have seen a move towards more probabilistic studies in more recent years, and the two studies reviewed for
tsunamis also use a probabilistic approach. For wildfires and TCs, both approaches are used, with too few studies to be able to
see any particular change in focus through time. A major difference between the studies of earthquakes and tsunamis, in
comparison to the other hazards, is the extensive use of stochastic event sets in the former. Stochastic modelling could also be

beneficial for the assessment of other several other hazards, as discussed in Section 4.
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4. Future research challenges and opportunities

Our review shows that the field of global natural hazard risk modelling has developed rapidly over the last decade, and
advances continue to be made at a rapid pace. We show that there are differences between the modelling and assessment
methods used in the different hazard communities, and show possibilities for learning between hazards. There are also
opportunities for learning from methods and approaches being developed and applied to assess natural hazard risks at
continental or regional scales. As section 2 demonstrates, rather than simply make direct comparisons, it is essential to
contextualise the reasons for advances in global risk assessments for certain hazards compared with others, which include
policy drivers (e.g. climate change), different levels of complexity (e.g. multi-hazard environments) and the relative frequency
of occurrence of certain hazard related disasters. We have identified within the literature opportunities for addressing some of
the key challenges. Given the constraints of space, this is not intended to be an exhaustive list, and is more intended to
encourage dialogue on knowledge sharing between research and policy communities working on different hazards and at
different spatial scales.

4.1. Hazard

Continual improvements in hazard modelling are required, both to correctly represent processes and to increase resolution.
The availability of higher resolution input datasets with increased accuracy is helping in this regard and is a common theme
across hazard studies. In some cases, global hazard models are available, but have not yet been used in global risk assessments.
For example, Jenkins et al. (2015) provide a global volcanic hazard assessment (10 km x 10 km), that accounts for ash fall
affected by local wind conditions. While the geographic extent of major disasters may be large, the specific hotspots for hazard
may be much more localised. As such, there are ample opportunities to model the downscaled impact of hazards. For example,
global models at present do not capture the downstream impact of landslide material (e.g. Nowicki Jesse et al. 2017), even
though in many settings debris flows and sediment related damage can be the costliest type of hazard (Turowski et al. 2014).

Within the global earthquake and tsunami risk modelling community, we see many examples of the use of stochastic events
sets. Similar approaches could be developed for assessing risk of other hazards. For example, for the modelling of TCs, several
models have been developed to generate synthetic TCs, such as the STORM model (Bloemendaal et al 2019), the MIT model
(Emanuel and Nolan, 2004) or CHAZ (Lee et al 2018). Such TC events could then be used to force global storm surge models,
thereby also benefitting global coastal flood risk assessment. Methods for generating large, synthetic event sets could also be
especially useful for those events with high spatial and temporal resolution that currently miss global approaches, such as
pluvial flooding and SCS-related perils.

There is also a tendency to focus on one parameter of the hazard, whilst a hazard’s impact is often related to several parameters.
For example, in flood risk analysis, global hazard studies focus on the flood depth, whilst risk is also related to other parameters
such as flood duration, velocity, and the rate at which floodwaters rise (Ward et al., 2016). Similar issues exist for TCs, where

there has been a lot of recent attention on their possible slowing down and stalling (Kossin, 2018; Wang et al., 2018; Hall and
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Kossin, 2019). For example, Hurricane Dorian in 2019 stalled over the Bahamas for 36 hours, pounding large parts of the
island with 270 km/h winds and 5 m storm surge.

For the water-related hazards, one avenue towards improved global hazard modelling is the improvement in hydrodynamic
modelling of floods. For example, Sampson et al. (2015) present a fully hydrodynamic modelling approach for the globe,
which could address some of the stated problems. The approach has been further developed by Wing et al. (2017) for the
conterminous USA, and further been applied for current and future flood risk assessment in the USA at continental scale (Wing
et al., 2018). For coastal flooding, the fully hydrodynamic model GTSM is now being used to simulate water levels due to
surge and tide up to the coastline, but then simple planar models are used to translate these water levels into inundation maps
on land. Vafeidis et al. (2019) have shown the importance of accounting for hydrodynamic processes by developing an
approach to assess the impacts of water-level attenuation due to different land covers on flood hazard. This approach can be
used as a first step towards improving global coastal flood risk assessment. Vousdoukas et al. (2016) use the hydrodynamic
LISFLOOD-FP model to assess coastal flood hazard at the European scale, and this has been applied for European scale coastal
flood hazard by Koks et al. (2019). Hydrodynamic inundation modelling is also being applied by Schafer (2018) for the
modelling of tsunami events. For the case of drought, studies typically focus only on a single type of drought/drought index.
To comprehensively understand drought events and corresponding risks, an all angle view is of needed. Furthermore, for the

global scale, remote sensing products that capture hazard and impact at the same time (NDVI, fAPAR) should be applied more.

4.2. Exposure

Similarly, continual developments are being made in the improvement of global exposure databases. As stated in the review,
building typologies and/or investment data have been used to develop global databases of capital stock, which are now
routinely used in global earthquake and tsunami modelling (Gunasekera et al., 2015). These data can also be applied to other
hazard types in most cases, underlining the need for communication and collaboration across hazard communities. Efforts are
also ongoing to develop exposure maps based on building material types within the flood risk community. For example,
Englhardt et al. (2019) have developed an approach for mapping exposure in urban and rural areas in Ethiopia, based on data
on buildings and their materials. This method is currently being tested for several other countries in Africa. Pittore et al. (2017)
discuss the challenges in designing a global and spatial-temporally dynamic exposure database, focusing on building stock.
Other data sources, such as OpenStreetMap, also offer the opportunity to use building level information to improve global risk
modelling. For the USA, Wing et al. (2018) have used the FEMA National Structure Inventory. The latter dataset is interesting
in that it is also accompanied by projected distributions under several future SSPs, whilst currently, forward-looking
projections of exposure at global level are limited to GDP, population, and land use. Recent studies have also shown the
importance of examining temporal variations in exposure (e.g. between day and night and between seasons) (e.g. Freire et al.,
2015) and between different income groups (e.g. Winsemius et al., 2018; Hallegatte et al., 2016). The importance of capital

stock models such as those which encompass buildings, infrastructure, cross-sector applications and contents are shown in the
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GRADE process; given that in most cases the building stock is only one portion of the capital stock at risk (Gunasekera et al.,
2018).

4.3. Vulnerability
As evidenced from the review, much attention is required to improve the representation of vulnerability in global risk models.
Currently there exist a limited number of vulnerability and fragility functions for some hazards (see Murnane et al. 2019),
compounded by the limited amount of impact data available to inform them (e.g. volcanic eruptions). However, a limited
number of socioeconomic vulnerabilities in volcanic environments are being considered in — for instance — global datasets
(e.g. global fatalities, Brown et al., 2017) and there are some studies accounting for the indirect impacts of eruptions (loss of
livelihood, displacement and resettlement) at the volcano scale (e.g. Barclay et al., 2019). In time and with more resources and
studies, such efforts may be scalable, and used to inform future global risk studies.
The highly temporal and spatial dynamics of vulnerability and the resulting non-linearity of risk has been underscored by
UNDRR’s Global Platform for Disaster Risk Reduction. While recent studies at regional and local scale have begun to account
for these aspects in changing hazard (e.g. Mora et al. 2018) and exposure conditions (e.g. Cammerer et al. 2013), only a few
studies account for the dynamics of vulnerability (e.g. Kreibich et al., 2015) across multiple hazards. Cutter and Finch (2008)
have assessed future spatial and temporal patterns of social vulnerability at a national scale based on historical events. For
future projections, climate change is widely recognized as an important driver of the increased frequency and intensity of
weather-related hazards, but does not explain the (projected-) changes in damages caused by geophysical hazards such as
earthquakes. An improved understanding of future vulnerability can significantly improve the ability of risk managers to more
efficiently implement DRR measures. Recent studies at the continental or global scale show that vulnerability to natural hazard-
related disasters is decreasing in some areas, because people adapt over time and reduce vulnerability (e.g. Ciscar et al. 2019;
Jongman et al. 2015). In other areas, future vulnerability is expected to increase, for example due to a limited availability of
resources to adapt (Winsemius et al., 2018) or due to the impacts of successive disasters that push communities into poverty
(Mirza 2003).
Some of the remaining scientific challenges include a harmonisation of indicators used to assess damages across a wide range
of different hazard types, in order to enable the collection of loss data that is comparable across hazards. This would allow for
a better comparison of the dynamics of vulnerability between different hazards. Currently, the impact data that are collected
by countries, first responders, and researchers from different fields remain very heterogeneous (Cutter et al. 2015;

AghaKouchak et al. 2018) and the data are often collected at different times after a disaster.

4.4, DRR measures

The number of global risk studies that explicitly include DRR measures is extremely limited, and limited to flood risk studies,
especially coastal flooding. Even then, most of these studies have assessed structural measures and do not explicitly examine
the costs. Much can be learnt from studies at local to regional scale, and it is certainly beyond the scope of this paper to provide

a review of the many studies addressing DRR at this scale. A specific aspect that has not been covered in any of the global risk
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studies reviewed is the influence that human behaviour and perception can have on the effectiveness of DRR measures, through
various feedbacks. A classic example in hydrology is the levee effect (White, 1945), in which increased levels of flood
protection from levees and dikes can also lead to increased exposure and/or vulnerability in areas protected by dikes. Similarly,
for wildfires feedbacks exist between the physical risk and human actions to attempt to manage fuel and suppress fires. A
promising way to address these feedbacks is through agent-based models that attempt to represent the behaviour of agents (e.g.
individuals, businesses, governments) through a set of decision rules (e.g. Aerts et al., 2018). An application of the ABM
approach has recently been used in natural hazard risk modelling at the continental scale (Haer et al., 2019), paving the way
towards exploring the use of these methods at global scale. Another aspect that is often overlooked, especially on a global
scale, is the interactions between different DRR measures that are aimed at specific hazards (Zaghi et al. 2016; Scolobig et al.,
2017). Moreover, assessing the impact of complex multi-hazard damages that result from hazard chains (e.g. an earthquake
followed by a flood) has only been assessed at local scales, for example by using a probabilistic approach to calculate the
probabilities of different final damage states (e.g. Korswagen et al. 2019). These complex hazard chains require the design of
structures and DRR measures that are able to address the combined damages of different hazard chains (Korswagen et al.
2019).

Studies that consider the dynamics of how drivers impact risk into the future also enable the assessment of prospective DRR
actions across exposure and vulnerability components. By modelling exposure profiles dynamically, risk reduction actions that
consider where development occurs and how this can be changed to reduce future losses can be assessed. This would support
demonstrating the effectiveness of land use planning and risk-sensitive developments as a DRR action. Similarly, for
vulnerability, incorporating assessment of future vulnerability and the inclusion of improved building standards allows for
demonstrating the benefits of more resilient construction. If changes in exposure and vulnerability are excluded from disaster
risk modelling, then the assessment of prospective DRR measures is extremely challenging. Examples of this globally however
are limited. Regional and city-level studies showing elements of these benefits have been demonstrated for multiple risks using
coupled hazard models with cellular-automata land use models and capital stock models (Lallemant, 2015; Riddell et al.,
2019;). Global dynamic models of urban and land use change however do exist and efforts could be made to effectively couple

these with global hazard and risk models (Hasegawa et al., 2017; Van Asselen and Verburg, 2013).

4.5. Multi-hazard and multi-risk

There is a rapidly growing policy and scientific recognition and dialogue on the need for multi-hazard (both the multiple
hazards and the simultaneous, cascading or cumulative occurrence of these; UNDRR 2017) risk assessments, as exemplified
by high-level discussions at the UNDRR Global Platform 2019 and the aims of the Sendai Framework. These call upon the
science community for an increased understanding of the risk of consecutive and cascading disasters (UNDRR, 2019). So far,
the vast majority of global risk assessment studies have examined risk from a single hazard type, and indeed have examined a
single parameter of the hazard (section 4.1). However, many environments are multi-hazardous and many hazards can trigger

secondary or cascading hazards. For example, volcanoes can produce a wide variety of primary and secondary hazards that
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can occur simultaneously or sequentially, and that differ widely in their spatial extent, duration, dynamic characteristics and
associated impacts. Capturing all these hazards, and their impacts, within the one assessment is very challenging, and typically
the future hazard or risk is considered separately for each type of hazard (e.g. Sandri et al., 2014) or by assuming a given
eruption scenario (e.g. Lindsay and Robertson, 2018). Methods for volcanic multi-hazard assessment across multiple scenarios,
where the range of potential future volcanic hazards are shown on the one map, have been developed but as yet only been
applied at the single volcano scale (e.g. Neri et al., 2013).

Interactions between different primary hazards can also influence the overall risk (Gill and Malamud, 2014; Korswagen et al.,
2019). For example, within the flooding community, there has recently been much attention for so-called compound floods,
whereby the interaction of coastal, river, and pluvial floods can influence the overall hazard and risk (Zscheischler et al., 2018).
Methods are being developed at the global scale to assess both the statistical dependence between these hazards (e.g. Ward et
al., 2018; Bevacqua et al., 2019; Couasnhon et al., 2019) and their physical impacts in terms of hazard (Ikeuchi et al., 2017),
with the step towards risk being the next logical step.

Understanding inter-hazard linkages is also important for properly calibrating estimates of risk in the aftermath of major
disasters. Earthquakes in particular can affect the long-term propensity of a given landscape to fail via landsliding (Marc et al.
2015), while the prior saturation state of a landscape - due to flooding or human input of irrigation water - can increase landslide
susceptibility during an earthquake itself (Bradley et al. 2019; Watkinson and Hall 2019). These interactions remain poorly
constrained, but can influence the long term recovery from major hazards.

Several studies have identified the current shortcomings in future exposure and vulnerability projections for multi-hazard risk
assessments (e.g. Gallina et al., 2016). In spite of the clear need to adopt a multi-hazard risk approach to global risk
assessments, the very nature of the endeavour (accounting for multiple, interrelated hazards and their dynamic influence on
vulnerability and exposure) has arguably restricted progress towards truly comprehensive analyses of global multi-hazard risk.
There is a need to address the previously mentioned challenges with critical work at multiple scales (local to global) towards
comprehensive global multi-hazard risk assessments. Collaboration between the international hazard science and risk research

communities is key to progress.

4.6. Use of citizen science/crowdsourced data

All elements of risk may be better quantified or qualified using citizen science and crowd-sourced data, which are utilised
across a number of natural hazards (Hicks et al., 2019). De Bruijn et al. (2017) already showed that passively shared
information through social media platforms can provide a plethora of qualitative and sometimes quantitative information of
flood hazards, as well as impacts in near real-time. Also, active sharing mechanisms are becoming available. For example,
citizen scientists report information on landslide hazard that is otherwise difficult to obtain. At the global scale, volunteers can

contribute information through Landslide Reporter (https://landslides.nasa.gov/reporter). Numerous local, regional, or national

crowdsourcing projects have also been undertaken (Juang et al. 2019). Information on landslide timing is often missing from

existing landslide inventories, because neither remote sensing nor geologic fieldwork are determining this feature (Kocaman
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and Gokceoglu, 2018). However, precise knowledge of landslide timing is crucial for research into the triggering mechanisms
of landslides. Citizen scientists could remedy this in cases where they have first-hand knowledge of recent events. Citizen
science has been applied in volcanic environments, from observations of ash fall (Wallace et al., 2015) to community-based
monitoring (Stone et al., 2014), and has a well-established application in earthquakes (e.g. USGS “did you feel it”).

An exciting avenue in citizen science lies in more active mechanisms to report on hazards and their impacts (damages,
households affected, people in need of help, and so on). In particular, where such reports concerns citizen’s own property or
surroundings, they are likely to be more motivated and more accurate in their reporting and by having an active reporting
mechanism, this can lead to a more structured approach to monitor and keep track of past hazards and their impacts.
Opportunities lie particularly in reporting of local flash floods, local landslides and local drought conditions such as small
reservoir states for rainfed farming, and grass states for pastoralists. These natural hazard conditions concern time and space
scales that are too small to capture with other means, but may occur frequently and in many locations. Structured and organised
data collection by citizens is taking place more and more. Large-scale community mapping projects are initiated that rapidly
increase the availability of well-organised taxonomic information on buildings and infrastructure (e.g. Soden and Palen, 2014;
Iliffe et al., 2017). These may serve as exposure and vulnerability databases for multiple natural hazards, as well as drainage
information, that can be used to establish flood hazard models (Winsemius et al., 2019). The tools and data platforms to collect,
store and share such data in any resource setting are broadly available, such as OpenDataKit (Brunette et al., 2013) and
OpenStreetMap (Haklay and Weber, 2008). These data may be used for instance to train machine learning algorithms that
estimate exposure and vulnerability characteristics based on remote sensing, or to keep risk models in rapidly changing
environments, such as growing urban centres, up to date (Winsemius et al., 2019). These opportunities have been explored

only to a limited extent and we foresee a growth in demand of these research directions.

4.7. Concluding remarks

As shown by this review, efforts to assess and map natural hazard risk at the global scale have increased considerably in the
last decade, in an attempt to contribute to the Sendai Framework’s first Priority for Action of Understanding Disaster Risk.
This paper presents a first attempt to review these studies across different hazards, thereby examining similarities and
differences between the approaches taken across the different hazards, and identifying potential ways in which different hazard
communities can learn from each other. We also indicate several opportunities for addressing some of the pressing challenges
in global risk modelling. We hope that this review paper can serve to further encourage the dialogue on knowledge sharing
between scientists and communities working on different hazards and at different spatial scales that has been facilitated by the
session Global and continental scale risk assessment for natural hazards: methods and practice at the EGU General Assembly
since 2012.

26



850

855

860

865

870

875

https://doi.org/10.5194/nhess-2019-403
Preprint. Discussion started: 16 December 2019
(© Author(s) 2019. CC BY 4.0 License.

Author contribution

All authors contributed to reviewing the literature and writing the paper. PJW furthermore coordinated the review and writing

process.

Competing interests

The authors declare that they have no conflict of interest.

Acknowledgements

PJW and NB received funding from the Dutch Research Council (NWO) in the form of a VIDI grant (grant no. 016.161.324)
and VICI grant (grant no. 453.13.006). VB is funded by the DRIle.R- project, financed by the Ministry of Science, Research
and the Arts of the State of Baden-Wurttemberg. RE is supported by an appointment to the NASA Postdoctoral Program at
Goddard Space Flight Center.

References

Aerts, J.C.J.H., Botzen, W.J., Clarke, K.C., Cutter, S.L., Hall, J.W., Merz, B., Michel-Kerjan, E., Mysiak, J., Surminski, S.,
Kunreuther, H., Integrating human behaviour dynamics into flood disaster risk assessment. Nat. Clim. Change, 8, 193-199,
d0i:10.1038/s41558-018-0085-1

AghaKouchak, A., Huning, L.S., Chiang, F., Sadegh, M., Vahedifard, F., Mazdiyasni, O., Moftakhari, H., Mallakpour, 1.,
2018. How do natural hazards cascade to cause disasters? Nature, 561, 458-460, doi:10.1038/d41586-018-06783-6

Ahlstrdm, A., Schurgers, G., Arneth, A., Smith, B., 2012. Robustness and uncertainty in terrestrial ecosystem carbon response
to CMIP5 climate change projections. Environ. Res. Lett., 7, 044008

Alfieri, L., Bisselink, B., Dottori, F., Naumann, G., de Roo, A., Salamon, P., Wyser, K. and Feyen, L., 2017. Global projections
of river flood risk in a warmer world. Earth’s Future, 5, 171-182, doi:10.1002/2016EF000485

Allen, J.T., Tippett, M.K., Sobel, A.H., Lepore, C., 2016. Understanding the drivers of variability in severe convection:
Bringing together the scientific and insurance communities. Bull. Am. Meteorol. Soc., 97, ES221-ES223, doi:
10.1175/BAMS-D-16-0208.1

Allen, J.T., Giammanco, .M., Kumjian M.R., Punge, H.J., Zhang, Q., Groenemeijer, P., Kunz, M., Ortega, K., 2019.
Understanding hail in the earth system. Rev. Geophys., online first, doi:10.1029/2019RG000665

Arnell, N.W., Lowe, J.A., Brown, S., Gosling, S.N., Gottschalk, P., Hinkel, J., LIoyd-Hughes, B., Nicholls, R.J., Osborn, T.J.,
Osborne, T.M,, Rose, G.A., Smith, P., Warren, R.F., 2013. A global assessment of the effects of climate policy on the impacts
of climate change. Nat. Clim. Chang. 3, 512-519

27



880

885

890

895

900

905

https://doi.org/10.5194/nhess-2019-403
Preprint. Discussion started: 16 December 2019
(© Author(s) 2019. CC BY 4.0 License.

Arnell, N.W., Lloyd-Hughes, B., 2014. The global-scale impacts of climate change on water resources and flooding under new
climate and socio-economic scenarios. Climatic Change, 122, 127-140, doi:10.1007/s10584-013-0948-4

Arnell, N.W., Gosling, S.N., 2016. The impacts of climate change on river flood risk at the global scale. Climatic Change,
134, 387-401, doi:10.1007/s10584-014-1084-5

Arnell, N.W., Lowe, J.A., Lloyd-Hughes, B., Osborn, T.J., 2018. The impacts avoided with a 1.5°C climate target: a global
and regional assessment. Climatic Change, 147, 61-76, doi:10.1007/s10584-017-2115-9

Auker, M.R., Sparks, R.S.J., Siebert, L., Crosweller, H.S., Ewert, J., 2013. A statistical analysis of the global historical volcanic
fatalities record. Journal of Applied Volcanology, 2, 1-24

Auker, M.R., Sparks, R.S.J., Jenkins, S.F., Aspinall, W.P., Brown, S.K., Deligne, N.I., Jolly, G., Loughlin, S.C., Marzocchi,
W., Newhall, C.G. and Palma, J.L., 2015. Development of a new global Volcanic Hazard Index (VHI). In: Loughlin, S.C.,
Sparks, R.S.J., Brown, S.K., Jenkins, S.F., Vye-Brown, C. (Eds.), Global Volcanic Hazards and Risk. Cambridge University
Press, Cambridge

Badoux, A., Andres, N., Turowski, J.M., 2014. Damage costs due to bedload transport processes in Switzerland. Natural
Hazards and Earth System Sciences, 14, 279-294, doi:10.5194/nhess-14-279-2014

Barclay, J., Few, R., Armijos M.T., Phillips, J.C., Pyle, D.M., Hicks, A., Brown, S.K., Robertson, R.E.A., 2019.

Livelihoods, wellbeing and the risk to life during volcanic eruptions. Frontiers in Earth Science, 7, doi:
10.3389/feart.2019.00205

Beck, M.W., Losada, 1.J., Menéndez, P., Reguero, B.G., Diaz-Simal, P., Fernandez, F., 2018. The global flood protection
savings provided by coral reefs. Nature Communications, 9, 2186, doi:10.1038/s41467-018-04568-z

Berryman, K., 2005. Review of tsunami hazard and risk in New Zealand. Institute of Geological & Nuclear Sciences.
Bevacqua, E., Maraun, D., Vousdoukas, M.I., Voukouvalas, E., Vrac, M., Mentaschi, L., Widmann, M., 2019. Higher
probability of compound flooding from precipitation and storm surge in Europe under anthropogenic climate change. Science
Advances, 5, eaaw5531, doi:10.1126/sciadv.aaw5531

Bloemendaal, N., Muis, S., Haarsma, R. J., Verlaan, M., Irazoqui Apecechea, M., de Moel, H., Ward, P.J., Aerts, J.C.J.H.,
2019. Global modeling of tropical cyclone storm surges using high-resolution forecasts. Clim. Dyn., 52, 5031-5044,
d0i:10.1007/s00382-018-4430-x

Bloemendaal, N., Haigh, 1.D., De Moel, H., Muis, S., Haarsma, R.J., Aerts, J.C.J.H., 2019. Generation of a Global Synthetic
Tropical Cyclone Hazard Dataset using STORM, in review

Blong, R. (2003). A new damage index. Nat. Hazards, 30, 1-23, doi:10.1023/A:1025018822429

Bonadonna, C., Biass, S., Calder E.S., Frischknecht C., Gregg C.E., Jenkins, S.F., Loughlin, S.C., Menoni, S., Takarada, S.,
Wilson, T., 2018. 1st IAVCEI/GVM Workshop: From Volcanic Hazard to Risk Assessment. Geneva. 27-29 June 2018. Open
Access: https://vhub.org/resources/4498

28



910

915

920

925

930

935

940

https://doi.org/10.5194/nhess-2019-403
Preprint. Discussion started: 16 December 2019
(© Author(s) 2019. CC BY 4.0 License.

Bradley, K, Mallick, R., Andikagumi, H., Hubbard, J., Meilianda, E., Switzer, A., Du, N., Brocard, G., Alfian, D., Benazir, B.,
Feng, G., Yun, S.-H., Majewski, J., Wei, S., Hill, E.M., 2019. Earthquake-triggered 2018 Palu Valley landslides enabled by
wet rice cultivation. Nature Geosci., 12, 935-939, doi:10.1038/s41561-019-0444-1

Bright, E.A., Coleman, P.R., Rose, A.N., Urban, M.L., 2011. LandScan 2010. Oak Ridge National Laboratory, Oak Ridge TN
Bright, E.A., Rose, A.N., Urban, M.L., McKee, J.J., 2017. LandScan 2016 High-Resolution Global Population Data Set. Oak
Ridge National Laboratory, Oak Ridge TN

Brooks, H.E., Lee, J.W., Craven, J., 2003. The spatial distribution of severe thunderstorm and tornado environments from
global reanalysis data. Atmos. Res. 67, 73-94, doi:10.1016/5S0169-8095(03)00045-0

Brown, S.K., Auker, M.R., Sparks, R.S.J., 2015a. Populations around Holocene volcanoes and development of a Population
Exposure Index. In: Loughlin, S.C., Sparks, R.S.J., Brown, S.K., Jenkins, S.F., Vye-Brown, C. (Eds.), Global VVolcanic Hazards
and Risk. Cambridge University Press, Cambridge

Brown, S.K., Sparks, R., Jenkins, S., 2015b. Global distribution of volcanic threat. Global Volcanic Hazards and Risk.
Cambridge University Press, Cambridge

Brown, S.K., Jenkins, S.F., Sparks, R.S.J.. Odbert, H., Auker, M.R., 2017. Volcanic fatalities database: analysis of volcanic
threat with distance and victim classification. J. Appl. Volcanol. 6, 15, doi:10.1186/s13617-017-0067-4

Brunette, W., Sundt, M., Dell, N., Chaudhri, R., Breit, N., Borriello, G., 2013. Open Data Kit 2.0: Expanding and refining
information services for developing regions. Proceedings of the 14th Workshop on Mobile Computing Systems and
Applications, 10, New York ACM, doi:10.1145/2444776.2444790

Cammerer, H., Thieken, A.H., Verburg, P.H., 2013. Spatio-temporal dynamics in the flood exposure due to land use changes
in the Alpine Lech Valley in Tyrol (Austria). Nat. Hazard., 68, 1243-1270, doi:10.1007/s11069-012-0280-8

Cao, X., Meng, Y., Chen, J., 2015. Mapping Grassland Wildfire Risk of the World, In: Shi, P., Kasperson, R. (Eds.) World
Atlas of Natural Disaster Risk. IHDP/Future Earth-Integrated Risk Governance Project Series. Springer, Berlin, Heidelberg
Cardona, O.D., Ordaz, M.G., Mora, M.G., Salgado-Galvez, M.A., Bernal, G.A., Zuloaga-Romero, D., 2014. Global risk
assessment: A fully probabilistic seismic and tropical cyclone wind risk assessment. Int. J. Disast. Risk Re., 10, 461-476,
doi:10.1016/j.ijdrr.2014.05.006

Carrdo, H., Naumann, G., Barbosa, P., 2016. Mapping global patterns of drought risk: An empirical framework based on sub-
national estimates of hazard, exposure and vulnerability. Global Environ. Chang.,, 39, 108-124,
doi:10.1016/j.gloenvcha.2016.04.012

Chan, L.S., Chen, Y., Chen, Q., Chen, L., Liu, J., Dong, W., Shah, H., 1998. Assessment of global seismic loss based on
macroeconomic indicators. Nat. Hazards, 17, 269-283, doi:10.1023/A:1008060510137

Cecil, D.J., Buechler, D.E., Blakeslee, R.J., 2014. Gridded lightning climatology from TRMM-LIS and OTD: Dataset
description. Atmos. Res., 135, 404-414, doi:10.1016/j.atmosres.2012.06.028

29



945

950

955

960

965

970

https://doi.org/10.5194/nhess-2019-403
Preprint. Discussion started: 16 December 2019
(© Author(s) 2019. CC BY 4.0 License.

Christian, H.J., Blakeslee, R.J., Boccippio, D.J., Boeck, W.L., Buechler, D.E., Driscoll, K.T., Goodman, S.J., Hall, J.M,,
Koshak, W. J., Mach, D.M., Stewart, M.F., 2003. Global frequency and distribution of lightning as observed from space by
the Optical Transient Detector. J. Geophys. Res. 108 (D1), 4005, doi:10.1029/2002)D002347

Christenson, E., Elliott, M., Banerjee, O., Hamrick, L., Bartram, J., 2014. Climate-related hazards: a method for global
assessment of urban and rural population exposure to cyclones, droughts, and floods. Int. J. Env. Res. Pub. He., 11, 2169-2192,
doi:10.3390/ijerph110202169

Chuvieco, E., Yue, C., Heil, A., Mouillot, F., Alonso-Canas, 1., Padilla, M., Pereira, J.M., Oom, D., Tansey, K., 2016. A new
global burned area product for climate assessment of fire impacts. Global Ecol. Biogeogr., 25, 619-629, doi:10.1111/geb.12440
CIESIN, 2016. Columbia University Center for International Earth Science Information Network Gridded Population of the
World, Version 4 (GPWv4): Population Count. CIESIN, Columbia University, Palisades, New York, doi:10.7927/H4X63JVC
Ciscar, J.-C., Rising, J., Kopp, R.E., Feyen, L., 2019. Assessing future climate change impacts in the EU and the USA: insights
and lessons from two continental-scale projects. Environ. Res. Lett., 14, 084010, doi:10.1088/1748-9326/ab281e

Corlett, R.T., 2011. Impacts of warming on tropical lowland rainforests. Trends in Ecology and Evolution, 26, 606-613,
doi:10.1016/j.tree.2011.06.015

Couasnon, A., Eilander, D., Muis, S., Veldkamp, T.1.E., Haigh, 1.D., Wahl, T., Winsemius, H.C., Ward, P.J., 2019. Measuring
compound flood potential from river discharge and storm surge extremes at the global scale and its implications for flood
hazard. Nat. Hazard. Earth Sys., in press

Cutter, S.L., Finch, C., 2008. Temporal and spatial changes in social vulnerability to natural hazards. P. Natl. Acad. Sci. USA.,
2301-2306; doi:10.1073/pnas.0710375105

Cutter, S., Ismail-Zadeh, A., Alcantara-Ayala, |., Altan, O., Baker, D.N., Bricefio, S., Gupta, H., Holloway, A., Johnston, D.,
McBean, G.A., Ogawa, Y., Paton, D., Porio, E., Silbereisen, R.K., Takeuchi, K., Valsecchi, G.B., Vogel, V., Wu, G., 2015.
Global risks: Pool knowledge to stem losses from disasters. Nature, 522, 277-279, doi:10.1038/522277a

Daniell, J.E., 2014. The development of socio-economic fragility functions for use in worldwide rapid earthquake loss
estimation procedures. Doctoral Thesis, Karlsruhe

Daniell, J.E., Wenzel, F.. 2014. The production and implementation of socioeconomic fragility functions for use in rapid
worldwide earthquake loss estimation. Paper No. 490, 15th ECEE, Istanbul

De Bono, A., Chatenoux B, 2015. A Global Exposure Model for GAR 2015 Background Paper prepared for the 2015 Global
Assessment Report on Disaster Risk Reduction. UNDRR, Geneva

De Risi, R., Goda, K., 2017. Simulation-based probabilistic tsunami hazard analysis: empirical and robust hazard predictions.
Pure and Applied Geophysics, 174, 3083-3106

Dilley, M., Chen, R.S., Deichmann, U., Lerner-Lam, A., Arnold, M., Agwe, J., Buys, P., Kjekstad, O., Lyon, B., Yetman, G.,
2005. Natural Disaster Hotspots. A Global Risk Analysis. The World Bank, Washington DC

30



975

980

985

990

995

1000

1005

https://doi.org/10.5194/nhess-2019-403
Preprint. Discussion started: 16 December 2019
(© Author(s) 2019. CC BY 4.0 License.

Dottori, F., Szewczyk, W., Ciscar, J. C., Zhao, F., Alfieri, L., Hirabayashi, Y., Bianchi, A., Mongelli, 1., Frieler, K., Betts,
R.A., Feyen, L., 2018. Increased human and economic losses from river flooding with anthropogenic warming, Nat. Clim.
Chang., 8, 781-786, doi:10.1038/s41558-018-0257-z

Emanuel, K., Nolan, D. S., 2004. Tropical cyclone activity and the global climate system. 26th Conference on Hurricanes and
Tropical Meteorolgy, 240-241

Emanuel, K., Sundararajan, R., William, J., 2008. Hurricanes and global warming: Results from downscaling IPCC AR4
simulations. Bull. Am. Meterol. Soc., 89, 347367, 10.1175/BAMS-89-3-347

Englhardt, J., De Moel, H., Huyck, C.K., De Ruiter, M.C., Aerts, J.C.J.H., 2019. Enhancement of large-scale flood risk
assessments using building-material-based vulnerability curves for an object-based approach in urban and rural areas. Nat.
Hazard. Earth Sys., 19, 1703-1722, doi:10.5194/nhess-19-1703-2019

Fang, J., Sun, S., Shi, P., 2014. Assessment and mapping of potential storm surge impacts on global population and economy.
Int J Disaster Risk Sci., 2014, 1-9, doi:10.1007/s13753-014-0035-0

Fang W., Tan, C., Lin, W., Wu, X., Ye, Y., Cao, S., Mo, W., Li, Y., Li, Y, Wu, Y, Lin, G, Yang, Y., 2015. Mapping Tropical
Cyclone Wind Risk of the World. In: Shi, P., Kasperson, R. (Eds.) World Atlas of Natural Disaster Risk. IHDP/Future Earth-
Integrated Risk Governance Project Series. Springer, Berlin, Heidelberg

Flannigan, M.D., Krawchuk, M.A., De Groot, W.J., Wotton, B.M., Gowman, L.M., 2009. Implications of changing climate
for global wildland fire. Int. J. Wildland Fire, 18, 483-507, doi:10.1071/WF08187

Freire, S., Kemper, T., Pesaresi, M., Florczyk, A., Syrris, V., 2015. Combining GHSL and GPW to improve global population
mapping. 2015 IEEE International Geoscience & Remote Sensing Symposium Proceedings, 25412543

Freire, S., Florczyk, A.J., Pesaresi, M., Sliuzas, R., 2019. An Improved Global Analysis of Population Distribution in Proximity
to Active Volcanoes, 1975-2015. ISPRS Int. J. Geo.-Inf., 8, 341, doi:10.3390/ijgi8080341

Froude, M.J., Petley, D.N., 2018. Global fatal landslide occurrence from 2004 to 2016. Nat. Hazard. Earth Sys., 18, 2161-
2181, doi:10.5194/nhess-18-2161-2018

Gallina, V., Torresan, S., Critto, A., Sperotto, A., Glade, T., Marcomini, A., 2016. A review of multi-risk methodologies for
natural hazards: Consequences and challenges for a climate change impact assessment. J. Environ. Manage., 168, 123-132,
doi:10.1016/j.jenvman.2015.11.011

GCOS, 2011. Systematic observation requirements for satellite-based products for climate, 2011 update. edn. WMO GCOS
Rep. 154. WMO, Geneva

Giglio, L., Loboda, T., Roy, D.P., Quayle, B., Justice, C.O., 2009. An active-fire based burned area mapping algorithm for the
MODIS sensor. Remote Sens. Environ., 113, 408-420, doi:10.1016/j.rse.2008.10.006

Gill, J.C., Malamud, B.D., 2014. Reviewing and visualizing the interactions of natural hazards. Review of Geophysics, 52,
680-722, doi:10.1002/2013RG00

Grezio, A., Gasparini, P., Marzocchi, W., Patera, A., Tinti, S., 2012. Tsunami risk assessments in messina, Sicily - Italy. Nat.
Hazard. Earth Syst., 12, 151-163, doi:10.5194/nhess-12-151-2012

31



1010

1015

1020

1025

1030

1035

https://doi.org/10.5194/nhess-2019-403
Preprint. Discussion started: 16 December 2019
(© Author(s) 2019. CC BY 4.0 License.

Guerreiro, S.B., Glenis, V., Dawson, R.J., Kilshy. C., 2017. Pluvial flooding in European cities—A continental approach to
urban flood modelling. Water, 9, 296, doi:10.3390/w9040296

Gunasekera, R., Ishizawa, O., Aubrecht, C., Blankespoor, B., Murray, S., Pomonis, A., Daniell, J., 2015. Developing an
adaptive global exposure model to support the generation of country disaster risk profiles. Earth-Sci. Rev., 150, 594-608,
doi:10.1016/j.earscirev.2015.08.012

Gunasekera, R., Daniell, J.E., Pomonis, A., Arias, R.A.D., Ishizawa, O., Stone, H., 2018. Methodology Note: The Global
RApid post-disaster Damage Estimation (GRADE) approach. World Bank and GFDRR Technical Report. World Bank and
GFDRR, Washington DC

Guneralp, B., Gineralp, 1., Liu, Y., 2015. Changing global patterns of urban exposure to flood and drought hazards. Global
Environ. Chang., 31, 217-225, doi:10.1016/j.gloenvcha.2015.01.002

Guo, H., Zhang, X., Lian, F., Gao, Y., Lin, D., Wang, J., 2016 Drought risk assessment based on vulnerability surfaces: a case
study of maize. Sustainability, 8, 813, doi:10.3390/su8080813

Guzzetti, F., Cardinali, M., Reichenbach, P., 1994. The AVI project: a bibliographical and archive inventory of landslides and
floods. Environ. Manage. 18, 623-633

Haer, T., Botzen, W.J.W., Aerts, J.C.J.H., 2019. Advancing disaster policies by integrating dynamic adaptive behaviour in risk
assessments using an agent-based modelling approach. Environ. Res. Lett., 14, 044022, doi:10.1088/1748-9326/ab0770
Haklay, M., Weber, P., 2008. OpenStreetMap: user-generated street maps.” IEEE Pervasive Computing 7, 12-,
d0i:10.1109/MPRV.2008.80

Hall, T.M., Kossin, J.P., 2019. Hurricane stalling along the North American coast and implications for rainfall. Climate and
Atmospheric Science, 2, 17, doi:10.1038/s41612-019-0074-8

Hallegatte, S., Green, C., Nicholls, R.J., Corfee-Morlot, J., 2013. Future flood losses in major coastal cities. Nat. Clim. Change,
3, 802-806, doi:10.1038/nclimate1979

Hallegatte, S., Bangalore, M., Bonzanigo, L., Fay, M., Kane, T., Narloch, U., Rozenberg, J., Treguer, D., Vogt-Schilb, A.,
2016. Shock Waves: Managing the Impacts of Climate Change on Poverty. World Bank, Washington DC

Hasegawa, T., Fujimori, S., Ito, A., Takahashi, K., Masui, T., 2017. Global land-use allocation model linked to an integrated
assessment model. Sci. Total Environ., 580, 787-796, doi:10.1016/j.scitotenv.2016.12.025

Hicks, A., Barclay, J., Chilvers, J., Armijos, M.T., Oven, K., Simmons, P., Haklay, M., 2019. Global mapping of citizen science
projects for Disaster Risk Reduction. Frontiers in Earth Science 7, 1-18, doi:10.3389/feart.2019.00226

Hinkel, J., Klein, R.J.T., 2009. Integrating knowledge to assess coastal vulnerability to sea-level rise: The development of the
DIVA tool. Global Environ. Chang., 19, 384-395, doi:10.1016/j.gloenvcha.2009.03.002

Hinkel, J., Nicholls, R.J., Vafeidis, A.T., Tol, R.S.J., Avagianou, T., 2010. Assessing risk of and adaptation to sea-level rise in
the European Union: an application of DIVA. Mitig. Adapt. Strateg. Glob. Chang., 15, 703-719, doi:10.1007/s11027-010-
9237-y

32



1040

1045

1050

1055

1060

1065

1070

https://doi.org/10.5194/nhess-2019-403
Preprint. Discussion started: 16 December 2019
(© Author(s) 2019. CC BY 4.0 License.

Hinkel, J., Lincke, D., Vafeidis, A.T., Perrette, M., Nicholls, R.J., Tol, R.S.J., Marzeion, B., Fettweis, X., lonescu, C.,
Levermann, A., 2014. Coastal flood damage and adaptation costs under 21st century sea-level rise. P. Natl. Acad. Sci. USA.,
111, 3292-3297, doi:10.1073/pnas.1222469111

Hirabayashi, Y., Kanae, S., 2009. First estimate of the future global population at risk of flooding. Hydrological Research
Letters, 3, 6-9, d0i:10.3178/HRL.3.6

Hirabayashi, Y., Mahendran, R., Koirala, S., Konoshima, L., Yamazaki, D., Watanabe, S., Kim, H. and Kanae, S., 2013. Global
flood risk under climate change. Nat. Clim. Chang., 3, 816-821, doi:10.1038/nclimate1911

Holland, G.J., 1980. An analytic model of the wind and pressure profiles in hurricanes. Mon. Wea. Rev, 108, 1212-1218,
d0i:10.1175/1520-0493(1980)108<1212: AAMOTW>2.0.CO;2

Holmes, J.D., 2015. Wind loading of structures. CRC Press, Boca Raton

Hoozemans, F.M.J., Marchand, M., Pennekamp, H.A., 1993. Sea Level Rise: A Global Vulnerability Assessment (GVA) -
vulnerability assessment for population, coastal wetlands and rice production on a global scale. Delft Hydraulics and
Rijkswaterstaat, Delft and The Hague

Huang, C., 1997. Principle of information diffusion. Fuzzy Set. Syst., 91, 69-90, doi:10.1016/S0165-0114(96)00257-6
Huang, C.F. 2012. Risk analysis and management of natural disasters. Science Press, Beijing (in Chinese)

Hunter, J.R., Woodworth, P.L., Wahl, T., Nicholls, R.J., 2017. Using global tide gauge data to validate and improve the
representation of extreme sea levels in flood impact studies. Global Planet. Change, 156, 34-45,
doi:10.1016/j.gloplacha.2017.06.007

Ikeuchi, H., Hirabayashi, Y., Yamazaki, D., Muis, S., Ward, P.J., Winsemius, H.C., Verlaan, M., Kanae, S., 2017. Compound
simulation of fluvial floods and storm surges in a global coupled river-coast flood model: Model development and its
application to 2007 Cyclone Sidr in Bangladesh. J. Adv. Model. Earth Sy., 9, 1847-1862, doi: 10.1002/2017MS000943

lliffe, M., Goulding, J., Winsemius, H.C., 2017. Towards a conceptual framework for participatory mapping in developing
countries. GISRUK 2017, Manchester

Jaiswal, K., Wald, D., 2010. An empirical model for global earthquake fatality estimation. Earthq. Spectra, 26, 1017-1037,
doi:10.1193/1.3480331

Jaiswal, K.S., Wald, D.J., 2011. Rapid estimation of the economic consequences of global earthquakes. U.S. Geological Survey
Open-File Report 2011-1116. USGS, Denver

Jelinek, R., Krausmann, E., Gonzalez, M., Alvarez-Gomez, J., Birkmann, J., Welle, T., 2012. Approaches for tsunami risk
assessment and application to the city of Cadiz, Spain. Nat. Hazards, 60, 273-293, doi:10.1007/s11069-011-0009-0

Jenkins, S., Magill, C., McAneney, J., Blong, R., 2012. Regional ash fall hazard I: A probabilistic assessment methodology.
B. Volcanol., 74, 1699-1712, doi:10.1007/s00445-012-0627-8

Jenkins, S.F., Spence, R.J.S., Fonseca, J.F.B.D., Solidum, R.U., Wilson, T.M., 2014. Volcanic risk assessment: Quantifying
physical vulnerability in the built environment. J. Volcanol. Geoth. Res., 276, 105-120, doi:10.1016/j.jvolgeores.2014.03.002

33



1075

1080

1085

1090

1095

1100

1105

https://doi.org/10.5194/nhess-2019-403
Preprint. Discussion started: 16 December 2019
(© Author(s) 2019. CC BY 4.0 License.

Jenkins, S.F., Wilson, T.M., Magill, C.R., Miller, V., Stewart, C., Blong, R., Marzocchi, W., Boulton, M., Bonadonna, C. and
Costa, A., 2015. Volcanic ash fall hazard and risk. In: Loughlin, S.C., Sparks, R.S.J., Brown, S.K., Jenkins, S.F., Vye-Brown,
C. (Eds.), Global Volcanic Hazards and Risk. Cambridge University Press, Cambridge

Jolly, W.M., Cochrane, M.A., Freeborn, P.H., Holden, Z.A., Brown, T.J., Williamson, G.J., Bowman, D.M.J.S., 2015. Climate-
induced variations in global wildfire danger from 1979 to 2013. Nat. Commun., 6, 7537, doi:10.1038/ncomms8537
Jongman, B., Ward, P.J., Aerts, J.C.J.H., 2012. Global exposure to river and coastal flooding: long term trends and changes.
Glob. Environ. Change 22, 823-835, doi:10.1016/j.gloenvcha.2012.07.004

Jongman, B., Winsemius, H.C., Aerts, J.C.J.H., Coughlan de Perez, E., Van Aalst, M.K., Kron, W., Ward, P.J., 2015. Declining
vulnerability to river floods and the global benefits of adaptation. P. Natl. Acad. Sci. USA., E2271-E2280,
d0i:10.1073/pnas.1414439112

Juang, C.S., Kirschbaum, D.B., Stanley, T., 2019. Using citizen science to expand the global map of landslides: Introducing
the Cooperative Open Online Landslide Repository (COOLR). PLOS ONE, 14, 0218657, doi:10.1371/journal.pone.0218657
Kirschbaum, D.B., Adler, R., Hong, Y., Hill, S., Lerner-Lam, A., 2010. A global landslide catalog for hazard applications:
method, results, and limitations. Nat. Hazard., 52, 561-575, doi:10.1007/s11069-009-9401-4

Kirschbaum, D., Stanley, T., 2018. Satellite-Based Assessment of Rainfall-Triggered Landslide Hazard for Situational
Awareness. Earth’s Future, 6, 505-523, doi:10.1002/2017EF000715

Kleinen, T., Petschel-Held, G., 2007. Integrated assessment of changes in flooding probabilities due to climate change.
Climatic Change, 81, 283-312, doi:10.1007/s10584-006-9159-6

Knapp, K.R., Kruk, M.C., Levinson, D.H., Diamond, H.J., Neumann, C.J., 2010. The International Best Track Archive for
Climate Stewardship (IBTrACS): Unifying tropical cyclone data. B. Am. Meteorol. Soc., doi:10.1175/2009BAMS2755.1
Knorr, W., Kaminski, T., Arneth, A., Weber, U., 2014. Impact of human population density on fire frequency at the global
scale. Biogeosciences, 11, 1085, doi:10.5194/bg-11-1085-2014

Knorr, W., Arneth, A., Jiang, L., 2016. Demographic controls of future global fire risk. Nat. Clim. Change, 6, 781-785
Kocaman, S. Gokceoglu, C., 2018. Possible contributions of citizen science for landslide hazard assessment. Int. Arch.
Photogramm., 42, 295-300, doi:10.5194/isprs-archives-XLI1-3-W4-295-2018

Koks, E.E., Rozenberg, J., Zorn, C., Tariverdi, M., Vousdoukas, M., Fraser, S.A., Hall, J.W., Hallegatte, S., 2019. A global
multi-hazard risk analysis of road and railway infrastructure assets. Nat. Commun., 10, 2677, d0i:10.1038/s41467-019-10442-
3

Korswagen, P.A., Jonkman, S.N., Terwel, K.C., 2019. Probabilistic assessment of structural damage from coupled multi-
hazards. Struct. Saf., 76, 135-148, doi:10.1016/j.strusafe.2018.08.001

Kossin, J.P., 2018. A global slowdown of tropical-cyclone translation speed. Nature, 558, 104-107, doi:10.1038/s41586-018-
0158-3

Kreibich, H., Blauhut, V., Aerts, J.C.J.H., Bouwer, L.M., Van Lanen, H.A., Mgjia, A., Mens, M., Van Loon, A.F., 2019. How

to improve attribution of changes in drought and flood impacts. Hydrological Sciences Journal, 64, 1-18

34



1110

1115

1120

1125

1130

1135

https://doi.org/10.5194/nhess-2019-403
Preprint. Discussion started: 16 December 2019
(© Author(s) 2019. CC BY 4.0 License.

Kunz, M., Geissbuehler, P., 2017. Severe convective storm. In: Mitchell-Wallace, K., Jones, M., Hillier, J., Foote, M. (Eds.)
Natural Catastrophe Risk Management and Modelling: A Practitioner's Guide. John Wiley & Sons Ltd., Chicherster
Lallemant, D., 2015. Modeling the future disaster risk of cities to envision paths towards their future resilience. Stanford
University, Stanford

LandScan, 2008. LandScan™ Global, Oak Ridge National Laboratory, Oak Ridge, http://www.ornl.gov/sci/landscan/
Landsea, C.W., Franklin, J.L., 2013. Atlantic hurricane database uncertainty and presentation of a new database format. Mon.
Weather Rev., 141, 3576-3592, d0i:10.1175/MWR-D-12-00254.1.

Laurance, W.F., Williamson, G.B., 2001. Positive feedbacks among forest fragmentation, drought, and climate change in the
Amazon. Conserv. Biol., 15, 1529-1535, doi:10.1046/j.1523-1739.2001.01093.x

Lee, C.-Y., Tippett, M.K., Sobel, A.H., Camargo, S.J., 2018. An Environmentally Forced Tropical Cyclone Hazard Model. J.
Adv. Model. Earth Sy., 10, 223-241, doi:10.1002/2017MS001186

Li, M., Zou, Z., Xu, G., Shi, P., 2015. Mapping earthquake risk of the world. In: Shi, P., Kasperson, R. (Eds.) World Atlas of
Natural Disaster Risk. IHDP/Future Earth-Integrated Risk Governance Project Series. Springer, Berlin, Heidelberg

Li, Y., Ye, W., Wang, M., Yan, X., 2009. Climate change and drought: a risk assessment of crop-yield impacts. Clim. Res.,
39, 31-46, doi:10.3354/cr00797

Lindsay, J.M., Robertson, R.E.A., 2018. Integrating Volcanic Hazard Data in a Systematic Approach to Develop Volcanic
Hazard Maps in the Lesser Antilles. Front. Earth Sci., 6, doi:10.3389/feart.2018.00042

Liu, W., Sun F., Ho Lim, W., Zhang, J., Wang, H., Shiogama, H., Zhang, Y., 2018. Global drought and severe drought-affected
populations in 1.5 and 2.0°C warmer worlds. Earth Syst. Dynamics, 9, 267-283, doi:10.5194/esd-9-267-2018

Lloyd-Hughes, B., 2014. The impracticality of a universal drought definition. Theoretical and Applied Climatology, 117, 607-
611, do0i:10.1007?s 00704-013-1025-7

Loughlin, S.C., Sparks, R.S.J., Brown, S.K., Jenkins, S.F., Vye-Brown, C., 2015. Global Volcanic Hazards and Risk.
Cambridge University Press, Cambridge

Lavholt F., Griffin J., Salgado-Galvez M., 2015. Tsunami Hazard and Risk Assessment on the Global Scale. In: Meyers R.
(Ed.) Encyclopedia of Complexity and Systems Science. Springer, Berlin, Heidelberg

Magsood, T., Wehner, M., Ryu, H., Edwards, M., Dale, K., Miller, V., 2014. GAR15 Regional vulnerability functions.
Reporting on the UNDRR/GA SE Asian regional workshop on structural vulnerability models for the GAR global risk
assessment. Geoscience Australia Record 2014/38. Geoscience Australia, Canberra

Magsood, T., Wehner, M., Ryu, H., Edwards, M., Dale, K., Miller, V., 2014. GAR15 Vulnerability Functions. Reporting on
the UNISDR/GA SE Asian Regional Workshop on Structural Vulnerability Models for the GAR Global Risk Assessment, 11—
14 November, 2013, Geoscience Australia, Canberra, Australia. Record 2014/38, http://dx.doi.org/10.11636/Record.2014.038
Marc, O., Hovius, N., Meunier, P., Uchida, T., Hayashi, S., 2015. Transient Changes of Landslide Rates after Earthquakes.
Geology, 43, 883-886, d0i:10.1130/G36961.1

35



1140

1145

1150

1155

1160

1165

1170

https://doi.org/10.5194/nhess-2019-403
Preprint. Discussion started: 16 December 2019
(© Author(s) 2019. CC BY 4.0 License.

Martius, O., Hering, A., Kunz, M., Manzato, A., Mohr, S., Nisi, L., Trefald, S., 2018. Challenges and recent advances in hail
research. Bull. Am. Meteorol. Soc., 99, ES51-ES54, doi:10.1175/BAMS-D-17-0207.1

Mendelsohn, R., Emanuel, K., Chonabayashi, S., Bakkensen, L., 2012. The impact of climate change on global tropical cyclone
damage. Nat. Clim. Change, 2, 205-209, doi:10.1038/NCLIMATE1357

Meng, Y., Deng, Y., Shi, P., 2015. Mapping forest wildfire risk of the world. In: Shi, P., Kasperson, R. (Eds.) World Atlas of
Natural Disaster Risk. IHDP/Future Earth-Integrated Risk Governance Project Series. Springer, Berlin, Heidelberg

Mirza, M.M.Q., 2003. Climate change and extreme weather events: can developing countries adapt? Clim. Policy, 3, 233-248
Mora, C., Spirandelli, D., Franklin, E.C., Lynham, J., Kantar, M.B., Miles, W., Smith, C.Z., Freel, K., Moy, J., Louis, L.V.,
Barba, E.W., Bettinger, K., Frazier, A.G., Colburn IX, J.F., Hanasaki, N., Hawkins, E., Hirabayashi, Y., Knorr, W., Little,
C.M., Emanuel, K., Sheffield, J., Patz, J.A., Hunter, C.L., 2018. Broad threat to humanity from cumulative climate hazards
intensified by greenhouse gas emissions. Nat. Clim. Change, 8, 1062-1071

Muis, S., Verlaan, M., Winsemius, H.C., Aerts, J.C.J.H., Ward, P.J., 2016. A global reanalysis of storm surges and extreme
sea levels. Nat. Commun., 7, 11969. doi:10.1038/ncomms11969

Muis, S., Verlaan, M., Nicholls, R. J., Brown, S., Hinkel, J., Lincke, D., Vafeidis, T., Scussolini, P., Winsemius, H.C., Ward,
P.J.,2017. A comparison of two global datasets of extreme sea levels and resulting flood exposure. Earth’s Future, 5, 379-392,
d0i:10.1002/2016EF000430

Murnane, R., Allegri, G., Bushi, A., Dabbeek, J., de Moel, H., Duncan, M., Fraser, S., Galasso, C., Giovando, C., Henshaw,
P., Horsburgh, K., Huyck, C., Jenkins, S., Johnson, C., Kamihanda, G., Kijazi, J., Kikwasi, W., Kombe, W., Loughlin, S.,
Lavholt, F., Masanja, A., Mbongoni, G., Minas, S., Msabi, M., Msechu, M., Mtongori, H., Nadim, F., O’Hara, M., Pagani,
M., Phillips, E., Rossetto, T., Rudari, R., Sangana, P., Silva, V., Twigg, J., Uhinga, G. Verrucci, E., 2019. Data schemas for
multiple hazards, exposure and vulnerability. Disaster Prevention and Management, 28, 6, 752-763, doi:10.1108/DPM-09-
2019-0293

Nadim, F., Kjekstad, O., Peduzzi, P., Herold, C., Jaedicke, C., 2004. Global landslide and avalanche risk hotspots. The World
Bank, Washington DC

Nadim, F., Kjekstad, O., Peduzzi, P., Herold, C., Jaedicke, C., 2006. Global landslide and avalanche hotspots. Landslides, 3,
159-173, doi: 10.1007/s10346-006-0036-1

Neri, M., Le Cozannet, G., Thierry, P., Bignami, C., Ruch, J., 2013. A method for multi-hazard mapping in poorly known
volcanic areas: an example from Kanlaon (Philippines). Nat. Hazard. Earth Syst., 13, 1929-1943, doi:10.5194/nhess-13-1929-
2013

Newhall, C., Costa, F., Ratdomopurbo, A., Venezky, D., Widiwijayanti, C., Win, N.T.Z., Tan, K. and Fajiculay, E., 2017.
WOVOdat—an online, growing library of worldwide volcanic unrest. J. Volcan. Geoth. Res., 345, 184-199,
doi:10.1016/j.jvolgeores.2017.08.003

36



1175

1180

1185

1190

1195

1200

1205

https://doi.org/10.5194/nhess-2019-403
Preprint. Discussion started: 16 December 2019
(© Author(s) 2019. CC BY 4.0 License.

Nowicki Jessee, M.A.N., Hamburger, M.W., Allstadt, K., Wald, D.J., Robeson, S.M., Tanyas, H., Hearne, M., Thompson,
E.M., 2018. A Global Empirical Model for Near-Real-Time Assessment of Seismically Induced Landslides. J. Geophys. Res.-
Earth, 123, 1835-1859, doi:10.1029/2017JF004494

Okumura, N., Jonkman, S.N., Esteban, M., Hoand, B., Shibayama, T., 2017. A method for tsunami risk assessment: a case
study for Kamakura, Japan. Nat. Hazard., 88, 1451, doi:10.1007/s11069-017-2928-x

Pan, H., Shi, P., Ye, T., Xu, W., Wang, J., 2015. Mapping the expected annual fatality risk of volcano on a global scale. Int. J.
Disast. Risk Re., 13, 52-60, doi:10.1016/j.ijdrr.2015.03.004

Peduzzi, P., Dao, H., Herold, C., Mouton, F., 2009. Assessing global exposure and vulnerability towards natural hazards: the
Disaster Risk Index. Nat. Hazard. Earth Sys., 9, 1149-1159, doi:10.5194/nhess-9-1149-2009

Peduzzi, P., Chatenoux, B., Dao, H., De Bono, A., Herold, C., Kossin, J., Mouton, F., Nordbeck, O., 2012. Global trends in
tropical cyclone risk. Nat. Clim. Change, 289-294, doi:10.1038/NCLIMATE1410

Pesaresi, M., Ehrlich, D., Ferri, S., Florczyk, A.J., Freire, S., Halkia, M., Julea, A., Kemper, T., Soille, P., Syrris, V., 2016.
Operating procedure for the production of the Global Human Settlement Layer from Landsat data of the epochs 1975, 1990,
2000, and 2014. JRC Technical Report EUR 27741 EN; doi:10.2788/253582

Petley, D., 2012. Global patterns of loss of life from landslides. Geology, 40, 927-930, doi: 10.1130/G33217.1

Pittore, M., Wieland, M., Fleming, K., 2017. Perspectives on global dynamic exposure modelling for geo-risk assessment. Nat.
Hazard., 7-30, doi:10.1007/s11069-016-2437-3

Punge, H., Werner, A., Bedka, K., Kunz, M., 2014. A new physically based stochastic event catalogue for hail in Europe. Nat.
Hazards, 73, 1625-1645, doi:10.1007/s11069-014-1161-0

Riddell, G.A., Van Delden, H., Maier, H.R., Zecchin, A.C., 2019. Exploratory scenario analysis for disaster risk reduction:
Considering  alternative pathways in disaster risk assessment. Int. J. Disast. Risk Re., 39, 101230,
doi:10.1016/j.ijdrr.2019.101230

Riley, K.L., Williams, A.P., Urbanski, S.P., Calkin, D.E., Short, K.C., O’Connor, C.D., 2019. Will Landscape Fire Increase in
the Future? A Systems Approach to Climate, Fire, Fuel, and Human Drivers. Current Pollution Reports, 5, 9-24, doi:10.1007
/s40726-019-0103-6

Ritz, 2017. Incorporating distributions of insurance loss data into a stochastic hail loss model. 2nd European Hail Workshop,
19-21.04.2017, Bern

Sachs, J.D., Mellinger, A.D., Gallup, J.L., 2001. The Geography of Poverty and Wealth. Scientific American, 284(3), 70-75,
doi:10.1038/scientificamerican0301-70

Sampson, C.C., Smith, A.M., Bates, P.D., Neal, J.C., Alfieri, A., Freer, J.E., 2015. A high-resolution global flood hazard
model. Water Resour. Res., 51, 7358-7381, doi:10.1002/2015WR016954

Sandri, L., Thouret, J.-C., Constantinescu, R., Biass, S., Tonini, R., 2014. Long-term multi-hazard assessment for El Misti
volcano (Peru). B. Volcanol., 76, 1-26, doi:10.1007/s00445-013-0771-9

Schéfer (2018), Development of a Global Tsunami Risk Model, PhD Manuscript. Karlsruhe Institute of Technology, Karlsruhe

37



1210

1215

1220

1225

1230

1235

https://doi.org/10.5194/nhess-2019-403
Preprint. Discussion started: 16 December 2019
(© Author(s) 2019. CC BY 4.0 License.

Schmidberger, M., 2018a. Hagelgefahrdung und Hagelrisiko in Deutschland basierend auf einer Kombination von Radardaten
und Versicherungsdaten. Wiss. Berichte d. Instituts fir Meteorologie und Klimaforschung des Karlsruher Instituts fir
Technologie, Vol. 78, KIT Scientific Publishing, Karlsruhe

Schmidberger, M., Daniell, J. E., Kunz, M., 2018b. Hail hazard and hail risk modeling for Germany based on a combination
of radar and insurance data. 1st North American Workshop on Hail & Hailstorms, 14-16 August 2018, Boulder, Colorado
Schuerch, M., Spencer, T., Temmerman, S., Kirwan, M. L., Wolff, C., Lincke, D., McOwen, C.J., Pickering, M.D., Reef, R.,
Vafeidis, A.T., Hinkel, J., Nicholls, R.J., Brown. S., 2018. Future response of global coastal wetlands to sea-level rise. Nature,
561, 231, doi:10.1038/s41586-018-0476-5

Schumann, G.J.P., Bates, P.D., 2018. The Need for a High-Accuracy, Open-Access Global DEM. Front. Earth Sci., 6,
doi:10.3389/feart.2018.00225

Scolobig, A., Komendantova, N., Mignan, A., 2017. Mainstreaming multi-risk approaches into policy. Geosciences, 7, 129,
doi: 10.3390/geosciences7040129

Shi, P., Kasperson, R., 2015. World Atlas of Natural Disaster Risk. IHDP/Future Earth-Integrated Risk Governance Project
Series. Springer, Berlin, Heidelberg

Silva, V., Crowley, H., Jaiswal, K., Acevedo, A.B., Pittore, M., Journey, M., 2018. Developing a global earthquake risk model.
16th European Conference on Earthquake Engineering, 18-21 June 2018, Thessaloniki

Small, C., Naumann, T., 2001. The global distribution of human population and recent volcanism. Environmental Hazards, 3,
93-109, 10.1016/S1464-2867(02)00002-5

Smirnov, O., Zhang, M., Xiao, T., Orbell, J., Lobben, A., Gordon, J., 2016. The relative importance of climate change and
population growth for exposure to future extreme droughts. Climatic Change, 138, 41-53, doi:10.1007/s10584-016-1716-z
Soden, R., Palen, L., 2014. From crowdsourced mapping to community mapping: the post-earthquake work of OpenStreetMap
Haiti. Proceedings of the 11th International Conference on the Design of Cooperative Systems, 27-30 May 2014, Nice.
Springer International Publishing, https://doi.org/10.1007/978-3-319-06498-7_19

Stahl, K., Hisdal, H., 2004. Hydroclimatology. Developments in Water Science, 48, 19-51

Stanley, T.A., Kirschbaum, D.B., 2017. A heuristic approach to global landslide susceptibility mapping. Nat. Hazards, 87,
145-164, doi: 10.1007/s11069-017-2757-y

Stone, J., Barclay, J., Simmons, P., Cole, P., Loughlin, S.C., Ramoén, P., Mothes, P., 2014. Risk reduction through community-
based monitoring: the vigias of Tungurahua, Ecuador. J Appl. Volcanol. 3, 11, doi:10.1186/s13617-014-0011-9

Suppasri, A., Mas, E., Charvet, I., Gunasekera, G., Imai, K., Fukutani, Y., Abe, Y., Imamura, F., 2013. Building damage
characteristics based on surveyed data and fragility curves of the 2011 great east Japan tsunami. Nat. Hazards, 66, 319-
341,doi:10.1007/s11069-012-0487-8

Tanyas, H., Van Westen, C., Allstadt, K., Nowicki Jessee, A., Gortim, T., Jibson, R. W., Godt, J.W., Sato, H.P., Schmitt, R.G.,
Marc, O., Hovius, N., 2017. Presentation and Analysis of Earthquake-Induced Landslide Inventories. J. Geophys. Res.-Earth,
122, 1991-2015, d0i:10.1002/2017JF004236

38



1240

1245

1250

1255

1260

1265

1270

https://doi.org/10.5194/nhess-2019-403
Preprint. Discussion started: 16 December 2019
(© Author(s) 2019. CC BY 4.0 License.

Tinti, S., Tonini, R., Pontrelli, P., Pagnoni, G., Santoro, L., 2008. Tsunami risk assessment in the Messina Straits, Italy, with
application to the urban area of Messina. In Geophysical Research Abstracts, 10.

UNGA, 2016. Report of the open ended intergovernmental expert working group on indicators and terminology relating to
disaster risk reduction. United Nations General Assembly A/71/644, New York

UNDRR, 2009. Global Assessment Report 2009. Risk and Poverty in a Changing Climate. Global Assessment Report on
Disaster Risk Reduction. UN Office for Disaster Risk Reduction, Geneva

UNDRR, 2011. GAR 2011. Global Assessment Report on Disaster Risk Reduction, Revealing Risk, Redefining Development.
UN Office for Disaster Risk Reduction, Geneva.

UNDRR, 2013. GAR 2013. From Shared Risk to Shared Value: the Business Case for Disaster Risk Reduction. UN Office for
Disaster Risk Reduction, Geneva.

UNDRR (2015a) Global Assessment Report 2015. Making Development Sustainable: The Future of Disaster Risk
Management. UN Office for Disaster Risk Reduction, Geneva.

UNDRR, 2015b. Sendai Framework for Disaster Risk Reduction 2015-2030 United Nations Office for Disaster Risk
Reduction, Geneva, Switzerland.

UNDRR, 2017. GAR 2019. Global Assessment Report on Disaster Risk ReductionUN Office for Disaster Risk Reduction,
Geneva.

United Nations, 2009. National accounts statistics: Main aggregated and detailed tables 2009, United Nations, New York
Vafeidis, A.T., Nicholls, R.J., McFadden, L., Tol, R.S.J., Hinkel, J., Spencer, T., Grashoff, P.S., Boot, G., Klein, R.J.T., 2008.
A new global coastal database for impact and vulnerability analysis to sea-level rise. J. Coastal Res., 24, 917-924,
doi:10.2112/06-0725.1

Vafeidis, A.T., Schuerch, M., Wolff, C., Spencer, T., Merkens, J.L., Hinkel, J., Lincke, D., Brown, S., Nicholls, R.J., 2019.
Water-level attenuation in global-scale assessments of exposure to coastal flooding: a sensitivity analysis. Nat. Hazard. Earth
Sys., 19, 973-984, doi:10.5194/nhess-19-973-2019

Virts, K.S., Wallace, J.M., Hutchins, M.L., Holzworth, R.H., 2013. Highlights of a new ground-based, hourly global lightning
climatology. B. Am. Meteorol. Soc., 94 (9), 1381-1391, doi:10.1175/BAMS-D-12-00082.1

Vousdoukas, M. 1., Voukouvalas, E., Annunziato, A., Giardino, A., Feyen, L., 2016. Projections of extreme storm surge levels
along Europe. Climate Dynamics, 47, 3171-3190, doi:10.1007/s00382-016-3019-5

Wallace, K., Snedigar, S., Cameron, C., 2015. ‘Is Ash Falling?’, an online ashfall reporting tool in support of improved ashfall
warnings and investigations of ashfall processes. Journal of Applied Volcanology 4, 1-10

Wang, S.Y.S., Zhao, L., Yoon, J.-H., Klotzbach, P., Gillies, R. R., 2018. Quantitative attribution of climate effects on Hurricane
Harvey’s extreme rainfall in Texas. Environ. Res. Lett., 13, 054014. doi:10.1088/1748-9326/aabh85

Ward, P.J., Jongman, B., Sperna Weiland, F., Bouwman, A., Van Beek, R., Bierkens, M.F.P., Ligtvoet, W., Winsemius, H.C.,
2013. Assessing flood risk at the global scale: model setup, results, and sensitivity. Environ. Res. Lett., 8, 044019,
doi:10.1088/1748-9326/8/4/044019

39



1275

1280

1285

1290

1295

1300

1305

https://doi.org/10.5194/nhess-2019-403
Preprint. Discussion started: 16 December 2019
(© Author(s) 2019. CC BY 4.0 License.

Ward, P.J. Kummu, M., Lall, U., 2016. Flood frequencies and durations and their response to El Nifio Southern Oscillation:
Global analysis. J. Hydrol., 539, 358-378, doi:10.1016/j.jhydrol.2016.05.045

Ward, P.J., Jongman, B., Aerts, J.C.J.H., Bates, P.D., Botzen, W.J.W., Diaz Loaiza, A., Hallegatte, S., Kind, J.M., Kwadijk,
J., Scussolini, P., Winsemius, H.C., 2017. A global framework for future costs and benefits of river-flood protection in urban
areas. Nat. Clim. Chang., 7, 642-646, doi:10.1038/NCLIMATE3350

Ward, P.J., Couasnon, A,, Eilander, D., Haigh, 1.D., Hendry, A., Muis, S., Veldkamp, T.l.E., Winsemius, H.C., Wahl, T., 2018.
Dependence between high sea-level and high river discharge increases flood hazard in global deltas and estuaries. Environ.
Res. Lett., 13, 084012, doi:10.1088/1748-9326/aad400

Watkinson, I.M., Hall, R., 2019. Impact of communal irrigation on the 2018 Palu earthquake-triggered landslides. Nat. Geosci.,
12, 940-945, doi:10.1038/541561-019-0448-x

White, G.F., 1945. Human adjustment to floods, University of Chicago Press, Chicago

Wiebe, D.M., Cox, D.T., 2014. Application of fragility curves to estimate building damage and economic loss at a community
scale: a case study of Seaside, Oregon. Nat Hazards 71, 2043-2061, doi:10.1007/s11069-013-0995-1

Willner, S.N., Levermann, A., Zhao, F., Frieler, K., 2018. Adaptation required to preserve future high-end river flood risk at
present levels. Science Advances, 4, eaa01914, doi:10.1126/sciadv.aa01914

Wilson, G., Wilson, T.M., Deligne, N.I., Cole, J.W.. 2014. Volcanic hazard impacts to critical infrastructure: A review. J.
Volcanol. Geoth. Res., 286, 148-182, doi:10.1016/j.jvolgeores.2014.08.030

Wing, O.E.J, Bates, P.D., Sampson, C.C., Smith, A.M., Johnson, K.A., Erickson, T.A., 2017 Validation of a 30 m resolution
flood hazard model of the conterminous United States. Water Resour. Res., 53, 7968-7986, doi:10.1002/2017WR020917
Wing, O.E.J., Bates, P.D., Smith, A.M., Sampson, C.C., Johnson, K.A., Fargione, J., Morefield, P., 2018. Estimates of present
and future flood risk in the conterminous United States. Environ. Res. Lett., 13, 034023, doi:10.1088/1748-9326/aaac65
Winsemius, H.C., Aerts, J.C.J.H., Van Beek, L.P.H., Bierkens, M.F.P., Bouwman, A., Jongman, B., Kwadijk, J., Ligtvoet, W.,
Lucas, P.L., Van Vuuren, D.P., Ward, P.J., 2016. Global drivers of future river flood risk. Nat. Clim. Chang., 6, 381-385,
doi:10.1038/nclimate2893

Winsemius, H.C., Jongman, B., Veldkamp, T.l.E., Hallegatte, S., Bangalore, M., Ward, P.J., 2018. Disaster Risk, Climate
Change, and Poverty: Assessing the Global Exposure of Poor People to Floods and Droughts. Environ. Dev. Econ., 23, 328-
348, d0i:10.1017/S1355770X17000444

Winsemius, H. C., Ward, P. J., Gayton, |, ten Veldhuis, M.-C., Meijer, D. H., lliffe, M., 2019. Commentary: The need for a
high-accuracy, open-access global DEM. Front. Earth Sci., 7, doi:10.3389/feart.2019.00033

World Bank, 2008. World development indicators 2008. World Bank, Washington DC

World Bank, 2010. Natural Hazards, Unnatural Disasters: The Economics of Effective Prevention. World Bank, Washington
DC

Yamin, L.E., Hurtado, A., Barbat, A.H., Cardona, O.D., 2014. Seismic and wind vulnerability assessment for the GAR-13
global risk assessment. Int. J. Disast. Risk Re., 10, 452-460, doi:10.1016/j.ijdrr.2014.05.007

40



1310

1315

1320

1325

https://doi.org/10.5194/nhess-2019-403
Preprint. Discussion started: 16 December 2019
(© Author(s) 2019. CC BY 4.0 License.

Yang, W., Shen, L., Shi, P., 2015. Mapping Landslide Risk of the World. In: Shi, P., Kasperson, R. (Eds.) World Atlas of
Natural Disaster Risk. IHDP/Future Earth-Integrated Risk Governance Project Series. Springer, Berlin, Heidelberg

Yin, Y., Zhang, X., Lin, D., Yu, H., Wang, J., Shi, P., 2014. GEPIC-V-R model: A GIS-based tool for regional crop drought
risk assessment. Agricultural Water Assessment, 144, 107-119, doi:10.1016/j.agwat.2014.05.017

Ying, M., Zhangm W., Yu, H., Lu, X., Feng, J., Fan, Y., Zhu, Y., Chen, D., 2014. An overview of the China Meteorological
Administration tropical cyclone database. J. Atmos. Ocean. Tech., 31, 287-301, doi:10.1175/JTECH-D-12-00119.1
Yokoyama, I., Tilling, R.I. and Scarpa, R., 1984. International mabile early-warning system(s) for volcanic eruptions and
related seismic activities. UNEP, Paris

Zaghi, A.E., Padgett, J.E., Bruneau, M., Barbato, M., 2016. Establishing common nomenclature, characterizing the problem,
and identifying future opportunities in multihazard design. J. Struct. Eng., 142, H2516001, doi:10.1061/(ASCE)ST.1943-
541X.0001586

Zscheischler, J., Westra, S., Van den Hurk, B.J.J.M., Seneviratne, S.l., Ward, P.J., Pitman, A., AghaKouchak, A., Bresch,
D.N., Leonard, M., Wahl, T., Zhang, X., 2018. Future climate risk from compound events. Nat. Climate Change, 8, 469-477,
doi:10.1038/s41558-018-0156-3

% of abstracts
=
L

[}

o = LN w - o0 @
— — — — — — —
o o o o o o o
&~ &~ &~ &~ £~ o~ &~
——ge=Hazard —=—ge=Exposure Yulnerability

Figure 1: Percentage of abstracts accepted and presented at the EGU session ‘Global and continental scale risk assessment for
natural hazards: methods and practice’ explicitly mention examining future projections of risk based on future scenarios of hazard,
exposure, or vulnerability projections.
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Table 1: Summary of findings across the reviewed literature and across the reviewed aspects. Explanatory notes: ‘Risk elements' - white of this risk
element is not included, orange if included and static, green if included and dynamic; ‘Type of risk analysis’ - NP = probabilistic, P = probabilistic (P), S
= stochastic event sets, RP = return period maps, Y = maps of yearly hazard, M = maps of monthly hazard, PE = past events, V = radius around specific

volcano.
Risk Future DRR
elements Resolution of risk elements Risk indicators measures Risk analysis
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m é m é 553 = T @ § 3 @ %‘ D
I X 5 |I x =1 8 3 9 8% o o 5 2 & o 2 3
T @ S @ - 9 3 2 g2 c 5 &2 9 3F|- b 38
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a5 gla g 2 S38o0f " S82°%g° 3 g
©Z ® E 2328 09 2 25 5 8 s
< < e 8T 3 o 3 5
® @ -
River floods
Kleinen & Petschel-Held Large
(2007) Large basins Large basins NP-R 2080 basins
Hirabayashi & Kanae (2009) 1.0° 1.0° X NP-Y Yearlyto 2100 1.0°
Urban area
exposed,
Jongman et al. (2012) 30" 30" X X assets exposed NP-R 2050 30"
Hirabayashi et al. (2013) 2.5' 2.5' X NP-Y Yearlyto 2100 2.5
Affected
agricultural
Ward et al. (2013) 30" 30" Global IDF | X X X value P-R Current 30"
Amell & Lloyd-Hughes
(2014) 0.5° 0.5° X X NP-R 2050, 2080 0.5°
UNISDR (2015a) 1km 5 km Regional IDFs| X P-R Current 1km
Regional
fatality & loss
Jongman et al. (2015) 30" 30" ratios X X P-R 2030, 2080 30"
Affected
Arnell & Gosling (2016) 0.5° 0.5° X X cropland area NP-R 2050 0.5°
Winsemius et al. (2016) 30" 30" Global IDF | X X P-R 2030, 2080 30"
Ward et al. (2017) 30" 30" Global IDF | X X X P-R 2080 30"
15,2&4°C
Alfieri et al. (2017) 30" 30" Country IDF | X X P-R warming 30"
Country IDF
& fatality 15,2&3°C
Dottori et al. (2018) 2.5' 25'&75 ratios X X X X P-R warming 2.5'
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Willner et al. (2018) 2.5 2.5 P-R 2040 0.25°
Coastal floods
Wetland loss
&rice
Hoozemans et al. (1993) Country Country production NP-R 1 meter SLR Country
Coastal
Coastal Coastal segment
Hinkel & Klein (2009) segments  segments  Global IDF | X Wetland loss P-R 2100 s
Coastal
Coastal Coastal Upto5°C  segment
Hinkel et al. (2010) segments  segments  Global IDF | X Wetland loss P-R warming s
Urban area
exposed,
Jongman et al. (2012) 30" 30" X assets exposed NP-R 2050 30"
Coastal Coastal
Hallegatte et al. (2013) segments  segments  Global IDF | X P-R 2050 90 m
Coastal
Coastal Coastal segment
Hinkel et al. (2014) segments  segments  Global IDF | X Wetland loss P-R 2100 S
Fang et al (2014) 1km 1km NP-S Current 1km
Muis et al. (2016) 30" 30" NP-R Current 30"
Muis et al. (2017) 30" 30" NP-R Current 30"
Coastal
Coastal Coastal segment
Schuerch et al. (2018) segments segments Wetland loss P-R 2100 S
Hunter et al. (2019) City City Global IDF | X P-R Current City
Beck et al. (2019) 30" 30" Global IDF | X P-R 2100 90m
Coastal
Coastal Coastal segment
Vafeidis et al. (2019) segments  segments  Global IDF | X Area exposed P-R 2100 S
Tropical cyclones
Country
socioeconomi
Peduzzi et al. (2009) 5km 5 km c variables NP-R Current 5km
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County Income per
(USA) & county (USA)
country (rest & country Storm
Mendelsohn et al. (2012) Storm tracks  of world)  (rest of world) P-S 2100 tracks
Country
socioeconomi
Peduzzi et al. (2012) 2km 30" ¢ variables X X X NP-Y 2030 30"
Cardona et al. (2014) 1km 5km Regional IDFs P-R Current 1km
Fang et al. (2015) 30" 30" & 0.5° X X NP-R Current 0.1°
Droughts
Road
Dilley et al. (2005) 2.5° 2.5' X X X infrastructure NP-Y Current 2.5'
(Reduced)
Country yield of maize,
socioeconomi wheat, rice,
Li et al. (2009) 0.5° Country c variables barley NP-Y 2050, 2100 0.5°
Cropland
exposed,
wheat and
soybean 2030, 2050,
Arnell et al. (2013) 0.5° 0.5° productivity NP-M 2080, 2100 0.5°
0.5°
Christenson et al. (2014) 2.5° 5'&0.5° regressions X NP-Y Current 2.5
Yin et al. (2014) 0.5° 0.5° Yield of maize NP-RP Current 0.5°
5'to country
to
socioeconomi "Index" across
Carréo et al. (2016) 0.5° 30" &5 c variables several factors NP-Y Current 0.5°
0.5° (Reduced)
Guo et al. (2016) 0.5° 30" regressions yield of maize NP-RP Current 0.5°
20 year time-
Smirnov et al. (2016) 2° 2° X NP-M  slices to 2100 2°
Cropland NP- 15&2°C
Arnell et al. (2018) 0.5° 0.5° X exposed MY warming 0.5°
15&2°C
Liu et al. (2018) 0.5° 0.5° X NP-M warming 0.5°
Wildfires
Global Net primary
Cao et al. (2015) 1km 1km functions production NP-Y Current 1km
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Global Forest area
Meng et al. (2015) 0.1° 0.1° functions burnt NP-R Current 0.1°
Global Forest area
Shi et al. (2015) 0.1° 0.1° functions burnt P-R Current 0.1°
Forest area
Knorr et al. (2016) 1° 0.5° burnt NP-Y 1901 - 2100 1°
Earthquakes
Income class
Chan et al. (1998) 0.5° 0.5° functions NP-S Current 0.5°
Global fatality
Dilley et al. (2005) 2.5' 2.5' ratios X NP-R Current 2.5'
Regional
Jaiswal & Wald (2010) 1km 1km fatality ratios NP-S Current 1km
Regional loss
Jaiswal & Wald (2011) 2km 1km functions NP-S Current 1km
Building type
UNISDR (2013, 2015, 2017) 5km 5km IDFs P-S Current 1km
Daniell (2014); Daniell & Country
Wenzel (2014) 1km 1km regressions NP-S Current 1km
Regional
fatality rates
and damage 0.1°&
Li et al. (2015) 0.1° 0.1° & 0.5°  functions P-R Current 0.5°
Building type
Silvaet al. (2018) 1km variable IDFs P-S Current Variable
Tsunamis
Building type
Lavholt et al. (2015) 90 m 1km IDFs P-S current 1km
Building type
IDFs and
global fatality
Schéfer (2018) 90 m 90 m function P-R current 90 m
Volcanoes
Indices per
Yokoyama et al. (1984) Volcano Volcano volcano Risk index NP-PE Current Volcano
Small & Naumann (2001) 2.5' NP-V Current Volcano
Regional
fatality & loss
Dilley et al. (2005) 2.5° 2.5' ratios NP-PE Current 2.5
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GAR 2015 (Auker et al.,

2015; Brown et al., 2015a,b) Volcano Volcano NP-PE Current Volcano
Global fatality
Pan et al. (2015) Volcano 30" function NP-PE Current Volcano
Freire et al. (2019) 250 m NP-V Current Volcano
Landslides
Country
Dilley et al. (2005) 30" 2.5 regressions NP-Y Current 2.5
Country
Nadim et al. (2006) 30" 30" regressions NP-Y Current 30"
Country
Yang et al. (2006) 0.25° 0.25° regressions NP-Y Current 0.25°
Nowicki Jessee et al. (2017) Variable 30" NP-Y Current Variable
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