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In January 2017, the Famine Early Warning System Network (FEWS NET) 
forecasted an unprecedented global food security crisis. Indeed, in 2018, a 
global food security crisis occurred, especially across southern, eastern and 
western Africa, where 1.0 – 4.9 million people were in need of humanitarian 
assistance (FEWS NET, 2018a). However, despite the availability of the forecast 
information, the droughts and food shortages further pushed several countries 
into deeper humanitarian crises. Food insecurity is a recurrent crisis in large 
areas in Africa (Coughlan de Perez et al., 2019), where droughts have high 
socio-economic impacts, such as crop failures and the widespread death of 
livestock, high food prices and inflation, and increased levels of malnutrition 
and displacement (ReliefWeb, 2018). The chain of impacts often begins when 
rainfall is significantly lower or higher than average. Therefore, droughts and 
food insecurity have strong links with the variability in the climate.  

Climate variability, such as El Niño-Southern Oscillation (ENSO) events, drive 
year-to-year fluctuations in hydrometeorological and climatological extremes 
such as floods and droughts. However, the severity of these disasters and their 
consequent losses – either to the economy or to well-being – not only depend 
on the intensity and frequency of an event, but deeply on “who” and “what” is 
susceptible to it. These two “Ws” are known as vulnerability and exposure 
(UNISDR, 2009). Developing countries are  relatively vulnerable and have a high 
exposure to natural hazards: they often lack resources to invest in risk-reducing 
measures and ‘build-back-better’ strategies, their populations often live in 
hazard-prone areas, and people work in sectors highly susceptible to weather 
events, such as (rainfed) agriculture (D’Alessandro et al., 2015). However, 
developed countries face similar challenges, and increasingly strive for disaster 
resilience. European countries, for instance, have experienced increases in 
exposed population, economic wealth, and urbanization of hazard-prone areas 
(Paprotny et al., 2018). Consequently, every year disasters account for billions 
of Euros of economic losses across the continent. Despite studies suggesting 
some progress in reducing vulnerability (Jongman et al., 2015) and the financial 
losses of floods in recent decades (Paprotny et al., 2018), disaster risk reduction 
(DRR) still requires a substantial shift from managing disasters to managing 
risks. Such an anticipatory and preventative approach is urged in several 
international frameworks such as the Sendai Framework for Disaster Risk 
Reduction and the Agenda for Humanity (UNISDR, 2015b; UNOCHA, 2016a). 

An important step for achieving DRR lies in understanding how climate 
variability may drive flood and drought impacts. The impact of disasters can be 
reduced when reliable forecasted risk information is available to steer 
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preventative risk reduction measures. To this end, several continental-scale 
flood and drought forecasting systems have been developed, such as the Africa 
Flood and Drought Monitor of Princeton University (Sheffield et al., 2014), and 
the European Flood Awareness System of the European Commission 
(Bartholmes et al., 2009). Other examples of global-scale forecasting systems 
are FEWS NET of the US Agency for International Development (Funk et al., 
2019), and the Global Flood Awareness System (GloFAS) of the European Centre 
for Medium-Range Weather Forecasts (Alfieri et al., 2013). In recent years, 
these systems have improved the capability of forecasting hydrometeorological 
and climatological variables, producing predictions of flood and drought 
magnitudes with higher accuracy at longer lead times than before. For instance, 
GloFAS has been producing probabilistic flood forecasts with up to 2 weeks lead 
time in a semi-operational fashion since 2011 (Emerton et al., 2016). From April 
2018 onwards, GloFAS has been running operationally to produce global 
probabilistic forecasts of river discharge up to 30 days ahead. In addition, it 
provides seasonal hydrological outlooks on emerging high/low flow anomalies 
up to four months ahead (ECMWF, 2018, 2019). However, these systems focus 
on forecasting the physical hazard, and there is still a gap in translating this 
information into socioeconomic impacts such as damages from weather events 
(Dottori et al., 2017). Hence, one of the biggest research challenges is the 
transition from “what will the weather be?” to “what will the weather do?”. 
Forecast information that is designed to express the expected impacts is known 
as “impact-based forecast”(WMO, 2015). 

Recently, there has been an emerging literature describing ways to 
automatically trigger preventative actions against weather events based on 
early warning systems (Coughlan De Perez et al., 2016, 2015; Suarez & Tall, 
2010). For instance, in 2015 the first pilot of the “Forecast-based Financing” 
(FbF) project from the Red Cross Red Crescent was initiated, inspired by the 
idea that humanitarian financing could be made automatically available based 
on forecasts of extreme events. In such a system, early actions can be triggered 
when a forecast surpasses a certain threshold. For example, farmers could 
receive ex-ante cash compensation when a forecast projects rainfall deficits 
below a certain threshold using an indicator of rainfall anomalies. However, 
despite advances in flood and drought forecasting systems, associated 
uncertainties with the forecast information remain large. Hence, not knowing 
precisely how hydrometeorological hazards might impact on people’s lives, 
livelihoods and on the economy often leads governments, economic sectors 
and the public to not take appropriate action. In addition, insufficient funding 
and the lack of measured benefits of early actions undermines the integration 
of forecast-based actions in disaster risk management strategies. As a 
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consequence, the vast majority of early warnings are not routinely used as a 
basis for financing and triggering preventative actions against weather events.  

The main objective of this thesis is to improve the understanding on links 
between climate variability and weather-related impacts of both floods and 
droughts. In this thesis, this relationship is investigated from global to regional 
scales, and at different lead times, with the purpose of achieving an impact-
based forecast that could guide the implementation of early actions effectively 
before a potential drought or flood materializes.  

There is a growing understanding that disasters are far from “natural”, because 
disasters only occur when hazard meets vulnerability and exposure (Cannon, 
1994). This thesis adopts the definition of “disaster risk as used by the United 
Nations Office for Disaster Risk Reduction (UNDRR). Thus, the risk of a disaster is 
defined as the probability and magnitude of harm to a society or a community 
in a specific period of time, as a function of hazard, exposure and vulnerability 
(illustrated in Figure 1.1.). Natural hazards are predominantly associated with 
natural processes and phenomena that pose a level of threat to life, property or 
the environment (UNISDR, 2009), which is addressed as “weather and climate 
events” in Figure 1.1. Exposure refers to “people, infrastructure, housing, 
production capacities and other tangible socio-economic assets located in 
hazard-prone areas” (ibid). Lastly, vulnerability is defined as “the conditions 
determined by physical, social, economic and environmental factors or 
processes, which increase the susceptibility of an individual, a community, 
assets or systems” to suffer adverse impacts when interacting with a hazard 
(ibid). 

Hydrometeorological hazards are of atmospheric, hydrological or 
oceanographic origin (UNISDR, 2009), which may lead to different types of flood 
and drought events. For instance, floods most frequently occur due to heavy 
rainfall when (natural) watercourses are unable to accommodate excess water, 
which can result in riverine floods, flash floods and urban floods (UNISDR, 
2017). Furthermore, floods can also initiate from other phenomena, especially 
in low-lying coastal zones, such a storm surge, tsunami or a high tide, which is 
also known as coastal flooding (ibid). Droughts come in four different types 
(Wilhite & Glantz, 1985): (1) meteorological drought, which refers to 
precipitation deficits; (2) hydrological drought, which reflects reduced water 
availability from surface water or groundwater, not including human demand; 
(3) agricultural drought, which links characteristics of meteorological and 
hydrological droughts to agricultural impacts; and (4) socio-economic drought, 
which associates the supply and demand of economic goods with elements of 
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all three types of droughts described. In this thesis, special attention is placed 
on agricultural droughts. 

 

Figure 1.1 Framework for defining the term “disaster risk”. Source: Field et al., (2012). 

To estimate flood and drought risk, risk assessment models require data on 
characteristics of the event (hazard) with information on the assets (exposure) 
and the susceptibility of what or who is exposed (vulnerability) in the hazard-
prone zone (Vogt et al., 2018; Ward, De Moel, & Aerts, 2011). More specifically, 
flood risk is often expressed in terms of the “expected annual damage” (EAD) 
with an economic figure attached to it (e.g. US$/year). Commonly, the first step 
towards calculating the EAD is to produce hazard-maps, where specific 
characteristics of the flood event are highlighted, such as inundation depth, 
extent, duration, and flow velocity in the case of river floods (Ward et al., 2011). 
Secondly, such hazard maps are then combined with exposure data, such as 
land use maps (Meyer, Haase, & Scheuer, 2009) or detailed building-level data 
(Aerts et al., 2013). Lastly, this information is combined with information on 
vulnerability. For example, depth-damage functions are often used, which show 
the physical vulnerability of buildings or land use classes to flood waters of 
different depths (Romali et al., 2015). In summary, flood risk includes both the 
probability of an event and its potential socioeconomic impact. 

In contrast to floods, drought risk assessment is often carried out for a specific 
sector of interest. Consequently, droughts are monitored using indicators that 
are typically derived from hydroclimatic variables (e.g. precipitation, soil 
moisture), but that can express drought impacts over a specific sector (Vogt et 
al., 2018). For instance, indicators of rainfall anomalies and soil moisture such 
as the Standardized Precipitation-Evapotranspiration Index (SPEI, Vicente-
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Serrano, Beguería, and López-Moreno 2010), and the Soil Moisture-based 
Drought Severity Index (Cammalleri, Micale, & Vogt, 2016) can be used to 
assess the risk of droughts to the agricultural sector, whereas hydrological 
indicators, such as flow percentiles or the Standardized Stream Flow Index can 
be used to quantify low flow volumes in reservoirs, which is relevant to the 
hydropower sector. In addition, remote sensing-based indicators such the 
Normalized-Difference Vegetation Index (NDVI) are also used to monitor 
drought impacts on vegetation cover (Vogt et al., 2018). 

Databases of historical events that capture information on actual losses of 
disasters are often used to evaluate the performance of such models. An 
example of such disaster loss database is the Emergency Events Database (EM-
DAT). This open access global database registers the impact of floods and other 
disasters from 1900 onwards, such as the number of people killed, injured or 
affected, the disaster-related economic damage, and disaster-specific 
international aid contributions (Guha-Sapir, Vos, & Below, 2014). This database 
is compiled from various sources, including UN agencies, non-governmental 
organisations, insurance companies, research institutes and press agencies. 
Furthermore, other private databases exist, such as the NatCatSERVICE 
database managed by the re-insurance company Munich Re. Munich Re’s 
NatCatSERVICE is one of the largest databases for flood loss events worldwide, 
and has been reporting flood events since 1980 (Munich Re, 2016a). Despite 
the fact that global disaster databases face limitations, such as reporting errors 
and underreporting of small flood events (Kron et al., 2012; Paprotny et al., 
2018), systematic data collection on costs and impact of disasters can support 
both short and long-term strategies to address flood risks. For droughts, global- 
and regional databases exist for monitoring and reporting statistics on food, 
agriculture and agricultural drought losses data. Examples of global scale 
initiatives are the EM-DAT and the FEWS NET, while the European Statistical 
Office (EUROSTAT) of the European Union provides information at the 
continental scale. Crop production and yield are particularly sensitive to 
weather conditions at key periods of the growing season. Therefore, 
comprehensive statistics on crop production and yield could support the better 
understanding of the relationship between weather variability and agricultural 
drought impacts, which may assist several programs designed to strengthen 
agricultural climate resilience.  

As illustrated in Figure 1, anthropogenic climate change and natural climate 
variability are key drivers of disaster risk. Short- and long-term changes in the 
climate system can increase disaster risk in several ways, including  the change 
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in frequency and intensity of hazard events (Field et al., 2012). While climate 
tends to change at a slow pace over decades, there are seasonal to annual 
fluctuations of hydrometeorological variables compared to climatic means. This 
phenomenon is called “climate variability”, which refers to the climatic 
fluctuations on seasonal to multi-seasonal time-scales of natural processes that 
affect the atmosphere (Kimball, 2008). Climate change refers to alterations in 
the global atmosphere over longer periods – decadal to millennia – due to 
natural internal processes or external forcing (e.g. modulations of the solar 
cycles, volcanic eruption) and by human activity (IPCC, 2018).  

Globally, the El Niño Southern Oscillation (ENSO) is the most dominant mode of 
climate variability, and has been linked with changes in hydrometeorological 
extremes in past studies at different scales (Emerton et al., 2017; Ionita, 
Boroneanṭ, & Chelcea, 2015; Villafuerte et al., 2014). Extreme phases of ENSO 
are known as El Niño and La Niña. El Niño is a phenomenon that occurs when 
there are unusually warm oceanic and atmospheric conditions in the tropical 
Pacific. This can cause the trade winds, which usually blow towards Indonesia 
and Australia, to slow down or even reverse direction, allowing the warmer 
water to spread east towards the South American coast. As opposed to El Niño, 
the so-called La Niña emerges when unusually cold oceanic and atmospheric 
conditions are observed in the eastern tropical Pacific. Typically, ENSO events 
are identified monitoring seas surface temperatures anomalies in a region 
called Niño 3.4. However, it is now widely recognized that ENSO can occur in 
many different “flavors” (Johnson, 2013). Moreover, ENSO’s impact is not 
constant throughout the year, nor are all continents of the globe equally 
affected by El Niño and/or La Niña. ENSO’s phases occur irregularly every two to 
seven years, and their signal tends to peak during boreal winter months, 
affecting mostly African, Asian and Latin American countries (Trenberth, 1997).  

ENSO’s phases cause large variability in hydrometeorological and climatological 
systems over different parts of the world. For instance, El Niño or La Niña 
intensify extreme rainfall mostly in boreal winter, and least during summer 
seasons (Sun et al., 2015). Extremes are more severe in the boreal winter during 
El Niño, mainly in central and southern North America, southeast and northeast 
China, and southeast South America, and during La Niña in western Pacific areas 
(Sun et al., 2015). In addition, El Niño and La Niña exert a significant influence 
on annual floods in river basins covering over a third of the world’s land surface 
(Ward et al., 2014), and about one-fifth of the global land surface is more likely 
to experience abnormally high river flows during El Niño conditions, especially 
in the tropics (Emerton et al., 2017). These anomalies in precipitation and river 
flow compared to normal conditions are often asymmetric between ENSO 
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phases (Lee, Ward, & Block, 2018). Connections between El Niño or La Niña and 
low river flows also exist in many parts of the world (Chiew et al., 1998; Lü et al., 
2011; Richard et al., 2001; Ryu et al., 2010). Furthermore, globally, disasters 
triggered by droughts occur twice as often during the second year of an El Niño 
event than during other years, especially in Southern Africa and Southeast Asia 
(Richard et al., 2001). Regions where rainfall and hydrological extremes are 
influenced by ENSO (Dai & Wigley, 2000; Dettinger & Diaz, 2000) also show a 
connection between ENSO and annual total water availability or water scarcity 
conditions. In these areas, rainfall deficits during an ENSO event enhance 
droughts, which can result in water scarcity events if consumptive demands 
outweigh the available water resources (Dilley & Heyman, 1995). As a result, 
regional water scarcity conditions become more extreme under El Niño and La 
Niña phases for almost one-third of the global land area (Veldkamp et al., 2015). 
Lastly, El Niño and La Niña conditions are also related with changes of mean sea 
level of ± 20-30 cm (Becker et al., 2012), and are strongly associated with 
extreme storm surges (Muis et al., 2018). ENSO events can induce changes in 
tropical cyclone activity in the Atlantic basins (Saunders et al., 2000), as well as 
extra-tropical cyclone activity (Eichler & Higgins, 2006). 

The Euro-Atlantic region is less influenced by ENSO (Casanueva et al., 2014), 
and is mainly dominated by four northern hemisphere modes of climate 
variability. The North Atlantic Oscillation (NAO) is the main mode of low-
frequency variability over the North Atlantic, and consists of a north-south 
dipole of anomaly in surface pressure between Greenland and the central 
latitudes of the North Atlantic between 35°N and 40°N. The East Atlantic 
Pattern (EA) is the second prominent mode of low-frequency variability over the 
North Atlantic, consisting of a north-south dipole of anomaly centres that 
extends across the entire region from the East to the West. The East 
Atlantic/West Russian pattern (EAWR) represents four main anomalies, centred 
over Europe and northern China, the central North Atlantic and north of the 
Caspian Sea. Lastly, the Scandinavian Pattern (SCA) captures anomalies 
primarily over the Scandinavian Peninsula, with centres of action over the north 
eastern Atlantic and central Siberia (Barnston & Livezey, 1987; Bueh & 
Nakamura, 2007). These four types of atmospheric circulation are often 
represented using indices based on sea surface pressure averages at different 
geopotential heights, which are then standardized based on their climatological 
mean. When such anomalies are above or below zero, the indices are classified 
as being in “positive” or “negative” phase, respectively.  

Positive and negative phases of the four northern hemisphere modes of climate 
variability can also cause large variability in hydrometeorological variables in 
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Europe. Previous studies have found links between anomalies in seasonal mean 
and extreme rainfall in Europe with phases of the NAO, EA, EAWR and SCA 
(Álvarez-García et al., 2018; Bueh & Nakamura, 2007; Casanueva et al., 2014; 
Comas-Bru & McDermott, 2014; Vicente-Serrano et al., 2009). In addition, these 
modes of climate variability have been found to influence annual maximum and 
mean river discharges across the continent (Bouwer, Vermaat, & Aerts, 2008; 
Kingston et al., 2006; Steirou et al., 2019). A recent study suggests that NAO in 
winter exerts a strong influence on streamflow extremes in large parts of 
Europe (46% of the stations investigated; Steirou et al. 2019). Furthermore, past 
studies have shown that different indices of climate variability may play a role in 
explaining European drought variability and severity (van der Schrier et al., 
2006; Vicente-Serrano et al., 2016, 2011). The NAO and SCA were found to 
influence droughts strongly in southern Europe (Sousa et al., 2011), whereas 
the EAWR affects droughts in western and central Europe (Kingston et al., 
2015). Furthermore, other studies show some predictive capacity for drought 
conditions based on indices of climate variability. For instance, Ionita (2014) 
suggests that spring drought conditions can be predicted based on EAWR over 
extended European regions. 

Scientific evidence on the relationship between climate variability and the 
socioeconomic impacts of floods and droughts is still limited, especially in 
relation to the four northern hemisphere modes of climate variability, and at 
several lead times before observing such impacts. At the global level, an initial 
study assessed links between ENSO and the reported frequency of drought and 
flood disasters (Dilley & Heyman, 1995). Subsequently, Bouma et al. (1997) 
investigated links between El Niño and the burden on human health, while a 
recent study by Anyamba et al. (2019) suggests that the 2015–2016 El Niño 
event may have triggered a series of global disease outbreaks in areas affected 
by ENSO teleconnections. These studies were followed by Goddard and Dilley 
(2005), where they analysed whether phases of ENSO could be associated with 
an increase in reported climate-related disasters. More recently, global flood 
risk models were used to examine ENSO's relationship with river flood risk at 
the global scale (Ward et al., 2014), and the number of people potentially 
exposed to global coastal flooding (Muis et al., 2018). A recent study has also 
found connections between NAO and flood losses in Europe (Zanardo et al., 
2019). Furthermore, previous studies have investigated relationships between 
modes of climate variability and agricultural impacts worldwide. For example, 
Heino et al. (2018) investigated the role of ENSO, NAO and the Indian Ocean 
Dipole, concluding that two-thirds of global cropland is significantly affected by 
one of these large-scale climate oscillations. Furthermore, ENSO was found to 
either negatively or positively to affect crop productivity in 28% of global 
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cropland area, inhabited by 1.5 billion people, while other studies found 
significant connections between major European crops and NAO, EA, EAWR and 
SCA (Ceglar et al., 2017). Recent studies suggest that ENSO can affect food 
security and agricultural production, with cascading effects on livelihoods. For 
instance, the rapid shift between El Niño and La Niña conditions in 2016 
intensified the shortage of rainfall, driving major hydrological crises over 
Eastern and Southern Africa, where 29 million people were faced with food 
insecurity due to the combination of drought exacerbated conditions (Funk et 
al., 2019), while contributing to severe flooding in the northwest of Latin 
America, forcing the evacuation of more than 150,000 people (BBC News, 
2015).  

Weather forecasting refers to predictions of atmospheric variables and how 
they are expected to change on a timescale of days or less, while climate 
forecasting refers to these expected changes on a timescale of at least a month 
(WMO, 2015). Translating climate forecasts into socioeconomic impacts is 
referred to as “impact-based forecasting” (ibid). Over the past years, new 
drought and flood forecasting systems have emerged, while others have greatly 
improved their capability of forecasting flood and drought events at longer lead 
times than before. Despite such advancements, there is still a gap in translating 
forecasts for flood and drought events into societal impacts. Several ways exist 
to forecast flood and drought impacts, for example by using a modelling chain 
that combines climatological-, hydrological- and hydrodynamic processes with 
exposure and vulnerability information. Other approaches employ statistical 
methods describing relationships between weather variables and actual flood 
and drought impacts (Carisi et al., 2018; Devia, Ganasri, & Dwarakish, 2015). 
Statistical models may neglect or simplify some of the underlying physical and 
socio-economic processes, assuming that past interactions between risk drivers 
may propagate similarly in the future. However, such models are simple and can 
provide a first rapid estimation of the impacts of floods and droughts. 

One example of an impact-based flood forecasting systems that runs 
operationally using a chain of dynamical models is the European Flood 
Awareness System (EFAS), which provides information on expected flood 
impacts for the continent with a lead time up to 10 days (Dottori et al., 2017). In 
addition to dynamic modelling predictions, scenario development 
methodologies are used to assist in forecasting future impacts. For instance, to 
describe the forecasted levels of acute food insecurity, FEWS NET (Funk et al., 
2019) translates numerous drivers (e.g. rainfall, staple food price, migration 
patterns and others) into one indicator: integrated Food Security Phase 
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Classification (IPC). This indicator is intended to help actors on the ground to 
readily understand the level of food insecurity, and the urgency to take action. 
However, forecasting the expected impact (e.g. famine and displacement) given 
a certain drought/flood event is surrounded with much uncertainty.  

One advantage of producing impact-based forecasts using indices that 
represent climate variability is that some of them can be predicted with longer 
lead times than hydrometeorological variables such as rainfall and streamflow 
(Ceglar et al., 2017). For instance, with an improvement of stratosphere–
troposphere coupling and atmospheric initial conditions, high skill has been 
observed in predicting an important mode of circulation in the northern 
hemisphere winter circulation (Ceglar et al., 2017; Stockdale, Molteni, & 
Ferranti, 2015). Furthermore, increased horizontal and vertical resolution of 
climate models, and a greater availability of forecast ensembles in combination 
with improved understanding of potential sources of NAO’s predictability, have 
allowed skilful predictions of the winter NAO more than a year in advance 
(Dunstone et al., 2016). Also ENSO forecasting is highly developed, and most 
prediction systems have some skill in detecting events with lead-times of 12–14 
months (Gonzalez & Goddard, 2016). EA summer and autumn anomalies have 
been forecasted with a lead-time of 1 to 2 months (Iglesias, Lorenzo, & 
Taboada, 2014). In comparison, GloFAS produces global probabilistic forecasts 
of 10-day rainfall up to 10 days ahead and daily river discharge up to 30 days 
ahead. Further value could be added to the forecasts of indices of climate 
variability by combining them with information on the resulting socioeconomic 
impacts (e.g. flood and drought risk), thereby enabling the seasonal forecasting 
of those socioeconomic impacts. Such forecasts may support risk management, 
enable the prioritization of adaptation efforts, and allow for improved early 
warning and action by local-to-national governments and non-governmental 
organizations. Thus, understanding the effects of climate variability on flood 
and drought impacts will support disaster resilience from global to regional 
scales.  

Some organizations are starting to use climate information, such as the 
predictions of ENSO, to estimate the seasonal impacts of floods and droughts, 
and to trigger early actions and risk transfer mechanisms such as insurance 
products. For instance, an El Niño contingent insurance product was developed 
for the region of Piura (Peru) to compensate firms for lost profits or possibly 
occurring extra costs as a result of floods (Cavanaugh, Collier, & Skees, 2010; 
Coughlan De Perez et al., 2015). Furthermore, in 2015, based on an El Niño 
forecast, funds were released through the World Food Program’s Food Security 
Climate Resilience Facility for Zimbabwe and Guatemala (World Food 
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Programme, 2016) to help both countries to face their consequent droughts. 
Despite these advances, associated uncertainties in forecast systems remain 
large, and the vast majority of forecast information is not routinely used as a 
basis for financing early action for drought and flood risk reduction. One of the 
reasons for such insufficient funding is the lack of evidence regarding the 
beneficial impacts of acting upon uncertain early warning information. 

In 2019, the FEWS NET estimated that there were 85 million people in need of 
emergency food assistance, 80% more than in 2015 (FEWS NET, 2019). Between 
1991 and 2010, the international financing community heavily funded 
emergency responses to humanitarian crises, while financing for disaster risk 
reduction was a low priority in development aid (Kellett & Caravani, 2013). 
During this period, over US$3 trillion was spent in aid, of which US$106.7 billion 
was allocated to disasters induced by natural hazards. Of this amount, 13% was 
spent on ex-ante risk reduction measures, compared to 87% spent on ex-post 
activities - 22% on reconstruction and rehabilitation and 65% on emergency 
response (ibid). Furthermore, for some middle-income countries, flood 
prevention and control has accounted for a very high proportion of overall ex-
ante disaster risk reduction funding. It is estimated that over the period from 
1991 to 2001, investments in flood prevention and control made up 90% of all 
ex-ante disaster risk reduction financing (ibid). On the other hand, drought-
affected low-income countries have received negligible international financing 
for drought risk reduction (ibid). Apart from protection measures (e.g. levees to 
reduce flood impacts or developing reservoirs to store water for a period of 
drought), there is always a residual risk, which can be addressed through risk 
transfer mechanisms. An example is insurance, which shifts the financial burden 
of risks from one party to another (Bouwer et al., 2007). A well-known example 
is index-based insurance, which correlates crop losses with weather parameters 
(Clement et al., 2018). The coverage of a risk is obtained from an insurer in 
exchange for ongoing premiums paid by farmers to the insurer (Dick et al., 
2011).  

However, at present, the insurance penetration rates in developing countries 
are low (Linnerooth-Bayer et al., 2009), and other mechanisms are needed to 
reduce residual risks. Furthermore, when a disaster hits a country, and 
governments appeal for international financial support, the aid often arrives too 
late, and can involve highly bureaucratic processes. Acting ex-ante to a crisis 
could enable governments to be more proactive in achieving short- and long-
term goals of disaster risk reduction, while alleviating the weight of natural 
hazards on the most vulnerable. Therefore, a debate has started as to whether 
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aid should be given directly to people in the form of cash as an alternative to 
traditional in-kind food aid and food vouchers (Harvey, 2007). Such cash 
transfers are typically less expensive to administer and have the advantage of 
transferring the purchasing power to the recipients. They can therefore be 
effective for disaster risk financing (Kenya Red Cross, 2017; UNDP, 2015). 
However, among the numerous cash transfer programmes (Garcia & Moore, 
2012), only a handful focus on transfers before an event occurs; the majority 
focus on transfers after an event occurs. Therefore, cash transfer programmes 
for disaster responses are typically based on observations after an event has 
taken place (Pulwarty & Sivakumar, 2014), which may result in ineffective 
delayed assistance.  

Given the recent improvement of forecasting systems, combined with an 
emerging understanding on ways to automatically trigger action based on early 
warning systems (Coughlan De Perez et al., 2015; Stephens et al., 2015; Suarez 
& Tall, 2010), there is a growing recognition that there may exist a window of 
opportunity to take actions to reduce risks based on a forecast, rather than 
taking actions after a disaster has occurred. Timely ex-ante action has the 
potential to be more cost-effective than ex-post disaster relief when leveraged 
by a credible plan, pre-agreed triggers for action, and pre-arranged financing. 
One way to leverage investments for ex-ante action is improving the 
understanding of the beneficial impacts of acting early. A key research question 
is whether early action can be efficiently managed based on improvements in 
the forecastability of natural hazard and new automated funding allocation 
methods. Currently, there is an increasing interest in the use of Big Data in 
combination with Machine Learning algorithms for improving impact-based 
forecasts and designing more accurate triggers for parametric financial 
products and humanitarian aid (Meier, 2015). Such emerging technologies may 
offer decision-makers with skilful impact-based predictions, providing insights 
on how to deliver effective disaster risk mitigation efforts that maximize 
benefits and reduce human impact and losses. However, given the fact that 
there is no system with a “perfect forecast” skill, predictions of future impacts 
always remain susceptible to errors and uncertainties. In order to create 
guidelines for ex-ante aid and risk transfer mechanisms, a comprehensive 
understanding of the costs and likelihood of “acting in vain” due to false alarms 
is needed.  

In response to the limited understanding on links between climate variability 
and weather-related impacts of both floods and droughts, and the current gap 
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in translating such relationships into impact-based information that can be used 
as a basis for triggering early action, the main objective of this thesis is: 

To assess the link between climate variability and weather-related impacts 
(flood and drought) at the global and regional levels, and to develop impact-
based forecast methods that can potentially reduce these impacts through early 
action.  

In order to fulfil this objective, the following five research questions are 
formulated: 

1. What are the links between large-scale climate variability, the occurrence 
and intensity of extreme rainfall, and anomalies in flood occurrence and 
damage? 
 

2. Can large-scale climate variability be used to forecast flood losses?  
 

3. Can large-scale climate variability be used to forecast agricultural 
production and support agricultural management and decision-making? 
 

4. How can information about climate variability be used to increase the cost-
effectiveness of ex-ante risk financing programmes?  
 

5. How can the reduction of disaster risks be achieved by improving our 
understanding and prediction of the impacts associated with large-scale 
climate variability? 

This thesis contains 7 chapters, in which chapters 2-6 address the research 
questions presented above, as illustrated in Figure 1.2. Chapters 2-7 are 
outlined as follow:  

 Chapter 2 analyses the El Niño Southern Oscillation, the North Atlantic 
Oscillation, and the East Atlantic pattern during their neutral, positive, and 
negative phases, to understand their relationships with four flood 
indicators: Occurrence of Extreme Rainfall, Intensity of Extreme Rainfall, 
Flood Occurrence, and Flood Damage. This chapter investigates the spatial 
and temporal influence of climate variability in extreme meteorological and 
flood events at the pan-European scale. This chapter pays special attention 
to assessing relationships between multiple indices of climate variability and 
flood losses; 
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Figure 1.2 Thesis’ reading guide.  

 

 Building upon findings from Chapter 2, Chapter 3 examines the role of 
seasonally lagged and synchronous indices of climate variability on flood 
losses at the sub-regional European scale. Furthermore, this chapter 
investigates the likelihood of seasonal flood losses based on indices of 
climate variability, and whether some of these losses can be predicted one 
season ahead. It aims at providing a better understanding of the combined 
effect of climate variability on flood losses, and how such information could 
be used to improve flood risk management practices;  

 Chapter 4 analyses multiple time-scale relationships between large-scale 
indices of climate variability and anomalies in crop production at the pan-
European scale. It aims at identifying regions where anomalies in crop 
production can be forecasted based on the indices of climate variability. It 
also discusses how this information potentially improves the management 
of the agricultural sector; 

 Chapter 5 evaluates the cost-effectiveness of ex-ante cash transfers during 
the growing season of maize, prompted by the expected probabilities of low 
maize yield obtained from a predictive model. It compares the costs of ex-
ante cash transfers with the costs of ex-post cash transfers after harvesting. 
This chapter provides novel early warning information that can be useful for 
reducing the costs and increasing the effectiveness of existing cash transfer 
programmes for drought risk management. The approach is tested in five 
districts in Kenya; 
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 Chapter 6 reviews the global effects of El Niño Southern Oscillation on 
disaster risks, including water scarcity and agricultural droughts, extreme 
rainfall, and river- and coastal flooding. It provides policy recommendations 
by showcasing opportunities to reduce the risk of disasters by responding to 
El Niño Southern Oscillation forecasts; 

 Chapter 7 concludes and summarises the thesis, providing answers to the 
research questions and discussing future avenues of research.  
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